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Abstract

In the last decade, large financial institutions in the United States have purchased
hundreds of thousands of homes and converted them to rentals. This paper stud-
ies the welfare consequences of institutional ownership of single-family housing. We
build an equilibrium model of the housing market with two sectors: rental and home-
ownership. The model captures two key forces from institutional purchases of homes:
changes in rental concentration and reallocation of housing stock across sectors. To
estimate the model, we construct a novel dataset of individual homes in metropolitan
Atlanta, identifying institutional owners of each house and collecting house-level daily
prices, rents, vacancies, web page views, and customer contacts from Zillow. Overall,
we find that institutional acquisitions decrease rents and increase rental transactions,
leading to large welfare gains for renters. This net benefit reflects two opposing forces:
while higher concentration raises rents, higher rental supply lowers rents enough to
more than offset the effect of concentration, pushing rents down overall. These renter
gains come at the expense of homebuyers, whose welfare falls. On the supply side,
institutional acquisitions benefit house sellers but harm the average landlord.
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1 Introduction

Until 2011, the U.S. single-family rental housing industry was almost exclusively com-

posed of small landlords.1 Within a decade, large private equity-backed firms and Real

Estate Investment Trusts acquired hundreds of thousands of single-family homes and be-

gan renting them out at scale.2 The rapid growth of these institutional landlords’ portfo-

lios raised two concerns. First, their increasing footprint in some rental markets prompted

questions about their ability to raise rents. Second, there are worries that the scale of their

home acquisitions could reduce the supply of homes for sale, driving up prices and out-

bidding individual homebuyers. This led to significant press coverage, congressional

hearings,3 and policy proposals such as state4 and federal5 legislation targeting institu-

tional landlords.

Despite these concerns about institutional landlords, their economic impact is com-

plex. When institutional investors purchase homes and convert them into rentals, several

forces can affect welfare. On the one hand, there is a transfer of houses from the home-

ownership sector to the rental sector. This increases the rental stock and decreases the

homeownership stock, pushing rents down and sales prices up. On the other hand, rental

concentration increases, leading to two effects: it raises rents due to increased market

power, but it also creates economies of scale, reducing vacancy and occupancy marginal

costs. The net effect of these two cost efficiencies on rental prices is itself ambiguous:

while lowering occupancy costs reduces rents, lowering vacancy costs increases rents.

In this paper, we measure the welfare effects of institutional ownership of single-

family homes. We build an equilibrium model of the housing market with two sectors,

rental and homeownership. To estimate the model, we gather new house-level data from

Zillow and combine it with data identifying the institutional owner of each house. We

then run counterfactuals to quantify the impact of institutional acquisitions on the wel-

fare of renters, homebuyers, home sellers and landlords.

The model is composed of demand, supply, and a matching technology. On the de-

mand side, potential renters and homebuyers make a discrete choice between a set of dif-

1 In 2011, no owner had more than 1,000 properties in the U.S. Source: U.S. GAO.
2 As of 2023, U.S. institutional landlords owned 488,000 single-family homes. Source: Urban Institute.
3 See “How Institutional Landlords are Changing the Housing Market” (Senate Banking Committee).
4 See California (S.B. 1212), Minnesota (H.F. 685), Nebraska (L.B. 1405), and North Carolina (H.B. 114).
5 Three bills (H.R.9246, S.5151, S.2224) have been introduced in the U.S. Congress.
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ferentiated housing listings advertised for sale or for rent, taking into account the listed

price and characteristics of each house. On the supply side, landlords and house sellers

compete by setting listing prices in a Nash-Bertrand game, trading off price and time-on-

market, de�ned as the time needed to rent or sell a house. Finally, there is a matching

technology that bridges demand and supply, serving two purposes. First, it functions as

a rationing mechanism: multiple consumers may favor the same house, but each house

can only be matched to a single consumer. Second, it translates demand for a listed house

into an expected time-on-market, which plays the role of quantity in our model. Indeed,

for each house, a higher time-on-market implies a lower occupancy rate, which implies a

lower quantity of house-monthsconsumed.

To account for the effect of concentration on prices in the rental sector, we make sev-

eral assumptions regarding landlords' cost structures and competitive behavior. First,

landlords have two marginal costs: a marginal cost of occupancy and a marginal cost of

vacancy. Reductions in marginal costs have opposing price effects depending on which

cost is reduced: lowering occupancy costs pushes landlords to reduce rents, while lower-

ing vacancy costs instead encourages them toincreaserents. Second, there are two types

of landlords: institutional and non-institutional. Although all landlords may own one

or more houses, we assume only institutional landlords can jointly price all the houses

they own in the market. This ensures we do not overstate the degree of market power of

non-institutional landlords.

Multi-product pricing is a key source of institutional landlords' market power: by

internalizing how price changes for one listing impact demand for others, institutional

landlords are incentivized to raise rents across their portfolio. Observing both rents and

ownership at the house level is therefore crucial for accurately measuring the degree of

market power of multi-product landlords - an analysis not possible with regional price

averages or traditional housing surveys.

To estimate the model, we therefore collect and combine two novel datasets on single-

family homes, allowing us to track prices, rents, demand, and ownership at the level of

each housing unit. First, we scrape new data from Zillow for single-family houses in

metropolitan Atlanta, the urban area with the highest presence of institutional landlords

in the United States. For all houses listed on Zillow between May 2023 and September

2024, we observe daily changes in prices, rents, customer web page views, contacts re-
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ceived by landlords and the identity of the manager of the online listing. 6 We also gather

data on rent and price histories dating back to 2010 for the universe of all Atlanta parcels.

Second, we assemble a dataset identifying the institutional owner of every house in At-

lanta. This is a challenging task, since the identity of the institutional owner of a house

is hidden through subsidiaries. We link these subsidiary companies listed as owners of

houses in the tax data to their parent institutional companies, allowing us to map the

entire portfolio of homes owned by institutional landlords. We compare the number of

houses we attribute to each institutional landlord in our dataset to S.E.C. disclosures of

publicly traded landlords, �nding only small discrepancies ranging from 0.1% to 1.5%.

The model has three key primitives, which we estimate using different sources of vari-

ation. The �rst primitive is the price responsiveness of potential renters and homebuyers.

This is estimated using high-frequency data on customer contacts and web page views for

online listings, which we use as proxies for customer demand. We make the assumption

that each individual contacts or views their favorite housing listing. 7 To capture com-

petition between different houses, we construct market shares for every individual house

using the number of contacts and views received by each house. To address the endo-

geneity of rents and house prices, we propose a new identi�cation strategy that exploits

discontinuities in contact and page view rates around price changes.

The second model primitive is the parameter of our matching technology, which gov-

erns how quickly houses with a given contact or viewership rate are matched to renters

or buyers. We estimate this parameter using variation in transaction speed across houses

with different contact and viewership rates.

The third set of primitives includes the discount factors of house sellers and the marginal

costs of landlords, which we retrieve using the supply side of our model. Speci�cally,

we derive �rst-order conditions from the pro�t functions of house sellers and landlords,

then plug our demand and matching parameter estimates into these conditions to solve

for discount factors and marginal costs. For the rental sector, we can identify landlords'

net marginal cost of occupancy, which is the difference between the marginal cost of oc-

cupancy and the marginal cost of vacancy. We estimate large, negative net marginal costs

6 We collect these records by scraping online listings on a daily basis. See details in Data Appendix C.
7 If individuals contact or view multiple housing listings, our model will treat each contact or view as a

different individual. As long as this weekly propensity to contact or view is randomly distributed across
individuals, our market shares will not overestimate or underestimate true demand for each house.
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of occupancy, which implies that vacancy costs outweigh occupancy costs and that land-

lords have signi�cant aversionto vacancy.8 We �nd that net marginal costs of occupancy

are higherfor institutional landlords than for non-institutional ones. As a consequence,

cost ef�ciencies from institutional concentration puts upwardspressure on rental prices,

reinforcing the effect of market power.

To understand the effects of institutional entry, we run counterfactual simulations in

which we change the market structure of homeownership and rental sectors. Our �rst

counterfactual quanti�es the overallwelfare impact of institutional acquisitions by simu-

lating a world in which institutional landlords never entered the market. In practice, we

simulate a market where each house currently owned by institutional landlords returns

to its 2009 sector—rental or homeownership—before institutional acquisitions began. We

�nd that rental prices increase by 2.4% and rental transactions decrease by 20%. Higher

rents and reduced rental options lead to a welfare loss for the average renter of $2,856 per

year. On the other hand, higher revenues and decreased competition bene�t the average

landlord, whose annual pro�ts increases by $612. These results show that renters bene�ted

from institutional acquisitions, whereas landlords were hurt. In the homeownership sec-

tor, the in�ux of additional houses decreases sales prices by 4.8% ($26,000) and increases

transactions by 2.5%. Lower prices and higher housing availability raise average home-

buyer welfare by $49,950. Conversely, home sellers' average pro�ts decrease by $22,446.

In other words, institutional entry made homebuyers worse off but home sellers better

off.

Next, we run a second counterfactual to decompose overall welfare changes in the

rental sector into two forces: changes in concentration and reallocation of housing stock

across sectors. In practice, we simulate a counterfactual in which homes currently owned

by institutional landlords are instead owned by smaller landlords. Thus, none of these

homes shifts to the homeownership sector, leaving homeownership and rental housing

stocks unaffected relative to the status quo, while still decreasing concentration in the

rental sector. This isolates the potential effect of lowering rental concentration. 9 We �nd

that eliminating rental concentration decreases rents by 3.8% and increases rental transac-

8 This can be rationalized by liquidity constraints for small landlords and performance-driven incentives
for institutional landlords.

9 We replace the net marginal costs of houses previously owned by institutional landlords with those of
non-institutional landlords.
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tions by 3.1%. With lower rental prices and higher quantity of housing consumed, renters

are better off and landlords are worse off: average renter welfare increases by $2,232 per

year, whereas average landlord annual pro�t decreases by $924. Overall, this counter-

factual shows that the additional concentration from the entry of institutional landlords

hurts renters and bene�ts landlords. However, taken together with our �rst counterfac-

tual, these results show that the effects of increased concentration are more than offset by

the effect of expanded rental supply.

