
Foreclosure Auctions∗

Andras Niedermayer† Artyom Shneyerov‡ Pai Xu§

December 16, 2018

Abstract

We develop a novel theory of real estate foreclosure auctions, which have the special
feature that the lender acts as a seller for low prices and as a buyer for high prices. The
theory yields several empirically testable predictions in relation to the strategic behavior of
agents when the lender has a private signal about the quality of the property. Using novel
data from Palm Beach County (FL, US), we find evidence that the lender has a private
signal about quality. Asymmetric information is found to be relevant in the two applications
of our theory we investigate: mortgage securitization and integrated lenders.
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∗We thank Matt Backus, Péter Csóka, Brent Hickman, Tanjim Hossain, Bruno Jullien, Matthias Lang, Áureo
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1 Introduction

Foreclosures of real estate have a substantial economic impact. In 2013, 609,000 residential

sales in the U.S. were foreclosure related (i.e. foreclosure auctions or sales of real estate owned

by a lender) and comprised 10.3% of all residential sales.1 Foreclosures played an even larger

role during the 2007 and 2008 financial crisis, when “four million families [...] lost their homes

to foreclosure and another four and a half million [...] slipped into the foreclosure process or

[were] seriously behind on the mortgage payments” (Financial Crisis Inquiry Report, Angelides

et al., 2011, p. xv).

A foreclosure auction is run by a government agency following a mortgagee’s failure to make

payments to the lender. A lender (typically a bank) and third-party bidders (typically real

estate brokers) participate in such an auction. One important feature of foreclosure auctions

is that only payments up to the judgment amount (which is essentially the amount owed by

the mortgagee) are paid to the lender.2 Any payments above the judgment amount are paid

to the owner of the property. Thus, the bank essentially has the incentives of a seller for prices

below the judgment amount and the incentives of a buyer above the judgment amount.

Another important feature of foreclosure auctions is that the lender is likely to have infor-

mation about the quality of the property not available to other bidders, as lenders typically

expend significant resources on appraisals to obtain a precise value of the collateral before

granting mortgages.3 The lender’s private signal about quality is particularly relevant since

third-party bidders are not permitted to inspect the property being sold before the auction.

The informational asymmetries present in foreclosure auctions are important for at least

two reasons. First, in more than 80% of cases, the property being auctioned is not sold to a

third-party bidder, but retained by the bank (i.e. the lender). This suggests that informational

frictions in foreclosure auctions are large. Thus, a better understanding of informational asym-

metries should help to reduce informational frictions. Second, understanding how well-informed

a bank is about the value of the collateral used for a mortgage has practical implications for a

1See http://www.realtytrac.com/Content/foreclosure-market-report/december-and-year-end-2013-

us-residential-and-foreclosure-sales-report-7967.
2The judgment amount entered by the court is approximately the same as the amount owed to the bank;

however, it may include additional costs such as unpaid utilities fees and legal fees.
3A further source of the bank’s private information is that banks also typically exert significant effort in

assessing the probability of default of potential borrowers. It is well known that defaulting is negatively correlated
with the value of the collateral. See Qi and Yang (2009) and the references therein.
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number of applications, including mortgage securitization and the role of integrated lenders.

Despite the importance of foreclosure auctions, surprisingly, no economic research has been

conducted using foreclosure auction bidding data. This can likely be attributed to a number of

major empirical and theoretical challenges. Until recently, foreclosure auctions were conducted

as oral auctions; thus, data on bids was difficult to obtain. Recently, however, the availability

of data has dramatically improved, as the massive wave of foreclosures during and after the

financial crisis motivated an increasing number of counties to adopt electronic foreclosure auc-

tion systems. Palm Beach County (FL) was the first county to switch to such a system at the

beginning of 2010; however, today, more than 20 counties have adopted electronic foreclosure

auction systems. Further, due to the special rules of foreclosure auctions, deriving the theo-

retical equilibrium bidding strategies is quite involved. It further illustrates the importance

of foreclosure auctions that in Palm Beach County alone the total judgment amount was 14.3

billion dollars in the period we analyzed.

The main purpose of this paper is to provide a theory of foreclosure auctions, derive testable

implications of the theory, and to test the validity of our theory. This study determines partic-

ipants’ equilibrium bidding strategies in foreclosure auctions, in which the lender potentially

has superior information about the quality of the property being sold. The theory predicts that

there is a bunching of lenders’ bids at the judgment amount, regardless of whether or not the

lender has superior information. Bunching occurs when the lenders switch their role from seller

to buyer around the judgment amount. Notably, when a price is below the judgment amount

(i.e., when the lender is acting in the role of a seller), the lender is incentivized to increase

their bid to increase their revenues. Conversely, when a bid reaches the judgment amount, any

additional revenue goes to the original owner and, as such, price increases do not benefit the

lender. This leads to bunching.

We show that when the bank has private information about the quality of the property,

an additional, surprising empirically testable implication arises: the lender’s bidding strategy

changes discontinuously just below the judgment amount. This discontinuous change is at-

tributed to the fact that if a lender were to set a reserve price slightly below the judgment

amount, then the lender could profitably deviate by increasing the reserve to the judgment

amount and hence get pooled with high average quality lenders. This would discontinuously

increase the perceived quality of the property and hence the lender’s profits. Therefore, a con-

3



tinuous bidding strategy just below the judgment amount would lead to a contradiction. Such

a discontinuity in lenders’ bidding strategies can be empirically tested by examining patterns

in the probability of sales of properties. Notably, as a lender’s reserve increases, the prob-

ability of a sale should increase just below and drop down discontinuously at the judgment

amount. This effect of the lender’s reserve on the probability of sale stems from a selection

effect, whereby just below the judgment amount one only observes data from auctions with

uninformed banks; however, further below and at the judgment amount one observes data that

displays both uninformed and informed banks.

To bring this theory to the data, a novel data set of foreclosure auctions from Palm Beach

County (FL) was collected. Consistent with this theory, the data show that bunching indeed

occurs at the judgment amount. It is also observed that the probability of a sale increases just

below the judgment amount and drops down discontinuously at the judgment amount as the

bank’s reserve increases. Thus, auctions with informed banks appear to be present in the data

set.

A better understanding of judicial foreclosure auctions is important for a number of reasons.

