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Abstract

This paper examines challenges with algorithmic intermediation on the real estate
market and evaluates strategies to mitigate adverse selection when private information
about product quality is intertwined with private information about preferences. I exam-
ine these issues in the context of iBuyers—firms that offer instant home purchases using
big-data-driven pricing models—and analyze why they have struggled to achieve sustain-
able profitability. I develop a model in which home sellers choose between selling to an
iBuyer and listing on the open market based on two dimensions of private information:
unobserved house quality and the hassle costs of traditional selling. Sellers may select an
iBuyer either to avoid the time and effort of listing or because the iBuyer’ s offer exceeds
their expected market price, with the latter case generating adverse selection against
the iBuyer. Using detailed transaction and listing data, I estimate the joint distribution
of these factors, identified from repeated sales and seller choice following iBuyer entry.
Counterfactual analyses show that a revenue-sharing contract mitigates adverse selection
by improving selection incentives, while incorporating a fine-tuned LLM-based text score
derived from past unstructured listing data further reduces informational frictions by
providing a signal of unobserved house quality. Together, these mechanisms enhance the
viability of algorithmic intermediation in the housing market.
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Housing is a cornerstone of household wealth in the United States, representing approxi-
mately 60-70% of the median household’ s net worth (U.S. Census Bureau [2022]). In practice,
selling a home remains a slow, costly, and uncertain process, limiting liquidity in one of the
nation’ s largest asset classes. In response, technology-enabled real estate firms such as Open-
door, Offerpad, Zillow Offers, and RedfinNow have experimented with the “iBuyer” (instant
buyer) model, which streamlines home sales through rapid, data-driven purchase offers, paral-
leling the rise of algorithmic business models in fintech and insurtech. Firms operating under
this model-—commonly referred to as iBuyers—make direct offers to homeowners using pricing
algorithms, providing a largely online, hassle-free process, which aims to minimize the time
and effort required to sell. In exchange for speed and convenience, they purchase homes at a
discount and charge service fees comparable to traditional agent commissions."

Despite significant technological capabilities and access to extensive market data, many
iBuyers have struggled to achieve sustainable profitability, with some discontinuing their pro-
grams entirely (RubyHome [2022]). This paper examines the factors underlying these challenges
and explores potential paths toward viability for the iBuyer model.

In this paper, I examine why big-data-driven pricing models often fall short in the iBuyer
housing market. I focus on two types of seller-side information that iBuyers struggle to price
or contract upon using only observable house and market characteristics and develop a model
to capture these factors, both of which also motivate the decision to sell to an iBuyer: (1)
unobserved house quality, such as the subjective “mood” or condition of a home that is apparent
only through an in-person walk-through and that, when likely to be valued less in the open
market, may prompt sellers to prefer iBuyer offers; and (2) hassle costs, which capture the seller’
s personal time, logistical, financial, and emotional burdens associated with the traditional
sales process. Both factors are well known to the individual seller but difficult for iBuyers to
observe or incorporate into algorithmic pricing. Mismatch in house quality gives rise to adverse
selection, since iBuyers ultimately resell homes to individual buyers who can physically inspect
them; as a result, sellers of lower-quality homes—even with only moderate hassle costs—are
disproportionately more likely to accept iBuyer offers. Using a novel dataset of U.S. housing
transactions and listings, I quantify the distribution of these two unobserved factors and propose

two strategies to mitigate adverse selection and improve iBuyer performance: (1) a redesigned

LOpendoor, currently the largest active iBuyer, notes in its 10K report (Opendoor Technologies Inc. [2023])
that the discount at which they purchase a home directly affects the percentage of homeowners who accept an
offer. Narrower price spreads raise conversion rates, but they also reduce potential profit margins.



contract that enables better selection through revenue sharing, and (2) an enhanced pricing
model that incorporates unstructured past listing text via a large language model.

More broadly, these challenges reflect a general problem in algorithmic intermediation: when
private information about product quality and seller preferences jointly determine participation
and pricing, data-driven intermediaries may find it difficult to separate the two. This entan-
glement of information—where quality affects resale value and preferences influence willingness
to transact—creates an environment prone to adverse selection, even for intermediaries with
extensive data and predictive algorithms.

This paper makes four contributions across distinct literatures. First, I contribute to the
empirical Industrial Organization literature on asymmetric information (Cardon and Hendel
[2001]; Chiappori and Salanie [2000]; Cohen and Einav [2007]; Finkelstein and McGarry [2006])
by jointly estimating two dimensions of seller-side private information—unobserved house qual-
ity and heterogeneous hassle costs—that are not captured by standard pricing inputs. Empirical
models capturing more than one dimension of asymmetric information are rare.” My setting
requires modeling both dimensions jointly. If only unobserved house quality varied, selling to
an iBuyer would imply that those sellers systematically have lower-quality homes. If only hassle
costs varied, selection into iBuyers would be unrelated to property quality, so iBuyers’ resale
margins would not systematically differ from the broader market. Observed outcomes suggest
both forces are at play, necessitating a joint model of the two dimensions. I show how adverse
selection arises when iBuyers cannot observe certain house attributes or account for variation
in sellers’ willingness to accept discounted offers due to hassle costs.

Second, I propose and evaluate a revenue-sharing contract with a guaranteed minimum that
improves selection without simply raising offers, showing that better market design can increase
profits. This strategy parallels the cream-skimming logic of Rothschild and Stiglitz [1976], but
adapts it to a multi-dimensional private-information environment in which competition between
firms is not explicitly modeled and the indifference condition is otherwise difficult to implement.
Relatedly, Caplin et al. [2007] analyze buyer-side adverse selection in housing markets through
shared-equity mortgage contracts, while my focus is on seller-side adverse selection and a resale-
based revenue-sharing mechanism. The counterfactual contract also shows that improving
pricing models alone is insufficient in my sample, and contract design plays a critical role.

Third, I evaluate a counterfactual iBuyer pricing algorithm that incorporates unstructured
listing text through a large language model (LLM). While prior work has examined algorithmic
pricing in real estate (Fu et al. [2022]; Buchak et al. [2020]; Calder-Wang [2021]; Raymond
[2023]) and the use of unstructured data for demand estimation (Compiani et al. [2025]; Quan

and Williams [2019]; Lee [2025]), little is known about whether past listing text can uncover

2See Cohen and Einav [2007] and Finkelstein and McGarry [2006] for models allowing multiple informational
dimensions.



unobserved quality signals in the housing market. My setting is particularly well-suited for this,
as real estate listing descriptions convey nuanced, high-dimensional property features. The LLM
approach abstracts from strategic listing descriptions and therefore represents an upper bound
on potential gains, as strategic or selective wording may limit how much unobserved quality
can be inferred. Because the listing descriptions were generated by previous owners rather than
the current sellers, the scope for strategic wording is likely limited.

Combining these strategies improves the viability of iBuyers in the market, with broader
implications for enabling iBuyers to function as financial intermediaries that reduce transaction
burdens and enhance liquidity in the housing market. By combining insights from market design
and advances in data-driven prediction, the paper illustrates how both market design and data
innovation can help mitigate adverse selection in algorithmic transaction platforms. This paper
also connects more broadly to research on housing market behavior (Anenberg [2016]; Anenberg
and Bayer [2020]; Bayer et al. [2004]; Bayer et al. [2021]).

To address the research questions underlying these contributions, I use a rich dataset cov-
ering both the pre- and post-entry periods of iBuyers. The dataset combines CoreLogic Deeds
records—which include buyer/seller names, transaction dates, and prices—with CoreLogic MLS
records detailing listing dates and house characteristics. By exploiting the legal entity names
of buyers, I can systematically identify iBuyer purchases.

Because iBuyers trade price for convenience, I examine both iBuyer offer pricing and the
role of hassle costs in homeowners’ selling decisions. My estimates show that iBuyers typically
purchase homes at an average discount of about 5%, which is broadly consistent with prior
findings (Buchak et al. [2020]) and aligns with the pricing incentives described by Opendoor.”
While this discount may deter some sellers, it attracts those who place a high value on conve-
nience. Indeed, iBuyer marketing emphasizes the “hassle-free” nature of the transaction, and
I find supporting empirical evidence: homeowners who relocate to a different state—a move
associated with higher logistical complexity—are approximately 1 percentage point more likely
to sell to an iBuyer. This effect is economically meaningful, given that iBuyers account for only
2-6% of transactions across cities during the sample period, and about 3.5% in the subsample
used for this analysis. The result is consistent with the interpretation that sellers facing higher
private hassle costs are more likely to accept iBuyer offers.

Although hassle costs are central to sellers’ decisions, private information about house qual-
ity is often overlooked in discussions of iBuyer performance. Because iBuyers rely on algorithmic
pricing and conduct limited in-person inspections—typically only after a client accepts an offer
(e.g., Opendoor)—they may struggle to assess features that are hard to encode in structured

data, such as natural lighting, layout flow, or exposure to ambient noise. These subtle charac-

3Opendoor Technologies Inc. [2023]



teristics contribute to the overall attractiveness of a home, which is inherently subjective and
difficult to contract upon, yet easily evaluated by individual buyers through direct inspection.
I refer to these attributes as “unobserved house quality,” since they are visible to individual
buyers and sellers in person but not captured by data-driven models.

Hence, following Buchak et al. [2020], I assess the explanatory power of hedonic regression
models for iBuyer purchases versus traditional individual-to-individual transactions. I find that
the model fits substantially better for iBuyer transactions: the R? for the iBuyer regression is
seven percentage points higher than that for individual transactions. This implies that struc-
tured house characteristics explain more of the variation in iBuyer pricing, whereas individual
buyers rely more heavily on unobserved factors. In this sense, iBuyers remain partially “in the
dark” about key features of the homes they purchase.

To examine whether unobserved house quality leads to adverse selection, I compare the
subsequent resale margins of iBuyers and individual buyers. Across multiple specifications—
including both absolute and relative margin definitions, and using the full sample as well as
a short-term resale subsample—I consistently find that iBuyers earn lower average margins.
The gap is typically around 10-15 percentage points, suggesting that iBuyers systematically
overpay for lower-quality homes or face limitations in screening property characteristics that
are unobservable at the time of purchase.

To formalize how private information shapes selection into iBuyer sales, I develop a model
of seller choice under asymmetric information. I estimate a discrete choice model of sellers to
jointly identify the distributions of hassle costs and unobserved house quality. In the model,
the iBuyer makes a take-it-or-leave-it offer, and the seller compares it with their expected
market payoff, which depends on observable characteristics and private information about home
quality. Identification relies on two features: unobserved house quality is house-specific and
persistent across sales, while hassle costs are seller—transaction—specific and may vary with
timing, liquidity needs, or personal circumstances. 1 use pre-entry market transactions to
estimate the unconditional distribution of unobserved quality through a hedonic pricing model
with property-level random effects, exploiting repeated sales of the same home to separate
persistent quality from idiosyncratic price shocks. Once iBuyer entry introduces a new selling
channel, observed choices between iBuyer and open-market sales reveal the distribution of hassle
costs and its correlation with unobserved quality. In general, when both quality and preferences
are privately known to the counterparty, and transaction prices are observed in markets with
and without selection, prices identify the dimension driving adverse selection, while the discrete
choice model identifies the preference distribution.

I jointly estimate the distributions of hassle costs and unobserved house quality, allowing for
correlation between them. The hedonic pricing model for open-market transactions includes

a property-level random effect capturing unobserved quality. The iBuyer’ s pricing model,



by contrast, depends only on observable attributes. Sellers’ discrete choices between iBuyers
and the open market—based on the price gap and their private hassle costs—complete the
estimation. The results show that unobserved house quality accounts for substantial variation
in transaction prices, and that modeling both dimensions of private information is essential for
understanding selection and improving iBuyer performance.

Buchak et al. [2020] also recognize the importance of iBuyers as potential intermediaries
in real estate markets and, similarly, take seriously the possibility of adverse selection. Their
general equilibrium framework endogenizes prices and assumes that iBuyers earn positive ex-
pected profits, making it well-suited to studying equilibrium price effects but less suited to
addressing questions of sustainability in their business model. This assumption aligns with
their empirical setting, which uses data from 2010 to 2018—a period during which iBuyers
did not face significant financial distress. In contrast, my framework provides an empirically
grounded approach to assessing iBuyer profitability under multi-dimensional asymmetric in-
formation. I endogenize sellers’ decisions but treat market prices as exogenous, allowing for
richer heterogeneity across sellers and properties that would be difficult to incorporate within
a full general-equilibrium search-and-matching model. Consequently, my framework facilitates
empirically and quantitatively relevant counterfactual analyses of contract and pricing designs
to evaluate iBuyer viability and sustainability.

