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parities in the U.S. housing market. iBuyers leverage algorithms and data analytics to automate

the home buying and selling process, serving as a new type of housing market intermediary.

With millions of housing transactions and mortgage data from markets with significant iBuyer

presence, our analysis reveals that iBuyers significantly attenuate the price gap between Black

and White homebuyers for comparable housing. To address potential selection bias, we em-

ploy coarsened exact matching to ensure comparable housing and neighborhood characteristics

between iBuyer and non-iBuyer transactions, and our results remain robust. We document that

iBuyers’ market entry is associated with reduced racial price differentials between Black and

White buyers. By separating iBuyers’ market-level and transaction-level effects, we uncover

iBuyers’ role in correcting the information imbalance among racial groups. Notably, when

comparing iBuyers to traditional housing market intermediaries, known as flippers, we find no

evidence that flippers serve a similar function in addressing racial price disparities. In addition,

our heterogeneity analysis explores how iBuyers’ impacts on racial price differentials vary with

neighborhood racial composition and buyer income levels. We find that iBuyers’ mitigating ef-

fects remain strong across neighborhood racial compositions and buyer income levels.
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1 Introduction

Algorithms and digital technologies are playing an increasingly important role in real estate

markets, providing efficiency and convenience. They also raise the concerns and discussions

surrounding algorithmic fairness and disparate outcomes [Barocas and Selbst, 2016, Achiume,

2020]. Algorithms not designed to discriminate can also discriminate due to bias “baked-in” the

data [Rambachan et al., 2020]. Studies on the impact of digital platforms show evidence that

the design of such platforms could exacerbate racial disparities [Cui et al., 2020, Gunarathne

et al., 2022]. This concern is particularly true in the U.S. housing market due to its historical

discriminatory practices based on race and ethnicity [Bayer et al., 2020].

On the other hand, recent studies in fintech show positive evidence that automated tech-

nologies such as loan automation reduces racial disparities in financial services. Automation

underwriting systems help reduce the processing time of loan decisions and racially biased

credit decisions [Bhutta et al., 2022]. Fintech lenders with automated lending technology pro-

vide alternative options for more creditworthy borrowers regardless of race or ethnicity [Buchak

et al., 2018].

In light of the conflicting evidence on innovative technologies in the housing market, we

study whether a new type of housing market participant — iBuyers, which rely heavily on

digital technologies and algorithms — exacerbate or attenuate racial price differentials. iBuy-

ers rely heavily on big data and learning algorithms [Seiler and Yang, 2022, Buchak et al.,

2020], they leverage automated valuation models (AVMs) to determine the house’s worth, ask-

ing price, and potential profit 1. Similar to comparative market analysis (CMA), which uses

a handful of similar homes nearby that have sold recently, AVM pricing is more accurate as

it combines the effort of analyzing individual features of hundreds of comparable homes and

local pricing experts 2. In addition, iBuyers offer self-tours for potential buyers to visit a home

without human interaction 3. There is potentially more room in negotiation as iBuyers don’t

have emotional attachment to the homes. iBuyers do not make profit from renting the homes,

1https://www.trulia.com/guides/ibuyer-what-it-is-and-how-it-works/
2https://www.opendoor.com/articles/what-is-an-ibuyer.
3https://www.redfin.com/blog/how-to-buy-home-from-ibuyer/
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the longer holding periods indicate larger costs. As they flip with a sales target, there is more

room in the negotiation process. Closing process tends to be simpler and faster as the homes are

usually vacant and fewer parties involved for the escrow and financial process. This evidence

suggests that iBuyers simplify and partially automate the home buying process via algorithmic

intermediation, which suggests potentials of iBuyers in helping traditionally disadvantaged

groups in the housing market.

With transaction-level owner-transfer data from CoreLogic and mortgage application data

from the Home Mortgage Disclosure Act (HMDA) data disclosures, we are able to quantify the

racial disparities in prices between different groups for comparable housing. Our primary data

are assembled using property and owner-transfer records from CoreLogic, and the loan appli-

cation registry records from Home Mortgage Disclosure Act (HMDA) data disclosures. We

match data from two sources with a customized matching algorithm, to obtain race and income

information of mortgage applicants for each transaction. We are able to observe the housing

transaction prices, housing characteristics, purchase information, demographic information of

the seller. Also, we derive information from the data about buyers in large markets across the

US where ibuyers are active.

Our research design ensures that we are quantifying the racial price differentials for com-

parable housing. We estimate the racial price differentials for comparable housing with rich

set of controls in a repeat sales framework, where multiple transactions for house over long

time period are necessary to enable the estimation, in order to difference out house-specific

time-invariant unobserved features.

We first document the Black-White price differentials in the Phoenix, Atlanta, Dallas, Hous-

ton, Austin, San Antonio metropolitan statistical areas (MSAs). It suggests the persistence of

racial price differentials, which can not be explained by time-varying macroeconomic condi-

tion, local market neighborhood changes, quality of the homes, or buyers’ financial standing.

Black buyers pay 1%-4% more compared to White, which echoes with earlier findings in the

literature [Bayer et al., 2017].

Most importantly, we find strong evidence of iBuyers attenuating racial price differentials

3



in the housing market. We find that price differentials between Black and White racial groups

are largely eliminated for purchases from iBuyers in all the studied metro areas. For robust-

ness, we adopt coarsened exact matching (CEM) to obtain a more similar control group. By

constructing a matched sample with similar observable home characteristics, we rule out the

potential bias from the selection of homes by iBuyers. The significance of iBuyers’ mitigating

effects remains, with a slight decrease in magnitude. To understand iBuyers’ mitigating effect,

we separate the iBuyers’ effect into market-level effect and transaction-level effect. The results

show the significance of market-level effects for all three metro areas, while only Phoenix show

significant transaction-level effect.

Do other market intermediaries have the same function of attenuating racial price differ-

entials? To answer this question, we compare iBuyers with important housing market inter-

mediaries, flippers. Flippers are individuals who invest in properties and resell within a short

period of time. The comparison indicates a clear difference between iBuyers and flippers in

their impacts on racial price differentials. The results for flippers exhibit a significant degree of

heterogeneity across metro areas. In Phoenix flippers don’t charge additional premia for Black

buyers, while in Atlanta and Texas, Black buyers who purchase from flippers pay substantial

premia compared to their White counterparts.