First, foreclosure auctions represent an exceptionally good source of data for studying the

effects of a seller having superior information at an auction, as they simultaneously fulfill

two conditions: (i) the seller’s (i.e. the lender’s) participation is compulsory, thus any major

selectivity issues are avoided; and (ii) the seller is a private entity that is more likely to have

an informational advantage than the government for a variety of reasons.4

Second, the bank’s private signal at foreclosure auctions is indicative of the accuracy of the

bank’s information on the value of the collateral when granting the mortgage. This issue is

relevant to mortgage securitization and integrated lenders. Securitized mortgages are mortgages

that were resold by the bank on the capital market. Integrated lenders are companies that build

houses, sell them, and also provide mortgage to buyers. One would expect that a lender has a

more informative signal if the mortgage is non-securitized and if the lender is integrated. This

4Private entities are more likely to have an informational advantage than governments, as they have more
incentives to collect information. Further, governments often have to comply with disclosure rules about infor-
mation. The selectivity issue arises, as markets with severe adverse selection may break down by an Akerlof
(1970) type of argument, therefore, no data may be observed. To date, empirical studies that rely on data with
compulsory participation (and thus avoid the selectivity issue) typically consider auctions in which governments
rather than private entities are the sellers (e.g. treasury bill auctions, spectrum license auctions, and auctions
of oil drilling rights).
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is consistent with what we find empirically.

To further confirm the findings on the precision of the bank’s signal, additional information

was manually collected about the prices at which real estate was resold after a foreclosure

auction. It is expected that the auction price will be more informative about the future sale

price if a bank holds more precise information about the value of the property. The results

show that, in relation to securitized mortgages, the auction price is less informative about the

future sale price. In relation to integrated lenders, the auction price is more informative about

the future sale price.

These findings indicate a novel trade-off in the context of foreclosures. Having better infor-

mation about the collateral is beneficial to banks when granting mortgages, as better-informed

banks are better at screening borrowers with good collateral. However, the theory suggests

that this informational advantage may actually reduce the expected value of the collateral at

the foreclosure auction due to inefficient costly signaling by the bank in the auction.5

Related Literature. To the best of our knowledge, this is the first paper to provide an

economic analysis of the bidding behavior at foreclosure auctions.

This is also the first paper to provide empirical evidence that sellers hold information at

auctions on the quality of the good being sold that is not available to buyers and strategically

set reserve prices to signal the quality of the good. The empirical analyses conducted in this

study of informed seller auctions with reserve price signaling differ distinctly from previous

analyses of informed buyer auctions (see e.g. Hendricks and Porter (1988), Hendricks, Pinkse,

and Porter (2003), Nyborg, Rydqvist, and Sundaresan (2002), and Hortaçsu and Kastl (2012)).

The most important among the many differences is that a seller with information about the

quality of a good has an incentive to drive up the price, whereas a buyer does not.

Our theoretical analysis builds on two strands of the literature. The first, starting with

Milgrom and Weber (1982), analyzes the bidding behavior of buyers who have information

about a common value component. The second, more recent strand of literature, analyzes

auctions in which sellers have superior information (Horstmann and LaCasse (1997), Jullien

5This trade-off relates to the debate in the broader context on ex-ante and ex-post efficiency in financial mar-
kets. Dang, Gorton, and Holmström (2012) and Gorton and Ordoñez (2014) showed that if market participants
collect more precise information before lending, then (ex-ante) screening efficiency increases. However, this also
decreases (ex-post) liquidity, because of a winner’s curse similar to the one in our setup. This issue is, however,
outside of the scope of this paper.
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and Mariotti (2006), Cai, Riley, and Ye (2007), and Lamy (2010)).6 In relation to bids above

the judgment amount, results from the first strand of literature can be used to derive bidding

strategies. In relation to bids sufficiently below the judgment amount, results from the second

strand of literature can be used. This paper shows a surprising prediction for bids in the

intermediate between informed seller and informed buyer regions.

The literature on reserve price signaling in auctions by Jullien and Mariotti (2006), Cai et al.

(2007), and Lamy (2010) has derived important fundamental results that have surprisingly not

been used in the empirical literature to date: in many real-world auctions, reserve prices are

endogenously chosen by sellers with information not available to buyers about the quality of

the good being sold. These results are crucial to the empirical study of auctions where strategic

sellers have information about the quality of the good, as the reserve price of the seller serves

as a signal about quality and affects buyers’ bidding behavior.

More generally, this paper also relates to the literature on mortgage securitization and

integrated lenders due to the two applications of our theory that we provide. Previous research

on securitization has focused on the lenders of securitized mortgages failing to collect sufficient

information about the probability of default.7 This study complements this research with its

findings that the lenders of securitized mortgages have less precise information about the value

of the collateral. The results also complement Stroebel (2016)’s findings that integrated lenders

have more precise information about the value of the collateral than non-integrated lenders.8

In a wider sense, this paper also relates to the literature on (non-foreclosure) real estate

auction, see Quan (1994) for an overview, see also Ashenfelter and Genesove (1992) and Mayer

(1998).

2 Foreclosure Process

Property foreclosure is a remedy allowed by law to the lender if the borrower defaults on the

mortgage. While it generally transfers the ownership of the property to the lender, the process

6The early contribution by Horstmann and LaCasse (1997) differs from later research, as it considers an in-
formed seller setting a secret reserve price instead of signaling quality by setting a public reserve price. Horstmann
and LaCasse (1997) also assume that the seller does not attach a value to the good being auctioned, except for
expected revenues from possible future auctions.

7See Mian and Sufi (2009), Keys, Mukherjee, Seru, and Vig (2010), Tirole (2011), Piskorski, Seru, and Witkin
(2015), and Griffin and Maturana (2015) for some papers on this topic.

8The main difference to Stroebel (2016)’s approach is that this study uses foreclosure auction bidding data
rather than interest rates and profitability of mortgages granted by integrated and non-integrated lenders.
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may be a lengthy one and the details depend on the jurisdiction. In the United States, roughly

40% of the states adopt what is called a judicial foreclosure, while the rest adopt nonjudicial

foreclosures. In the following, we will restrict our attention to judicial foreclosures, since we are

using a data set from a state with this foreclosure system (Florida). The main legal difference

between judicial and nonjudicial foreclosure is that in the former, the process takes place in

the court system, while in the latter, it takes place outside the courts. Judicial foreclosures

always result in the property being sold at a public auction, the foreclosure auction. This and

other information concerning judicial and nonjudicial foreclosures can be found in Nelson and

Whitman (2004).