Turning to the counterfactual analysis, I develop both a theoretical and numerical frame-
work to explore how contract design can mitigate adverse selection. Building on the classic
cream-skimming argument of Rothschild and Stiglitz [1976], I first demonstrate theoretically
that iBuyers can selectively acquire higher-quality homes by offering sellers a lower upfront
payment coupled with a conditional revenue-sharing mechanism upon resale. When the id-
iosyncratic price error outside of unobserved quality approaches zero, this contract structure
always improves selection by discouraging only lower-quality homeowners.

Building on this theoretical foundation, I evaluate the model numerically using estimated
parameters. First, I show that even under highly favorable assumptions—where iBuyers can
resell properties immediately at market prices, without dynamic concerns such as resale timing,
inventory costs, or holding risk—they still earn negative profits under the existing contract
structure. While iBuyers’ recent struggles are often attributed to macroeconomic conditions,
resale timing, or inventory management, this result suggests that static adverse selection may
also play a significant role.

Second, I simulate alternative revenue-sharing contracts by varying the upfront payment and
the revenue-sharing ratio. Contracts with upfront payments of around 70% or less, combined

with conditional revenue sharing, can generate positive profits for iBuyers while remaining



feasible for homeowners. For example, a property valued at $420,000° with an outstanding
mortgage balance of $150,000 would yield an upfront payment of $294,000. After retiring
the mortgage, the homeowner would retain $144,000 in equity—well above the 20% down-
payment threshold ($84,000) required to purchase a similarly priced home, and sufficient to
finance the next purchase while avoiding Private Mortgage Insurance (PMI). These results
suggest that contract design may constitute a more effective and sustainable lever for improving
iBuyer performance than efforts focused solely on dynamic resale risk. Moreover, by reducing
selection on unobserved quality at the time of purchase, such contracts may also limit subsequent
exposure to inventory-related losses.

As a further counterfactual, I augment the iBuyer’ s pricing model by incorporating un-
structured text from housing listings, specifically the “Public Remarks” field. Standard text
representations such as TF-IDF or Sentence Transformer embeddings are high-dimensional—
requiring more than 50 principal components to capture 80 percent of the variance—making it
challenging to integrate text into pricing models without overfitting or losing interpretability.

To address this, I propose a one-dimensional projection using a large language model (LLM),
which generates a scalar “text score” incorporated into the pricing algorithm through three
approaches: prompt engineering, parameter-efficient fine-tuning (LoRA), and feature extraction
with subsequent regression. Incorporating the score from the fine-tuned LLM yields the largest
improvement, reducing the iBuyer’ s expected loss under the current 100% upfront contract
by about 44%—equivalent to achieving 44% of the loss reduction observed under the perfect-
information benchmark. It also raises the minimum upfront payment ratio for positive expected
profits from about 70% to 78%, in a way that better aligns with sellers’ considerations when
hassle costs reflect time constraints or the need to finance the down payment for their next
home purchase.

The LLM-based text score may partially capture subjective or latent home characteristics
—such as natural lighting, layout flow, or aesthetic appeal—that are difficult to encode using
structured data alone. Incorporating this score into the pricing algorithm improves expected
profitability across both current and counterfactual contract designs and is especially valuable
in settings where contract-based cream-skimming is less effective. These findings suggest that
richer data inputs, when combined with flexible contract structures, can help mitigate adverse
selection in algorithmic housing markets.

The remainder of the paper is organized as follows. Section 2 provides a brief background on
the iBuyer industry. Sections 3 illustrates the model of hassle costs and unobserved house qual-

ity. Section 4 and 5 present the data and descriptive evidence on hassle costs, unobserved house

4Median existing-home sales price ($428,500 in July 2025) from National Association of Realtors [2025];
median debt secured by primary residence ($155,600) from Board of Governors of the Federal Reserve System
[2023]; 20% down-payment benchmark from Bank of America Corporation [2025].



quality, and iBuyers’ adverse selection. Sections 6 and 7 then describe the identification and
estimation strategy, and parameter estimates, respectively. Section 8 presents counterfactual
simulations based on contract design and extends the analysis by incorporating unstructured

listing text into the pricing model. Finally, Section 9 concludes.
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This section outlines the iBuyer model and examines its core attributes, business model,
transaction patterns, and operational challenges in key metropolitan markets where these firms

operate.
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iBuyers, short for ‘instant buyers,” are firms that acquire residential properties directly from
individual sellers in a streamlined manner. These companies utilize algorithmic pricing models
to determine purchase offers, drawing on seller-provided information and broader market data
to estimate property values. However, because these pricing algorithms do not incorporate
in-person inspections at the time of offer generation, they may overlook certain qualitative
property characteristics that are only observable through direct evaluation. This limitation
can lead to pricing inefficiencies and expose iBuyers to adverse selection risks, as sellers with
properties of lower unobserved quality may have a greater incentive to accept offers.

In the United States, selling a house is typically a complex and time-consuming process,
requiring the involvement of both buying and selling brokers, as well as navigating extended
listing and closing procedures. In Table 1, Zillow Group Inc. [2024] outlines the key steps in
the home-selling process, highlighting the numerous hurdles sellers must navigate. Even after
deciding to list their house, homeowners face multiple intricate steps that demand considerable
time and effort. To address these challenges, iBuyers position themselves as a more efficient
alternative, offering sellers rapid, algorithm-driven purchase offers that simplify the traditional
transaction process.

Table 1 also illustrates the typical selling process as of 2018, when iBuyers were becoming
relatively active in my sample data. I use web archive data from Opendoor and Offerpad to
examine their procedures in 2018, as Zillow and Redfin have exited the market, making it
challenging to retrieve archival records of their now-defunct iBuyer operations. More details
are provided in Appendix A.

As described above, iBuyers provide rapid purchase offers based on online home details
without requiring an in-person showing. Once a contract is accepted, an inspection follows to

verify the property’s condition and determine any necessary repair costs before resale.
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Pre-Sale Hire a real estate agent Submit property details online
Prepare and stage the home
Set an asking price

Sale Home is cleaned and staged Accept the offer
List the home on the market
Host showings for prospective buyers
Negotiate contract terms

Post-Sale Complete a home inspection iBuyer conducts post-offer inspection
Plan the move Finalizes the transaction
Close the sale and pay costs

Table 1: Comparison of Traditional Home Sales and iBuyer Transactions

L Qi ZLhis table summarizes the key differences between the conventional home-selling process and
the streamlined approach offered by iBuyers. It emphasizes how iBuyers reduce the seller’ s effort in
preparation, listing, and overall transaction management.

There are several rationales for this ex-post inspection. First, as shown in Table 1, in-
spections are an integral part of the traditional home-selling process. If iBuyers conducted
inspections before finalizing a contract, they would likely face numerous non-serious requests,
resulting in substantial costs.

Second, conducting an in-person inspection before making an offer introduces subjectivity
into the pricing process. Certain home characteristics—such as the overall mood or atmosphere
—are difficult to index or contract upon, making it challenging for new market entrants like
iBuyers to provide a trustworthy and credible offer. Instead, iBuyers generate price offers based
on observable, verifiable data supplied by the seller. This data-driven approach helps establish
transparency and credibility, both of which are essential for competing with traditional real
estate models. By shifting inspections to after the offer stage, iBuyers can use them to verify
repair costs without casting doubt on the objectivity of the offer price. In contrast, ex-ante
inspections may lead sellers to suspect that pricing reflects subjective judgments rather than
data, thereby undermining trust in the pricing mechanism and reducing the appeal of the iBuyer
model.

Lastly, avoiding in-person visits aligns with iBuyers’ value proposition of reducing hassle
for sellers. Traditional home sales often involve multiple showings, which can be burdensome.
By streamlining the process, iBuyers aim to offer a more convenient alternative to conventional
transactions.

According to Buchak et al. [2020], iBuyers experienced significant growth starting in 2015
in Phoenix, followed by expansions between 2016 and 2018 in Orlando and other markets.

Major iBuyer companies included Opendoor, Offerpad, Redfin, and Zillow. Notably, Redfin



and Zillow, already prominent players in real estate services, expanded into the iBuyer market
by launching RedfinNow and Zillow Offers, respectively. However, after incurring substantial

losses, both RedfinNow and Zillow Offers eventually exited the market.

000 100000 0000o0od 4oooo

The primary source of iBuyer revenue stems from purchasing houses directly from indi-
vidual sellers and reselling them to buyers. According to Opendoor’s 10-K filing (Opendoor
Technologies Inc. [2023]), the company defines its spread as the total discount to its internal
home valuation at the time of offer, minus a 5% service fee. They emphasize that smaller
spreads are associated with higher seller conversion, suggesting that offering relatively modest
discounts plays a crucial role in persuading individual sellers to choose iBuyers over listing on

the open market.”

Log iBuyer price

iBuyer dummy 0:05 (G:00)
Log living area square feet ~ 1:00 (G:00)
Bedroom number 0:12 (000)
Bathroom number 0:02 (0.:00)
Building age 0:00 (G:00)
Garage dummy 0:19 (C.00)
Heating dummy 0:42 (G01)
seasonalFE: 2nd quarter 0:03 (000)
seasonalFE: 3rd quarter 0:02 (G:00)
seasonalFE: 4th quarter 0:00 (G:00)
30-year mortgage rate 0:01 (000)
Federal funds rate 0:03 (0:00)
Log CPI index 0:90 (G01)
Log CS index 1:08 (0:00)
R? 0:85
Adj. R? 0:85
Num. obs. 976 883
p< 0:0011 p< 0:010 p< 0:05

Table 2: Log iBuyer price estimation

L Qi Zhis table presents regression results estimating the iBuyer discount on home purchases. The
dependent variable is the log of the iBuyer home purchase price. The transaction price is expressed
in units of $100,000, and the living area is measured in units of 1,000 square feet. Standard errors are
reported in parentheses.

5Opendoor Technologies Inc. [2023]
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The evidence that iBuyers purchase properties at prices below market value is also observable
in my data. Table 2 shows that the buying price of an iBuyer is approximately 5% lower than
the individual buying price, after controlling for house and market characteristics.

On the other hand, iBuyers do not generate revenue from renting inventory, as their core
business model focuses on buying and reselling properties. This is corroborated not only by their
websites, which indicate no additional revenue sources from renting, but also by my raw data,
which contains no observations of Offerpad, Opendoor, Redfin, or Zillow listing properties for
rent. Since inventory is not utilized for other purposes, as mentioned in Opendoor’s 2024 10-K,
holding costs are incurred for each unit of inventory, and inefficient management of inventory

7 Table 3 also documents the time homes

can negatively impact their financial performance.
remain on the market after listing, comparing how long iBuyers take to resell properties with
how long individual owners take to sell theirs.”

Finally, individuals make three additional types of payments to iBuyers. A detailed break-
down—Dbased on information from Opendoor’s official website archived in 2019 (Internet Archive
[2019])—is provided in Appendix B, Figure 9. The first category is service fees. According to
Opendoor’s 10-K filing (Opendoor Technologies Inc. [2023]), its official website (Opendoor Tech-
nologies Inc. [2025]), and Offerpad’s website (Offerpad LLC [2025]), both companies charge a
5% fee, which is comparable to the traditional real estate agent commission (typically around
5 6%). These service costs also cover expenses related to holding and reselling, including prop-
erty taxes, insurance, marketing, and other associated costs. Additional detail from Offerpad
is in Appendix B.

The second category is repair costs, which are charged after an in-person inspection once
the contract is accepted, as explained in the previous section. These costs do not imply that
iBuyers renovate the property to enhance its market value and subsequently charge sellers for
improvements. Instead, repair costs cover the necessary fixes required before the property can
be listed for resale, similar to the preparatory steps in the traditional home-selling process, as
illustrated in Table 1.

The final category is closing costs, which encompass the same expenses as those incurred in
the traditional home-selling process, as illustrated in Table 1. These costs typically include title

insurance, escrow fees, and other administrative expenses necessary to finalize the transaction.

661{+B2MiHv im " MBM; Qm BMp2MiQ 'v- BM+HmMbBp2 Q7 2T B'BM;- HBbiBM;- M/
IM M+B HT2 ' 7Q K M+2- b r2 #2BMXHH BBW ; HQIBIHBiB2b- T QT2 ivi t2b-)K BMi2M |
M/ }M M+BM; +Qbib /m " BM; Qm  @phh2ody T&MnoldzieB RQRd. XH23])

"Table 3 is generated and explained in greater detail in a later section, but note that it is conditioned on
houses that were subsequently transacted at least once more.
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The iBuyer business model is a relatively recent innovation, grounded in algorithmic home
pricing and rapid transaction execution. Following Buchak et al. [2020], the analysis focuses on
markets where iBuyers were most active during their early expansion. In addition, the selection
of cities reflects data availability and constraints of the dataset. The final sample includes six
metropolitan areas: Phoenix, Atlanta, Jacksonville, Orlando, Tampa, and Charlotte.