In the analysis of multiple heterogeneity sources, we explore how the racial and ethnic price

differentials vary based on heterogeneity in local racial composition. Our results show that,

while the Black premia remain high across neighborhoods with different racial compositions,

the Black-White price premia are largely mitigated by iBuyers. Another source of heterogene-

ity is buyer income. As buyer income is the confounding factor between race/ethnicity and

home selection. We add the interaction of buyer income and race/ethnicity, which controls for

the confounding between buyer income and housing price. We find the mitigating effects of

iBuyers persist across markets.

Our findings contribute to the literature in several important ways. Most salient, we bridge

studies on the impacts of innovative technologies and those on racial price differentials in the

residential real estate market. We contribute to the literature on the impacts of digital platforms
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in the U.S. housing market [Barron et al., 2021, Chen et al., 2022]. Earlier findings of the

racial price differentials for Black buyers validates the persistence of racial disparities [Quil-

lian et al., 2020, Bayer et al., 2017]. Our analysis adds to the literature studying the behaviors

and impacts of housing market investors, specifically the discussion of the intermediary roles of

different types of flippers [Bayer et al., 2020, Fu et al., 2016, Seiler and Yang, 2022]. We com-

pare the similarities and differences between iBuyers and flippers and their role in attenuating

racial price differentials. We focus more on the implications of intermediation on price vari-

ance across racial group, which is the major difference with prior studies on iBuyers [Buchak

et al., 2020, Seiler and Yang, 2022]. Last, our findings add to the emerging body of literature

in Fintech show evidence that the loan automation reduces racial bias in mortgage outcomes

[Buchak et al., 2018, Bhutta et al., 2022, Howell et al., 2021, Bartlett et al., 2022] through the

channel of removing face-to-face interactions and human judgment.

2 Related Literature

The prevalence of transformative technologies raises concerns of disparate impacts based on

race and ethnicity. A growing body of literature studies the racial and ethnic related impacts

of digital platforms. Edelman and Luca [2014] show evidence that the rental charge by Black

hosts is approximately 12% less than non-Black hosts for equivalent rental with all information

visible controlled. In the setting of a business-to-customer (B2C) digital platform, Gunarathne

et al. [2022] present evidence that African American customers are less likely to receive a

response when they complain than comparable White customers. Experimental studies also

present similar findings. Field experiments in [Edelman et al., 2017, Cui et al., 2020] doc-

ument that distinctively African American names are less likely to be accepted compared to

distinctively White names applications. Younkin and Kuppuswamy [2018] find African Amer-

ican men are significantly less likely to receive funding than similar White founders, and given

lower rating for identical projects. These evidence suggest certain design in digital platform

facilitate racial and ethnic discrimination.

In addition, fairness issues embedded in the algorithms underlying automated decision-
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making also raise concerns. Several studies show that the algorithms might inherit the biases

and discriminative decisions from data. Even in the cases where algorithms for automated de-

cisions do not utilize race/gender information, the bias and discrimination can be ”baked in”

the data used for training. Strikingly, studies have shown that a simple race-blind or gender-

blind design usually does more harm than good [Kleinberg et al., 2018]. Lambrecht and Tucker

[2019] show that algorithm optimized for cost-effective ad delivery actually delivers ads dis-

proportionately discriminative for female applicants.

Studies on the discrimination in U.S. residential real estate market examine the existence

and trend of the racial inequality [Quillian et al., 2020, Ihlanfeldt and Mayock, 2009, Bayer

et al., 2017]4. While the racial inequality is showing signs of improvement since the enactment

of the federal Fair Housing Act (FHA) in 1968, evidence suggests that the racial price difference

is still persistent. As presented in [Bayer et al., 2017], around 2% premia are paid by Black

and Hispanic buyers for comparable housing, and the premia are not explained by variation in

buyer income or access to credit.

The racial price differentials largely originated from the frictions during the home buying

process. Discrimination might be one source of these frictions, which can further be divided

into statistical-based discrimination and taste-based discrimination. Statistical discrimination

takes the form of stereotyping based on imperfect information, while taste-based discrimina-

tion results from decision maker’s prejudice [Guryan and Charles, 2013]. The home buying

process is complicated, typically involves home search, bargaining, and mortgage application,

discrimination might manifest in multiple forms during any part of the process. During the

home searching and negotiation, discrimination can result in limited options and further lead to

higher search cost, or disadvantaged position in bargaining. These two types of discrimination

are usually intertwined and difficult to be separated.

Intrinsically, discrimination results from the search frictions in the housing market. Mar-

ket intermediaries play a crucial role in providing liquidity and alleviating frictions when

homeowner-to-homeowner matches are difficult. Home sellers could choose to sell directly

4For more discussion related to the history of racial discrimination in the housing market, refer to [Quillian
et al., 2020].
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to an intermediary [Buchak et al., 2020], which, in turn, resells the home using their market

knowledge. iBuyers are new market participants that serve as market intermediaries. In this

paper, we focus more on the implications of iBuyers’ intermediation on price variance across

racial group, which is the major difference with prior studies on iBuyers [Buchak et al., 2020,

Seiler and Yang, 2022]. Our work distinguish from these two studies in that we focus more on

iBuyers’ reselling and implication of iBuyers’ intermediation to racial price differentials in the

housing market.

Lastly, our research contributes to recent work that explores implications of automation for

reducing inequities in outcomes across groups. This emerging body of work suggests that au-

tomation reduces racial disparities in outcomes [Buchak et al., 2018, Bhutta et al., 2022, Howell

et al., 2021, Bartlett et al., 2022] by removing face-to-face interactions and human judgment.

Bhutta et al. [2022] shows evidence that discrimination may be less prevalent at fintech lenders

where borrowers have no in-person contact with lenders. Howell et al. [2021] show Black ap-

plicants are more likely to get a Paycheck Protection Program (PPP) loan from fintech lenders

compared to conventional lenders. Bartlett et al. [2022] find that finTech algorithms are 40%

less than face-to-face lenders to discriminate in the consumer-lending context.

3 Context and Data

In this section, we first introduce the research context, answering questions about iBuyers’

business model, technology, and role in intermediating housing markets. Second, we discuss

market intermediation and compare iBuyers with another type of housing market intermedi-

ary, flippers. Third, we describe the sources for our primary data, the matching algorithm we

developed to assemble the panel, and report summary statistics.

3.1 Background on iBuyers

iBuyers have a growing share of housing market transactions since 2014 when Opendoor started

their iBuying business in Phoenix. Powered by AI valuation technologies, iBuyers determine
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the house’s worth, asking price, and potential profit, then make an instant, all cash purchase

offer. Unlike owner occupants, iBuyers don’t occupy the homes they purchase. Unlike buy-to-

rent institutions they also don’t make profit from renting the homes. iBuyers carry out repairs

and simple renovation after purchasing the homes. They usually resell the homes with a short

holding period to minimize holding costs.