When the borrower defaults on a mortgage, the court grants the lender a judgment of

foreclosure. The judgment will specify the date of the foreclosure sale and the judgment amount

– which is the amount owed to the lender including legal costs and utility bills.9 The judgment

holder is often required to advertise the sale in a local newspaper.10 The title is transferred

to the highest bidder and certain liens and encumbrances may survive the foreclosure sale.

Finding out this information is the sole responsibility of the prospective buyers. Note that in

legal documents, the lender is referred to as plaintiff and the borrower as defendant.

Unlike in a regular real estate sale, the bank is not allowed to run an open house, or provide

individual access to prospective buyers in a foreclosure sale. The reason for this is that until

the sale is complete, any access to the property usually needs owner permission. The owner,

however, may have little incentive to cooperate with the foreclosing lender, or may even have

abandoned the property. This suggests that the bank may have private information about the

value of the property not available to other bidders.11 Third-party bidders might also have

9See https://www.sapling.com/12119077/final-judgment-amount-foreclosure-mean.
10In Palm Beach County, the bank is required to publish the sale in a newspaper and provide proof of

publication to the court (https://www.mypalmbeachclerk.com/uploadedFiles/foreclosurepolicy.pdf). The
bank may be able to influence how prominent the advertisement is and hence influence the number of bidders
in the auction. Unfortunately, we do not have information about the details of the advertisement.

11Some of this information may be verifiable and could be disclosed to other auction participants, but there
may also be non-verifiable information e.g. obtained through private communication. There is also evidence
(newspaper reports and investigations by the FBI) that banks colluded with appraisers in some cases: appraisers
distorted appraisals in order for the bank to be able to grant the mortgage. This potential distortion in the
appraisals may render the information less reliable. It may also make the information actually gathered by the
appraiser harder to disclose because the brokers may be unable to distinguish between distorted and non-distorted
appraisals. The bank may also have information as to whether and when the owner vacated the property (e.g.
whether the owner is still receiving mail), as well as information about the condition of the property prior to
foreclosure.
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information not available to the bank.12

Before moving on to the electronic format, foreclosure auctions have been conducted as

open-bid ascending-price oral auctions, organized by a representative of the court. The lender

is an active participant in the auction and is required to participate. The bidders assemble at the

Sheriff’s office to participate in the auction. The property title is awarded to the highest bidder

and the auction price is equal to the highest bid. The proceedings of the auction are collected

by the court. The court then transfers any payments up to the judgment amount to the lender.

In case the auction price exceeds the judgment amount, the additional proceedings are paid to

the owner of the property.13 The lender’s bid below the judgment amount can be viewed as a

reserve price. For a large fraction of the auctions, the lender retains the property (which can be

considered to be equivalent to no third-party bidder being willing to bid above the reserve). In

order to avoid wasting time for this large fraction of cases, the lender’s representative typically

shows a sign with the maximum amount he is willing to bid up to at the beginning of the

auction.14

We use foreclosure auction data from Palm Beach County (FL) in this paper. After the

wave of foreclosures during the financial crisis, Palm Beach County (FL) moved to a purely

electronic foreclosure auction system at the beginning of 2010 to reduce administrative costs.

The electronic bidding system was modeled after the format of traditional foreclosure auctions:

bidders participate in an English auction through an electronic bidding proxy. The proceedings

from the auction are paid to the lender up to the judgment amount and to the original owner

above the judgment amount. The electronic system shows to participants of the auction the

maximum bid the lender chose to reveal. The lender can submit his bid one week prior to the

auction, while third-party bidders can start bidding on the day of the auction. Third party

bidders are required to register the day before the auction, so there is a fixed number of potential

12Third-party bidders (typically real estate brokers) may have better information about local market condi-
tions, as well as any relevant information originating from their existing clients.

13If there are junior liens holders, then proceedings above the judgment amount are used to service junior liens
holders and the remaining proceedings, if any, are paid to the original owner. If the broker wins the auction but
the sale price falls short of the judgment amount, the lender can then ask the court for a deficiency judgment,
to be applied against the borrower’s other assets. Deficiency judgments are relatively rare, as they are only
pursued when the borrower owns other significant assets. But in that case, absent a sudden crash of the real
estate market, the borrower is better off selling these assets and avoiding a costly foreclosure that is likely to
reduce the borrower’s credit rating.

14This can also help to reduce the lender’s fees: in some counties, the lender has to pay a small legal fee as a
percentage of the sales price (less than 1%).
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bidders. Auctions start at 9 AM. Closing times of auctions are staggered after 10 AM, in a way

that ensures that there is at least a minute between the closing times of two different auctions.

In case a new leading bid is submitted in the last minute of an auction, the closing time of the

auction (and of all subsequent auctions) is delayed by a minute to give other bidders a chance

to react. This delay is repeated every time a bid is submitted in the last minute. These delays

of the closing time prevent “sniping.” The web interface shows to bidders information on the

lender’s drop-out price, the scheduled closing time, the final judgment amount, and the address

of the property. An illustration is provided in Appendix G.

The lenders (typically banks) retain the property to resell it at some later point. The

resale happens with considerable delay, so that it is likely that the bidders in a particular

foreclosure auction have moved on and the lender faces other buyers at the resale.15 Third-party

bidders are typically real estate brokers who buy the property, make considerable investments

in refurbishing the property, and then later on sell it at an increased price. The refurbishing

costs and liquidity costs of brokers can be reasonably assumed to be idiosyncratic, since the

two main challenges of refurbishing and reselling homes is “finding reliable contractors to do

work at reasonable prices” and “finding money to finance the deal.”16

The bank – effectively acting as a seller for low prices – may have information that is relevant

to third party bidders’ valuations for the following reasons. Before granting a mortgage, banks

collect information not only about the financial situation of the borrower, but also about the

value of the property used as a collateral. In particular, the very reason lenders insist on

an appraisal of the property prior to granting a mortgage is that they want to make sure

that proceedings from a foreclosure after a default are sufficiently high.17 Since appraisals are

costly (typically around $600), it is reasonable to assume that they are required in order to

provide the bank valuable information about the value of the collateral. These appraisal values

are not available to independent bidders. Even if they were available, the bank would still

15We have information on resales of foreclosed properties for April 2011 to April 2012. Our data reveal that
resales happen with a considerable delay, which has an average of almost six months and could be as long as 18
months.