Our �ndings highlight the welfare tradeoffs associated with the rise of institutional

landlords in the single-family rental market. Although these landlords have enough mar-

ket power to raise rents, the increase in rental supply from their acquisitions more than

offsets this effect, ultimately bene�ting the average renter. Other winners from this in-

dustry shift are homeowners, who can now sell their houses at higher prices. However,

this comes at the expense of prospective homebuyers, as single-family homes available

for purchase are fewer and more expensive. This points to an important tension in cur-

rent regulatory debates: while institutional ownership of single-family homes may have

made the “American Dream” of homeownership harder to attain, it has simultaneously

made living in a single-family house more affordable and accessible for renters.

Related literature

We contribute to a growing literature on the impact of investors in the housing indus-

try. Like Ater, Elster and Hoffmann (2022) and Francke, Hans, Korevaar and van Bekkum

(2023), we study how investors affect the allocation of houses between the rental and the

homeownership sectors, as well as equilibrium housing prices and rents. Unlike these

two papers, however, we focus on a setting with large investors, where concentration

and market power are likely to be of �rst order. In this regard, we add to a literature doc-

umenting the rise of single-family institutional investors in the United States (Mills, Mol-

loy and Zarutskie, 2019; Smith and Liu, 2020; Lambie-Hanson, Li and Slonkosky, 2022;

Ganduri, Xiao and Xiao, 2023; Hanson, 2023).

Within this strand of literature, our paper is most similar to Coven (2024), who stud-

ies how U.S. institutional investors affect homeownership and neighborhood access. Our

paper differs in three main ways. First, we focus speci�cally on quantifying the relative

contribution of rental concentration and changes in rental supply on equilibrium hous-
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ing prices and quantities. Second, we estimate housing demand and landlords' marginal

costs using house-level price and demand data, allowing us to identify key demand elas-

ticities and measure market power of multi-product landlords at a granular level. Third,

in addition to price and quantity effects, our model also allows us to measure changes in

the welfare of renters, homebuyers, home sellers and landlords.

Our work also relates to a recent literature on the effects of market power in rental

housing. Watson and Ziv (2023) study the multi-family rental market in New York City.

Gurun, Wu, Xiao and Xiao (2023) analyzes the impact of mergers among single-family in-

stitutional landlords on neighborhood-level rents, using a difference-in-differences frame-

work. Calder-Wang and Kim (2024) study the effects of algorithmic pricing in the multi-

family industry. Our paper adds to this literature by quantifying the distributional effects

of single-family institutional landlords.

Our paper also relates to a large literature 10 on demand estimation (Berry, 1994; Berry,

Levinsohn and Pakes, 1995), in particular for housing (Bajari and Benkard, 2005; Bayer,

Ferreira and McMillan, 2007; Bajari, Chan, Krueger and Miller, 2013). While this liter-

ature traditionally models consumer substitution across neighborhoods, we contribute

by quantifying substitution across individual housing units. This allows us to estimate

house-level and market-level demand elasticities, both of which are of independent in-

terest given the paucity of estimates in the housing literature (Hanushek and Quigley,

1980). Among this literature, Calder-Wang (2021) and Moszkowski and Stackman (2023)

most closely relate to our work. Like Calder-Wang (2021), we also study the distribu-

tional effects of reallocating housing capital across different sectors. Our notion of va-

cancy marginal cost is similar to that in Moszkowski and Stackman (2023), though they

use a dynamic model, whereas we employ a static approach.

More generally, we contribute to the literature 11 on estimating market power (Nevo,

2001), particularly in search-and-matching markets. Within this strand of literature, our

paper is closest to Azar, Berry and Marinescu (2022), who focus on estimating market

power in the labor market. However, while they assume a �xed relationship between

job applications and successful hires, we explicitly model and estimate the equivalent

matching process in the context of housing. Speci�cally, we parameterize a matching

10See Berry and Haile (2021) for an overview.
11See Gandhi and Nevo (2021) for an overview.
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function that converts customer contacts into successful housing transactions, following

a recent literature on the taxi and ridesharing industry (Fr échette, Lizzeri and Salz, 2019;

Buchholz, 2021; Castillo, 2023).

Finally, our study relates to a broader literature on rising concentration and markups

over time. De Loecker, Eeckhout and Unger (2020) and Hall (2018) document trends at the

aggregate level. Several papers focus on speci�c industries, such as the cement (Miller,

Osborne, Sheu and Sileo, 2023), automobile (Grieco, Murry and Yurukoglu, 2023), and

retail (Hortaçsu and Syverson, 2015; Smith and Ocampo, 2021) industries. We add to this

literature by studying concentration in the housing industry.

2 The Single-Family Housing Market

2.1 Background and setting

74% of the U.S. population lives in a single-family house. 12 The vast majority of single-

family rental units have traditionally been owned by small mom-and-pop landlords. 13

After the Global Financial Crisis, a set of national single-family landlords backed by

large investors acquired hundreds of thousands of homes and started renting them out at

scale. The largest of these investors now operate tens of thousands of single-family rental

homes, concentrated in a select number of metro areas.

We focus on the Atlanta metropolitan area as a useful setting to examine the impact

of institutional single-family landlords. Atlanta is often described as the “epicenter” 14 of

this home-buying spree by institutional landlords. As a consequence, 25% of the stock

of single-family rental houses in Atlanta is now owned by landlords with a portfolio of

1,000 or more homes, making it the metropolitan area with the highest share of insti-

tutional presence in the United States.15 Our setting therefore allows us to establish an

upper bound on the local impact of institutional landlords, offering a benchmark that is

informative for other metropolitan areas where their presence is less pronounced.

12Computed from 2020 ACS 5-year averages.
13In the 1996 Property Owners and Managers Survey, for instance, less than 3% of detached single-family

rentals owned by individuals or partnerships were reported to belong to owners with 50 or more units.
14See “Regional Market at Epicenter of Institutional Homebuying” (Parcl Labs).
15Source: U.S. Government Accountability Of�ce
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2.2 A novel house-level dataset with institutional portfolios

There are no large-scale, readily available data on rental prices and institutional portfolios

at the individual house level in the United States. Therefore, we build a new dataset of

single-family homes in the Atlanta metropolitan area. We collect and combine two novel

datasets. The �rst contains sales prices, rents, vacancies, high-frequency demand proxies

and listing manager identities. The second one identi�es the institutional owners of each

house, allowing us to map their portfolios.

Advertised Zillow listings First, we gather data on single-family home listings from

the largest online real estate marketplace in the United States, Zillow. We construct this

dataset by scraping advertised for sale and for rent online property listings on a daily

basis in 2023 and 2024.16. For listings for rent, we collect advertised rents, property char-

acteristics, and the number of contacts received by the landlord between May 1st, 2023

and May 1st, 2024. For listings for sale, we collect advertised sales prices, property char-

acteristics, and the number of web page views between April 1st, 2024 and September 1st,

2024. Figure 1 shows the granularity of our data by displaying daily aggregate patterns

in supply (number of houses advertised) and demand (number of customer contacts or

customer views) for homes in our sample.

We observe the identity of the landlord advertising the rental properties on Zillow.

Appendix Figure A11 displays the composition of rental listings by splitting them into

houses listed by institutional landlords and non-institutional landlords. We further de-

compose non-institutional landlords into listings for which owners delegated the adver-

tisement to a rental management company, and listings advertised by the owner herself.

Zillow price histories Second, we compile daily rental prices, sales prices, vacancies,

and tenancies dating back to 2010 for all single-family parcels in the Atlanta metropolitan

area. We collect these by visiting the Zillow web page corresponding to every Atlanta

parcel, and gathering the details of each property's price history. Importantly, Zillow

has a page for every parcel in Atlanta, including off-market properties, and each page

includes a price history with historical sales and rental prices. 17 Figure 2 below displays

16Appendix Figure A7 provides examples of real-time Zillow listings.
17The Zillow price history dataset also includes records from Multiple Listing Services (MLS), as well as

other websites scraped or owned by Zillow, such as Trulia, Hotpads, and several real estate websites.
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(a) Rental sector

(b) Homeownership sector

Figure 1: Daily patterns in housing supply and demand

Notes: The two �gures above plot the daily number of listings for sale and for rent in our sample, as well as
the daily number of customer contacts and customer web page views. For rental listings, Zillow displays
the number of customer contacts. For sales listings, Zillow does not show the number of contacts; instead, it
displays the number of customer views. The black line represents listings. The pale red line shows the high-
frequency daily variation in the number of customer contacts and customer views, while the dashed red line
represents a smoothed trend of these two time series using Kernel-weighted local polynomial smoothing.
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one example of price history in our data for an off-market property. Each listing's start

and end dates in the historical data allow us to observe the duration a listing remains on

the market (time-on-market). We also observe effective tenancy lengths as the time spent

between two successive vacancies. This allows us to compute house-level occupancy and

vacancy rates.

Figure 2: Example of Zillow price history from listing web page

Institutional portfolios Third, we assemble a dataset identifying the institutional owner

of every house in Atlanta. This is a challenging task, since the identity of the institutional

landlord of each house is hidden through subsidiaries. Figure 3 illustrates this challenge.

Tax records only record the name of the subsidiaryowner, which often corresponds to the

name of a Limited Liability Company (LLC) or a Limited Partnership (LP). 18 To identify

institutional owners of each house, we map the names of subsidiaries that appear on tax

18To shield themselves from liability, institutional landlords silo their holdings into many subsidiary owners
instead of holding assets under a single entity.
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records to their parentcompany.19 This allows us to determine the correct portfolios and

local market shares of each institutional owner. 20

Figure 3: Mapping subsidiaries listed on tax records to institutional owners of each house

We validate our data on institutional portfolios by comparing our home counts with

those provided on annual S.E.C. reports of the three publicly-listed investors in our sam-

ple for the year 2022. As shown in Figure A1, our numbers align almost exactly with these

counts: they represent 98.48%, 100.16% and 99.65% of the portfolios of Invitation Homes,

Tricon Residential and American Homes 4 Rent, respectively. 21

2.3 Key facts on institutional ownership of single-family homes

We show three key facts about institutional ownership of single-family housing in At-

lanta. First, we trace the evolution of their portfolio over the last decade, and the rise

in rental concentration after 2012. Second, we show that institutional concentration is

heterogeneous over space, and large in some market subsegments. Third, we present ev-

idence that institutional landlords expand their portfolios even as the overall number of

renter-occupied single-family units falls.