In the traditional home buying process, scheduling a tour is sometimes difficult if the home

is occupied, as tours must accommodate schedules of the buyer and seller. Touring homes

owned by iBuyers is much easier. iBuyers offer self tours for potential buyers, as homes resold

by iBuyers are vacant and ready to be sold, buyers can schedule as many tours as needed and

visit the homes during different times of the day. Especially when the buyer is in a hurry to

purchase a home, the conveniences provided by iBuyers adds value and reduces buyers’ search

costs. In addition, iBuyers are less likely to exhibit taste-based discrimination as iBuyers flip

the homes for a profit, usually with a sales target, and have no sentimental value attached

to the homes as owner occupiers do. Some iBuyers also provide mortgage services, which

further enhance buyers’ access to credit. In short, iBuyers provide convenience, lower search

cost, simplify negotiations, etc., and most importantly, iBuyers don’t have the intention to

discriminate.

3.2 Market Intermediation

Housing market intermediaries provide liquidity and reduce frictions in the housing market.

Flippers — individuals who invest in properties and resell within a short period of time — are

important housing market intermediaries5. iBuyers can be considered as a new type of market

intermediary, serving similar economic function as flippers. Similar to flippers, iBuyers also

resell the homes with a relatively short holding period, reducing search frictions and providing

liquidity.

Interestingly, there are many similarities in the markets iBuyers choose to participate in

compared to flippers. In Section 6, we document that the set of neighborhoods with iBuyer

5We note that there are small differences in the exact definition of flippers in the literature [Bayer et al., 2020,
Buchak et al., 2020, Seiler and Yang, 2022].
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entry is a subset of the neighborhoods with flipper activities, which aligns with the findings in

[Buchak et al., 2020] that iBuyers enter markets with more active intermediation.

Flippers are known for acquiring distressed homes at reduced prices, conducting extensive

renovations, and subsequently reselling at higher prices. In addition, flippers usually have

better local market understanding, which makes it easier for them to sell for a premium based

on market timing, Buchak et al. [2020] documented that flippers list more aggressively than

ordinary buyers with a markup of 2.0%. In the meanwhile, iBuyers tend to buy homes that are

already in good condition and don’t require much renovation. We identify iBuyers and flippers

from the transaction data with customized algorithms documented in Appendix B.

3.3 Data Description

Our primary data are assembled using property and owner-transfer records from CoreLogic

proprietary data, and the loan application registry records from Home Mortgage Disclosure

Act (HMDA) data disclosures. The CoreLogic data are derived from county deeds records.

It contains sales transaction data such as property location, buyers/seller information, transac-

tion type, sale date, sale price, and detailed mortgage information. It also contains property

information such as year built, number of rooms, square footage, and lot size, etc.

The HMDA data are publicly-available loan application registry data collected from the

lending institutions under the Home Mortgage Disclosure Act (HMDA). For the purpose of

fair lending, HMDA documents mortgage lending practices and demographic information of

applicants, in addition to the details of the mortgage6. We use loan application registry data to

obtain the race/ethnicity information of the applicant(s).

We match transaction data from CoreLogic to mortgage application data from HMDA to

obtain the race and ethnicity of the buyers. For privacy purposes, the mortgage application

data neither disclose publicly the name of the applicant, nor the identifier for the property. We

rely on tax year, census tract, lender company name, loan amount for the match. Matching

procedure and matching statistics are detailed in Appendix C.

6Refer to https://www.ffiec.gov/hmda for more details
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We restrict our sample to contain only arms-length transactions for single-family homes

purchased with mortgage loans. This also rules out all the interfamily transaction records,

mortgage refinancing records, foreclosures, multi/split parcel sale, etc. We also remove the

records with missing transaction price, missing sale date, incomplete buyer/seller information.

Similarly, for mortgage application data, we only keep the originated purchase loan records,

drop records with missing race information, census tract, mortgage information, as these are

key information for the data matching. With regard to buyers, we only consider individual

investors, ruling out all corporate and institutional buyers such as buy-to-rent institutions, as

those transaction prices are systematically different from individual buyers.

Our study period spans almost two decades, from 2004 to 2020. While ibuying is com-

paratively new, we need the earlier data to recover home fixed effects and enable repeat sales

estimation. We cover top iBuying markets7, including the Phoenix, Atlanta, Dallas, Houston,

Austin, San Antonio metropolitan statistical areas (MSA). Phoenix is one of the MSAs with the

earliest iBuyer entry and largest share of iBuyer activities, Atlanta and Texas are also among

the largest markets with iBuyer presence. We combine the four MSAs in Texas into one for

ease of presentation, and due to the limited number of iBuyer transactions.

In our sample, based on a repeat-sales framework (as described in Section 4), we only in-

clude homes with more than one resale, excluding all homes with only one transaction record

between 2004 and 2020. After the preprocessing, the summary statistics are shown in Table 1.

In all six MSAs, we have a total of approximately 1.5 million transactions for our repeat sales

research design. We observe that the proportions of different races are quite different among

MSAs. In particular, we observe that Black buyers constitute 25.35% of transactions in Atlanta,

compared to the 2.8% and 7.6% in Phoenix and Texas, respectively. Phoenix shows compar-

atively higher mean and median transaction prices, while Texas has higher mean and median

income.
7https://www.ownerly.com/data-analysis/ibuyer-top-markets-report/.
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Table 1: Summary statistics of the matched data samples

Notes: This table presents summary statistics for our primary data. The repeated sales samples exclude
all homes with only single transaction record, and only include homes resold more than once. The buyer
race and transaction statistics are based on the repeated sales samples. We note that Texas don’t require
full disclosure of home transaction prices, the reported statistics are only based on the disclosed ones.

4 Empirical Strategy

The price of a house not only varies by quality and its unique combination of features, but also

exhibit significant fluctuations over time. To ensure that the estimated racial price differentials

are for comparable housing, we construct the following research design that rules out the im-

pacts of factors such as time-varying macroeconomic conditions, local market neighborhood

changes, quality of the homes, and financial standing of the buyer. In addition to the observed

home characteristics, unobserved home characteristics might also significantly affect housing

prices. We adopt the repeat-sales framework to address this concern. The repeat-sales frame-

work difference out the unobserved characteristics associated with each unique home. This

approach is widely used in the literature to control for the unobserved characteristics of the

homes [Case and Shiller, 1987].