Figure 1 illustrates the growth in iBuyers’ transaction volumes since 2015. Their buying

and selling volumes account between 2 to 6% percent of total transactions in each city.
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Figure 1: Share of iBuyer transactions by city

L Qi2PRanel (a) shows the share of home purchases made by iBuyers in each quarter across six
metropolitan areas. Panel (b) displays the corresponding share of homes sold by iBuyers. The sample
includes Phoenix, Atlanta, Jacksonville, Orlando, Tampa, and Charlotte. Shares are calculated as the
number of iBuyer transactions divided by the number of entire transactions in each city-quarter.

In most cases, iBuyers buy and sell to individuals. Table 3 presents the buying and selling
behavior between iBuyers and individuals. Conditional on sales, Table 3 includes recent listing
information (2001-2022) associated with different buyers and sellers. The data is filtered to
exclude transactions where the buyer and seller are the same person and those under $1,000 to
reduce noise in the data. The data originates from MLS listing records, and to merge it with

the transaction data, I include only houses transacted more than once.”

8The reason for using houses transacted more than once is that MLS data only contains listing information
and lacks details about buyers and sellers, which are included in the transaction data. Therefore, I match the
listing information to transactions. If a house is purchased and then immediately listed for sale, and the next
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When iBuyers sell to individual buyers, the majority of transactions occur through MLS
listings, with a smaller share through their own websites or via syndication on real estate portals.
Conversely, when individuals sell to iBuyers, only a small portion choose to list their properties
first and then later sell to iBuyers. This is because listing a property itself creates significant
hassle, and sellers choosing iBuyers typically want to avoid this. Therefore, individuals who
prioritize convenience over maximizing sale price have little incentive to list their homes before

approaching an iBuyer.

Seller Type Buyer Type Mean Q1 Median Q3 Number Sold via Listings Total Sales

iBuyer iBuyer 137 46 48 139 4 5
iBuyer Individual 56 8 28 70 7642 8854
Individual  iBuyer 86 6 37 111 637 3720
Individual  Individual 103 9 38 113 186450 267655

Table 3: Days Listed on Market by Seller and Buyer Types (2001-2022)

L Qi Z'his table reports the number of days properties were listed on the market (DOM), conditional
on a subsequent sale occurring, for homes transacted more than once between 2001 and 2022. Only
transactions above $1,000 and those involving different buyer and seller entities are included. DOM is
calculated using MLS listing records matched to transaction data. “Number Sold via Listings” refers
to sales where the property was actively listed on MLS before the transaction. Because MLS listings
lack buyer/seller info, DOM is associated with the next transaction, which may result in differences
from unconditional summary statistics.

00 000000 DOt 000 biDobiood

The significant downturns for iBuyers occurred in 2021 and 2022. According to an article
published by the real estate brokerage RubyHome (RubyHome [2022]), both Opendoor and
Offerpad reported substantial financial losses in 2022. While Opendoor and Offerpad continued
to bear the risks and remained in the market during this period, Zillow and Redfin exited
the iBuying business on November 2, 2021 (Zillow Offers) and November 9, 2022 (RedfinNow),
respectively.

Figure 2 (a) presents data from SEC 10-Q filings, using keywords related to “Net Income”
and “Net Loss,” to illustrate the financial hardships reported by RubyHome. As shown in
the figure, both Opendoor and Offerpad generally reported net losses throughout the observed
period. Offerpad recorded relatively small positive net income in the first quarter of 2022,
along with very marginal gains in the second quarters of 2021 and 2022; however, these gains
were minor and did not reverse the overall trend of financial losses. In contrast, Opendoor

experienced larger and more volatile losses, with a particularly sharp decline in the second half

transaction involves buyer B, I associate the listing information with the transaction involving buyer B. The
names of the transaction participants are then used to construct the table.
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of 2022. These trends support the notion that, although Opendoor and Offerpad remained
active in the iBuying market, both companies faced significant financial challenges during this
period.

Figure 2 (b) examines project-level profit data for Zillow, as reported in its SEC filings.
Unlike the company-wide financial disclosures, the project-level data was less detailed. As a
result, I was able to observe only the Contribution Profit before Interest for Zillow Offers. Even
before accounting for interest expenses, Zillow Offers reported negative contribution profit,
indicating that financial hardships were present prior to Zillow’ s decision to shut down the

Zillow Offers division.

(a) Net Income (Loss) Trends of iBuying Companies (b) Profit Trends of iBuying Companies
_/“\ 0 T
0 ——— \
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-400,000,000
2021-06 2022-06 2021 2022 2023
Date Date

Company + Offerpad -~ Opendoor Company * Zillow

Figure 2: Financial Performance of Major iBuyers

L Qi Zanel (a) presents company-wide net income (loss) reported by Opendoor and Offerpad, based
on SEC 10-Q filings. Panel (b) shows project-level contribution profit before interest for Zillow Of-
fers, also based on SEC 10-Q disclosures. While Offerpad occasionally reported modest profits, all
three companies generally experienced sustained losses, underscoring the financial headwinds faced by
iBuyers.

0 ool

In this section, I present a structural model of individual sellers’ decision-making, aimed at
estimating the distribution of hassle costs and unobserved house quality. Sellers decide whether
to transact with an iBuyer or sell on the open market based on their private information about
houses’ qualities and the burden associated with the sales process.

The model incorporates three key determinants of the seller’s choice: the hassle cost, the
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offer received from the iBuyer, and the expected proceeds from listing the house on the open
market. Strategic pricing, involving a trade-off between a higher price and a lower probability
of selling, is simplified by using the hedonic pricing model for the expected market price.
This assumption is justified since setting a house price with a full understanding of the selling
probability is complex for individuals. They often rely on agents’ advice or adhere to fair market

prices instead of determining house prices from scratch.

000 000000000 00000 & 000000

I begin by outlining the individual seller’ s decision-making process, which is modeled as a
two-stage decision. At time t, an individual seller decides whether to sell house h to the iBuyer
or not, according to the following extensive form."

In Stage 1, a representative iBuyer presents a take-it-or-leave-it offer, and the individual
seller’s payoff from accepting this offer is given by:

Phe
If the seller rejects the offer, the property proceeds to Stage 2, where it is sold on the open market
at price pl,. However, the seller also incurs a hassle cost, G, which enters multiplicatively. The
resulting payoff from this alternative is:

Cht

Hence, an individual seller compares the Stage 1 payoff, pj;, with the expected Stage 2

payoff, given by:
ElphXnt; .
Cht .
Here, X1y and 1, constitute the seller’ s information set at Stage 1: the vector Xy captures
observable characteristics of the house and market at time t, while p represents unobserved
house quality.

I define unobserved quality as attributes that cannot be identified through data analysis
alone, without physically inspecting the property. However, individual buyers and sellers who
visit the property are aware of these features. Examples include factors such as natural lighting

or noise levels. Thus,  is known to the seller and included in their information set.

9This modeling assumption is supported by transaction data indicating that a large majority—83%—of
homeowners who sold to an iBuyer bypassed the MLS listing. As shown in Table 3, this statistic is derived from
a sample of properties that transacted multiple times between 2001 and 2022 and were matched to MLS listing
records. Because the MLS does not include buyer and seller identities, listing durations are attributed to the
next observed transaction between distinct parties.
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Hassle cost refers to the time, logistical, financial, and emotional burdens associated with
selling a home on the market. As often highlighted in iBuyer advertisements, examples of hassle
costs include accommodating random visitors during the selling process, discussing with real
estate agents to list and sell the house, and enduring extended waiting periods before the home
is sold. In the model, the hassle cost is represented as a single dimension that summarizes
different types of burdens sellers face.

In this model, the individual seller of house h at time t draws a hassle cost Gy from a mixed
distribution. I allow for correlation between hassle costs and unobserved house quality, ,
which captures aspects of the property that cannot be evaluated solely through data analysis. A
positive correlation implies that sellers with higher hassle costs tend to own homes with higher
unobserved quality. Since sellers facing greater hassle costs are more inclined to choose the
iBuyer, this correlation mitigates the extent of adverse selection faced by the iBuyer, as higher-
quality homes are more likely to enter its purchase pool. Conversely, a negative correlation
intensifies adverse selection, as sellers who prefer the iBuyer due to higher hassle costs tend to
own homes of lower unobserved quality.

With probability a, the seller experiences no hassle cost, represented by logcy = 1 . With
the remaining probability 1 & the pair (loglcht; h) is jointly normzlxllly distributed:

log Crt N moc e 0c
h 0o oc 2
Cht is private information of each individual but the distribution is common knowledge.
Note that 1  represents the possibility that some individuals are either unaware of or
uncomfortable interacting with iBuyers. For example, they may be tech-illiterate and unfamiliar
with using a website to sell their houses. Given that the iBuyer business model is relatively
new and traditional home-selling methods still dominate the market, the probability a reflects

that iBuyers are not yet widely recognized.

0 oo

This paper utilizes two datasets from CoreLogic: property transactions and MLS record-
ings. The analysis focuses on six cities where iBuyers were most active: Phoenix, Atlanta,
Jacksonville, Orlando, Tampa, and Charlotte. The data span from 1990 through the third
quarter of 2022, excluding the period from 2006 to 2012. The years 2006 to 2012 represent a
pre-iBuyer era (with the earliest iBuyer entry in my sample occurring in 2015) and a period
heavily affected by the financial crisis. For example, the surge in foreclosures during and after

the crisis not only depressed prices of foreclosed properties but also distorted broader housing
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market prices. To avoid any potential linear and nonlinear distortions and enhance the accu-
racy of expected market price estimates, I restrict the analysis to the recent period unaffected
by the financial crisis.

To ensure a conservative approach, I apply several additional data restrictions. Within
the CoreLogic data, I exclude foreclosure transactions and retain only recordings for single-
family homes and condominiums, as iBuyers primarily target these two property types. I also
remove extreme outliers in log house prices, log living area (square footage), and the number of
bedrooms and bathrooms, since iBuyers typically avoid transacting in extreme property types
and instead focus on median-type homes (Buchak et al. [2020]). Finally, although corporate
ownership names can sometimes represent individuals seeking privacy rather than institutional
buyers, I exclude transactions involving corporate-named buyers and sellers, except for those
involving iBuyers, to conservatively avoid including institutional investors.

CoreLogic transaction recordings offer detailed transaction-level data, primarily including
transaction dates, sales prices, and buyer and seller names. The buyer and seller names are
recorded as legal transaction names, which I use to identify whether participants are iBuyers.
Following Buchak et al. [2020], I use a detector to capture regular expressions related to iBuyer
companies such as Opendoor, Offerpad, Redfin, and Zillow. For instance, Opendoor’s regular
expressions include "PS1L.PPPS1L .PRI"$$SSP. ( QW)X "GG*0

CoreLogic MLS recordings provide listing-level data, including information on listing dates,
Days on Market, and house characteristics. To combine house characteristics with transaction
records, I merge all transaction and listing records using the composite property linkage key.™

Additional data includes macroeconomic variables to assess market conditions. CPI, Federal
funds rate, 30-year mortgage rate, and the Case-Shiller Index are used. Except for CPI (sourced
from the World Bank), all other variables are sourced from FRED. All macroeconomic variables
are at the nationwide monthly level.

Table 4 provides a summary of house prices and characteristics for properties that iBuyers
purchase from individuals, as well as the types of inventory iBuyers sell to individuals compared

to market transactions between individuals.

10Gee Buchak et al. [2020] for more details.
1T also double-checked that the composite property linkage key and clip (from both the transaction record
file and the listing record file) were one-to-one mappings in my sample.
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000ioon 10ooo0o v 00000l tooi0ioooo
Sales price 335,085.31 107,873.79 253,288.84 317,781.52 403,567.61 8,945
Living area square feet 1,748.57 526.70 1,367.00 1,659.00 2,033.00 8,945
Bedroom number 3.17 0.70 3.00 3.00 4.00 8,945
Bathroom number 2.41 0.57 2.00 2.00 3.00 8,945
Garage dummy 0.97 0.16 1.00 1.00 1.00 8,945
Heating dummy 1.00 0.01 1.00 1.00 1.00 8,945
Building age 28.78 17.00 15.00 25.00 40.00 8,945
000000 0000ooooog v 00000l 10ooo0g
Sales price 329,663.86 111,184.89 245,149.03 312,369.31 398,798.17 10,911
Living area square feet 1,752.85 512.03 1,380.50 1,670.00 2,030.50 10,911
Bedroom number 3.20 0.69 3.00 3.00 4.00 10,911
Bathroom number 2.43 0.57 2.00 2.00 3.00 10,911
Garage dummy 0.97 0.16 1.00 1.00 1.00 10,911
Heating dummy 1.00 0.03 1.00 1.00 1.00 10,911
Building age 27.75 16.82 15.00 24.00 38.00 10,911
00mool 000iomoooo v 0O0boon boomooooo
Sales price 278,085.36  151,648.18 171,734.86 244,015.20 348,712.21 957,023
Living area square feet 1,698.20 562.64 1,300.00 1,590.00 1,988.00 957,023
Bedroom number 3.07 0.76 3.00 3.00 4.00 957,023
Bathroom number 2.29 0.62 2.00 2.00 3.00 957,023
Garage dummy 0.99 0.10 1.00 1.00 1.00 957,023
Heating dummy 1.00 0.05 1.00 1.00 1.00 957,023
Building age 28.36 22.07 12.00 22.00 42.00 957,023

Table 4: Summary Statistics (1990-2022)
L Qi 2Sales prices are adjusted to March 2023 dollars using the Consumer Price Index (CPI). The
table reports summary statistics for three transaction types: (i) iBuyers selling to individuals, (ii)
iBuyers purchasing from individuals, and (iii) individual-to-individual market transactions. Garage
and heating are binary indicators; building age is calculated as the difference between sale year and
year built. Outliers in price, living area, and bedroom/bathroom counts have been removed.