19We perform these linkages using a combination of the principal of�ce address of the subsidiary, the name
of registered agents and authorizers. Agent names, authorizer names, as well as other information is
publicly available on company �lings posted on the Georgia's Corporations Division.

20We de�ne an “institutional” landlord as a �nancial institution or corporate entity that owns 1,000 or more
rental homes nationally within the United States as of January 1, 2022. While recent legislative bills and
industry reports de�ne institutional ownership using thresholds as low as 10, 50, or 100 rental properties,
our 1,000-unit cutoff is conservative and isolates the largest national actors.

21Slight misalignments could be due to the dates at which these portfolios are measured by different coun-
ties. The S.E.C. numbers correspond to the portfolio sizes as of December 31st, 2021 whereas our numbers
come from county-level tax records, aggregated by Corelogic.
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Fact 1. Institutional ownership of single-family homes drives rental concentration.

We begin by showing trends in institutional ownership of single-family homes in At-

lanta, and how the growth of institutional portfolios was the main driver of an increase in

rental concentration. Figure 4 shows how concentration has evolved in the single-family

rental sector in Atlanta since 2009. We see that before 2012, the largest 10 owners rep-

resented a constant 2-3% of all single-family rental homes. However, after institutional

landlords began acquiring homes and converting them to rentals, this share started grow-

ing fast, reaching about 25% as of 2021.

Figure 4: Share of single-family rental homes belonging to top 10 owners, by year

Notes: This �gure shows the share of Atlanta's single-family rental homes owned by the 10 largest property
owners each year between 2009 and 2021. The numerator of the share is the total number of homes owned
by the 10 largest property owners in Atlanta, and is calculated year-by-year using the tax data. The denom-
inator of this share comes from American Community Survey 1-year averages. The dotted vertical line in
2012 represents the �rst year in which institutional landlords have nonzero holdings in the tax data.

Figure 5 plots the evolution over time of holdings of the 5 largest landlords in At-

lanta. Portfolios grew both through consolidation (mergers) and through purchases of

individual homes.

Appendix Table Table A1 shows the number of properties owned by the 10 largest in-

stitutional landlords in the Atlanta metropolitan area, based on the most recent available

tax records from 2022. Of these, 8 have more than 1,000 homes each within Atlanta alone,

and the two largest ones have more than 10,000 homes. Together, they represent 25%

of the entirety of Atlanta's single-family rental housing stock, which is approximately

12



Figure 5: Evolution of Institutional Landlord Portfolios

Notes: This �gure plots the number of single-family houses owned by institutional landlords that merged
or grew to form the �ve largest institutional landlords in Atlanta in 2021. In 2015, Starwood-Waypoint
acquired Colonial American. In 2016, American Homes 4 Rent (AH4R) acquired American Residential
Homes. In 2017, Invitation Homes acquired Starwood-Waypoint. In 2021, Progress Residential's holding
company acquired Front Yard Residential. The dotted vertical line in 2012 represents the �rst year in which
institutional landlords have nonzero holdings in the tax data

190,000 as of 2022.22 However, this share still understates the degree of concentration

in rental markets, as it represents overall metropolitan shares and does not distinguish

between occupied houses and houses vacant for rent. The following section provides ad-

ditional insights by exploring heterogeneity in concentration across market subsegments.

Fact 2. Institutional concentration is high in rental market subsegments.

Figure 6 displays the institutional shares of actively listed rental homes at the ZIP

Code level. We see substantial spatial heterogeneity in terms of concentration. For a large

number of Atlanta ZIP Codes, over half of the advertised listings belong to one of the 10

top institutional landlords.

22Source: ACS 1-year average
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(a) Institutional share by market (ZIP-week) (b) Institutional share by ZIP Code

Figure 6: Share of institutional rental listings

Notes: These �gures show the share of rental listings from institutional landlords. The left panel displays the share
across markets (ZIP Code and week couples) for markets with non-zero institutional listings. The right panel plots a
map at the ZIP Code level showing the average share across all weeks in our sample for each ZIP Code.

Figure 7: Geographical distribution of houses owned by two institutional landlords

Notes: The map above displays the location of all houses owned by two large landlords in our sample: American
Homes 4 Rent (in yellow) and Main Street Renewal (in red).
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Next, we show that concentration is high at the market subsegment level because

institutional investors focus on certain neighborhoods and certain house types. Our data

on institutional ownership provides insight into the spatial distribution of both occupied

and vacant homes owned by institutional landlords. We observe the exact latitude and

longitude of each individual house. Figure 7 illustrates this by displaying the locations

of all homes owned by two institutional landlords: American Homes 4 Rent and Main

Street Renewal. The map shows that each of these landlords focuses on different areas of

Atlanta's suburbs: while Main Street Renewal concentrates on the Southern part of the

metropolitan area, American Homes 4 Rent primarily targets the North East and North

West suburbs.

Institutional landlords target “starter” homes at the lower end of the price and quality

distribution. Appendix Figure A2a plots the empirical CDFs of the house square footage

distributions for institutional and non-institutional owned houses in 2021. Institutionally-

owned houses are 369 square feet smaller on average and have a lower variance. Ap-

pendix Figure A2b plots the corresponding empirical CDFs of assessed value per square

foot, a proxy for house and location quality. Houses owned by institutional landlords are

valued at $22 per square foot less than houses not owned by institutional landlords and

also have a smaller variance. As suggested in Figure 7, institutional landlords' portfolios

are also concentrated geographically. Appendix Figure A4a plots the share of single-

family homes owned by institutional landlords in 2021 across Census tracts in the At-

lanta MSA. Their holdings form a U-shape pattern, with a larger presence in the Western,

Southern, and Eastern suburbs around Atlanta's central business district.

Institutional landlords' portfolios are also differentiated across �rms. Among the

three largest single-family landlords in our sample, Invitation Homes targets higher-

end homes, Amherst Residential (Main Street Renewal) targets lower-end homes, and

Progress Residential targets homes in the middle of the quality distribution, relative to

other institutional-owned homes. Appendix Figure A3a plots the CDFs of the house size

distributions for these three landlords' holdings. Invitation Homes owns larger homes

on average, followed by Progress Residential, and then Amherst Residential. Appendix

Figure A3b plots the corresponding CDFs of house value per square foot. In addition to

owning larger houses, Invitation Homes tends to own higher quality homes, as proxied

by value per square foot, than Progress Residential, which in turn owns higher qual-
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ity houses than Amherst Residential. Figure A4 plots the share of single-family homes

owned by each of these owners for Census tract in the Atlanta MSA. In addition to con-

centrating their holdings in different house size and value per square foot segments of

the single-family market, these �rms' holdings are also differentiated geographically. The

similarity of house characteristics and geographic proximity of houses within a �rm sug-

gests that rental units will be closer substitutes with each other than with rental units

in the broader housing market. These patterns are also consistent with �rms seeking to

standardize their holdings to reduce maintenance and tenant screening costs.

Fact 3. Institutional investors transfer homes from the homeownership sector to

the rental sector.

Figure 8 displays the evolution of the single-family housing stock in the Atlanta MSA

across time, by tenure and by owner type. Panel (a) shows that single-family rentals, in

both levels and as a share of single-family homes, grew from the start of the data in 2009

before peaking in 2016, and started decreasing after that. However, even as the rental

stock and the rental rate decreased, panel (b) shows that institutional investors continued

to expand their portfolios after 2016 while the overall number of renter-occupied single-

family units fell.

Figure 8: Single-Family Housing Stock by tenure and owner type

(a) Single-Family Houses by Tenure (b) Single-Family Rentals by Owner Type

Notes: Panel (a) plots the total stock of renter-occupied, owner-occupied, and vacant single-family housing units in the
Atlanta MSA. Data are taken from 5-year Census ACS averages, centered on the midpoint of the average. Panel (b) plots
the total stock of renter-occupied housing, taken from the 5-year ACS, and the total stock of single-family housing units
owned by large, institutional investors, derived from property tax records provided by Corelogic, Inc.
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3 Model

In this section, we present a model of a single-family housing market. The market is

composed of two sectors, rental and homeownership. We begin with the rental sector

in section 3.1, followed by the homeownership sector in section 3.2. Finally, section 3.3

describes how stocks and �ows of vacant and occupied houses evolve and de�nes an

equilibrium.

3.1 Rental sector

We start with an overview of the components of the rental sector. On the demand side,

potential renters make a discrete choice among listed vacant houses. On the supply side,

landlords set prices to maximize pro�ts, trading off occupancies and prices. A matching

technology determines vacancy lengths.

Rental demand We de�ne a market t = ( Z; w) as the collection of individuals consider-

ing renting a house in ZIP Code Z during week w. The set of potential houses in market t

is given by J t . Each consumer contacts a single utility-maximizing house, or chooses the

outside option, denoted j = 023. The utility individual i obtains from renting a house j in

market t is given by:

uR
ijt = � � Rpjt + � jt + � ijt + (1 � � R)� ijt (1)

where � jt := � � Rpjt + � jt is the deterministic part of the utility of renting house j , pjt is the

rental price, the parameter � R > 0 is the rental price sensitivity, and � jt is an unobserved

(by the econometrician) demand shock.

The term � ijt is an individual-speci�c idiosyncratic shock, which we assume is dis-

tributed type-1 extreme value. We assume a nested logit structure such that all houses

belong to a single, inside goods nest and the outside option j = 0 belongs to a separate

nest. The parameter � R 2 [0; 1] determines substitution between the outside option nest

23Our demand estimation relies on a static model. Fukasawa (2024) identi�es three potential sources of
bias from applying static demand when demand is dynamic. The most relevant sources in our setting
are disregard of state variables and changing consumer expectations, which Fukasawa (2024) shows are
both bounded by the conditional choice probability of each product. Given the large number of potential
renters and buyers relative to contacts or views received by any individual listing, conditional choice
probabilities are small, limiting the scope for these biases.
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and the inside goods nest, with larger values of � R implies stronger substitution between

the inside goods. The term � ijt is a demand shock common to all products in the inside

nest and has the unique distribution function such that � ijt +(1 � � R)� ijt is also distributed

type-1 extreme value (Cardell, 1997).