The repeat sales method requires more than one observation of transaction for each home,

consequently, we only keep homes with multiple sales transactions. Our baseline model is as
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follows,

lnPriceijnt = αrRaceir + βiBuyeri + γrRaceir × iBuyeri +Xijnt + εijnt, (1)

where Priceijnt is the ith transaction price for property j in neighborhood n at time t.

iBuyeri is an indicator variable that equals 1 if the seller of transaction i is iBuyer and else

0. Raceij denotes the race of the buyer for transaction i of property j. Xijnt which is specified

in Equation (2) denotes the set of controls. εijnt is the idiosyncratic error term.

Xijnt = θj + δnt + νjHHjt + λiBIij + Fjt. (2)

In Equation (2), θj denotes the house fixed effects which we use in the repeat sales frame-

work to control home-specific unobserved heterogeneity. The neighborhood-by-time fixed ef-

fects δnt control for the time-varying neighborhood attributes such as local policy impacts,

location-time sensitive appreciation (which includes the impacts of macroeconomic condition)

for census tract n and year-quarter t. We also add house hedonics controls HHjt for property

j at time t that includes house age, land square footage, building square footage, assessed total

value. Further, we add buyer income as a control for the potential differential sorting (i.e., sta-

tistical discrimination) based on buyer’s financial standing. BIij denotes the income of buyer

in ith transaction of property j.

The home buying process is complicated, typically involves home search, bargaining, and

mortgage application, discrimination might manifest in multiple forms during any part of the

process. Statistical-based discrimination and taste-based discrimination are usually intertwined

and difficult to be separated. Instead of focusing on separating these two types of discrimina-

tion, and we focus on identifying the channels where iBuyers could help attenuate the racial

disparities.

Ideally, we would like to observe if any home improvement is made and corresponding

increased value. The major challenge for our strategy is that we don’t observe the accurate

amount of home-specific heterogeneous appreciation. The appreciation potentially comes from
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home renovation. Some homes are subject to within-home changes due to renovation, which

intrinsically change the value of the home. We note that the repeated sales framework can-

not address this issue, as it does not control for time-varying characteristics due to unobserved

changes such as renovation [Case and Shiller, 1987]. Flippers are known to purchase dis-

tressed homes and renovate the homes for a profit, which adds value to the homes. Thus, we

use whether the home is flipped by any flipper as a proxy for potential improvement and ap-

preciation of the homes. Fjt denotes an indicator for whether the home j is ever flipped by any

flipper in the transaction history before the time t of the transaction.

5 Empirical Results

We start by investigating impacts of iBuyers on existing racial disparities. We are interested in

two questions. First, whether racial price differentials are persistent in the studied metro areas

and, second, whether iBuyers attenuate or exacerbate existing racial price differentials. Further,

we compare the roles of iBuyers and flippers in attenuating racial price differentials as market

intermediary.

5.1 The Impacts of iBuyers on Racial Price Discrimination

Table 2 and Table 3 report results estimated from Equation (1). With the omitted group being

White, the two tables report respectively the Black-White price differentials (αBlack − αWhite),

and the price differentials associated with the iBuyer resales (γBlack−γWhite) as in Equation (1).

We report the estimates based on six specifications to obtain deeper insights on the racial dis-

parities8. We do not include results for other racial and ethnic categories as we do not have a

strong prior about the direction, but results are available upon request.

By solely using time fixed effects that control for the macroeconomic condition that affect

nationwide housing, the results in Column (1) show homes purchased by Black buyers have

lower prices than White buyers. We then add census tract and time interactions to control

8The racial groups we control include “Black”, “Hispanic or Latino”, “Asian and other”, and “White”. “Black”
denotes Black or African American, “White” denotes non-Hispanic White. “Asian and other” includes Asian,
American Indian or Alaska Native, Native Hawaiian or Other Pacific Islander.
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Table 2: Black-White Price Differentials

Notes: (1) This table reports the estimates of Black-White differentials in Phoenix, Atlanta and Texas
markets (we combine the 4 metro areas in Texas into one). (2) House hedonics include house age,
building square footage, land square footage. We exclude total rooms due to large fraction of missing
values. (3) “Flipped by flipper” is a proxy we use to control for potential home renovation. (4) In the
brackets are the cluster-robust standard errors, ***, **, * respectively denote statistical significance at
0.01, 0.05 and 0.1 levels.

for time-varying neighborhood-level policy impact, market trend and economic conditions.

The importance of controlling for time-varying neighborhood fixed effects can be seen from

Column (2) in Table 2, where we observe the Black-White differentials change from negative

to positive values. To investigate whether the premia paid by Black buyers are associated with

higher quality of the homes, we introduce house hedonics such as building square footage and

house age, estimated in the repeat sales framework with unobserved characteristics controlled.

By comparing Column (3) and (4), the estimates for Black-White price differentials are almost

the same, ruling out the house hedonics as the reason for the premia. We further control for

buyer income as shown in Column (5). The premia increase slightly. In Column (6) we control

for potential renovation which is proxied based on whether the home is flipped by a flipper. It

is worthnoting that Column (6) are the results for our baseline model defined in Section 4. We

observe no significant changes in the estimates, which implies that the premia paid by Black

buyers are not due to the differences in buyer income or potential renovation.

Next we discuss the second part of Equation (1), i.e., racial price differentials in iBuyer

resales as shown in Table 3. When only controlling for time or neighborhood-time fixed ef-
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Table 3: Black-White Price Differentials For iBuyer resales

Notes: (1) This table reports the estimates of Black-White differentials for iBuyer resales in Phoenix,
Atlanta and Texas markets. (2) The specifications are the same as in Table 2. (3) In the brackets are the
cluster-robust standard errors, ***, **, * respectively denote statistical significance at 0.01, 0.05 and 0.1
levels.

fects, homes purchased by Black buyers are more expensive as shown in Column (1). This

may be a selection effect: homes purchased by Black buyers are different on average from

those purchased by White buyers. Once we control the unobserved and observed house char-

acteristics as shown in Column (3) and (4), we observe price premia paid by Black buyers are

significantly reduced compared to Column (2). The mitigating effects of iBuyer remain signif-

icantly by adding the control for buyer’s income as in Column (5), and the control for potential

renovation as in Column (6).