[0 000000000 0oiooooo

Before turning to structural estimation, this section presents reduced-form evidence sup-

porting the existence of two key forces: hassle costs and unobserved quality. The analysis

yields two main takeaways: (i) individual sellers possess private information along two dimen-

sions—hassle costs associated with selling on the open market and unobserved house quality,

and (ii) iBuyers face adverse selection when purchasing homes from individuals.
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First, I will demonstrate that individual sellers encounter varying hassle costs in the market,
which differ across individuals. Next, I will illustrate that some house characteristics cannot be
identified without physical inspection. Lastly, I will show that these unobserved characteristics
contributing to unobserved quality can cause iBuyers to face adverse selection, potentially

reducing their profitability.

00  OOoood odooo

As defined in the previous section, hassle cost refers to the various burdens—time, logistical,
financial, and emotional—associated with selling a home on the market. As shown in Table
1, this process involves several steps, such as preparing the home and hosting open houses.
Zillow Group Inc. [2024] reports that the average time from listing to closing is approximately
90 days, indicating that the stress of selling is significant. Each individual may experience
different levels of hassle costs each time they decide to sell a house.

Examining the front pages of popular iBuyer websites, such as Offerpad and Opendoor, it
is evident that they specifically target individuals with high hassle costs. Screenshots of these
websites are provided in Appendix C, Figures 12 and 13, to illustrate their marketing strategies.

Because hassle costs are difficult to measure directly without survey data, I instead compare
two groups of sellers that plausibly differ in their hassle costs: those who relocate within the
state and those who move out of state. Tables 5 and 6 confirm that individuals with higher
hassle costs are more likely to sell their homes to iBuyers, consistent with iBuyers’ strategy of
targeting time-constrained or convenience-seeking sellers.

To classify sellers, I define relocation within the state in two ways. The broader definition
includes individuals who purchase another home in the same state within one year before or
after the sale. The stricter version includes only those who buy another home within one year
after the sale. To accurately link transactions to individuals and avoid mistakenly grouping
different people who share the same name, I restrict the analysis to sellers with relatively
uncommon legal names. This restriction retains 58% of the full dataset.

Using this classification, I estimate a logit regression where the dependent variable is a
dummy indicating whether a seller transacted with an iBuyer. The key independent variable is
an indicator for across-state movers. The regression specification for individual i at transaction

t is:
Yoo ooooooooit = o Lomoooooooom oooomie + Xie 1+ it

where Xj includes controls for the decile of the home’s sale price, year fixed effects, and city
fixed effects. The sale price decile is included to account for heterogeneity in seller behavior

based on home value. This variable may proxy for income level or reflect the extent to which
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sellers engage in more deliberate decision-making for higher-value properties.

Sellers relocating across state lines are more likely to face logistical challenges and time
constraints, making them more susceptible to the appeal of iBuyers. The results, reported in
Tables 5 and 6 as average marginal effects, show that being in the across-state mover group
increases the probability of selling to an iBuyer by about 1 percentage point. Considering that
iBuyer market share across cities ranges from 2% to 6%, and averages around 3.5% among

sellers with uncommon names, this increase is economically meaningful.

a2zHH iQ B(InvBNM H 1)z2+ib

Without FE (1) Without FE(2) With FE (1) With FE (2) ~ican of
Indep. Var.
Across-State
Mover 0.011%* 0.010°** 0.765
(0.001) (0.001)
Across-State
Mover (Strict) 0.0207** 0.008** 0.842
(0.001) (0.001)
Mean of
Dep. Var. 0.0354
Year FE No No Yes Yes
City FE No No Yes Yes
AIC 89463.256 89536.652 81706.747 81791.499
BIC 89484.433 89557.829 81865.572 81950.324
Log Likelihood -44729.628 -44766.326 -40838.373 -40880.749
Deviance 89459.256 89532.652 81676.747 81761.499
Num. obs. 293121 293121 293121 293121

p< 0:001] p< 0:01l p< 0:05

Table 5: Logit Regression Results (Marginal Effects Only)

L Qi ZLhis table reports average marginal effects from logit regressions where the dependent variable
is an indicator for selling to an iBuyer. The key independent variable is an indicator for across-state
movers, defined either broadly (columns 1 and 3) or strictly (columns 2 and 4). Columns 3—4 add year
and city fixed effects. The sample is restricted to sellers with uncommon names to improve matching
accuracy.
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Without FE (1) Without FE@2) With FE (1) With FE (2) iean of
Indep. Var.
Across-State sk sk
Mover 0.011 0.010 0.765
(0.001) (0.001)
Across-State sk .
Mover (Strict) 0.010 0.008 0.842
(0.001) (0.001)
Sale amount ~0.002%%* ~0.002%%* J0.002FFF _0.002%%*
(decile)
(0.000) (0.000) (0.000) (0.000)
Mean of
Dep. Var. 0-0354
Year FE No No Yes Yes
City FE No No Yes Yes
AIC 89279.338 89346.317 81481.410 81560.959
BIC 89311.103 89378.082 81650.824 81730.372
Log Likelihood -44636.669 -44670.158 -40724.705 -40764.479
Deviance 89273.338 89340.317 81449.410 81528.959
Num. Observations 293,121 293,121 293,121 293,121

p< 0:0010 p< 0:01] p< 0:05

Table 6: Logit Regression Results (Marginal Effects Only)

L Qi ZLhis table extends the baseline specification by including the sale price decile as an additional
control. The marginal effect on the decile variable is negative and statistically significant, suggesting
that higher-value homes are slightly less likely to be sold to iBuyers. The interpretation of the across-
state mover indicators remains consistent. All specifications use the same sample of sellers with
uncommon names.

000  4o0boibood Dooooo

As previously defined, unobserved quality refers to characteristics of a house that are not
captured in standard datasets but can be recognized by individuals who physically inspect the
property. These include factors such as natural lighting, noise levels, and other subtle features
that affect a home’s desirability. While these attributes are typically invisible to algorithmic
valuation models, they are apparent to individual buyers and sellers through in-person visits.

As a result, unobserved quality is more likely to be reflected in transaction prices when
properties are sold between individuals. Buyers often conduct thorough on-site inspections,
and sellers—as residents—are intimately familiar with the property’s attributes. In contrast,
iBuyers formulate offers based primarily on observable data and do not incorporate such in-
person insights into their pricing models. As noted by Buchak et al. [2020], “Non-iBuyer real
estate buyers use other inputs to determine prices that do not seem to be captured in the

iBuyer algorithm. Such information can either arise from other participants using difficult-to-
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encode information that is available or information acquired through a thorough and lengthy
inspection, which iBuyers do not conduct because they offer a speedy closure.”

This distinction is empirically illustrated in Table 7, which presents hedonic pricing model
results for both individual purchase prices and iBuyer purchase prices, using data from 2015—
the earliest period of iBuyer entry in my sample. The R-squared from a regression of iBuyer
purchase prices on basic observable characteristics is significantly higher than that from the
corresponding model for individual buyers. This finding aligns with Buchak et al. [2020] and
supports the interpretation that iBuyer pricing relies more heavily on observable inputs, while
prices in individual-to-individual transactions incorporate both observed and unobserved home

qualities.

Log iBuyer price Log individual price

Intercept 7:04 (1:30) 5:92 (0:35)
Log living area square feet ~ 0:66 (0:01) 0:93 (0:00)
Bedroom number 0:01 (G.00) 0:12 (G.:00)
Bathroom number 0:08 (0.01) 0:02 (0:00)
Building age 0:00 (G:00) 0:00 (G:00)
Garage dummy 0:10 (G02) 0:23 (001)
Heating dummy 0:11 (0.08) 0:51 (0.02)
Seasonal FE: 2nd quarter 0:06 (G:01) 0:03 (0:00)
Seasonal FE: 3rd quarter 0:08 (001) 0:02 (0.00)
Seasonal FE: 4th quarter 0:02 (0.01) 0:00 (0:00)
30-year mortgage rate 0:03 (001) 0:03 (0:00)
Federal funds rate 0:03 (001) 0:01 (G00)
Log CPI index 3:99 (0:48) 0:54 (013)
Log CS index 2:26 (018) 0:68 (0.04)
R? 0:96 0:89

Adj. R? 0:96 0:89

Num. obs. 10,911 380 650

p< 0:0011 p< 0:011 p< 0:05

Table 7: R? comparison (2015-2022)

L Q i ZThis table presents regression results comparing the explanatory power (R?) of models predicting
iBuyer and individual transaction prices. The dependent variable is the log of the transaction price—
iBuyer-to-individual in Column 1 and individual-to-individual in Column 2—expressed in $100,000s.
Living area is measured in 1,000 square feet. Standard errors are reported in parentheses. The models
use data from 2015, the earliest period of iBuyer entry in the sample.

To ensure that this result is not driven by differences across the cities where iBuyers entered,
I conduct an additional hedonic regression using the same set of variables, but now interacting

all housing characteristics and market characteristics with city fixed effects. The detailed results
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of this robustness check are presented in Appendix D. The R-squared comparison results remain
similar, with iBuyer purchase prices exhibiting higher explanatory power. However, the increase
in R-squared for both regressions is modest and not significantly different from those reported
in Table 7.

000 0000000 1000000 00ib0onoo 00 bOboo booooo

In a descriptive comparison of resale margins between individuals and iBuyers, iBuyers
generally experience greater losses than individuals. This pattern may indicate that iBuyers
purchase lower-quality properties, potentially due to adverse selection. The finding that iBuyers
incur larger losses persists even when the sample is restricted to short-term resales only.

Margins are defined in two ways: (1) the difference between resale and purchase prices,
adjusted to 2023 levels using the Consumer Price Index (CPI), expressed in absolute terms;
and (2) the ratio of this difference to the original purchase price. Since iBuyers often acquire
properties at a discount, it is meaningful to examine both absolute and relative (ratio) margins.

To visualize how margins evolve over time for each buyer type, I apply nonparametric
smoothing using Generalized Additive Models (GAMs). This technique flexibly estimates non-
linear trends without imposing a specific functional form, enabling clearer insight into temporal
patterns.

To analyze these differences in greater detail, Figure 3 compares the resale margins of
individuals and iBuyers for transactions conducted since 2015. Additional figures—presenting
absolute margins and short-term resale analyses—are provided in the Appendix E (Figures 14,
15 and 16). To account for potential time effects, Appendix Figures 15 and 16 restrict the
sample to transactions completed within one year of purchase. Focusing on short-term resales
is particularly meaningful-—not only because it mitigates the influence of market-wide time
trends, but also because iBuyers intend to quickly flip properties for profit. Unlike individual
buyers, iBuyers have no alternative motives, such as residential occupancy or rental income,
that would justify holding properties for extended periods.

Across all four visualizations, iBuyers consistently earn lower resale margins than individual
buyers, reinforcing the conclusion that they face greater resale losses—or reduced gains—on
average. In average terms, iBuyers earn approximately $15,000-$25,000 less than individual
buyers in absolute dollar margins, and about 10-15 percentage points less in relative (percent-
age) terms prior to the end of 2022. The apparent improvement in iBuyer margins in 2022
should be interpreted with caution: it may reflect a lower frequency of iBuyer sales in the
recent period, or the fact that many recently purchased, underperforming homes have not yet
been resold and are thus excluded from the margin calculations. These trends remain consistent

even after controlling for holding period by restricting the sample to resales completed within
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one year. Overall, these trends underscore the difficulty iBuyers face in achieving profitable
resales—challenges consistent with adverse selection arising from private information about

house quality, as discussed in earlier sections.

iBuyer vs Individual Margins (Ratio)
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Figure 3: Comparing ratio margins

L Qi2This figure shows the average ratio margin (resale price minus purchase price, divided by
purchase price) for iBuyers and individuals over time. Values are adjusted to 2023 dollars using the
Consumer Price Index. Smoothed trends are estimated using Generalized Additive Models. Additional
supporting figures appear in the Appendix.