16Getting a mortgage for a home to be refurbished is difficult, since the value of the home is low before ren-
ovation. See, for example, http://money.usnews.com/money/personal-finance/articles/2014/03/24/what-
you-should-know-before-dipping-into-home-flipping.

17Information about the financial situation of the borrower is also known to be correlated with the value of the
property, therefore, collecting information about the borrower provides an additional signal to the bank about
the value of the collateral.
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have an advantage at interpreting them. This is because lenders and appraisers cooperated

to provide inflated appraisals (in order to increase the mortgage volume) in some cases, but

not in others. To name one example: in 2006, the largest subprime lender at that time,

Ameriquest, paid $325 million as part of a settlement that ended an investigation that accused

the company of wrongdoings including pressuring appraisers to overstate appraisals.18 A lender

cannot credibly communicate whether a particular appraisal is reliable or not. Therefore, the

institutional details suggest that in some cases the bank may be informed. In the end, it will be

an empirical question whether it is truly so in practice. The bank may also have information as

to whether and when the owner vacated the property (e.g. whether the owner is still receiving

mail), as well as information about the condition of the property prior to foreclosure. Hence,

the linkage principle may not (fully) apply: the bank may have an incentive to disclose all

information, but this may not be possible.

Brokers, on the other hand, may have better information about local market conditions, as

well as any relevant information originating from their existing clients.

In the next section, we present a stylized model of the foreclosure auction that captures

the main institutional details. First, the payment to the lender in the auction is capped at the

judgment amount. As we show, this will result in a differential role of the lender, effectively

making it a seller of the property if the bid is lower than the judgment amount, and a buyer

otherwise. Second, the bank will have private information about the quality of the house.

This information is also relevant to the brokers, but their valuations will also depend on other

idiosyncratic factors such as refurbishing costs or their liquidity.

3 Model

Consider the bank (also called the seller, S) and n third-party bidders (or real estate brokers

or buyers, B) who participate in the foreclosure auction. The original owner of the property

is not modeled as a strategic player, since he typically lacks the resources to participate in

the auction. The judgment amount (i.e. the balance of the mortgage) is denoted as vJ . The

foreclosure auction is modeled as a variant of the second-price auction with a public reserve

similar to Jullien and Mariotti (2006) and Cai et al. (2007). The maximum bid by the bank

18See http://articles.latimes.com/2010/jan/27/business/la-fi-ameriquest27-2010jan27.
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is observed by the third-party bidders prior to submitting their bids. We will discuss these

assumptions later.

The key difference between a standard auction and a foreclosure auction is that the pro-

ceeding of the foreclosure auction up to the judgment amount goes to the bank. Anything

above the judgment amount goes to the original owner. The winner pays the auction price

p. If the price exceeds the judgment amount, p ≥ vJ , then the bank gets vJ and the owner

pockets the difference p−vJ . If the price is below the judgment amount, p < vJ , then the bank

gets p and the owner gets nothing. The property is transferred to a broker only if a broker

wins; otherwise, the bank keeps the property. It follows that if the bank wins the auction, it

effectively pays the auction price to itself. So in reality no money changes hands in this case.

But if a broker wins, then money is actually transferred, from the broker to the bank and

possibly the owner as well.

As usual, we model the foreclosure sale as a game of incomplete information. We assume

that both the brokers and the bank may have relevant information (signals) concerning the

market value of the property. The brokers’ signals are denoted as X1, ..., Xn, while the bank’s

signal is denoted as XS . The signals Xi and XS will be sometimes referred to as buyers’ and

seller’s types. Their realizations will be denoted as xi and xS , respectively. The brokers do not

observe XS . They only privately observe their own signals, Xi.

Assumption 1. (X1, ..., Xn) are affiliated and their joint probability density function is sym-

metric, continuously differentiable and positive on Rn
+. Moreover, XS and (X1, ..., Xn) are

independent.

Broker i’s valuation is given by Vi = vB (Xi, X−i, XS) and the bank’s valuation is given

by VS = vS (X1, ..., Xn, XS), where X−i := (X1, ..., Xi−1, Xi+1, ..., Xn). Let X(k) denote the k

highest signal among all brokers, and X−i
(1) denote the highest signal among all but broker i ’s

signals. Define

w (xB, xS) = E
[
Vi|Xi = xB, X

−i
(1) < xB, XS = xS

]
,

v (xB, xS) = E
[
Vi|Xi = xB, X

−i
(1) = xB, XS = xS

]
,

and

uS (xS , xB) = E
[
VS |X(1) = xB, XS = xS

]
.
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w(xB, xS) represents the valuation of a broker with signal xB conditional on having the highest

signal among all brokers, v(xB, xS) the valuation of a broker with signal xB conditional on

having the same signal as the highest signal among all other brokers. uS(xS , xB) is the bank’s

valuation conditional on the highest broker signal being xB.

We denote the distribution of the seller’s signal XS as FS and the distribution of X(k) (i.e.

the k highest signal among all brokers) as F(k). Denote the corresponding densities by fS and

f(k), respectively.

We make the following assumptions concerning the expected valuations of the bank and

the brokers.

Assumption 2. The functions w (xB, xS), v (xB, xS) and uS (xS , xB) are twice continuously

differentiable, with w(0, 0) = v(0, 0) = uS(0, 0) = 0 and

∂w (xB, xS)

∂xB
≥ θ,

∂w (xB, xS)

∂xS
≥ 0,

∂v (xB, xS)

∂xB
> θ,

∂v (xB, xS)

∂xS
≥ 0,

∂uS (xS , xB)

∂xS
> 0,

∂uS (xS , xB)

∂xB
≥ 0.

for some constant θ > 0 and satisfy the single-crossing conditions

∂w (xB, xS)

∂xB
>

∂uS (xS , xB)

∂xB
,

∂uS (xS , xB)

∂xS
>

∂w (xB, xS)

∂xS
.

The single crossing conditions in the last pair of inequalities are sufficient to ensure that

the auction that transpires when the bank sets the reserve above the judgment amount has

an equilibrium in increasing strategies. (See the discussion in Section 9.2 in Krishna (2009).)