If we compare the discounts shown in Column (6) of Table 3 and the premia in Column

(6) of Table 2, we note the premia associated with Black buyers are largely offset. To examine

whether the premia paid by Black buyers are mitigated in iBuyer resales sample, we report the

sum of the price premia and the price discount associated with iBuyer resales from Column (6),

i.e., (αBlack −αWhite)+ (γBlack − γWhite). These findings, summarized in Table 4 confirms the

marginal effects of iBuyers on elimination of racial price discrimination for all the metro areas.
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Table 4: Premium/Discount for Black buyers in iBuyer resales

Notes: (1) This table represents the sum of the price premia in Column (6) of Table 2 and the price
discount associated with iBuyer resales in Column (6) of Table 3. (2) In the brackets are the cluster-
robust standard errors, ***, **, * respectively denote statistical significance at 0.01, 0.05 and 0.1 levels.

5.2 Coarsened Exact Matching

We adopt the coarsened exact matching (CEM, [Blackwell et al., 2009]) procedure to ensure

the racial price differentials are for comparable housing. CEM reduces imbalance in hous-

ing characteristics between treated and control group, i.e., homes sold by iBuyers and similar

homes that are resold by other sellers.

The covariates utilized for the matching include housing characteristics (e.g., log transac-

tion price, house age, log building square feet, log assessed total value, log land value, total

number of rooms) and census tract level characteristics (FFIEC median family income9, per-

centage of tract median family income compared to MSA/MD median family income, number

of owner occupied units, etc.) For each covariate used for the matching, we coarsen it into

multiple strata. Then we assign the original data to strata, and based on which stratum each

data point is assigned to, we perform exact matching. For example, if house age is one of the

covariates used for matching, and the house age in the sample is between 0 to 100 years, we

coarsen house age into 4 different strata 0–25, 25–50, 50–75, and 75–100. If a home is a decade

9The FFIEC (Federal Financial Institutions Examination Council) Median Family Income (MFI) Report shows
the estimate MFI that corresponds to the year when loan application data are collected.
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Table 5: Statistics of Housing Characteristics for iBuyer vs. non-iBuyer resales after CEM

Notes: (1) We show the statistics comparison for iBuyer and non-iBuyer resales in Phoenix. (2) Af-
ter CEM, there are 4521, 1693, 2725 iBuyer resales and 82521, 83110, 223314 non-iBuyer resales in
Phoenix, Atlanta, Texas respectively. (3) In the brackets are the standard errors, p-value is from the
two-sample t-test.

old, it is assigned to the first stratum. By exact matching, we consider the treated and control

homes matched if they are in the same stratum. The stratum that does not contain at least one

treated and one control unit is dropped.

We note an inherent trade-off of CEM. More coarse binning result in fewer strata, fewer

strata result in more diverse observations within the same strata and, thus, higher imbalance

(Blackwell et al. [2009]). More refined binning result in more strata, but likely fewer matched

treated and control groups due to the exact matching procedure. Also, different combination of

the covariates generate different matched groups.

We balance the trade-off between getting the control group that are closer to the treated

group and maintaining sufficient number of records, also we experiment with different combi-

nations of the covariates for matching. We obtain much more similar treated and control groups

with CEM. Table 5 reports the statistics of housing characteristics for iBuyer (treated) and non-

iBuyer (control) resales with CEM. We further conduct two sample t-tests to see if there is a

significant difference between the means of the treated and control group. By comparing the

p-value in Table 5, we can see that the treated and control are more similar in Phoenix and
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Atlanta compared to Texas. This could be due to the variation among the 4 MSAs in Texas.

Table 6: Black-White Price Differentials For iBuyer resales after CEM

Notes: (1) This table reports the regression results with the same specification as in Column (6) in
Table 2. (2) The sample in the left panel shares the same sample with Table 5. (3) The sample size after
CEM is smaller than the original sample. (4) In the brackets are the cluster-robust standard errors, ***,
**, * respectively denote statistical significance at 0.01, 0.05 and 0.1 levels.

We match the homes that are sold by non-iBuyers to the homes resold by iBuyers. Once we

obtain the matched homes, we retrieve the whole transaction history of the homes for repeat

sales estimation. Table 6 reports the regression results for Equation (1) using two versions of

the samples matched by CEM. CEM offers an automatic binning algorithm, user can also spec-

ify the coarsening in which case balance of samples in each stratum can be better controlled by

the researcher. The matched sample used in Panel A is from the automatic binning algorithm.

The panel B shows results from cut-points chosen based on the histogram of each matching

covariate. In addition, we experiment with different combinations of the covariates for match-

ing. Due to the differences in local regulations, average home characteristics and density, we

develop customized sets of matching covariates for each metro areas respectively. Compared

to the Black-White differentials from the baseline regression in Column (6) of Table 2 and Ta-

ble 3, the findings align with the discussion in Section 5.1, and the significance stay the same,

with slight decrease in magnitude.
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5.3 Transaction-level or Market-level Effect

Having documented the impact of iBuyers on the racial price differentials in the housing mar-

ket, we next investigate the impact of iBuyer entry on the racial price differentials. The miti-

gating effect of iBuyers can be transaction-level effect, market-level effect, or both.

The transaction-level effect quantifies the impact of iBuyers on the individual transactions.

iBuyers set resale price with automated valuation models (AVM), which valuate the homes

based on the historical sales data for the homes in the neighborhood. If the transaction-level

effect is significant, it suggests that iBuyers could correct the price of the homes that are over-

priced. On the other hand, the market-level effect denotes the impact of iBuyers on the housing

market as a whole. The entry of iBuyers could change the equilibrium of the local housing

market, also amending the information imbalance among racial groups. Thus, it is especially

beneficial for the racial groups that might previously receive incorrect or limited information re-

garding housing market. If the market-level effect is significant, it suggests iBuyers’ correction

of the market-level equilibrium with more transparent pricing.

To separate the transaction-level and market-level effect, we add the interaction term be-

tween iBuyer entry and racial groups. The coefficients of the added interaction term captures

the market-level effect of iBuyers. The model is specified in Equation (3).

lnPriceijnt =αrRaceir + β1iBuyeri + β2kiBuyerentryikt + γ1rRaceir × iBuyeri

+ γ2irRaceir × iBuyerentryikt +Xijnt + εijnt,

(3)

where γ1r captures the iBuyers’ effect on the transaction-level price for race/ethnicity r,

while γ2r captures the iBuyers’ effect on the market-level price for race/ethnicity r. iBuyerentryikt

is an indicator variable indicating by the time t of the transaction i, whether iBuyers have en-

tered the market k where the purchased home locates. Xijnt is defined same as in Equation (2).