N I B A Y

In this section, I present the identification and estimation strategies for the demand parame-
ters, the distribution parameters of hassle costs, and the distribution parameters of unobserved
quality, as outlined in the model described in the previous section. I explain how variations
in the data serve to identify each parameter of interest. The estimation process is organized
into three parts: the market pricing model, the iBuyer pricing model, and the choice model
based on hassle costs and unobserved house quality. In principle, it would be most efficient
to estimate all three components jointly. However, due to computational burden, I estimate
them sequentially in the order outlined above, accepting some loss in statistical efficiency for
tractability.

Demand parameters are derived from each pricing model. With these parameters, the
unobserved house quality is identified, at most, in a distributional sense, primarily using pre-

iBuyer entry period prices. Once demand parameters and unobserved quality distribution are
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determined, hassle costs are identified under distributional assumptions through the individual

seller’s choice model.

00 OoOoob 0biddoooeo

Hedonic regression uses observed market transaction prices and iBuyer offer prices to identify
the demand parameters ' and ', based on variation in house and market characteristics. For
a given house h at time t, the market transaction price is denoted by pl, (where the superscript
| refers to listings), and the iBuyer offer price is denoted by piht (where the superscript i refers
to iBuyer offers).

The market pricing model is specified as a random effects model:
1ng|ht = X ot nlht
and the iBuyer pricing model is a standard linear model:
logpiht = Xpy '+ "iht

where Xy denotes a set of house and market characteristics, and y is a house-specific random
effect interpreted as unobserved quality. I start with a common set of characteristics but allow
the set to be narrowed differently for each pricing model if a near-multicollinearity problem
arises.

Formally, the identification of the demand parameters in the market pricing model and the
iBuyer pricing model is based on standard assumptions about unobserved heterogeneity, error

structure, and variation in observables. These conditions ensure that the coefficients can be

consistently estimated using standard regression techniques.
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rank(3) = k:

121f all regressors lack variation across houses h (i.e., they are constant across h), then the quasi-demeaning
parameter =1. I rule out this degenerate case.
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Assumption 3 is not required for identification of the parameters in the market or iBuyer
pricing models. However, it is imposed if the market and iBuyer pricing models are estimated
via maximum likelihood estimation (MLE). In this sense, normality is an auxiliary assumption

rather than a core identification condition.
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Following the definition of the previous section, an unobserved house quality is only unob-
served by people who use data to evaluate the house without actually visiting the house like
iBuyer or Econometrician. In econometrics, these unobserved qualities are typically modeled
using either fixed effects or random effects. This paper employs the random effects model be-
cause some houses in the dataset are traded only once during the estimation period. In each
city sample, houses that are traded more than once account for between 40% and 75%. By em-
ploying the random effects model, I aim to include rarely traded houses, under the assumption
that their unobserved qualities come from a common distribution. This approach allows us to
leverage the identification power provided by houses that have been traded multiple times.

I use the pre-entry period of iBuyers in the market pricing model to ensure that the dis-
tribution of | is observed unconditionally, meaning it is not further partitioned into iBuyer
versus market transactions.

The identification of the  distribution is based on the assumption that , has an uncondi-
tional mean of zero and an unconditional variance 2. Consistent with the previous subsection,

standard regression assumptions underpin the identification of this distributional parameter.
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Assuming that each seller’s hassle cost is derived from a common distribution, the identifi-
cation is based on the individual’ s choice data regarding whether they opt to sell to iBuyer or
not.

An individual seller decides to sell to iBuyer if

d > Elph i Xne; n]
Cht
and will not sell to iBuyer if
ih E[p'hthht; hl |
t Cht .

The estimation of hassle cost distribution is based on information obtained from pricing
regressions. When estimating demand parameters and the distribution of unobserved house
quality, I can observe either the market price or the iBuyer offer price for each house, but
not both at the same time. If a house is sold on the market, the iBuyer offer price remains
unknown; conversely, if it is sold to an iBuyer, the market price is not available. As a result,
recovering the counterfactual iBuyer offer price (in the first scenario) or the market price (in
the second scenario) requires estimating demand parameters and the distribution of unobserved
house quality. Once I recover these prices, the variation in the price difference (E[p}jXnt; nl/ Py
for the house h at time t) can help me determine the variation in choice probability for each
transaction.

I currently assume a joint mixed normal distribution to capture the possibility that some
individual sellers may be unaware of or distrustful toward iBuyers, given that it is a relatively
new business model. This structure also aligns with the empirical observation that iBuyers
capture a relatively small share of the market (2%—6%).

With probability @, logGy = 1 . With the remaining probability 1 a, the pair (logCy; 1)

follows a joint normal diStI‘ibllltiOIlZ | .

log Cht N moc Fne 00c¢

h (N oc 2

The following assumption formalizes the independence structure across observations, and
the subsequent proposition establishes the identification of the key distributional parameters

governing hassle costs under this mixed normal setup.
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To reduce the computational burden, I estimate the model in three sequential steps. First,
I estimate the market pricing model using a linear panel specification with random effects.
Second, I estimate the iBuyer pricing model using a standard linear regression. Finally, I es-
timate the individual seller’s choice model using a simulated maximum likelihood approach,
incorporating the previously estimated demand parameters and a distribution parameter cap-
turing unobserved house quality. In this third step, I estimate the mean, variance, and mixture
probability a of the hassle cost distribution, as well as its correlation with unobserved house
quality. Details about the software and estimation tools are provided in Online Appendix A,
and the mathematical formulation of the simulated maximum likelihood function used for the

choice model is provided in Appendix G.

0 Oooidoooo

I conduct a city-level analysis, accounting for varying distributions of hassle costs and unob-
served quality in each market. The primary focus is on the distribution parameters associated
with unobserved quality and hassle costs. Although the estimated parameters differ slightly
across the six cities, the main conclusions from the counterfactual analysis remain consistent.
Therefore, I focus on one city, Charlotte, as a representative example in this section. For

brevity, the results for the remaining five cities are reported in Appendix J.

0i0  OoOoob 0boidbbobtt 000 bouobobobt tboot bodintt bitodooooooo

Table 8 and 9 provide a summary of the results from the pricing estimations.”"

13Prices are reported in units of $100,000 and adjusted to the March 2023 CPI level. Living area is measured
in units of 1,000 square feet.

28



Log price (Charlotte)

Intercept 0:240 (Q081)
Log living area (square feet) 1:103 (Q006)
Number of bedrooms 0:091 (Q002)
Number of bathrooms 0:003 (0002)
Building age 0:002 (Q000)
Garage dummy 0:040 (Q008)
Heating dummy 0:194 (0026)
2nd quarter dummy 0:015 (0002)
3rd quarter dummy 0:005 (0002)
4th quarter dummy 0:004 (0002)
30-year mortgage rate 0:003 (0002)
Federal funds rate 0:013 (0001)
Log CPI index 0:163 (0018)
Log Case—Shiller index 0:239 (Q006)
Error variance 0:033
Random effect variance 0:065
Num. obs. 118604

p< 0:0011 p< 0:01l p< 0:05

Table 8: Log market price estimation

L Qi ZLhis table presents regression results for individual market transaction prices. The dependent
variable is the log of the transaction price, expressed in $100,000s. Living area is measured in 1,000
square feet. Prices are adjusted to the March 2023 CPI level. Standard errors are reported in paren-
theses. The model includes a random effect to capture unobserved heterogeneity.

The primary focus of Table 8 is the magnitude of the random effect variance. In comparison
to the variance of the error term, the random effect variance is 2 times greater. This indicates
that the unobserved quality can vary significantly. Even after addressing the precision of the
estimation (reflected in the error term variance), there could still be a considerable risk of
adverse selection. Table 9 adjusted R? indicates the iBuyer offer price can be approximated by

a simple linear model with high precision.
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Log price (Charlotte)

Intercept

Log living area (sqft, standardized)
Bedroom number

Bathroom number

Building age

Garage dummy
seasonalFE_ 2nd quarter
seasonalFE_ 3rd quarter
seasonalFE_ 4th quarter
30-year mortgage rate
Federal funds rate

Log CPI index

Log CS index

Log lagged house price
Dummy for missing lag price

4:250 (1855)
0:669 (Q019)
0:001 (Q007)
0:014 (Q008)
0:002 (Q000)
0:099 (Q029)
0:044 (Q011)
0:032 (Q011)
0:016 (Q011)
0:015 (Q008)
0:025 (Q011)
3:741 (0698)
2:545 (0268)
0:060 (Q006)
0:043 (Q011)

RZ
Adj. R?
Num. obs.

0:973
0:973
2877

p< 0:0011 p< 0:010 p< 0:05

Table 9: Log iBuyer price estimation

L Qi ZLhis table presents regression results for iBuyer offer prices. The dependent variable is the log
of the iBuyer offer price, expressed in $100,000s. Living area is measured in 1,000 square feet. Prices
are adjusted to the March 2023 CPI level. Standard errors are reported in parentheses. The model is
estimated using a linear regression framework.

00 O00ood 0uoo doooboooood

Table 10 presents the estimation results of the hassle cost distribution. The confidence
interval and standard deviation are computed using bootstrap methods.

Recall that the estimation is based on the model, which assumes joint normality between
the log of hassle costs (logC) and the unobserved house quality ( ) as follows.

Either logc= 1 with p'robability aor .

logc N moe e 0c
0 00c
with probability 1 a.

Table 10 shows that in Charlotte, the correlation between hassle costs and unobserved house
quality is statistically insignificant. At first glance, this may give the impression that targeting
sellers based on hassle cost does not introduce a quality-related selection issue. However, the
variance of unobserved quality in the log market price estimation is 0:065 while the variance
in log hassle costs is 0:168 Drawing on the insights from Finkelstein and McGarry [2006],
selection problems can arise even when private information dimensions are uncorrelated, as

each dimension may independently influence participation. This implies that an iBuyer strategy
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focusing solely on hassle costs may still face selection concerns.

I N

20 0:168 0:051
Do 0:104 0:068
a 0:859 0:018
0:186 0:184

Table 10: Hassle cost estimation results

L Qi ZLhis table presents parameter estimates from the joint mixed normal model of log hassle cost
(log ) and unobserved house quality ( ). The model assumes that logc= 1 with probability a, and
follows a normal distribution with probability 1 a. Estimates are based on maximum likelihood and
evaluated using 1000 bootstrap replications. Standard errors are computed via the bootstrap.

0 O000000o00boul OUoooom

In this section, I propose counterfactual strategies for iBuyers designed to mitigate adverse
selection in unobserved house quality. I begin by examining the performance of the current
contract structure through a sanity check, which shows that iBuyers often earn low or negative
profits. I then outline a counterfactual contract variable that exploits insights from the cream-
skimming framework of Rothschild and Stiglitz [1976] and demonstrate how alternative contract
designs can improve profitability.

Building on this framework, I further enhance counterfactual pricing design by incorporating
unstructured data from listing text descriptions of houses. Leveraging approaches from large
language models (LLMs), I use these data to better capture aspects of unobserved quality—such
as mood, natural light, or perceived desirability—that are difficult to quantify using structured
data alone. Combining improved contract design with more precise pricing mitigates adverse

selection more effectively and increases iBuyer profitability.

00 O00o0obt Oboitto

The core idea of the counterfactual contract is to ensure that the individual seller’s pay-
off remains partially linked to market prices, even when selling to the iBuyer. In the original
arrangement, the iBuyer provides a lump sum payment when purchasing from the individual
seller. This arrangement is characterized as a 100 percent upfront payment with no revenue
sharing. In contrast, the counterfactual contract introduces flexibility in determining the pro-
portions of upfront payment and conditional revenue sharing.

To focus on the issue of adverse selection, I abstract away from dynamic concerns such as
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resale timing, inventory costs, and the probability of resale. Instead, I adopt the simplifying
assumption that the iBuyer resells the property at the market price immediately after purchase.

As a first step, I conduct a sanity check on the profitability of the current iBuyer contract.
Using the counterfactual framework developed later in this section, I find that the iBuyer earns
negative expected profits under the status quo arrangement of full upfront payment and no
revenue sharing. This finding suggests that—even in the absence of dynamic considerations—
adverse selection alone poses a significant challenge to the sustainability of the iBuyer model.™

Formally, when an individual seller sells house h at time t, the current contract gives the
seller a payoff of pl,, and yields per-transaction-revenue to the iBuyer equal to pl,  pl, where
pL, is the payment made by the iBuyer to the seller, and p}, is the market resale price of the
house.

Under the counterfactual contract, 2 [0; 1] denotes the proportion of the upfront payment.