If Vi’s do not depend on XS and VS does not depend on (X1, ..., Xn), we have a special case

of private values. Otherwise, the valuations are interdependent. We also distinguish a special

case where the bank is uninformed. In this case, the bank’s signal is irrelevant to the brokers,

i.e. ∂vB(xi,x−i,xS)
∂xS

= 0 for all xi, x−i. Otherwise, we have the case where the bank is informed,

in the sense that its information is relevant to the brokers. It should be emphasized that the

bank being informed does not necessarily imply that it is better informed than the brokers, but

only that the bank has some information not available to the brokers. The brokers, however,

might also have information not available to the bank. We discussed the reasons why the bank

may have a private signal about quality in Section 2.
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It will be useful in the following to define the virtual valuation function à la Myerson (1981),

J(xB, xS) = w(xB, xS)−
∂w(xB, xS)

∂xB

F(2)(xB)− F(1)(xB)

f(1)(xB)

+ (min{vJ , v(xB, xS)} − w(xB, xS))
f(2)(xB)

f(1)(xB)
, (1)

Observe that for vJ = ∞ and independent private values, J reduces to Myerson’s virtual

valuation function. We make the standard assumption of Myerson’s regularity condition:

Assumption 3. The virtual valuation J(xB, xS) is increasing in xB.

The assumption ensures that second-order conditions hold.

For the case of an uninformed bank (i.e. when the bank’s signal XS is irrelevant for buyers),

we will simplify notation from v(xB, xS), w(xB, xS), and J(xB, xS) to v(xB), w(xB), and J(xB),

respectively.

4 Equilibrium

To simplify the exposition, we will consider three cases in the following: (i) nothing is owed to

the bank (vJ = 0), (ii) an infinite amount is owed to the bank (vJ = ∞), and (iii) the amount

owed to the bank is neither zero nor infinity (vJ ∈ (0,∞)). The bank acts as a buyer in the

first case, while it acts as a seller in the second case.

4.1 Bank-buyer Equilibrium: vJ = 0

If vJ = 0, we model both the bank and the brokers act as buyers bidding in a standard

second-price auction with a reserve price. The broker bids below the reserve are interpreted

as non-serious bids. The equilibrium can be found by adapting a Milgrom and Weber (1982)

style of argument to our setup.19 In a separating equilibrium, the bank’s signal xS is revealed

to the brokers through the bank’s reserve price p†(xS). The minimal signal of a broker who

participates (i.e. bids seriously) must be such that the value conditional on winning is equal

to the reserve

w(xB, xS) = p†(xS).

19Milgrom and Weber (1982) have a button English auction, whereas our model is a second-price auction. As
we will discuss in Section 4.4, in our particular case the two are equivalent.
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The participating brokers bid v(xB, xS), their values conditional on just winning.

In order to characterize the bank’s equilibrium bidding strategy p†(xS), we need a model

of broker bids below the reserve, i.e. non-serious bids, as they determine what the bank will

end up paying if it wins the auction. We shall assume that the non-serious bids follow an

equilibrium where brokers believe the bank does not pre-commit to the maximum bid, and

bids as it would in an English auction. Such an equilibrium is standard in the literature (see

the discussion in Section 9.2 in Krishna (2009)) and has the following form. Let ϕS(p), ϕB(p)

be respectively the inverses of the bank’s and the broker’s bidding strategies, found from the

indifference conditions

w(ϕB(p), ϕS(p)) = p, (2)

uS(ϕS(p), ϕB(p)) = p. (3)

The broker’s indifference condition (2) takes into account the fact that the broker is unable to

observe the drop-out decisions of the other brokers. Proposition 9.1 in Krishna (2009) implies

that there exists a unique solution (ϕB(·), ϕS(·)) to the above system, and that in fact ϕ−1
S (·) is

the bank’s Bayesian-Nash equilibrium strategy. We denote p†(xS) = ϕ−1
S (xS). This equilibrium

is described in the proposition below.

Proposition 1 (Bank-buyer equilibrium). Let (ϕS(·), ϕB(·)) be the unique solutions to the

system of equations (2) and (3). The bank’s reserve price strategy is given by p†S(xS) = ϕ−1
S (xS).

Given reserve price p, only brokers with xB ≥ ϕB(p) submit a serious bid, and their bidding

strategy is given by v(xB, ϕS(p)). The non-serious broker bids are given by ϕ−1
B (xB).

It should be noted that there is a multiplicity of equilibria depending on what one assumes

about brokers’ non-serious bidding strategy. This is due to the fact that for a reserve price

p of the bank, a non-serious bidder (i.e. a bidder who has no intention to buy the property)

is indifferent between submitting any bid in the interval [0, p). For the empirically testable

predictions that we will derive, it does not matter which of the equilibria is played as we will

see later. However, we have focused on the equilibrium in which non-serious bidders bid as

in an English auction since traditionally foreclosure auctions were run as English in which the

bank did not commit to the drop-out price it preannounced.

We briefly discuss the other equilibria which exist in the electronic foreclosure auctions,

in which the bank does commit to the preannounced drop-out price. One equilibrium arises

14



if non-serious bidders simply stay out of the auction (or equivalently, submit bids of 0). In

this equilibrium, it is optimal for the bank to submit an infinitely high bid to deter entry by

other bidders. Another equilibrium arises if non-serious bidders bid an epsilon below the banks

reserve, p− ϵ. In this case, the bank effectively has the payoff structure of a first price auction

(if it wins, it pays its bid), whereas brokers have the payoff structure of a second-price auction.

There is a continuum of other equilibria with non-serious bids in the interval (0, p).

4.2 Bank-seller Equilibrium: vJ = ∞

In case vJ = ∞, it does not matter what non-serious bids the brokers submit. It is because if

the bank wins, then the bank will not have to make any net payments.

We first consider the uninformed bank, i.e. the case where the bank’s information is not

relevant to the broker, ∂vB (xi, x−i, xS) /∂xS = 0 for all xi, x−i. In this case, the bank faces

an optimal reserve problem à la Myerson (1981) with the additional feature that the brokers’

signals may affect its value conditional on winning, which leads to a potential winner’s curse.

Proposition 2 (Bank-seller equilibrium for an uninformed bank). In case of an uninformed

bank, there is a unique separating equilibrium, with the bank’s reserve price strategy given by

p∗S(xS) = w(m(xS)), where m(xS) solves the equation J(m(xS)) = uS(xS ,m(xS)).