The identification of the transaction-level and market-level effects replies on the observations of

more than one home. We report results for iBuyer entry to each market. The results for iBuyer

entry to each neighborhood (census tract) are similar. It is worth noting that if there are neigh-
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borhoods with only one home, it will create challenges identifying between the transaction-

level and market-level effects.

Table 7: Market-level vs. Transaction-level effect

Notes: (1) We report (γ1,Black − γ1,White) and (γ2,Black − γ2,White), where respectively captures the
transaction-level and market-level effect of iBuyers for the racial price differentials. (2) We use the same
set of controls as the baseline, which control for the time-varying neighborhood characteristics, house
fixed effects, house hedonics, buyer income, and potential renovation. (3) In the brackets are the cluster-
robust standard errors, ***, **, * respectively denote statistical significance at 0.01, 0.05 and 0.1 levels.

Table 7 shows the market-level effect exists for all three MSAs, while transaction-level

effect is significant in Phoenix but not Atlanta and Texas. The results suggest the role of

iBuyers changing the market equilibrium, and correcting the information imbalance among

racial groups, and thus mitigating the racial price differentials in the housing market. The

corrected premium for Black buyers implies the importance of iBuyers in correcting the racial

price differentials in the housing market.

6 How do iBuyers compare to flippers

Recall the comparison of iBuyers and flippers as market intermediary in Section 3. The set of

neighborhoods with iBuyer entry is a subset of neighborhoods with flipper activities. Naturally,

we are interested in whether flippers play a similar role in attenuating racial price differentials

as iBuyers.
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We investigate the impacts of flippers on the racial price differentials and further compare

with iBuyers. The research design expands the baseline regression Equation (4) by including

the interactions between flipper and seller race. In addition, we group flippers into different

categories based on their flipping volume. Following [Bayer et al., 2020], we define flippers

based on the number of flips in the study period, 1–2 flips for low-volume flippers, 3–5 flips

for mid-volume flippers, and 6 or more flips for high-volume flippers. The low-volume and

mid-volume flippers are likely individual investors, while the high-volume flippers are more

likely to be professional flippers, which are similar to iBuyers in terms of the business model.

The regression setup is as follows,

lnPriceijnt = αrRaceir+ξkFlipperik+ηkrRaceir×Flipperik+γrRaceir×iBuyeri+Xijnt+εijnt,

(4)

where flipperik is a categorical variable indicating whether the seller of the ith transaction is

a flipper and if so, it further denotes the type k of flippers10. Xijnt is defined same as in

Equation (2).

Table 8: Flipper premium and Black-White price differentials for flipper resales

Notes: We classify flippers as follows: low-volume flipper if <= 2 flips, medium-volume flipper if 3-5
flips, and high-volume flipper if >=6 flips. In the brackets are the cluster-robust standard errors, ***,
**, * respectively denote statistical significance at 0.01, 0.05 and 0.1 levels.

Panel A in Table 8 reports the coefficients ξk for different types k of flippers, and Panel B

10We note that this variable is different from the proxy for renovation Fjt as in Equation (2).
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reports the differences (ηk,Black − ηk,White) associated with flipper resales. We note Panel A

shows that there are premia associated with all types of flippers, with the premia associated

with low-volume flippers relatively lower. This aligns with our analysis that flippers purchase

and renovate home, which contributes to home appreciation. Additionally, we note that more

experienced flippers achieve larger margins compared to low-frequency flippers. The price

premia in Panel A of Table 8 are expected, as flippers usually add value to homes through

renovation. The appreciation of the homes in this process reflect the value added in renovation.

In addition, flippers are considered to have better market trend understanding and sell for a

premium based on market timing.

Panel B of Table 8 shows the Black-White price differentials for the flipper resales. The

results across metro areas exhibit a significant degree of heterogeneity. In Phoenix flippers

don’t charge additional premia for Black buyers, while in Atlanta and Texas, Black buyers who

purchase from flippers pay substantial premia compared to their White counterparts. However,

as shown in Panel B, the premia are smaller when the sellers have higher flipping frequency.

As discussed in [Bayer et al., 2020] which classify low-frequency flippers as speculators, and

higher-frequency flippers as middlemen, middlemen are more experienced and do not rely on

market timing as much as speculators, thus providing better intermediation.

How do iBuyers compare to flippers? By comparing Table 3 and Panel B of Table 8, we see

a clear difference between iBuyers and flippers in their impacts on price differences between

racial groups. While the goals of both iBuyers and flippers are to maximize their profits, the

iBuyers set the price for the flipped homes based on an automated valuation model, while flip-

pers have better local market understanding to aim for a higher price. iBuyers prefer homes

that are in good condition without much renovation needed, while flippers tend to purchase

distressed homes and make significant renovations that contribute to home appreciation. Fi-

nally, recall the discussion in Section 3.2, flippers are individual investors instead of corporate

or institutional buyers, so idiosyncratic tastes might contribute to the premia associated with

Black buyers.

Table 9 reports the composition of buyers who purchase from iBuyers and flippers. The
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Table 9: Racial composition of homes buyers in iBuyer and flipper resales

Notes: The composition is calculated based on the repeated sales sample.

percentages of Black buyers in the flipper resales and iBuyer resales samples are both higher

compared to the main sample in Table 1, which implies the effective intermediation of flippers

and iBuyers. We also note the heterogeneity across metro areas. For example, among iBuyer

resales, Black buyers constitute 31.4% of buyers in Atlanta compared to the 5.1% and 10.9%

in, respectively, Phoenix and Texas. See Section 7.1 for a more in depth discussion of the

heterogeneity by neighborhood racial composition.

7 Heterogeneity

In this section, we explore the racial price differentials based on multiple heterogeneity sources,

including the racial composition of the neighborhoods, and the buyer income. We examine

the implications of heterogeneity results, which shed light on uncovering the mechanisms of

iBuyers’ role in attenuating racial price differentials in the housing market.

7.1 Heterogeneity by Neighborhood Racial Composition

Our results in Section 5 show significant heterogeneity across different metro areas. As shown

in Table 1, the racial composition of different metro areas differs significantly. For example,

Atlanta has relatively high aggregated percentage of Black population compared to Phoenix and

Texas. The heterogeneity in racial composition across neighborhoods within the same metro
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area is also substantial. In this section, we explore how racial price differentials and iBuyers’

mitigating effect vary based on the heterogeneity in racial composition in local neighborhood.