The seller receives an upfront payment of
Phi;

and the remaining portion is subject to revenue sharing based on the realized resale price, as

follows:""

8

E Phe  Phe if Phe > Phe;

§p|ht Phe if Phe > Phe > P s

-0 if P Phe

Figure 4 provides a graphical illustration of the seller’ s payoff schedule under the counter-

factual contract.

141f data on iBuyers’ resale strategies become available, future research could extend the model to incorporate
strategic decisions such as resale timing and inventory management. At present, there is limited empirical
evidence on the resale and inventory management strategies employed by iBuyers.

15Tn Appendix H.3, I extend the contract to allow for partial revenue sharing, i.e., the seller receives a fraction

(p'r1t piht). In my evaluation, setting =1 (full sharing) always yields the highest revenue.
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Seller payment
. Cap = py
Pht |

e sharing (slope 1)

Guaranteed upfront payment

Pht Phe Resale price p}

Figure 4: Seller payment schedule under the counterfactual contract

L Qi 2T he x-axis plots the resale price pr']t; the y-axis plots the seller’ s payment. For pr']t piht,
the seller receives the guaranteed upfront payment pi,. For pj, < prln_ < Phi, the seller’ s payment
increases one-for-one with the resale price (revenue sharing). For prln Phi» the payment is capped at
Phi- The figure illustrates the piecewise schedule corresponding to the contract in the text; 2 [0;1]
denotes the upfront-payment share and piht the iBuyer’ s original offer.

Then, the iBuyer’ s revenue8per transaction under the counterfactual contract is given by:
% Phe  Phe  if Phe > Phes
50 if Phe > Phe > P hes
" P Phe ifPh Phe
While revenue sharing mitigates adverse selection, the contractual cap also helps prevent
moral hazard by aligning the iBuyer’ s incentives with resale performance. Although estimating
such incentive effects is beyond the scope of this paper, the mechanism follows the intuition
in Holmstrom [1982]. The “hockey-stick” shape of the iBuyer’ s revenue schedule motivates
effort to achieve resale prices above pl,. For houses that would have achieved market prices
pl, greater than pl, if sold directly by individual homeowners, the iBuyer has an incentive to

realize resale prices exceeding p},, thereby reinforcing effort incentives and mitigating potential

moral hazard.

0ooio  0DO0o0boon Dot Dbobooo tboot 0ot Lidbottoboubon Ookoooto

Following the payment structure specified above, the actual payoff to individual sellers
depends on how hassle costs are interpreted. In the main text, I focus on the case where
hassle costs arise entirely from time constraints (e.g., liquidity needs or urgency). Under this

interpretation, any payment that is delayed until after the resale incurs the full hassle cost Cy.
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The seller’ s payoff is given by:

8 . .
% Pt Chtp it plht > Phes
H | . .
P * ; PP Pl > Pl > P s
-0 if Phe  Phe

Here, the post-resale payment is discounted by the hassle cost, as it mimics the burden
experienced when selling on the open market.

This interpretation presents the most pessimistic scenario for expected iBuyer profits, as
all delayed payments incur hassle costs. This case remains conservative even if hassle costs
primarily reflect financing constraints, under which sellers would typically need to finance only
a fraction of the sale amount, such as the down payment on their next home.

An alternative, more optimistic interpretation—where hassle costs are psychological burdens
unrelated to timing—is provided in Appendix H.2. Any realized seller payoff will lie between
these two extremes.

In the next subsection, I theoretically demonstrate cream-skimming. I then complement the
theoretical results with a quantitative evaluation of profitability, calibrated to the estimated

variance of the idiosyncratic market price error.

000l 0ODO000o 00 obood tom oo

This subsection examines cream-skimming in a stylized environment where sellers discount
any delayed payments and have full information about resale prices. These assumptions isolate
the role of selection and enable a clear theoretical characterization of profitability under the
counterfactual contract. For robustness, I also derive parallel cream-skimming results under
an alternative interpretation—where hassle costs are purely psychological and sellers face no
discounting of delayed payments—in Appendix H.2.

Building on the framework of Rothschild and Stiglitz [1976], I show that cream-skimming
is achievable in the limiting case where the only source of uncertainty in the market price
is unobserved house quality, and the idiosyncratic pricing error approaches zero. As empha-
sized by Rothschild and Stiglitz [1976], sustaining profitability under such mechanisms requires

knowledge of the distribution of private information.

O000000I00 0 OO0 0000000000000 00000 0000000 ooooo- ! 0

This assumption implies that individual sellers know the resale price with certainty. The
logic of this section remains applicable as long as the market pricing error is sufficiently small.
I begin by introducing the per-transaction profit function. This profit depends on the

realized resale price, the structure of the payment contract, and the unobserved quality of the
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house. The corresponding expressions for the iBuyer’ s ex-ante expected profit, information

set, and selling probability are provided in Appendix H.1.

100000 O0000000D0D0IOD Do00o - The iBuyer profit from transaction (h;t) under the

counterfactual contract is:

: - i | i i
GG =P Pt RysplspioPe Phdt Rysproll )P
where 2 [0; 1]is the proportion of the upfront payment, and Ry denotes the indicator function.
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Decreasing reduces the attractiveness of the contract for lower-quality homes (which are

MMYE 57 M/ QMply B, :

more likely to have low resale value), thereby screening out sellers of lower-quality houses. This

improves the selection of homes sold to the iBuyer.

000i0  odoooobot dooioooiod 00 0odobbot boooiooobooooo

To assess iBuyer profitability using the data, I use the estimated demand parameters, along
with the parameters of the unobserved quality and hassle cost distributions. Let H denote
the set of all houses transacted in the market after the iBuyer’s entry, and T the set of
corresponding time periods. I simulate expected profits under the counterfactual contract for
each value of 2 [0; 1], building on the iBuyer Per-transaction Profit function introduced above,
but incorporating idiosyncratic pricing error ("L, > 0).

Figure 5 presents expected iBuyer profits across different values of . In the case of Charlotte,
I simulate expected profits across 43,911 housing transactions that occurred after the iBuyer’

s market entry, computing counterfactual profits on an evenly spaced grid of 2 [0; 1].
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Figure 5: Expected Profit (Unit: 100,000 dollars)

L Qi 2This figure shows the expected iBuyer profit per transaction (in units of $100,000) under a
counterfactual contract with varying , the fraction of the original iBuyer offer price piht paid upfront
( =1 corresponds to the current contract structure). Profits are simulated using numerical expecta-
tions based on post-entry housing transactions in Charlotte. This evaluation interprets hassle costs in
the least favorable way for the iBuyer; the most optimistic case is shown in the appendix.

The first notable finding is that the iBuyer earns negative expected profits at =1, which
corresponds to the current contract structure (i.e., full upfront payment and no conditional
revenue sharing), assuming away any dynamic concerns such as inventory costs or resale timing.

In contrast, by reducing the upfront payment and introducing conditional revenue sharing
(i.e., lowering ), the iBuyer can achieve significantly higher expected profits. This is consistent
with the cream-skimming mechanism identified in the theory: lower values of  selectively
attract higher-quality sellers, improving the average resale margin. There exists a range of
values for which expected profit becomes strictly positive, suggesting that alternative contract
structures can mitigate adverse selection and make the iBuyer model financially sustainable
in static settings. These results are based on the least favorable interpretation of hassle costs
for the iBuyer. In Appendix H.2, I show that under more optimistic assumptions about hassle
costs, the qualitative conclusions remain unchanged.

In Appendix H.3, I extend the numerical simulations by relaxing the assumption of full
conditional revenue sharing for the median-type house. In this extension, only an  fraction of
the resale gain is shared with the seller, with 2 [0;1]. This adjustment reduces the seller’
s payout when the resale price lies between pl, and p},. Although this lowers payments in
these intermediate cases, the associated decline in seller participation more than offsets the
savings. As a result, the iBuyer’ s expected profit decreases as  falls. The central conclusion

from this section—that cream-skimming can mitigate adverse selection—remains unchanged.
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Full derivations, simulation details, and results for various interpretations of hassle costs are

provided in the appendix.

00 0O0iod DOoidd 4ot 0Obliodiobiod booo

As an alternative or addition to contract design, pricing can be improved by incorporating
additional data sources. I incorporate unstructured data from previous listings of the same
property—specifically, textual descriptions—to increase the precision of the iBuyer pricing
algorithm. Unobserved quality, as defined previously, encompasses latent attributes such as
mood, natural light, and perceived desirability, which are difficult to capture using structured
data alone. Unstructured listing text can partially reflect these subjective attributes, thereby
helping to capture variation in unobserved quality.

Leveraging recent advances in large language models (LLMs), I develop a simple approach to
incorporating unstructured housing data and demonstrate its potential to enhance profitability.
First, I use an LLM to construct a one-dimensional projection of unstructured housing data,
facilitating ease of use. Second, I show that including this projected variable as a covariate
improves the precision of the iBuyer pricing model. Third, I evaluate the resulting gains and
incorporate the enhanced pricing algorithm into the counterfactual contract design introduced
earlier, assessing how the combination increases expected profit. In this evaluation, the content
of listing descriptions is treated as exogenous, meaning that sellers are assumed not to strate-
gically alter their wording in response to iBuyer pricing. Under this assumption, text data
reveal information about unobserved housing quality without feedback effects. Consequently,
the results would be interpreted as an upper bound on the potential value of incorporating
listing text.

To maintain consistency with the earlier analysis in Section 8.1, I adopt the same assump-
tions: the iBuyer resells each property at the market price immediately after purchase, abstract-
ing away from dynamic factors such as resale timing, inventory costs, and resale probability.
This static framework isolates the impact of pricing precision and enables a clean comparison of
profits under different pricing algorithms. I also retain the interpretation of seller payoffs estab-
lished in Section 8.1.1, evaluating outcomes under both timing-related and non-timing-related
interpretations of hassle costs. This consistency ensures that any observed changes in profitabil-
ity are attributable solely to the improved pricing precision from incorporating unstructured
data via the LLM-enhanced model.

0o0id  00booobotd 0Ooodn bdbooot Lo 00 dodoboo bhooiobobdboh dJobdoon bood

I focus on the “Public Remarks”, which is a text field containing publicly available descrip-

tions intended for prospective buyers. For example, a listing might state: “Experience serene
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living in one of the area’s most beautiful properties, featuring a private swimming pool and
breathtaking views. Nestled on 5.2 wooded acres, this peaceful retreat offers the perfect blend
of privacy and natural beauty—a truly exceptional lifestyle opportunity.”””

Due to substantial variation in listing descriptions, projecting the “Public Remarks” text
into a compact, low-dimensional space is challenging. For both TF-IDF embeddings (restricted
to 100 features) and Sentence Transformer embeddings, the first few principal components ex-
plain only a small share of the total variance, underscoring the difficulty of capturing meaningful
structure in a compact, low-dimensional representation. Cumulative explained variance plots
for both embedding methods are provided in Appendix H.4.

Instead, I generate a one-dimensional projection of this information using the Llama-3.2-
1B-Instruct model developed by Meta AI (Meta, 2024). I explore three approaches: (i) prompt
engineering, (ii) LoRA fine-tuning, and (iii) feature extraction with subsequent regression.

For prompt engineering, I use the instruction-tuned version of the model with a deterministic
temperature setting to produce factual, consistently formatted outputs.” The prompt is: “You
are a real estate investment assistant. Read the following listing description and rate from 0 to
1 how likely this is a good opportunity to buy a house. Rate 1 for definitely a good deal, 0 for
a bad deal, and values in between for uncertain or mixed listings.” The resulting score serves
as a compact proxy for subjective desirability.

For LoRA fine-tuning, I adapt the same Llama-3.2-1B-Instruct model to predict transaction
prices. The input consists of the “Public Remarks” text and the city name, and the target output
is the sale price (inflation-adjusted to March 2023 CPI levels). LoRA fine-tuning is chosen for
computational efficiency while retaining most of the base model’ s capabilities.

For feature extraction with regression, instead of fine-tuning, I pass the same input text
and city information through the Llama model and extract the second-to-last hidden layer as
a high-dimensional semantic representation. These features are then used in an Elastic Net
regression—a regularized linear model combining Lasso and Ridge penalties—to predict the
transaction price.

For both the fine-tuning and feature extraction approaches, I use prices residualized with
respect to the other iBuyer covariates defined in the estimation section. I then generate LLM-
based predictions of these residualized prices using only the “Public Remarks” and city. Finally,
I convert the predicted residualized prices into city-specific deciles and treat these deciles as a

pseudo-score of the property.

16This public remark is a fabricated example used for illustrative purposes to preserve privacy.