The intuition for this result is that J(m(xS)) can be interpreted as the bank’s marginal

revenue and uS(xS ,m(xS)) as the bank’s marginal cost of selling due to it’s own valuation for

the property. The proof is provided in the Appendix.

We now turn to the case of the informed bank, i.e. the case where the bank’s signal conveys

information about the common value component: ∂vB (xi, x−i, xS) /∂xS > 0 for all xi, x−i.

Such auctions have been considered in Jullien and Mariotti (2006), Cai et al. (2007) and Lamy

(2010). These papers characterize a separating equilibrium of the ensuing signaling game where

the seller signals its information through the reserve price.

Proposition 3 (Bank-seller equilibrium). There is a unique separating equilibrium, with the

bank’s reserve price strategy given by p∗S(xS) = w(m(xS), xS), where m(xS) solves the differ-

ential equation

m′(xS) =
K(m(xS), xS)

J(m(xS), xS)− uS(xS ,m(xS))
, (4)
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where

K(x, xS) :=
∂w(x, xS)

∂xS

F(2)(x)− F(1)(x)

f(1)(x)
+

∫ ∞

x

∂min{vJ , v(x̃, xS)}
∂xS

f(2)(x̃)

f(1)(x)
dx̃. (5)

The initial condition is implicitly given by J(m(0), 0) = 0. Given the reserve p∗S(xS), only bro-

kers with xB ≥ m(xS) submit serious bids, and their bidding strategy is given by v
(
xB, p

∗−1
S (p)

)
.

For an out-of-equilibrium reserve price p < p∗S(0), the brokers believe that the bank’s type is the

lowest possible.

The intuition for the above result is that K represents the bank’s need to signal a higher

quality with a higher price. If the bank’s signal xS is irrelevant for the brokers, then K = 0

and the reserve price can be easily seen to be the same as in the uninformed bank case.

The difference of our results to Jullien and Mariotti (2006) and Cai et al. (2007) is that the

brokers’ signals may also matter for the bank, it is not just the bank’s signal that may matter

for the brokers. Another difference, which however is purely notational for the case vJ = ∞

considered so far, is that we have min{vJ , v(x̃, xS)} rather than v(x̃, xS). This notation will

turn out to be useful in the following.

4.3 General Case: vJ ∈ (0,∞)

In a foreclosure auction with vJ ∈ (0,∞), the equilibrium will combine the features of the

bank-seller equilibrium for lower xS and bank-buyer equilibrium for higher xS . The bank will

set the reserve price pS(xS) in the former case and set the price at p†S(xS) in latter as described

in the previous subsections.

We first consider the case when the bank is uninformed, i.e. ∂w (xB, xS) /∂xS = 0 and

∂v (xB, xS) /∂xS = 0. In this case, the bank-buyer locus and the bank-seller locus are simply

stitched together continuously by a flat piece as shown in the left panel of Figure 1.

Proposition 4. The uninformed bank’s equilibrium strategy is given by

pS(xS) =


p∗S(xS), xS ∈ [0, xS),

vJ , xS ∈ [xS , xS ],

p†S(xS), xS > xS ,

where xS is the point of intersection of the bank-seller strategy p∗S(xS) with the horizontal line

given by vJ , implicitly given by w(m(xS), xS) = vJ and xS is the point of intersection of the
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Figure 1: The uninformed bank’s (left panel) and the informed bank’s (right panel) equilibrium
reserve price strategies.

bank-buyer strategy p†S(xS) with vJ , given by xS = ϕS(vJ). Brokers submit serious bids only if

xB ≥ m(xS) (or, equivalently, w(xB) ≥ p), and their bidding strategy is given by v(xB).

The detailed proof is provided in the Appendix. It amounts to showing that the bank with

xS ≤ ϕS(vJ) will act as a seller, i.e. setting the reserve at or below vJ , while the bank with

xS > ϕS(vJ) will act as a buyer, i.e. setting the reserve above vJ .

The intuition for this result is the following. For auction prices below the judgment amount,

the bank faces a trade-off when considering to increase its reserve price: on the one hand a

higher reserve price by the bank lowers the probability that the bank gets proceedings from

the auction, on the other hand if the bank does get proceedings then they will be higher.

However, once the auction price reaches the judgment amount, the second part of the trade-off

disappears since any additional proceedings go to the original owner rather than the bank.

Therefore, a bank with a valuation slightly below the judgment amount will bid exactly the

judgment amount. A bank with a valuation above the judgment amount will bid above the

judgment amount in order to purchase the property.

We now turn to the case of an informed bank, i.e. when the bank’s signal is relevant for

the brokers. Unlike the case of an uninformed bank, the bank-buyer locus and the bank-seller

locus cannot be simply stitched together continuously by a flat piece. Instead, there has to be

a discontinuity in the bank’s bidding strategy just below the judgment amount. To see why,
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assume to the contrary that the bank has a continuous bidding strategy as depicted in the

left panel of Figure 1. A bank with a type slightly below xS would bid slightly below vJ in

the separating region and reveal its type. However, this bank has a profitable deviation: by

increasing its bid slightly to vJ , it moves to the bunching region, so that the perceived quality

is the average quality in the range [xS , xS ]. This small deviation would lead to a large jump in

the bank’s perceived quality and would hence increase the bank’s profits.

In order to prevent such deviations, an equilibrium with bunching must involve a gap below

vJ with xS := inf {xS : p(xS) = vJ}. Now the bank at the lower bound of support of the

bunching region, should be indifferent between bidding vJ and bidding p := p∗S(xS) < vJ . The

bank with signals below xS will prefer bidding p∗S(xS) to bidding vJ . Thus the bank’s strategy

in our (semi-)separating foreclosure equilibrium coincides with p∗S(xS) = w(m(xS), xS) for

xS < xS , where m(xS) is the solution to the differential equation from the previous section

except that J(xB, xS) and K(xB, xS) are now involving a finite vJ .