In addition to our primary data, we obtain census tract level racial composition data from

American Community Survey (ACS). We merge ACS data to our primary data. We note that,

the census tract information only dates back to 2010, also due to the change of census tracts

boundaries overtime, some earlier records in our primary data have no corresponding informa-

tion in ACS, and thus have to be excluded.

Table 10: Heterogeneity by neighborhood racial composition

Notes: (1) Each row show results from local neighborhoods with certain racial composition of White
population. (2) The “White > 0%” sample is the primary data we use for the baseline results, the
estimates are from Column (6) in Table 2 and Table 3 respectively. (3) We use the same set of controls
as the baseline, which control for the time-varying neighborhood characteristics, house fixed effects,
house hedonics, buyer income, and potential renovation.

Results are presented in Table 10. Estimated in Row “White > 0%” show the estimate

from Column (6) in Table 2 and Table 3. Comparing the estimates in Panel A, we find that

the premia paid by Black buyers versus White buyers remain high across neighborhoods with

different percentages of White residents, which aligns with the observations in [Bayer et al.,

2017]. In Panel B, we observe iBuyers’ mitigating effects for the Black-White price differen-

tials are present in almost all neighborhoods with different racial compositions. Comparing the

magnitude of Panel A and Panel B, the Black-White price premia are largely mitigated. The

results indicate the mitigation of premia by iBuyers does not depend on the fraction of Whites.
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7.2 Heterogeneity by Buyer Income

Income is an important indicator of a home buyer’s financial standing and significantly influ-

ences their selection of homes. The home buyers who choose to purchase from iBuyers might

have different income levels. The potential differences in between-group income distribution

raise concerns about spurious correlations and biased estimation of racial price differentials,

resulting from the confounding between iBuyers and racial price. If certain income groups

are more likely to purchase from iBuyers, the racial price differentials could be driven by the

income differences rather than iBuyers’ effects.

To control for the confounding effects of buyer income on racial price differentials, we

further add the interaction term between iBuyer and buyer income. This approach addresses

the concern of attributing racial price differentials solely to iBuyers when the differences might

be influenced also by buyer income disparities. The model is specified in Equation (5).

lnPriceijnt =αrRaceir + βiBuyeri + γrRaceir × iBuyeri

+ φiBuyeri × BIi +Xijnt + εijnt

(5)

BIi denotes the income of the home buyer in the ith transaction. φ is the coefficient for the

interaction term of buyer income and iBuyers, which captures the iBuyers’ effects for buyers

with different income levels. With the additional control.

Table 11 show iBuyers’ mitigating effects for Black-White price differentials are robust

to the inclusion of buyer income. Notably, in Atlanta and Texas, the Black-White price dif-

ferentials associated with iBuyers become nearly twice as negative after accounting for buyer

income, compared to the results in Table 4. This rules out the concern that the mitigating effects

of iBuyers for the premia paid by Black buyers are driven by the spurious correlation caused

by buyer income.

Further, we investigate the mitigating effects of iBuyers for buyers with lower income com-

pared to those with higher income with the specification in Equation (6). For each MSA, we

categorize buyers based on their income level. LIi indicates whether the income of the home

buyer in the ith transaction falls below the 25th percentile within that MSA. χ is the coefficient
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Table 11: iBuyer’s mitigating effects after accounting for buyer income

Notes: (1) We use the same set of controls as the baseline, which control for the time-varying neighbor-
hood characteristics, house fixed effects, house hedonics, buyer income, and potential renovation. (2) In
the brackets are the cluster-robust standard errors, ***, **, * respectively denote statistical significance
at 0.01, 0.05 and 0.1 levels.

for the interaction term of buyer income and iBuyers, which captures the iBuyers’ effects for

buyers with lower income compared to those with higher income. With the additional control,

γr captures the Black-White price differentials for buyers whose income is above 25th quantile.

lnPriceijnt =αrRaceir + βiBuyeri + γrRaceir × iBuyeri

+ χiBuyeri × LIi +Xijnt + εijnt

(6)

Comparing the results in Table 12 and the baseline results in Table 4, the Black-White price

differentials are similar for the buyers with larger than 25th quantile income and the buyers

in all income levels. iBuyers’ mitigating effects on Black-White price differentials are also

similar, with differences of 0.2%, 0.3%, 0.36% for Phoenix, Atlanta, Texas, respectively. Table

12 also shows that buyers with lower income pay more compared to higher income buyers in

iBuyer resales, which aligns with the intuition that lower income buyers face higher borrowing

costs due to limited access to credit.
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Table 12: iBuyer’s mitigating effects for lower income buyers

Notes: (1) Here we define low-income buyers as those with an income below the 1st quartile of the buyer
income distribution. (2) We use the same set of controls as the baseline, which control for the time-
varying neighborhood characteristics, house fixed effects, house hedonics, buyer income, and potential
renovation. (3) In the brackets are the cluster-robust standard errors, ***, **, * respectively denote
statistical significance at 0.01, 0.05 and 0.1 levels.

8 Conclusion

We examine the implications of iBuyers intermediation on racial disparities in the U.S. res-

idential housing market. While documenting the persistence of racial price differentials for

Black buyers for comparable housing in the studied metro areas, we show strong evidence that

iBuyers attenuate racial price differentials. The Black-White price premia are largely mitigated

across neighborhoods in metro areas with top iBuyer presence. These findings are robust with

coarsened exact matching, which ensure the similarity of the housing characteristics between

iBuyer and non-iBuyer resales, and rule out the potential bias from the selection of homes

by iBuyers. We further compare iBuyers with traditional market intermediaries, flippers, but

we find no evidence of similar function of flippers in attenuating racial price differentials like

iBuyers.

We separate iBuyers’ market-level effect and transaction-level effect. The results suggest

the role of iBuyers changing the market equilibrium, and correcting the information imbalance

among racial groups, and thus mitigating the racial price differentials in the housing market.
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Further, we explore the racial price differentials based on multiple heterogeneity sources,

including the racial composition of the neighborhoods, and the buyer income. The heterogene-

ity results based on neighborhood racial composition show iBuyers’ mitigating effects remain

strong across neighborhoods with different racial compositions. The potential differences in

between-group income distribution raise the concern for bias in estimation of racial price dif-

ferentials due to composition effect. We alleviate the concern of the composition effect and

controls for the confounding between buyer income and housing price. The results show that

iBuyers’ mitigating effects remain strong, which rule out the concern that iBuyers’ mitigating

effect is driven by the spurious correlation caused by buyer income.