"For instance, given the instruction “You are a helpful Al that rates how likely a statement is true from 0
(definitely false) to 1 (definitely true), including intermediate values like 0.5 for uncertain statements,” and the
statement “The Earth orbits the Sun,” the model returns a score of 0.95—close to 1. This slightly conservative
score reflects the model’ s tendency to hedge predictions and avoid absolute certainty, even for well-established
facts. Such cautious behavior is common in instruction-tuned models.
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In all three approaches—prompt engineering, LoRA fine-tuning, and feature extraction—
the resulting LLM-based text score is added as an additional covariate to the iBuyer pricing
model. I then evaluate whether this improves predictive accuracy and expected profit. The
profitability gain from the prompt engineering approach is modest, whereas the improvements
from the fine-tuning and feature extraction methods are substantial and broadly comparable.
For brevity, I present detailed counterfactual simulation results for the prompt engineering and
fine-tuning methods in the main text and relegate the results for the feature extraction approach
to Appendix H.5.

000000 00000000000 - Using the historical average of the Public Remarks score for each
house in Charlotte, I train a linear model on data from the pre-iBuyer entry period. Table 11
compares models estimated with and without the inclusion of the score generated through
prompt engineering. Because some houses lack historical listing information in Public Remarks,
approximately 3,000 out of 118,604 transactions are excluded from the estimation sample.

Table 11 shows that including the score generated through prompt engineering marginally
improves the model’ s explanatory power, raising the R? from 0.937 to 0.939 while leaving the
coefficients on other covariates largely unchanged. The coefficient on the LLM-based text score
is 0.245, indicating that, all else equal, a house with the highest possible score (1) is associated

with a 24.5% higher transaction price relative to a house with the lowest possible score (0).
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Without Score (Pre-iBuyer Period)

With Score (Pre-iBuyer Period)

Intercept

Log living area square feet (std.)

Bedroom number
Bathroom number
Building age
Garage dummy
Heating dummy

SeasonalFE_ 2nd quarter
SeasonalFE_ 3rd quarter
SeasonalFE_ 4th quarter

30-year mortgage rate
Federal funds rate
Log CPI index

Log CS index

Log lag house price

Dummy missing lag price

LLM-based text score

0:217 (Q116)
0:757 (Q005)

0:064 (Q002)
0:006 (Q002)
0:004 (Q000)
0:031 (Q008)
0:175 (Q027)
0:017 (Q003)

0:006 (Q003)
0:006 (Q003)
0:004 (Q003)
0:015 (Q001)

0:205 (0026)
0:138 (Q008)
0:377 (Q002)
0:252 (Q005)

0:234 (0115)
0:735 (Q005)
0:059 (Q002)
0:007 (Q002)
0:004 (Q000)
0:036 (Q008)
0:158 (0Q026)
0:017 (Q003)
0:005 (Q003)
0:005 (Q003)
0:008 (Q003)
0:014 (Q001)
0:224 (Q026)
0:129 (Q008)
0:367 (Q002)
0:253 (Q005)
0:245 (Q006)

RZ
Adj. R?
Num. obs.

0:937
0:937
85,526

0:939
0:939
85,526

p< 0:001l p< 0:01l p< 0:05

Table 11: Effect of LLM-based text score on log transaction price estimates

L Qi ZLhis table presents regression results for transaction prices in the pre-iBuyer entry period in
Charlotte. The dependent variable is the log of the transaction price, expressed in $100,000s. Living
area is measured in 1,000 square feet. Prices are adjusted to the March 2023 CPI level. The first model
excludes the Al-generated score, while the second includes it as an additional predictor. Standard
errors are reported in parentheses.

0000 0I0oiiooidol - Table 12 reports regression results for the pre-iBuyer entry period in
Charlotte. Because I use a separate subsample to fine-tune the LLMs and then apply the fine-
tuned model’ s score in a linear regression that includes additional LLM-based text covariates,
the estimation sample is smaller. To ensure a valid comparison with the prompt engineering
approach, I re-estimate that specification using the same subsample. In a few exceptional
cases, the prompt engineering method fails to generate a score prediction, resulting in a small
additional reduction in its sample size.

The first column in the table corresponds to the baseline model, which does not include an
LLM-based text score. The second and third columns include the LLM-based text score: the
second column is obtained via the prompt-engineering approach, while the third column uses
the LoRA fine-tuning approach.

Table 12 shows that the score generated from the fine-tuned model substantially improves
performance, both relative to the specification without Public Remarks and to the model that

uses the prompt engineering score.
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Without Score

Prompt Engineering Approach

LoRA Fine-tuning Approach

House Characteristics Yes Yes Yes
Market Characteristics Yes Yes Yes
LLM-based Text Score (Prompt Engineering) 0:250
(0:013)

LLM-based Text Score (Fine-tuning) 0:680

(0:008)
R? 0:940 0:941 0:956
Adj. R? 0:940 0:941 0:956
Num. obs. 21480 21352 21480

p< 0:0011 p< 0:010 p< 0:05

Table 12: Effect of LLM-based text score on log transaction price estimates

L Qi ZLhis table presents regression results for transaction prices in the pre-iBuyer entry period in
Charlotte. The dependent variable is the log of the transaction price, expressed in $100,000s. Living
area is measured in 1,000 square feet. Prices are adjusted to the March 2023 CPI level. The first model
excludes the LLM-derived score, while the second and third include scores from the prompt engineering
and LoRA fine-tuning approaches, respectively. Standard errors are reported in parentheses.
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This section builds on the previous counterfactual framework, retaining the same structure
for computing expected profits. The key difference lies in the pricing algorithm: I augment
the iBuyer pricing model by incorporating the LLM-based text score, using estimates reported
in the second column of Table 11 or the third column of Table 12. This score, derived from
unstructured listing descriptions, may partially capture dimensions of unobserved quality not
reflected in structured variables. I refer to this augmented specification as the counterfactual
pricing algorithm.

Using this updated model, I simulate expected profits across the same post—iBuyer-entry
transactions in Charlotte as in the baseline analysis to ensure comparability of results. The
estimation sample includes 42,246 transactions for Figure 18a and 14,681 for Figure 18b, after
excluding observations from the original 43,911 due to missing historical listing text descrip-
tions, missing closing dates, or failed LLM predictions.”™ As before, I evaluate expected profits
across values of 2 [0;1], combining the updated pricing rule with the previously defined
contract counterfactuals and following the iBuyer Per-transaction Profit function.

The P B ;BlMe kbproduces profits from the baseline iBuyer pricing model. The S2 7 2+
A MIT@ represents the iBuyer’ s idealized benchmark with no information asymmetry, where
its information set is identical to that of individual sellers. The label of the GGJ@" b2/ a+Q 2

line varies across figures, reflecting the implementation used—prompt engineering or LoRA

18 A practical limitation arises because the Llama 3.2 1B Instruction-tuned model has difficulty processing
numerical strings containing commas or decimal points. As a result, it fails to generate predictions for roughly
60 percent of the sample. This limitation could be mitigated by scaling residual prices to remove digits or by
using a model less sensitive to numerical formatting. To maintain comparability, I restrict the analysis to the
subsample for which an LLM score can be generated.
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fine-tuning.

(a) Prompt Engineering (b) LoRA Fine-tuning (Subsample)

Pricing Model Comparison Pricing Model Comparison
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Figure 6: Expected Profit with LLM-Based Pricing (Unit: 100,000 dollars)

L Qi 2This figure shows the expected iBuyer profit per transaction (in units of $100,000) under a
counterfactual contract with varying , the fraction of the original iBuyer offer price piht paid upfront
( =1 corresponds to the current contract structure). The P~ B ; BlMie leproduces profits from the
original iBuyer pricing model. The S 2" 7 2 + i lihad@p@sents the iBuyer’ s idealized benchmark with
no information asymmetry. Profits are simulated using numerical expectations based on post-entry
housing transactions in Charlotte. This evaluation interprets hassle costs in the least favorable way
for the iBuyer; the most optimistic case is shown in the appendix.

L0000 000l00boooOl - Figure 18a plots the resulting profit curves for each value of
Incorporating unstructured historical listing text through prompt engineering—without fine-
tuning—yields only marginal improvements in profitability, particularly when adverse selection
is severe. However, these gains are small compared with the profit increases achieved through

contract design, which more effectively mitigates adverse selection.

0000 Oi00o0DRIoOr - Figure 18b shows that incorporating unstructured historical listing
text through the fine-tuned model substantially increases expected profits. The current iBuyer
contract, in which the full payment is made upfront, corresponds to the case = 1. At this
point, using unstructured information via the fine-tuned LLM reduces the loss by approximately
44%, corresponding to 44% of the profit gain achieved under the idealized benchmark.

Another notable pattern in Figure 18b is that the counterfactual pricing algorithm consis-
tently outperforms the original iBuyer pricing model in expected profits for all 2 (0; 1], with
particularly large gains as approaches 1. This pattern reflects the cream-skimming mecha-
nism discussed in Section 8: when is low, the contract tends to attract sellers of higher-quality
homes, reducing the incremental benefit of incorporating the LLM-based text score. In con-

trast, when is high and adverse selection is more severe, the LLM-based text score adds more
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value by helping recover unobserved quality, thereby improving pricing precision and expected
profits.

Similar to the previous section, these results are based on the least favorable interpretation
of hassle costs for the iBuyer. The most favorable case is presented in Appendix H.2, and the

qualitative conclusions remain unchanged.

0 Oobboooed

This paper investigates why iBuyers—firms that offer instant home purchases using big-
data-driven pricing algorithms—struggle with profitability despite access to extensive housing
data and computational tools. I identify two key sources of seller-side private information that
iBuyers cannot fully observe or contract on: the unobserved quality of the home (e.g., features
like natural lighting or layout flow that are difficult to encode in data) and the seller’ s hassle
costs associated with traditional home selling. Asymmetric information along these dimen-
sions distorts seller selection into the iBuyer channel, reducing profit margins. By integrating
structural estimation with insights from the adverse selection literature and by incorporating
large language models to leverage unstructured listing data, I show both the limits of algo-
rithmic pricing under private information and the potential of contract design and richer data
to mitigate these frictions—offering guidance for researchers and practitioners in tech-driven
marketplaces. I substantiate these arguments with descriptive evidence and structural analysis.

Descriptive evidence shows that sellers with higher hassle costs—proxied by long-distance
moves—are more likely to sell to iBuyers, suggesting some success in attracting that segment.
However, iBuyers also face persistent difficulties in pricing unobserved home characteristics. I
show that individual-to-individual transactions rely more heavily on unobservables, and that
iBuyers earn consistently lower resale margins—even after controlling for holding period—
suggesting that they may be overpaying for lower-quality homes.

To formalize these observations, I estimate a structural model that captures the joint distri-
bution of unobserved house quality and hassle costs. The results show that unobserved quality
can significantly erode iBuyer margins, whereas higher hassle costs continue to influence sellers
to choose the iBuyer option. Building on adverse selection theory, I propose a counterfactual
contract where iBuyers lower the upfront payment but share resale revenue, thereby cream-
skimming higher-quality homes. Numerical simulations based on the estimated distributions
confirm that a carefully calibrated revenue-sharing mechanism can improve iBuyer profitability
by limiting overpayment for subpar properties. As a complementary strategy, I enhance the
iBuyer’ s pricing model by incorporating a one-dimensional projection of unstructured listing

text, constructed using a large language model (LLM). This additional input improves pricing
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precision and further increases expected profitability—particularly in settings where contract-
based cream-skimming is less effective.

These results have broader implications beyond housing. As algorithmic pricing becomes
increasingly prevalent in sectors like insurtech, fintech, and e-commerce, markets must account
for private information that remains difficult to observe—even with large datasets. Failure to

do so may lead to selection problems that erode the performance of automated pricing models.
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Using the Wayback Machine, I examine the procedure for selling to an iBuyer in 2018
through their archived websites, when iBuyers began actively operating in my sample. This
process is illustrated for Opendoor and Offerpad in Figures 7 (Internet Archive [2018b]) and 8
(Internet Archive [2018a]). iBuyer strategies may have evolved over time and could differ from

those in 2025, which falls outside my sample period.

Figure 7: Selling a House to Opendoor
L Q i Zhis figure shows Opendoor’ s step-by-step selling process as it appeared in 2018. The procedure
emphasizes speed, simplicity, and limited seller effort—core components of minimizing hassle costs.

45



Figure 8: Selling a House to Offerpad

L Qi 20fferpad’ s 2018 process outlines key steps including online valuation, home inspection, and
direct offer acceptance. These features reflect the company’ s early positioning as a hassle-reducing
alternative to traditional home sales.
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Figures 9, 10, and 11 illustrate the additional types of payments sellers make to iBuyers,
based on information from Opendoor and Offerpad websites. The first figure is derived from
Opendoor’ s archived 2019 website (Internet Archive [2019]), while the latter two are based
on current website disclosures as of 2025 (Opendoor Technologies Inc. [2025], Offerpad LLC
[2025]).