Thus, the bank’s strategy involves a jump at xS from p = p∗S(xS) to vJ , bunching at vJ ,

and another jump from vJ to p = p†S(xS) at xS := sup {xS : p(xS) = vJ} :

pS(xS) =


p∗S(xS), xS ∈ [0, xS),

vJ , xS ∈ [xS , xS ],

p†S(xS), xS > xS

(6)

The bank’s strategy is exhibited in the right panel of Figure 1. Denote for future reference

x∗S := p∗−1
S (vJ), x∗B := m(x∗S),

x†S := ϕS(vJ), x†B := ϕB(vJ).

That is, x∗S denotes the bank’s type that corresponds to the intersection point of the bank-seller

strategy and vJ , with x∗B being the corresponding broker’s type. In parallel, x†S denotes the

bank’s type that corresponds to the intersection point of the bank-buyer strategy and vJ , with

x†B being the corresponding broker’s type.

The broker’s bidding strategy is a best response to the bank’s strategy. For xS ≤ xS and

xS ≥ xS , the bank’s type xS is revealed to the brokers by the bank’s reserve prices p = p∗S(xS)

and p = p†S(xS) respectively, and therefore the brokers will submit serious bids whenever

w(xB, xS) ≥ p. Their bids will be given by the equilibrium bidding strategy of the second-

price auction v(xB, xS), while the non-serious bidders, i.e. those with w(xB, xS) < p, will bid
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w(xB, xS). If the bank sets the reserve p = vJ , the brokers will infer that the bank’s signal is

distributed with the density conditional on xS ∈ [xS , xS ],

f∗
S(xS) =

fS(xS)

FS(xS)− FS(xS)
,

and will participate (and bid) accordingly. A broker will infer the value conditional on winning

w̃(xB) =

∫ xS

xS

w(xB, xS)f
∗
S(xS)dxS ,

and will submit serious bids if and only if w̃(xB) ≥ vJ . The minimal broker type xB that will

submit a serious bid if p = vJ is given as the solution to w̃(xB) = vJ . Upon observing the

reserve price vJ , the non-serious bids are given by w̃(xB), while the serious bidders will bid

their average values conditional on just winning the auction,

ṽ(xB) =

∫ xS

xS

v(xB, xS)f
∗
S(xS)dxS .

To summarize, the on-path broker equilibrium bidding strategy of serious bidders is given by

pB(xB, p) =


v(xB, p

∗−1
S (p)), p ≤ p,

ṽ(xB), p = vJ ,

v(xB, ϕS(p)), p ≥ p,

(7)

while the equilibrium bidding strategy of non-serious bidders is obtained by replacing in the

above v with w and ṽ with w̃.

We now turn to the out-of-equilibrium beliefs, i.e. the beliefs about the bank’s type that

the brokers will form should the bank set the price in the upper gap above the reserve or in

the lower gap below the reserve. There are multiple ways to construct beliefs to support the

equilibrium. One such construction is presented below.

Over the upper gap, i.e. for the out-of-equilibrium reserve prices p ∈ (vJ , p), we assume the

brokers’ beliefs are such that the minimal broker type that submits serious bids is also given

by xB. Thus, the brokers’ out of equilibrium beliefs χ(p) satisfy

w(xB, χ(p)) = p. (8)

Over the lower gap, we also let χ(p) be defined according to (8) if the solution satisfies χ(p) ≥

xS , and we define χ(p) = xS otherwise. Note that these beliefs are monotone increasing in p.
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The minimal broker type willing to buy at p found from w(xB, χ(p)) = p, changes continuously

and in an increasing fashion, from xB = xB for p = p, to xB = xB for p = vJ .

These beliefs will incentivize the bank to never prefer to set the reserve p ∈ (vJ , p). Indeed,

for the bank types acting as a seller, xS ≤ x†S , deviating to such a price will leave the prob-

ability of sale to the broker unchanged, while the revenue conditional on sale would still be

vJ . Whereas, for bank types acting as a buyer, xS ≥ x†S , they will have the same equilibrium

probability of retention F(1)(xB), and will pay vJ or more. Thus the bank will prefer not to

deviate. In the Appendix, we show that the beliefs χ(p) incentivize the bank to never offer a

price in the lower gap, p ∈ (p, vJ).

We now introduce the two key conditions that will uniquely pin down the cutoff types xS

and xB and therefore pin down an equilibrium. First, the xB-type broker must be indifferent

between buying or not buying at the price vJ . Recall that xS is the highest bank type that

sets the reserve at vJ . This type must be indifferent between vJ and the price prescribed by

the bank-buyer equilibrium strategy p = p†S(xS). Since the minimal broker type xB that will

be able to purchase at that price in a bank-buyer equilibrium is given by xB = ϕB(p), and

recalling p†S(xS) = ϕ−1
S (xS), we have the following relationship between xS and xB:

xS(xB) = ϕS(ϕ
−1
B (xB)).

Then the broker’s indifference condition takes the form∫ xS(xB)

xS

(
w(xB, xS)− vJ

)
fS(xS)dx = 0. (9)

The second condition specifies that the xS-type bank is either indifferent between bidding

p
S
= pS(xS) or p = vJ (if xS > 0), or weakly prefers the bid at vJ to p

S
(if xS = 0):

ΠS(m(xS), xS , xS) = ΠJ(xS , xB), (xS > 0) (10)

ΠS(m(0), 0, 0) ≤ ΠJ(0, xB), (xS = 0) (11)

where ΠJ(xS , xB) is the bank’s expected equilibrium profit if its type is xS , it bids vJ , and the

minimal broker type purchasing is xB.
20

A technical lemma shows the existence of cutoffs (xS , xB) that solve the indifference con-

ditions (9) and (10). Note that it could happen that xS = 0, in which case the bunch extends

all the way to the left.

20The formula for ΠJ(xS , xB) is provided in the Appendix.
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Lemma 1 (Existence and uniqueness of the cutoffs). There exists a unique solution (xS , xB)

to the broker’s and bank’s indifference conditions (9), (10), and (11). Moreover, xS ∈ [x†S , x
∗
S ].

Given the existence of the cutoffs, we now establish existence (and uniqueness) of a semi-

pooling equilibrium in the case of an informed bank of the kind described above. The omitted

proofs are provided in the Appendix.

Proposition 5 (Equilibrium existence). There exists a unique equilibrium in the class of strate-

gies described above. The bank’s reserve price strategy is given by (6), and a broker’s strategy

is given by (7).