As a new market intermediary powered by digital technologies and algorithms, iBuyers

show considerable potential in attenuating racial price differentials. Our findings unveil the

value of digitization and automation on reducing frictions, and relieve the concerns of en-

trenched racial price differentials in the housing market. Our work contributes to a broader

study on the impacts of innovation and technologies on racial disparities, adds to the literature

demonstrating the positive effects of financial technologies in advancing equity.
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A Name Matching

Name matching serves the basis for identifying corporate and institution names in data pre-

processing, identifying iBuyer names variants, identifying roundtrip transactions for finding

flippers, and the matching between the owner transfer data and mortgage application data.

Due to the prevalence of spelling errors in the names, we adopt a fuzzy name matching

procedure to calculate the similarity of names based on Levenshtein distance. The Levenshtein

similarity ratio based on the Levenshtein distance measures the difference between two se-

quences of words. We combine partial string match with full string match. For example, JP

MORGAN CHASE and CHASE should be perfect match, but the similarity score based on full

string match would generate a similarity score of 50, while the partial string match is 100.

B Market players Identifications

B.1 Identification of iBuyers

The iBuyers we identify include Opendoor, Offerpad, Zillow, Knock, and Redfin. We identify

iBuyers using a set of subsidiaries company names of iBuyers from public sources, mailing

addresses, and a fuzzy name matching procedure.

Due to the spelling errors in the transaction records (e.g., ’QPENDOOR PROPERTY N

LLC’), we use an interactive method to obtain as many variants of iBuyer names as possible.

We start with the fuzzy name matching to compare buyer/seller names and addresses of the

sales transaction with the base set of iBuyer company names and addresses, and put the similar

names into the base set. In the end of every round of search, our base set would have more
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variants of iBuyer names, and eventually the base set stops growing, and we obtain the full set

of iBuyer name variants. We conduct the iBuyer identification market by market as the deed

documentation convention varies among MSAs. Take Opendoor as an example, our algorithm

for identifying iBuyer names find 440 variants in Phoenix, 189 variants in Atlanta, and 271

variants in Texas.

B.2 Identification of Flippers

As mentioned in section 3.2, we define flipper as individual investors who purchase and then

resell homes within short period of time. To identify flippers, we need to obtain the number

of resales made by each seller and the corresponding holding period. Roundtrip transaction

identification is necessary for calculating holding period. We sort the transaction records for

each CLIP (unique identifier for a property) based on sale date, and compare the buyer names of

ith transaction with seller names of (i+1)th transaction, if they match, we identify a roundtrip

transaction11. In the algorithm for flipper identification, we first collect information of the

number of roundtrip transactions for each investor. To avoid the measurement error related to

common names in the same local market, we use mailing addresses in addition to the individual

investors’ names. In this procedure, we adopt a fuzzy name matching procedure to account for

the measurement errors due to spelling errors in the names and addresses. With algorithm, we

are able to observe how many roundtrip transactions there are for each individual investors,

calculate the holding period of each roundtrip, and identify flippers from owner occupants of

the set of buyers in our data. Based on the volume of the flipping, we further classify flippers

into low-frequency, medium-frequency, and high-frequency flippers.

C Matching SBL to HMDA

To get the race and ethnicity information of the buyers, we need the matching between the

transaction data from CoreLogic and the mortgage application data from HMDA. For privacy

11We note that if any transaction is dropped due to missing key information such as sale date, and transaction
price, the roundtrip is also lost.
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purposes, the mortgage application data neither disclose publicly the name of the applicant, nor

the identifier for the property. The availability of detailed mortgage information in both data

sources enable the matching, specifically, we rely on tax year, census tract, lender company

name, loan amount12.

Before developing the matching algorithm, we first randomly select several census tracts

and perform the matching manually in order to have a better understanding the data. During

the manual matching, we notice that (i) spelling errors of lender company name are prevalent,

(ii) the naming recording convention in CoreLogic and HDMA are different, e.g., FINAM LLC

vs. FINANCE AMERICA, LLC, (iii) the loan amount information recorded in CoreLogic is

often different from the loan amount in HMDA, and simple minimization of the absolute value

of the loan amount difference does not lead to the perfect match.

In the design of the matching algorithm, we take into account the observations in the man-

ual matching. The developed matching algorithm has several stages. First, for each transaction

record, we retrieve all the loan origination records in the same tax year and census tract as can-

didates. We filter the candidates based on whether the loan amount difference exceeds $10,000,

and whether the loan term matches exactly (only for tax years from 2018 to 2020). Second,

we calculate the similarity of the lender company name between the transaction record and the

candidate HMDA record, and rank each candidate based on the similarity score. The candi-

date with the highest similarity score larger is considered the best candidate. If the similarity

score of the best candidate exceeds 90 on a scale of 1-100, the best candidate passed the test

and considered as the match, and it is automatically removed from the candidates of the other

transaction records. Due to the name recording convention and spelling errors, usually the best

candidate can’t pass the final test. So we further include a procedure to remove the strings

such as ”MTG/MORTGAGE” or ”CORP/CORPORATION” in the lender company names and

keep the strings that has distinctive power, e.g., we use SWBC in ”SWBC MTG CORP” and

”SWBC MORTGAGE CORPORATION”. The matching algorithm runs recursively until no

left candidates pass the test.

12We also use loan term as additional information for matching (only for 2018-2020). HMDA data disclo-
sures have additional information such as loan term starting in 2018, we have loan term information in HMDA
(potentially giving more details about the changes of the reporting requirement of HMDA).
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Table 13: Matching rates for different MSAs in different tax years

Note: The matching rates vary over years due to the change in the format/quality of HMDA files.

We note that the unmatched is usually no match due to removal of records due to miss-

ing information. During the data preprocessing, a lot of records are lost due to missing key

information, such as sale date, sale amount, etc.

While the ideal matching rate is calculated by the matched number of records divided by

the maximum number of matched records, our reported matching rates are the approximate

estimate as we use the total number of transactions to approximate the maximum number of

matched records 13 We compare the results of our matching algorithm with manual matching for

several census tracts in different metro areas and tax years, our algorithm recover an average of

98% of the matches. Table 14 shows the home characteristics for the matched and unmatched

sample. The statistics for the matched and unmatched samples are close within MSA as shown

in Table 14.

Table 14: Comparison of statistics for matched and unmatched samples

Notes: We report the summary statistics separately due to the heterogeneity across metro areas. We
exclude Texas here as most of the information in the Texan records are missing.

13Recall that we lost a lot of records during data preprocessing.
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