Using a nested logit with the outside option in a separate nest has two advantages.

First, it relaxes the Independence of Irrelevant Alternatives (IIA) assumption, allowing

substitution patterns implied by our model to not be strictly proportional to market shares.

Second, it ensures that our de�nition of market size has little impact on these substitution

patterns.

The above assumptions imply that the contact share of house j within the inside op-

tion nest sj jg and that the overall contact share sj for some inside option j are given by:

sj jg =
e� j =(1� � R )

D
; sj =

e� j =(1� � R )

D � R
�
1 + D 1� � R

� ; D =
X

k6=0

e� j =(1� � R ) (2)

Rental matching We assume that there is a matching technology that translates the rate

at which landlords are contacted by potential tenants into an expected time-on-market � jt .

We parameterize this technology by specifying the following functional form for time-on-

market:

� jt (pt ) = ( sjt (pt ) � M t )
" �;�

� � jt (3)

where sj is house j 's market share of contacts, M t is the size of market t, and their

product sj M t := � j is house j 's daily contacts rate. The term � jt is a time-on-market

demand shock, and " �;� is a structural parameter which corresponds to the elasticity of

time-on-market with respect to the contact rate.

Rental supply In each market, landlords simultaneously choose prices for all houses in

their portfolio to maximize total portfolio pro�s. Given a �xed set of advertised houses,

landlords set prices while facing a tradeoff between revenue and occupancy: higher-

priced units take longer to rent, and therefore have lower occupancy rates.

We �rst de�ne house j 's occupancy rate 
 jt as a function of market prices pt as
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 jt (pt ) =
Tj (pt )

Tj (pt ) + � jt (pt )
(4)

where Tkt is the house-speci�c tenancy duration, and � jt is the time-on-market for house

j , both of which are endogenously determined by the vector of market prices and the

parameters of the matching technology.

Given market rental prices pt = [ p1t ; :::; pJt ], steady-state pro�ts of landlord l with

portfolio of houses L are:

� l (pt ) =
X

j 2L

(pjt � co
j )
 jt (pt ) +

X

j 2L

(� cv
j )(1 � 
 jt (pt ))

=
X

j 2L

(pjt � [co
j � cv

j ]
| {z }

:= cj

) 
 jt (pt ) � cv
j|{z}

constant

(5)

where co
j is the marginal cost of one additional time unit of occupancy, cv

j is the marginal

cost of one additional time unit of vacancy, and cj := co
j � cv

j is the net marginal cost of

occupancy.24

Since each landlord chooses prices to maximize porftolio pro�ts, this implies jLj �rst-

order conditions, one for each house j in landlord l 's portfolio L . Each of these �rst-order

conditions is given by:


 jt (pt ) +
X

k2L

(pjt � cj )
@
 jt (pt )

@pk
= 0 (6)

The key derivatives that matter for pricing are the own- and cross-price derivatives of

occupancy @
 jt (p t )
@pk

. In section 4.2, we derive analytical expressions for these derivatives

as a function of model parameters and detail our estimation strategy.

3.2 Homeownership sector

In this section, we describe the different components of the homeownership sector. On

the demand side, potential homebuyers choose between listed houses for sale. On the

supply side, house sellers set prices to maximize pro�ts, trading off the time it takes to

sell and the sales price of the house. Finally, a matching technology determines time-on-

24In equation (5), we omit house j 's total �xed costs from the pro�t function since it does not affect the
landlord's pricing decision.

19



market. The structure of this sector closely mirrors the rental sector, so we omit redundant

details

Homeownership demand We assume potential homebuyers gain utility from buying

houses. For each markett, an individual views the web page of a single utility-maximizing

house. The utility individual i obtains from buying house j in market t is given by:

uH
ijt = � � H pjt + � jt + � ijt + (1 � � H )� ijt (7)

where each component of utility follows the same logic as in the rental sector, although

here pjt denotes the total salesprice of the listed house, and parameters have an H super-

script for Homeownership.

The above assumptions imply that the page view share of house j within the inside

option nest sj jg and that the overall contact share sj for some inside option j are given by:

sj jg =
e� j =(1� � H )

D
; sj =

e� j =(1� � H )

D � H
�
1 + D 1� � H

� ; D =
X

k6=0

e� j =(1� � H ) (8)

Homeownership matching Similar to the rental sector, we assume that there is a match-

ing technology that translates web page views into expected time-on-market � jt (pt ), which

we parameterize as follows:

� j (pt ) = ( sjt (pt ) � M t )
" �;�

� � jt (9)

where sjt now denotes house j 's market share of web page views, M t is the size of market

t, and their product � jt = sjt M t is house j 's average daily page view rate. The parameter

" �;� is the elasticity of time-on-market with respect to views.

Homeownership supply Unlike the rental sector, we assume house sellers choose prices

as single-product �rms. 25 Therefore, we refer to a “house” or a “seller” interchangeably,

indexing both by j . Given a vector of market housing prices pt = [ p1t ; :::; pJt ], the net

present value of expected pro�ts for house j is given by:

25Since we do not see evidence of high levels of concentration among house sellers, we assume all �rms in
homeownership sector price as single-product �rms to keep the model tractable.
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� j (pt ) = � � jt (p t )
j pjt (10)

where pjt is house j 's advertised sales price, � j is the seller's discount factor and � jt is the

expected time-on-market given a vector of market prices pt .

Equation 10 implies J �rst-order conditions for each market, each given by:

� j = exp
�

� 1
� j � " �;p

jj

�
(11)

The key elasticity determining house sellers' discount factors is the own-price elas-

ticity of time-on-market " �;p
jj . In section 4.3, we derive an analytical expression for this

elasticity as a function of model parameters, and detail our estimation strategy.

3.3 Equilibrium

This section describes the model equilibrium. We begin by providing an intuitive overview

of what our model equilibrium entails and why we adopt this particular notion of equi-

librium.

Our equilibrium notion has two key conditions: a Bertrand-Nash equilibrium in prices

for vacant houses and a steady-state in terms of housing stocks. The �rst condition en-

sures that all sellers strategically set prices to maximize pro�ts. The second condition

ensures that housing stocks are constant over time.

The total housing stock of each sector consists of pools ofoccupiedand vacanthomes.

Houses �ow between occupied and vacant pools. Flows between vacant and occupied

pools are determined by the size of the vacant pool and by prices of vacant houses. Flows

between occupied and vacant pools are determined by the size of the occupied pool. In

such an environment, a steady-state is an intuitive equilibrium notion for the following

reason. If most houses are occupied, the occupied-to-vacant �ow will be stronger than the

vacant-to-occupied �ow, leading to a shrinking occupied pool and a growing vacant pool.

Conversely, if most houses are vacant, the vacant-to-occupied �ow dominates. Thus, the

only way for both stocks to remain stable is if these two �ows are equalized.

We choose to have a steady-state as a key part of our equilibrium because it is cru-

cial to measure price and welfare effects of large transfers of homes across sectors. To
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illustrate why, consider a one-time exogenous transfer of homes from the rental sector

to the homeownership sector, such as a policy inducing institutional owners to sell their

entire portfolio of rental houses to homeowners. If our model only had a notion of partial-

equilibrium in prices for house sellers competing in a given week, the answer to our main

question of interest – what are the price and welfare effects – would be entirely depen-

dent on the speedof these transfers. In one extreme, if all houses were sold in the very

�rst week, a partial-equilibrium model of competition would entail very large price and

welfare effects. In the other extreme, if only one house was sold per week, the welfare

effects would be essentially zero. However, over time both scenarios will converge to

the same steady-state. Our equilibrium concept allows us to abstract from the speci�c

timing of transfers and measure welfare at this steady state, after all price and quantity

adjustments have fully played out.

3.3.1 Stocks and �ows of houses

We start by describing the evolution of housing stocks and �ows in detail. Within-sector

�ows of homes between the occupied and vacant pools are endogenous, and they are de-

termined by the size and composition of the stock of occupied and vacant houses. Cross-

sector �ows are exogenous. Figure 9 provides an overview of housing stocks and �ows,

focusing on a single geographical market.

We use single capital letters to denote housing stocks, and double capital letters to

denote �ows. The price vector of vacant houses for each sector isps, and the vacancy

rate of each sector isvs, where the subscripts s 2 f h; r g refer to each sector. The total

housing stock in the entire market is denoted by N , and is comprised of either homes in

the homeownership sector, H , or homes in the homeownership sector, R:

N = H + R (12)

Within each sector, houses can be either occupied or vacant. Fors 2 f h; r g, Os denotes

the stock of occupied houses, andVs denotes the stock of vacant houses:

H = Oh + Vh; R = Or + Vr (13)
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Figure 9: Overview of stocks and �ows of houses

Houses �ow endogenously between the occupied and the vacant pools within each

sector. Occupied-to-vacant �ows, or turnovers, are denoted by OVs. Vacant-to-occupied

�ows, or transactions, are denoted by V Os. We also allow houses to be allocated exoge-

nously across sectors. Exogenous �ows from the homeownership to the rental sector are

denoted by HR, and rental-to-homeownership �ows are denoted by RH .

Sectoral vacancy ratesvs are de�ned as the share of the sector-speci�c housing stock

that is vacant:

vs =
Vs

Os + Vs
; 8s 2 f h; r g (14)

3.3.2 Linking weekly competition among vacant houses to stocks and �ows

We now describe how we link our model of weekly competition among vacant houses

speci�ed in sections 3.1 and 3.2 to the evolution of stocks and �ows. The key link between

the two parts of the model are transactions, which are �ows between the pools of occupied

and vacant homes. To fully describe market behavior, we need to specify how these �ows

are determined. We do so based on a steady-state equilibrium condition: stocks of houses

must be constant over time, which implies that opposing within-sector �ows between

vacant and occupied pools must equalize.