Figure 9: Breakdown of Payments to iBuyers (Opendoor, 2019)

L Qi 2This figure summarizes seller charges reported by Opendoor, based on its website archived
in 2019, with additional references to more recent disclosures in Opendoor’ s 10-K filing (Opendoor
Technologies Inc. [2023]). The service fee (typically 5%) is comparable to traditional agent commissions
(5-6%) and covers holding and resale-related costs such as property taxes, insurance, and marketing.
Repair costs reflect required pre-listing fixes. Closing costs include standard administrative items such
as escrow and title fees.
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Figure 10: Payments to Opendoor (2025)

L Qi ZLhis figure is based on seller cost breakdowns described on Opendoor’ s official website as of
2025. Categories remain consistent with earlier disclosures: a 5% service fee, post-inspection repair
costs, and standard closing costs.

Figure 11: Payments to Offerpad (2025)

L Qi 2Based on seller-facing cost information provided on Offerpad’ s website as of 2025. The fee
structure similarly includes a 5% service charge, estimated repair costs after home inspection, and
closing costs. These components are aligned with those in traditional home sales but bundled under
the iBuyer transaction model.
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This appendix provides screenshots from the homepages of major iBuyers, Offerpad and
Opendoor, as accessed in January 2025. These advertisements are intended to highlight how

iBuyers explicitly market their services as a way to avoid the hassle and uncertainty of selling

on the traditional market.

* © B © @ Finishupdate §

< G @ % offerpad.com/new-price-lock/
= sell Buy Agents Offerpada [P TENINC GET AN OFFER )
(‘ Enter Home Address START ’

GET SOLD NOW. ALL CASH. LESS HASSLE.

é’\v & 2 ? - é’

FREE LOCAL MOVE

NO SHOWINGS PICK YOUR CLOSING DATE
Sell to us for cash and we'll throw in
a free local move (up to 50 miles),
too. For free? For real!

A CASH OFFER IN MINUTES
Stay up to 3 days after so you don't

have to rush to move. Pretty sweet,
huh?

No showings, no open houses, no
hassles or headaches. Stress, be
gone! (Your pets will thank you.)

Tell us a little about your home and
we'll get back to you in minutes.

Figure 12: Offerpad’s Website Homepage (Accessed January 2025)
L Qi 2The website emphasizes convenience and speed, appealing to sellers seeking to avoid time-

consuming or emotionally taxing steps in the traditional home-selling process.

aQa « @ E 3 @ Finshupdate }

<« G @ 2 opendoor.com
ks Home insi ohts  Browse homes sign in =

Opendoor

Make the
easy move

Get a cash offer today. See the ways
we can help you sell your home.

Enter your home address

EheNework Times  Forbes WSJ FORTUNE
=

| = i J

Figure 13: Opendoor’s Website Homepage (Accessed January 2025)
L Q i Dpendoor markets its service by highlighting simplicity and certainty, consistent with targeting

sellers with high hassle costs.
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This appendix presents robust R? results from models that include interaction terms between
city fixed effects and all structural housing characteristics, as well as market characteristics.
These specifications allow the effects of housing attributes and market condition to vary by

city, improving model fit and capturing local market heterogeneity.

Log iBuyer buying price Log individual buying price

City FE  House Characteristics Yes Yes
City FE =~ Market Characteristics Yes Yes
R? 0:97 0:91
Adj. R? 0:97 0:91
Num. obs. 10,911 380 650

p< 0:0011 p< 0:01l p< 0:05

Table 13: R? comparison (2015 - 2022)

L Qi Zlhis table presents regression results including interaction terms between city fixed effects and
both structural housing and market characteristics. These interactions allow the influence of housing
and market variables to vary across cities, capturing local market heterogeneity and improving model
fit. The dependent variables are the log of iBuyer and individual transaction prices, expressed in

$100,000s.
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iBuyer vs Individual Margins
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Figure 14: Comparing absolute margins
L Qi2This figure presents the average absolute resale margin in dollars, adjusted to 2023 CPI.

Smoothed trends are estimated using Generalized Additive Models.
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Figure 15: Comparing absolute margins (Short-term transaction)
L Qi Zhhis figure restricts to properties resold within one year. Absolute resale margins are in 2023
CPI-adjusted dollars. Trends are smoothed using Generalized Additive Models.
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iBuyer vs Individual Margins (Ratio)
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Figure 16: Comparing ratio margins (Short-term transaction)

L Q i Ratio margins for properties resold within one year of purchase. All prices are adjusted to 2023

CPI. Smoothed trends use Generalized Additive Models.
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00000 00 O0000000000 00 For !, identification follows from standard random effects estima-
tion via Generalized Least Squares or Maximum Likelihood Estimation. Given E[ y ] Xpt] =0
and E "'ht j Xn; n =0, ! can be consistently recovered from the partial correlation between

Xt and log p'ht, provided that Xy for market transaction data is not collinear across or within

houses.
For ', identification follows from standard linear model estimation via Ordinary Least
Squares or Maximum Likelihood. Given E["}, j X14y] =0, ' can be consistently recovered from

the partial correlation between Xp and logpl,, assuming non-collinearity of Xy, for iBuyer
transaction data. m

{0000 00 000DO0Ioo00 00 From the exogeneity assumptions, the conditional variance of the
residual is Var(logph, Xp 'JXnt) = Var( n + "LjXn) = 2+ 2: Because j is constant
over time for a given house h, the within-house covariance of residuals across time identifies 2.
Therefore, if there are repeated observations for some houses in the market transaction data,

2 is identified. m
U0000 00 Oo0Uoiiiion 00 The decision to sell to an iBuyer implies that log Gy h> ",

where

“ht n(n)  n=Xp '+0:5 35 logpy:
Hence, the observed choice data f Lppg, > ()0 arises from a latent threshold model based on
log Cnt h-

Assume that (logCy; n) is jointly normal. (The extension to the mixture case with pa-
rameter a is straightforward.) Under this assumption, the difference log Gy h is normally
distributed, with its mean and variance depending on the parameters ( woc; moe; )-

Variation in ~p across houses and time identifies how the threshold for log Gy h> "h
shifts. If there is sufficient variation in Ty driven by Xy in the sample, then I can recover
the mean and variance of log Gy h, which in turn allows identification of the distribution
parameters ( moc;, moc ;). W
00000 U0 DO00000ot00 00 Recall that the probability of selling to the iBuyer is given by:

Phe
Phe  Roispl>prg(Phe  Ph) L spig(l )Py
where the net payment is a function of , depending on the resale outcome.

P(Sell to iBuyerj ) =(1 a 1 Fg

In the limiting case "}, ! 0, the resale price ph, becomes deterministic from the seller’
s perspective. As such, the only scenario in which affects the seller’ s utility is when the

seller receives only the upfront payment — that is, when p, pl., and the revenue-sharing

component is zero.
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In this case, increasing raises the upfront payment, increasing the total payoff and making
the seller more likely to accept the iBuyer offer. Hence, the derivative with respect to is
strictly positive.

In contrast, when pl, < pl,, the seller anticipates receiving the full payoff (either pl, or
@ (000 00 10000 1) — g
@ :

pL.), and the total payment is invariant to . Thus,
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The details of the third step are outlined below. The key distributional assumption is
the joint normality of logc and . (The extension to the mixture case with parameter a is

straightforward.) | | T

logc N mie fne moc
0o 0c 2
Therefore, the conditional distribution of z  logc given is

zj =logc j N(E[logc j]:Var[logc j])

where

j ]: DDDC( ) I00c

: Ellogc moc + = moet

and
2 Var[loge j]= 1 2

The conditional probability of selling house h to iBuyer at time t assuming joint normality,
is given by the following equation: |
X '+0:52 X | 052 '
G n) =1 : — —

Z
To incorporate the possibility that some sellers do not consider the iBuyer option at all, I
extend the model to a mixture framework. In this case, the probability becomﬁs:
| 5 2 i .5 2 -
Xpp '+05 8 X' 057 z

z

G(n)=(1 a 1

where is a standard normal distribution cdf.
Let 1u3tuyer represent an indicator function for selling house h to an iBuyer at time t. The

equation is given by

iBuyer iBuyer

Ln(n)= Ge(n)' (1 qi(n)t )

The simulated maximum likelihood model integrates Lyt ( n) over p, utilizing the estimated

distribution parameter of p obtained in the first step.
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This appendix provides supplementary materials related to the counterfactual analysis. It
contains additional derivations, model details, robustness exercises, and extensions (including

an optimistic benchmark for the iBuyer), as well as simulation results that were omitted from

the main text for brevity.
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This appendix collects the formal definitions and derivations underlying the iBuyer’ s profit

function and seller decision problem.

00000 DOiO000 00000000 000000 The ex-ante expected profit across all houses H and

time periods T is given by:
X
()= E gy [P(SCll to iBuyer ) (; w)]:

t2T h2H

(00000 00D0oO00io0 0ooo isuyer denotes the iBuyer’ s information set prior to the
realization of the resale price. Formally:

iBuyer — f Lt; piht; Fc; g

where | pl,  n is the observable component of the resale price, pl, is the offer price, and

F¢. is the joint distribution of hassle cost and unobserved house quality.

000000 O00000IoD 00 bO0O0000 - The probability that an individual seller of house h at

time t chooses to sell to the iBuyer, conditional on unobserved house quality p, is given by:

. CoN p iht
P(Sell to iBuyerj 1) = (1 a) 1 Fy . :
? plht Rp'ht >p 'ht >p iht g(plht p Iht) 'ht >p iht g(l )plht

where F¢ is the cumulative distribution function of the hassle cost €y conditional on house

quality 1, and a2 [0; 1] is the probability that the seller does not consider the iBuyer option.
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For completeness, I also present the most optimistic case for expected iBuyer profits. In
this case, hassle costs are interpreted as psychological or emotional burdens—such as the stress
of dealing with agents, staging, or uncertainty—rather than as arising from time constraints.

Under this interpretation, the timiéng of payments is irrelevant, and the seller’ s payoff is:
% Phe  Phe if Phe > Phes
Phe + Eplht Phe i Phe > Phe > P hos

- 0 if p:wt piht:

Here, the iBuyer fully alleviates the seller’ s hassle, regardless of payment timing, since the
seller avoids the psychological cost of handling the sale process. This interpretation therefore
represents the most optimistic bound on expected profitability.

With this interpretation, the cream-skimming logic in the limiting case parallels Section 8.1.2.
Note that Assumption 5 and the iBuyer profit function remain unchanged.

The probability of an individual seller to sell to the iBuyer of house h at time t conditional

on unobserved house quality  is

Phe + Ry >pl >p ihtg(plht Ph) + Ryt >pihtg(1 )Pht
Pht

00000000000 0 0000000008 0O000 00000 00D booo 00 0000001000000 000D bopoo IM/2°

bbmKTi8@Q® b2HHBM;’To Q' BBHBP2 rBi? "~ DbilRbB}i2iQ,

P(Sell to iBuyerj p)=(1 a) 1 Fg

2HH iQ Bhiny2’ .

@(a @IQﬁhD’ﬂ>V8 Bz ph > P
2HH i y ) :

@(a @'Qﬁhm& Bz ph  Ph:

Hence, the conclusion that lowering reduces participation by sellers of lower-quality homes

continues to hold under this interpretation.

UO00ID Recall that the probability of selling to the iBuyer is given by:

Phe + Rt >pl, >p ihtg(plht Ph) + Ro spi g(1 )Ph
Pht

where the net payment is a function of , depending on the resale outcome.

P(Sell to iBuyerj n)=(1 a) 1 Fg

In the limiting case "}, ! 0, the resale price p}, becomes deterministic from the seller’
s perspective. As such, the only scenario in which affects the seller’ s utility is when the
seller receives only the upfront payment — that is, when p, pl., and the revenue-sharing

component is zero.
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In this case, increasing raises the upfront payment, increasing the total payoff and making
the seller more likely to accept the iBuyer offer. Hence, the derivative with respect to is

strictly positive.

In contrast, when pl, < pl,, the seller anticipates receiving the full payoff (either pl, or
@ (000 00 10000 1) — g
@ :

pL.), and the total payment is invariant to . Thus,
|
To illustrate the quantitative implications of this alternative interpretation, Figure 17 shows
the expected iBuyer profit per transaction across values of | while Figure 18 reports the
additional improvement from the pricing design. The corresponding evaluation results, parallel

to those in the main text, are provided below.
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Figure 17: Expected Profit (Unit: 100,000 dollars)

L Qi 2L his figure reports the expected iBuyer profit per transaction (in units of $100,000) under a
counterfactual contract with varying , the fraction of the original iBuyer offer price piht paid upfront.
A value of =1 corresponds to the current contract structure. Profits are simulated using numerical
expectations based on post-entry housing transactions in Charlotte. The evaluation interprets hassle
costs in the most favorable way for the iBuyer; the main text presents the most pessimistic case.
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