23



Weekly competition among vacant houses We begin by specifying the outcomes of

weekly competition among vacant houses. The �ow of houses between vacant and occu-

pied pools (V Os) is entirely determined by the part of the model describing competition

among vacant houses. In a week, given a speci�c set of vacant housesVs = f j 1; :::; j Vs g

and a vector of prices ps for all houses, demand for each vacant house j 2 Vs is a number

of customer contacts or customer views given by

dj = D s
j (f j 1; :::; j V s g; psj� D ) (15)

Expected time-on-market for each house is determined by a matching technology m(dj j� m )

that only depends on each vacant house's demand and the matching parameters � m . We

assume these matching parameters are common for all houses. Therefore, we can write

the vector � s of expected time-on-markets for each sectors as

� s = m(ds j� m ) (16)

where ds = f d1; :::; dV s g is the vector of customer contacts or customer views for all vacant

houses.

Transactions (V Os) The weekly outcomes described above depend on the exact set of

housesVs = f j 1; :::; j Vs g competing in the vacant pool in the short run. One key weekly

outcome is the number of transactions. For each house, this is a probabilistic outcome. Let

t j 2 f 0; 1g be an indicator for whether a house transacts in a given period. We assume

that t j is a Bernoulli random variable with parameter Pj . If we also assume that housej 's

weekly probability of transacting is constant over the span of that house's vacancy and

is given by P t
j , this implies that time-on-market � j (number of periods before a successful

transaction) follows a geometric distribution with parameter Pj and expectation 1
Pj

. We

can thus retrieve the weekly probability of house j transacting by inverting the expected

time-on-market:

E[t j ] = Pj =
1

E[� j ]
(17)

To obtain the total expected number of transactions given a set of vacant housesj 2 Vs,

we can use linearity of expectations and sum across transaction probabilities for all vacant

24



houses. We de�ne the expected �ow V Os of houses between the vacant and occupied pool

as the expected number of weekly transactions:

V Os = E

"
X

j 2V s

t j

#

=
X

j 2V s

E[t j ] =
X

j 2V s

1
E[� j ]

(18)

Turnovers ( OVs) Next, we de�ne the expected �ow OVs of houses from the occupied

pool to the vacant pool, which we call turnovers. Let Os = f k1; :::; kOs g be the set of

occupied houses in a given period. Let Tk be housek 2 O s expected tenancy length. For

tractability, we do not endogenize occupied houses' tenancy length, but we assume they

are exogenously given for each house. At the end of its tenancy, a house turns over and

goes back to the vacant pool. Let ok be an indicator for whether a house turns over in a

given period. Then, following the same logic as above, we de�ne the occupied-to-vacant

�ows OVs as the expected number of weekly turnovers in sector s:

OVs = E

"
X

k2O s

ok

#

=
X

k2O s

E[ok ] =
X

j 2V s

1
E[Tk ]

(19)

3.3.3 Equilibrium de�nition

We can now de�ne our notion of equilibrium. We assume stocks of vacant and occupied

homes are in steady state and are constant over time. Within each sector, this implies

weekly �ows in opposing directions between the pools of vacant and occupied houses

are equal.

De�nition 1 [Sectoral equilibrium] . For each sectors, given the total set of vacant and occu-

pied homesS = Vs [ O s, each endowed with expected tenancy lengthf T1; :::; TSg, a sectoral

equilibrium is a vacancy ratevs and a price vectorp(Vs) vector for eachVs � S such that

(a) Consumers choose optimally (Equation 15 holds)

(b) Time-on-market is determined by matching according to Equation (16)

(c) Landlords and house sellers choose prices to maximize pro�ts (Equations 6 and 11 hold)

(d) OVs = V Os (steady state)

25



Condition (c) says that landlords – or house sellers, depending on the sector – strate-

gically set prices according to a Bertrand-Nash equilibrium. Condition (d) is the key

steady-state condition. It implies that the vacancy rate vs is high (or low) enough such

that the size of the vacant pool implies enough transactions to match the turnover from

the occupied pool. This notion of steady-state equilibrium allows us to determine what

would happen to each sector if large stocks of houses were to be exogenously transferred

across sectors.

4 Estimation

In this section, we describe the identi�cation and the estimation of the model primitives.

4.1 discusses our identi�cation strategy for the price sensitivity, along with descriptive

results. 4.2 discusses estimation results for the homeownership sector, and 4.3 discusses

estimation results for the homeownership sector. For each sector, we show results for

demand parameters, matching technology parameters, and cost parameters.

4.1 Identi�cation of price sensitivity

The key parameter of our model is the price sensitivity � , which determines own and

cross-price elasticities. Since landlords are choosing prices as a function of demand, these

may be correlated with unobserved demand shocks � jt . We tackle this endogeneity chal-

lenge by exploiting discontinuities in the rate of customer contacts around price changes

as an instrument for the price.

For this identi�cation strategy to be valid, we need our instrument to be both rele-

vant and excluded. Below, we show that our instrument is relevant since both contact

rates and page view rates react sharply and discontinuously to price changes, and these

discontinuities are proportional to the magnitude of the price change.

One possible threat to identi�cation is that price drops may be more common dur-

ing periods of low demand, which would induce correlation between demand shocks � jt

and our discontinuity instrument, violating the exclusion restriction. We argue that our

instrument is excluded on the basis that demand shocks are not systematically different

immediatelybefore and immediatelyafter price changes. Hence, variation in the number
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of customer contacts around rental price changes is only driven by the price elasticity.

Having high-frequency demand proxies such as web page views and customer contacts

is what allows us to focus on the vicinity of the price change, exploiting discontinuities in

these demand proxies.

One additional threat to our identi�cation strategy is that discontinuous price changes

happen in conjunction with discontinuous changes in demand, such as on the �rst day of

the month. If that were to be the case, we would likely see spikes in price drops on some

speci�c days of the month. In Appendix Figure A5, we show that there are no spikes in

price drops happening at the beginning of the month, or on any speci�c days.

Data patterns To shed light on the key source of variation identifying price elastici-

ties, Figure 10 presents discontinuities for both small (below-median) and large (above-

median) price changes. The top panel shows discontinuities in the daily contact rate of

rental listings, while the bottom panel displays the same pattern for the page view rates

of listings for sale. We observe that the size of these discontinuities is proportional to the

magnitude of the price change: larger price drops are associated with larger discontinu-

ities in the contact and viewership rates.

Event study The patterns in Figure 10 above suggest that price changes imply a sub-

stantial and persistent shift in both contact and page view rates. However, the graph also

shows a slight downwards time trend in these rates, which is particularly evident in the

time series of normalized page view rates for listings for sale. This happens because daily

contacts and page views tend to decrease over time for each house over the course of the

listing spell. Therefore, to further investigate the persistence of this shift, we perform an

event study showing changes in daily page views and daily contact rates around price

drops, additionally controlling for this trend by including “days-on-Zillow” �xed effects.

Figure 11 below plots the coef�cients from this event study.

We see that de-trended contact and viewership rates spike immediately after a price

drop, and remain consistently higher even 10 days after the price drop. Thus, we use these

discontinuities in our demand estimation as an instrument to identify price elasticities.
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Figure 10: Discontinuities in contacts and page views for small and large price drops

Notes: The top panel plots average contacts before and after a rental price drop. The bottom panel plots
average customer views before and after a sales price drop. For each house, contacts and views are nor-
malized by their average value before the price drop. In both panels, houses are split into two groups:
those with large (above average) price drops, represented by black triangles, and those with small (below
average) price drops, represented by gray squares.

Reduced-form analysis Before estimating the full structural model, we perform a reduced-

form estimation of the elasticites of both customer views and customer contacts with re-

spect to listed prices.

We begin with the rental sector. We run a regression of the log-difference between the

average number of customer contacts one week before and one week after,d log(� j ) :=

log(� post
j ) � log(� pre

j ), on the log-difference between the average price one week before,

d log(pj ) := log(ppost
j ) � log(ppre

j ), for the sample of houses with at least one price change:
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Figure 11: Event studies of discontinuities in contacts and views around price drops

Notes: The �gures above display event studies of demand proxies 10 days before and 10 days after a price
drop. For the rental sector, we the top panel shows daily contacts. For the homeownership sector, the
bottom panel shows daily views. In both panels, we select a sample of houses that experienced one price
drop over the course of its listing spell. Both point estimates and 95% con�dence intervals are displayed.

d log(� j ) = � 0 + " �;p � d log(pj ) + 
 month + 
 days-on-zillow + � j (20)

We display the results of the estimation on Table 1, which shows an estimated elastic-

ity of � 7:9. We also display the full relationship between changes in prices and changes

in contacts around price discontinuities by plotting a binned scatterplot of d log(� j ) on

d log(pj ) in Figure 12. The plot shows a log-linear relationship between the two, which

supports the relevance of our discontinuity instrument in capturing the variation in de-

mand with respect to price changes.
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Figure 12: Changes in contacts vs. changes
in price

Table 1: Estimation results of Eq. (20)

Price elasticity of contacts
" �;p -7.911***

(0.099)
# Observations 4,615
Month FE Yes
Days-on-zillow FE Yes
Note:Standard errors in parentheses
*** p < 0:01, ** p < 0:05, * p < 0:1

Next, we perform the same exercise for the homeownership sector. We run a regres-

sion using the same speci�cation as in (20), but instead of contacts, we use the number of

customer web page views � j as the outcome variable:

d log(� j ) = � 0 + " �;p � d log(pj ) + 
 month + 
 days-on-zillow + � j (21)

Table 2 shows an estimated elasticity of � 5:6, and Figure 13 displays a similar log-

linear relationship as in Figure 12.

Figure 13: Changes in views vs. changes in
price

Table 2: Estimation results of Eq. (21)

Price elasticity of views
" �;p -5.641***

(0.266)
# Observations 4,852
Month FE Yes
Days-on-zillow FE Yes
Note:Standard errors in parentheses
*** p < 0:01, ** p < 0:05, * p < 0:1

4.2 Rental sector

We now show our main estimation results for the rental sector. We start by explaining

how we back out landlords' net marginal costs cj . Recall from Equation (6) that landlords'
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�rst-order-conditions are given by


 jt (pt ) +
X

k2L

(pjt � cj )
@
 jt (pt )

@pk
= 0

Since occupancies
 jt and prices pt are directly observable in the data, equation (6)

implies that estimating the own- and cross-price derivatives of occupancy is enough to

infer net marginal costs cj = co
j � cv

j .

To ensure tractability when computing analytical expressions for these derivatives, we

make two assumptions. First, we assume that prices only affect time-on-market through

contacts:

Assumption 1 :

� j (p) = � j (� 1(p); :::; � J (p)) (22)

Second, we assume that time-on-market for housej only depends on the contacts of house

j , and that contacts of any other house k have no effect on time-on-market for house j :

Assumption 2 :

� j (� j (p); � � j (p)) = � j
�
� j (p); � 0

� j (p)
�

; 8� 0
� j ; pt

0
� j (23)

Equation (2), along with assumptions 1 and 2, imply the following analytical expres-

sions for the price derivatives of occupancy: 26

@
 j

@pk
=

8
><

>:


 j (1 � 
 j ) � R " �;�
�

1
1� � R � � R

1� � R sj jg � sj

�
if j = k

� 
 j (1 � 
 j ) � R " �;�
�

� R

1� � R sj jg + sj

�
if j 6= k

(24)

The analytical expressions in Equation (24) depend on demand parameters � R and � R ,

matching parameter " �;� , and data. Therefore, once both our demand and matching mod-

els are estimated, we can recover implied own and cross-price derivatives of occupancy.

Endowed with occupancy derivatives, we then recover marginal costs by following

Nevo (2001). LetSkj = @
 j (p)
@pk

, and de�ne the ownership-derivative matrix as:

26See Appendix B for the derivation of these analytical derivatives.
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D =

8
><

>:

Skj ; if 9f j; k g 2 F

0; otherwise
(25)

Then:
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3

7
7
5 = 0; (26)

Which can be re-written as:
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...

pjLj � cjLj
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7
7
5 = � D � 1
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 1(p)
...


 jLj (p)

3

7
7
5 (27)

Equation (27) shows that we can recover net marginal costscj by inverting the ownership-

derivative matrix D and plugging in observed prices pj and occupancies
 j .

Rental demand We now detail the estimation of the demand parameters for the rental

sector. Recall from Equation (1) that individual i 's utility from renting house j is given by

uijt = � � Rpjt + � jt + � ijt + (1 � � R)� ijt

where the outside option j = 0 corresponds to not contacting any house listing in Atlanta,

or contacting other types of listings such as apartments.

Importantly, we distinguish between two separate concepts. On one hand, there is the

number of contactsa housing listing receives on a daily basis. On the other hand, there are

successful rentals. Because we observe both contacts and successful rentals for each house

in the data, we exploit both of these outcomes in the estimation of our model parameters.

We assume prospective renters contactthe house that maximizes their utility. This

approach deviates from the traditional housing literature (Bayer et al., 2007), which typ-

ically infers preferences from �nal transactions (matches). Instead, we argue that using

contacts offer two advantages for identifying and estimating housing demand. First, con-

tacts provide a more direct measure of consumer preferences. Observed matches are equi-
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librium outcomes determined by both preferences and supply-side rationing: consumers

often fail to secure their favorite home. Therefore, inferring demand from matches with-

out accounting for such choice constraints would bias preference estimates, as the model

would con�ate supply-side availability with demand-side utility (Agarwal and Somaini,

2025). By modeling the decision to contacta listing, we capture the consumer's preferred

choice before these supply constraints bind, allowing us to recover preference parameters

purged of supply-side rationing. Second, while matches provide only a single outcome

per house, daily contact data offers multiple observations for the same listing, enabling

the discontinuity identi�cation design described below.

We start by explaining our identi�cation for the price coef�cient � R . Since landlords

are choosing rents as a function of demand, these may be correlated with unobserved de-

mand shocks � jt . We tackle this endogeneity challenge by exploiting discontinuities in the

rate of customer contacts around rental price changes. Figures 10 and 11 illustrate three

key points about these discontinuities: (i) customer contacts react sharply and discontin-

uously at price changes, (ii) the size of the discontinuity is proportional to the magnitude

of the price change, and (iii) he contact trend following the rent change remains consis-

tently higher than the trend before the change. We argue that this instrument satis�es

the exclusion restriction on the basis that demand shocks are not systematically different

right before and right after price changes. Hence, variation in the number of customer

contacts around rental price changes is only driven by the price elasticity.

We identify the parameter � R , which governs substitution between inside and out-

side option nests, using local and quadratic differentiation instruments as in Gandhi and

Houde (2019). These instruments are based on geodesic distancedjkt between housesj

and k within each market t, and are de�ned as follows:

zquad
jt =

X

k2 F

d2
jkt ;

X

k =2 F

d2
jkt

zlocal
jt =

X

k2 F

I [djkt < SD(d)] ;
X

k =2 F

I [djkt < SD(d)]
(28)

Intuitively, these differentiation instruments capture a localized measure of competition

around each individual house—how “crowded” the area is in the vicinity of each prop-

erty—which we are able to measure using the exact latitudes and longitudes of each

house.
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We compute the potential market size M t for each ZIP-week market by scaling the

observed aggregate number of contacts, and we allow M t to vary at the monthly level for

each ZIP code. We calibrate this scaling factor by comparing the total volume of online

activity for the Atlanta metropolitan area to the number of potential movers estimated

from Census migration �ows (see Appendix C.3).

We estimate our nested logit model using two-stage least squares. Table (3) shows

results for the estimation of our demand speci�cation from Equation (1). Column (1)

displays OLS estimates for a logit model without a nest. Column (2) extends this to a

nested logit structure. Column (3) instruments for price using discontinuities around

price changes. Column (4) is our preferred speci�cation, where we additionally instru-

ment for � R using Gandhi-Houde differentiation instruments.

Table 3: Demand estimation results (rental sector)

(1) (2) (3) (4)
� R -0.1767 -0.0230 -0.6108 -1.8434

(0.0051) (0.0015) (0.0461) (0.0618)
� R 0.9553 0.9043 0.4429

(0.0007) (0.0019) (0.0088)
Estimator OLS OLS IV IV
Nest X X X
House FE X X
Discontinuity Price Instr. X X
Gandhi-Houde Instr. X
Median Own-Price Elasticity -0.36 -1.03 -12.72 -6.63
N 182,016 182,016 182,016 182,016

Notes: This table shows demand estimation results for the speci�cations from equation (1). Standard errors
in parentheses.

We see that in columns (1)-(2) with the OLS speci�cations the price coef�cient is low

relative to columns (3)-(4). To gauge whether implied own-price elasticities are reason-

able, we compare them with the reduced-form estimate from Table 1, which was -7.9. Our

results from the OLS speci�cations imply price elasticities that are too low: median own-

price elasticities in columns (1)-(2) are between -0.3 and -1.0. Including one instrument for

the price while assuming exogenous inside shares in (3) implies an own-price elasticity

of 12.7, about 60% higher than the reduced-form estimate. Finally, when we instrument

for both the price and the nest parameter in (4), our estimate for the own-price elasticity
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is -6.6, reasonably close to the reduced-form estimate of -7.9.

Rental Matching Next, we estimate the parameters of our matching technology from

equation (3). The main parameter of interest is the elasticity " �;� of time-on-market with

respect to customer contacts. The key source of variation used to estimate this parameter

is the joint distribution of time-on-market and customer contacts. Figure 14 shows that

houses with higher average contact rates tend to rent faster than those with lower average

contact rates.

Figure 14: Houses with more contacts rent faster

Notes: This �gure plots a binned scatterplot of time on market against average daily customer
contacts for our cross-section of listings for sale

Note that, taking logs, equation (3) implies a linear relationship between the logarithm

of time-on-market and the logarithm of the contact rate:

log� jt (pt ) = " �;� log (sjt (pt ) � M t ) + log � jt (29)

We therefore estimate the parameter " �;� by regressing the logarithm of observed time-

on-market on the number of new daily contacts received by landlords.

Table 4 displays the results of our estimation. Columns (1) and (2) present speci�ca-

tions without and with ZIP Code �xed effects, respectively. Both speci�cations yield an

elasticity of time-on-market with respect to customer contacts of approximately -0.3. This

implies that a 10% increase in customer contacts corresponds to a 3% decrease in time-on-

market. Figure 15 illustrates this relationship through a binned scatterplot of average log
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Figure 15: Changes in time-on-market vs.
changes in contacts Table 4: Matching estimation results

(rental sector)

(1) (2)
Log(Contacts) -0.3026 -0.3095

(0.0043) (0.0044)
Constant 3.5333 3.5343

(0.0044) (0.0044)
Estimator OLS OLS
ZIP Code FE X
N 32,214 32,214

Notes:Standard errors in parentheses.

time-on-market against log customer contacts, supporting our log-linear functional form

assumption.

Net marginal costs Using our model estimates, we now describe the implied distri-

bution of backed-out net marginal costs of occupancy cj . Recall from equation (5) that

cj := co
j � cv

j is a net marginal cost, representing the difference between the cost of one

additional time unit of occupancy and the cost of one additional time unit of vacancy.

Although we can only identify the difference between these two marginal costs, there are

institutional reasons for why the cost of vacancy may be larger than the cost of occupancy.

First, there are direct costs associated with vacancy, such as advertising a property, poten-

tially renovating it, and screening candidate tenants. Second, vacancy incurs a signi�cant

opportunity cost because of the foregone rental revenue. Therefore, since the marginal

cost of vacancy is likely to be large relative to the marginal cost of occupancy, we expect

this net marginal cost to be negative.

Figure 16 shows the overall distribution of recovered net marginal costs at the house-

week level, expressed in daily terms. Almost all of the recovered marginal costs are neg-

ative, with 70% of the observations ranging between -$1,000 and $0. The median daily

net marginal cost is -$638. This means that the median landlord behaves as if increasing

vacancy by one day andreducing occupancy by one day implies a net cost of $638.
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Figure 16: Distribution of daily net marginal costs

While the recovered net marginal costs imply a high daily cost of vacancy, we inter-

pret this not strictly as a monetary cost, but rather as a measure of landlords' aversion

to vacancy required to rationalize observed pricing behavior. There are several reasons

why this aversion to vacancy may be high. First, having a new vacancy (relative to re-

newing a lease) involves signi�cant switching costs such as repairs, cleaning, renovating,

advertising, tenant screening, as well as the risk of acquiring a new tenant with unknown

�nancial reliability. Second, small “mom-and-pop” landlords may face short-term liquid-

ity constraints that incentivize them to avoid vacancies, even at the expense of substantial

rental yield. Third, professional rental managers may also face managerial incentives that

reward high occupancy rates in the short run.

We also analyze how the net marginal costs differ depending on whether houses are

owned by institutional landlords or not. Table 5 shows the average marginal costs by

category of landlord. We see that, on average, institutional landlords have slightly higher

net marginal costs of occupancy. This result makes sense if the marginal cost of vacancy is

large relative to the marginal cost of occupancy: if institutional landlords are cost-ef�cient

in managing vacancies and have a low marginal cost of vacancy, this implies they have a

highnet marginal cost of occupancy.27

27The similarity in net marginal cost distributions between landlord types does not imply identical cost
structures. Since we identify only the difference between occupancy and vacancy costs, our estimates
are consistent with institutional landlords having offsetting ef�ciencies in both dimensions—lower occu-
pancy andvacancy costs.
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Landlord category Mean Std. Dev. N

Non-institutional -1,022.50 1,215.69 108,414
Institutional -985.74 1,146.56 73,602

Table 5: Net marginal costs by landlord category (in USD)

4.3 Homeownership sector

We now turn to estimation results for the homeownership sector. We begin by discussing

how to recover house sellers' discount factors � j . Recall from equation 10 that each house

seller j sets the listing sales price such that it satis�es the following �rst-order condition:

� j = exp
�

� 1
� j � " �;p

jj

�

Because house sellers act as single-product �rms, there are no cross-price elasticities in

the expression above. Since time-on-market� jt is observed, backing out � j only requires

us to estimate the own-price elasticity of time-on-market " �;p
jj . For that purpose, note that

equation 8 implies that " �;p
jj can be written as:28

" �;p
jj (pj� H ; � H ; " �;� ) = " �;� " �;p

jj (pj� H ; � H )

= � " �;� � H pj

�
1

1 � � H
�

� H

1 � � H
sj jg(p) � sj (p)

� (30)

where " �;� is the elasticity of house j 's time-on-market with respect to views 29, which is the

main structural parameter of the matching technology. We can thus use equation 30 and

the �rst-order condition 11 to express the discount factor � j as a function of parameters

and prices:

� j (pj� H ; � H ; " �;� ) = exp

0

@ � 1

� � j (p) " �;�
jj � H pj

�
1

1� � H � � H

1� � H sj jg(p) � sj (p)
�

1

A (31)

28See Appendix B for a derivation of the analytical derivatives and elasticities.
29We assume that housej 's time-on-market only depends on house j 's views. This simplifying assumption

allows us to isolate competition between different houses in the demand part of the model only.
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Below, we describe how we estimate the demand parameters � H and � H , followed by

a discussion on how we estimate the matching technology parameter " �;� .

Homeownership demand We now explain how we estimate the demand parameters

for the homeownership sector. Recall from equation (7) that individual i 's utility from

buying house j is given by

uijt = � � H pjt + � jt + � ij + (1 � � H )� ijt

We de�ne the outside option j = 0 as not viewing any house listing in Atlanta, or

viewing other types of listings such as apartments.

Our identi�cation strategy for the price sensitivity � H and the parameter � H is iden-

tical to the one we use for the rental sector. To identify � H , we use discontinuities in the

rate of web page views around price corrections. To identify � H , we build differentiation

instruments using the geodesic distances between houses within each market, following

Gandhi and Houde (2019). We compute the market size M t by scaling the aggregate num-

ber of page view using Census migration �ows data (see Appendix C.3). For a detailed

discussion, see Section 4.2.

We implement our estimation of the nested logit model using two-stage least squares.

Table (6) shows results for the estimation of our demand speci�cation from Equation (7).

Table 6: Demand estimation results (homeownership sector)

(1) (2) (3) (4)
� H 0.0268 0.0006 -0.1728 -0.5120

(0.0008) (0.0002) (0.0201) (0.0235)
� H 0.9651 0.9228 0.7093

(0.0005) (0.0011) (0.0050)
Estimator OLS OLS IV IV
Nest X X X
House FE X X
Discontinuity Price Instr. X X
Gandhi-Houde Instr. X
Median Own-Price Elasticity 0.12 0.08 -9.55 -7.54
N 174,059 174,059 174,059 174,059

Notes: This table shows demand estimation results for the speci�cations from equation (7). Standard errors
in parentheses.
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Column (1) shows OLS estimates for a standard logit model without a nest. Column

(2) shows similar OLS estimates with a nest. We see that the price coef�cient � H is pos-

itive on all three speci�cations, suggesting the presence of omitted variable bias due to

potential correlation between price levels and demand shocks. Price elasticities are all

positive and unreasonably close to zero.

Column (3) instruments for price using discontinuities around price changes. We see

that the price coef�cient becomes negative, the median price elasticity also switches sign

and increases in magnitude to -9.6. To gauge whether our implied price elasticity is rea-

sonable, we compare it with the reduced-form estimate from Table 2, which was -5.6. The

elasticity implied by our estimates from speci�cation (4) is still high in absolute value rel-

ative to our reduced-form estimate. In part, we believe this is because our estimate for the

nest parameter � H is still high and similar to the values obtained in the OLS speci�cation

in (2).

Column (4) is our preferred speci�cation, where we additionally instrument for � H us-

ing Gandhi-Houde differentiation instruments. The estimate for � H becomes smaller, and

the implied median price elasticity of views is -7.5, closer to the estimate of -5.6 obtained

in the reduced-form exercise.

Homeownership matching We now estimate the parameters of our matching technol-

ogy from equation (32). Similar to the rental sector, the key source of variation used to

estimate this parameter is the joint distribution of time-on-market and customer views.

Figure 17 shows that houses with higher average web page views tend to rent faster than

those with lower average views.

Note that, taking logs, equation 9 implies a linear relationship between the logarithm

of time-on-market and the logarithm of the contact rate:

log� jt (pt ) = " �;� log (sjt (pt ) � M t ) + log � jt (32)

We therefore estimate this parameter by regressing the logarithm of observed time-

on-market on the number of new daily web page views.

Table 7 displays the results of our estimation. Column (1) shows a speci�cation that

regresses, while column (2) adds ZIP Code �xed effects. We obtain an elasticity of time-
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Figure 17: Houses with more views sell faster

Notes: This �gure plots a binned scatterplot of time on market against average daily web page
views for our cross-section of listings for sale

Figure 18: Changes in time-on-market vs.
changes in views

Table 7: Matching estimation results
(homeownership sector)

(1) (2)
Log(Views) -0.4999 -0.5403

(0.0070) (0.0082)
Constant 5.0953 5.2574

(0.0292) (0.0337)
Estimator OLS OLS
ZIP Code FE X
N 15,177 15,177

Notes:Standard errors in parentheses.

on-market with respect to customer views of about -0.5 for both speci�cations. The inter-

pretation of this coef�cient is that a 10% increase in the number of web page views leads

to a 5% decrease in the time-on-market. To visualize the full relationship between these

two variables, Figure 18 shows a binned scatterplot of average log time-on-market as a

function of log customer views. We see that our log-linear functional form assumption

seems in line with what we observe the data.
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Discount factors Using our model estimates, we now show the implied distribution of

backed-out discount factors � from equation (31). Since the time-on-market we use for

the homeownership demand estimation is the time until the �rst contingency, it under-

estimates the time before the house is actually sold. We model the relationship between

time-to-contingency and expected time-to-sale based on the following assumptions. First,

homes listed for sale will always become contingent given enough time: for a given ad-

vertised sales price, there always exist a �nite expected time-on-market to contingency.

Let � contingency be the time to reach contingency. Once contingent, the listing has a 0.85

probability of selling. If the contingent listing sells, it takes an additional 60 days from

contingency to sale. If it doesn't sell (0.15 probability), the process starts over from the

beginning.30 Let E[� sale] be the expected time to sale. We can express the expected time to

sale as:

E[� sale] = � contingency + 0:85� 60 + 0:15� E[� sale] (33)

Solving for E[� sale] and simplifying,

E[� salej� contingency] = 60 +
1

0:85
� � contingency (34)

We can then plug these expected times-to-sale into equation (31) to back out discount fac-

tors. Because one period in our model corresponds to a week, our estimates for � re�ect

weeklydiscount factors. We can convert them to more commonly used annual discount

factors by simply exponentiating them � annual =
�
� weekly

� 52
. We then express these annual

discount factors as annual discount rates rannual = 1
� annual

� 1. Figure 19 below displays

the implied densities of annual discount factors and discount rates across house-week

couples.

30We obtain these numbers from our historical Zillow price histories. See Appendix C.2 for details.
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(a) Annual discount factors (b) Annual discount rates

Figure 19: Implied annual discount factors and discount rates from our estimation results

Notes: The two histograms above plot the entire distribution of implied annual discount factors ( � ) and annual discount
rates (r ). One observation is a house-week couple.

Our estimation results imply a median annual discount factor of 92:2%and a median

annual discount rate of 8:4%. These numbers are within the typical range found in the lit-

erature, particularly for short-term real estate valuations (Giglio, Maggiori and Stroebel,

2014; Bracke, Pinchbeck and Wyatt, 2017), and are consistent with the relatively high in-

terest rates observed during the estimation period (2023–2024).

5 Counterfactuals

Having estimated the parameters of the model, we now turn to counterfactual results.

5.1 Main Results

We �rst simulate a scenario in which homes owned by institutional investors return to

the sector—either rental or homeownership—where they belonged in 2009. This counter-

factual, which we call 2009 Ownership, allows us to quantify the overall welfare effect of

purchases by institutional investors. To isolate and quantify the effect of rental concen-

tration, we then consider the case of a policy change inducing institutional landlords to

sell all their homes to smaller landlords ( All Sold to Landlords). Finally, to study the po-

tential effects of a large-scale transfer of houses across sectors, we run a counterfactual in

which institutional landlords sell their entire portfolio of houses to homeowners ( All Sold

to Homeowners).
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In what follows, we describe each counterfactual in detail. Table 8 displays our main

counterfactual results.

2009 ownership structure We begin by simulating our main counterfactual, 2009 Own-

ership, in which all homes owned by institutional landlords as of 2022 return to their sector

of origin as of 2009, before institutional investors started acquiring houses. We use this

to quantify the overall welfare effect of purchases by institutional investors. In practice,

we implement this counterfactual by allocating each institutionally-owned rental house

to the sector it belonged to in 2009. To determine their 2009 sector, we use CoreLogic

records. This implies shifting 73% of institutionally-owned homes to the homeowner-

ship sector, while keeping 27% of them in the rental sector and assigning them to a small

landlord. Column (2) in Table 8 displays the results of this exercise.

We start by looking at the effects in the rental sector. The shift in housing stock across

sectors decreases the rental stock by 17.3%. Rental prices increase by 2.4%, or $660 in

average yearly rent. Average time-on-market increases only slightly, by 0.9%. The large

decrease in housing stock causes transactions to decrease by 20%. As a consequence,

average renter surplus decreases by $238 per month, or $2,856 per year. This is a large

number, as it represents about 10.4% of the average rental price. For landlords, softer

competition increases average annual pro�ts by $612. One interpretation of these results

is that if institutional landlords had not entered the market after 2009, renters would be

worse off, and landlords would be better off. This is because the effect of increasing

rental supply dominates the effect of increasing concentration. Institutional landlords'

home acquisition therefore directly bene�ts renters and hurt landlords.

We now describe the effects in the homeownership sector. Although housing stock

only increases by 3.2%, we see large price effects for the average price of homes for sale,

which decrease by 4.8%. Time on market decreases by 2.8%, and transactions increase

by 2.5%. This implies an increase in homebuyer welfare of around $49,950, which repre-

sents 9.1% of average status-quo sales price of $545,000. The additional competition hurts

house sellers, whose discounted pro�ts decrease by $22,446. One interpretation of these

results is that if institutional landlords had not entered the market after 2010, homebuyers

would be better off and home sellers would be worse off.
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Table 8: Counterfactual results

Status
Quo

2009
Ownership

All Sold to
Landlords

All Sold to
Homeowners

(1) (2) (3) (4)

Panel A: Housing Stock (occupied + vacant)

Rental sector
Levels 191,000 158,000 191,000 142,000
(�) (0%) (-17.3%) (0%) (-25.7%)

Homeownership sector
Levels 1,035,000 1,072,000 1,035,000 1,086,000
(�) (0%) (+3.6%) (0%) (+4.9%)

Panel B: Prices

Rental sector (monthly rent)
Levels $2,274 $2,332 $2,186 $2,388
(�) (0%) (+2.6%) (-3.9%) (+5%)

Homeownership sector
Levels $544,000 $519,000 $544,000 $512,000
(�) (0%) (-4.6%) (0%) (-5.9%)

Panel C: Time-on-market (days)

Rental sector
Levels 67.3 67.2 65.1 67.7
(�) (0%) (-0.1%) (-3.3%) (+0.6%)

Homeownership sector
Levels 60.0 65.2 60.0 67.6
(�) (0%) (+8.7%) (0%) (+12.7%)

Panel D: Transactions (per week)

Rental sector
Levels 226.1 175.1 224.4 153.1
(�) (0%) (-22.6%) (-0.8%) (-32.3%)

Homeownership sector
Levels 795.4 814.7 795.4 826.4
(�) (0%) (+2.4%) (0%) (+3.9%)

Panel E: Welfare

� Consumer Surplus

Renters ($/year) 0 -$3,027 +$2,222 -$5,088
Homebuyers ($/purchase price) 0 +$118,894 0 +$193,057

� Producer Surplus

Landlords ($/year) 0 +$763 -$566 +$1,284
Home sellers ($/purchase price) 0 -$17,936 0 -$25,531

Notes: This table presents counterfactual changes in housing stock, steady-state prices, time-on-market, weekly
transactions, and consumer surplus for both the rental and homeownership sectors. Changes are shown relative
to the Status Quo, shown in Column (1). Counterfactual 2009 Ownershipin column (2) shows a counterfactual
where institutionally-owned rental homes return to their historical (2009) sector, with about 27% of them being
purchased by landlords, and 73% transferred to homeownership. Column (3) refers to a policy counterfactual
where institutionally-owned homes are All Sold to Landlordsthat are not institutional, therefore remaining in the
rental sector and reducing rental concentration, without impacting the homeownership sector. Column (4) shows
results for a policy counterfactual in which institutionally-owned rental homes are All Sold to Homeowners, and are
thus all transferred from the rental to the homeownership sector.
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All institutional-owned homes sold to landlords To isolate and quantify the effect

of rental concentration on renters, counterfactual All Sold to Landlordsassumes that all

institutionally-owned houses are sold to smaller landlords. Therefore, all of these houses

stay in the rental sector and none shift to the homeownership sector. This approach keeps

the homeownership and rental housing stocks unchanged, while reducing concentration

in the rental sector. Hence, it isolates the potential effect of decreased rental concentration

on renters.

Column (3) in Table 8 shows the results of this simulation. Outcomes for the home-

ownership sector are identical to outcomes in Status quo(Column 1), since this sector is

not affected by the policy. In the rental sector, steady-state rents decrease by 3.8%. As

rents decrease, average time-on-market also decreases by 3.4%, and rental transactions

increase by 3.1%. Overall, the decrease in rental concentration implies an increase in av-

erage renter welfare of $186 per renter per month, or $2,232 per year. The reduction of

concentration reduces average landlord pro�ts by $924 per year.

All institutional-owned homes sold to homeowners Our �nal counterfactual, All Sold

to Homeowners, studies the effect of a policy intervention that induces institutional land-

lords to sell their entire portfolio of rental houses to homeowners. This shifts all institutionally-

owned homes from the rental to the homeownership sector, and provides an upper bound

on the amount of transfers that could occur across sectors.

The results of this counterfactual are shown in column (4) of Table 8. We see that all

50,000 institutionally-owned rental homes are shifted from the rental to the homeown-

ership sector, decreasing the rental stock by 26.6% and increasing homeownership stock

by 4.6%. These shifts in sectoral housing stock cause signi�cant price effects on both sec-

tors. In the rental sector, the effect of lower rental supply dominates the effect of lower

concentration. Indeed, despite eliminating rental concentration, rents increase by 4.6%.

Rental transactions decrease by 30.2%, and average renter welfare decreases by $410 per

renter per month, or $4,920 per year. Lower competition among landlords raises mean

landlord pro�ts by $1,212 per year. In the homeownership sector, the increase in hous-

ing stock lowers sales prices by 6.1% and raises sales transactions by 4.5%. This implies

a substantial increase in average homebuyer surplus of $63,680, and a decrease in home

seller pro�ts of $35,460.
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5.2 Decomposition

Our counterfactual results allow us to quantify the relative importance of the two key

forces at play in the rental sector, namely, supply shifts vs. concentration. We illustrate

this decomposition in Figures 21 and 22 for changes in the rental price and in renter wel-

fare, respectively.

We begin by decomposing changes in rental prices in Figure 21. Relative to the equilib-

rium monthly rent in a world in which investors never entered ($2,330, column 2 of Table

8), the monthly rent in the Status Quoworld with investors ($2,275, column 1 of Table 8)

is $55 lower. This 2.4% reduction in rent is the overall effectof institutional investors on

rents, illustrated by the gray bar in Figure 21. We can decompose this overall effectinto two

forces. To isolate theconcentration effect, we compare the Status quorents ($2,275, column

1 of Table 8) to the rents in a world without concentration ($2,188, column 3 of Table 8).

Concentration increases rents by $87, or 3.7% of the equilibrium monthly rent in a world

where investors never entered. This is illustrated by the red bar in Figure 21. Finally, the

difference between the concentration effect and the overall effect is the rental supply effect,

illustrated by the purple bar: higher rental supply lowers monthly rental prices by $140,

or 6.1% of the equilibrium monthly rent in a world where investors never entered.

Figure 21: Decomposition of concentration vs. housing supply shift effect (rental price)

Notes: This �gure decomposes the rental price effect of institutional acquisitions into two forces. The gray bar shows the
overall effect, the red bar shows the effect of concentration and the purple bar shows the effect of increased rental supply.
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Similarly, Figure 22 decomposes changes in renter surplus into the two same forces.

Panel E of Table 8 shows that, relative to a world in which investors never entered, the

average renter gains $2,856 in consumer surplus per year in the Status Quo. This overall

effectis illustrated by the gray bar in Figure 22. To isolate the concentration effect, we

compute the change in average renter surplus between a world without concentration ( All

Sold to Landlords) and the Status Quo: Concentration decreases renter welfare by $2,232 per

year, illustrated by the red bar in Figure 22. Again, the difference between the two effects

is the rental supply effect, illustrated by the purple bar: higher rental supply increases

renter welfare by $5,088 per year.

Figure 22: Decomposition of concentration vs. housing supply shift effect (renter surplus)

Notes: This �gure decomposes the effect of institutional acquisitions on average renter welfare into two forces. The gray
bar shows the overall effect, the red bar shows the effect of concentration and the purple bar shows the effect of increased
rental supply.

5.3 Spatial Heterogeneity

The results in Table 8 show average effects across all markets. However, because each in-

dividual house has a different estimated price elasticity, and each ZIP code has a different

level of institutional concentration, both the counterfactual rental supply effect and the

concentration effect will differ by ZIP code. We illustrate this heterogeneity in Figure 23.

Panels (b) and (c) show how the concentration effect and the overall effect for rental

prices differ by ZIP code on a map of Atlanta, where we also display the map of the insti-

tutional share of single-family rentals in panel (a) for ease of readability. Panels (d) and (e)
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