4.4 Discussion of Assumptions

The auction format used in Palm Beach County, Florida, is an English auction with an auto-

matic bidding proxy. The bidders provide their bidding proxies the maximum price they are

willing to pay (their drop-out price), and the proxy then bids on their behalf. These proxy bids

can be updated at any time. The bid submitted by the bank and the current leading bid are

revealed to participants during the auction, but the identities and the number of participating

third-party bidders and the identity of the leading bidder are revealed only after the auction,

so that bidders cannot condition their bidding behavior on these variables.

It is obvious that if all third-party bidders were to submit their bids to their bidding proxies

only once and simultaneously just before the auction closes then the auction format is exactly

equivalent to the second-price auction that we have modeled.

If third-party bidders repeatedly submit bids early on in the auction (say each time sub-

mitting the current leading bid plus the minimal increment), then the auction is very similar

to a standard button English auction as in Milgrom and Weber (1982). In this case, it is less

obvious that the setting is equivalent to the second-price English auction in our model. In

particular, one may be concerned about the linkage principle, which states that in the presence

of a common value component, a standard (button) English auction and a second-price auc-

tion are not equivalent. The reason is that in a standard English auction, bidders observe the

number of other bidders who have not dropped out yet and update their beliefs accordingly.

However, the linkage principle does not apply in our case since neither the number of bidders

nor the identity of the leading bidder are revealed during the auction. Another concern is that
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the bank might update its reserve price depending on the number of bidders that participate.

However, again, the non-observability of the number of bidders does not allow this.21

Another aspect of foreclosure auctions is when the reserve price is revealed. In traditional

foreclosure auctions, the bank bid in an English auction up to its drop-out price. Additionally,

in some cases the bank’s representative showed a sign with the intended drop-out price at the

beginning of the auction. While this sign had no legal obligation for the bank, there was a

gentlemen’s agreement that the bank did bid up to this price. In the electronic foreclosure

process introduced by Palm Beach County, the bank can decide whether to reveal its drop-out

price at the beginning of the auction. The bank is then legally obliged to bid up to this price. If

the bank decides not to publicly reveal its drop-out price, then bidders do not know the bank’s

drop-out price, since the identity of the leading bidder is not revealed. However, bidders may

possibly infer from a price that is rising early on in the auction that the price is still below the

bank’s drop-out price, since banks typically submit their bids at the beginning of the auction.

Our model is a reasonable approximation of the different auction settings used in practice

for foreclosure auctions.

5 Testable Hypotheses

Our theory predicts bunching of the banks’ bids at vJ for both uninformed and informed banks.

Denoting the distribution of the banks’ bids as GS(·), we therefore have the following testable

hypothesis.

Hypothesis 1 (Bunching at vJ). Both in case of uninformed and of informed banks, the

distribution GS(p) has an atom at p = vJ , formally,

lim
p↑vJ

GS(p) < GS(vJ).

The intuition for the bunching at the judgment amount in the above hypothesis is – as

described above – that banks want to drive up to price, but only up to the judgment amount

because any proceedings above the judgment amount go to the original owner. Ideally, the

21There is also a more subtle point: the bank may infer from the fact that the price rises above the reserve that
there are at least two bidders. We know from Jullien and Mariotti (2006) and Cai et al. (2007) that the bank’s
optimal reserve depends on the number of bidders since signaling is more valuable if there are more bidders.
However, if we believe that the bank already signaled its type with its initial public reserve then increasing the
reserve once the auction price rises does not increase the perceived quality of the property.
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econometricians could perfectly observe all forms of heterogeneity. It would then be straight-

forward to test for an informed bank: our theory predicts a gap in the banks’ bid distributions

just below vJ for informed bank auctions, but not for uninformed bank auctions. Hence, the

presence of a gap could serve as a test for asymmetric information.

One should not expect a gap, however, if there is unobserved heterogeneity with respect to

informational asymmetry, as one certainly would expect in reality. To what extent informational

asymmetries play a role typically depends on characteristics of the property. For example,

empirical studies show that there is little uncertainty about the quality of condominiums and

hence symmetric information is likely to be a good approximation. For single family houses

(especially in poor neighborhoods), on the other hand, there is more uncertainty about quality

and asymmetric information is likely to play more of a role.22 Another reason for differences

in asymmetric information may be that, for some mortgages, the bank got a precise appraisal

of the value of the home, whereas for other mortgages, the appraisal is imprecise.

If the sales of some of the houses are characterized by an informed bank, and for others

the bank is essentially uninformed, then the informed bank auctions will fill out the gap. Here,

by uninformed bank we mean the houses where the bank’s information is also available to the

broker; in our model, this implies that xS is observable to the broker.

Heterogeneity with respect to informational asymmetry, however, does have empirically

testable implications. More specifically, there is a selection effect: auctions with prices just

below the judgment amount are uninformed bank auction, whereas auctions at the judgment

amount can be both informed and uninformed bank auctions. This implies that the probability

of sale (i.e. the probability that a broker rather than the bank wins the auction) will change

discontinuously as we increase the considered reserve price of the bank to the judgment amount.

We will formalize this idea in the following. To quantify the degree of how well informed

the bank is, we choose the following parametrization.

We consider a specification where the broker-relevant information in the bank’s signal xS

is parameterized by α. Specifically, the broker-relevant part of the bank’s signal is assumed to

22For example, Allen, Springer, and Waller (1995) find that for condominiums observable characteristics
explain a large part of the rent (adjusted R2 = 0.911 in a regression with the rent as the dependent and different
property characteristics, such as the number of square feet and bathrooms, and central air conditioning, as
independent variables). For single family houses observable characteristics explain a much smaller fraction of
the rent (adjusted R2 = 0.685).
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be αxS + (1 − α)µ, α ∈ [0, 1], where µ is the mean of xS . The broker’s utility is given by

uBα(x1, ..., xn, xS) = uB(x1, ..., xn, αxS + (1 − α)µ), while the bank’s utility uS(xS , x1, ..., xn)

does not depend on α. The value α = 0 corresponds to the uninformed bank environment

where the bank’s signal does not affect the brokers’ utility, while the value α = 1 indicates the

other extreme of the maximum dependence. The single-crossing assumptions on the broker’s

utility are imposed on uB(x1, ..., xn, xS) = uB1(x1, ..., xn, xS), and they can be checked to carry

over to uBα for any α ∈ [0, 1]. The equilibrium objects will be indexed by α.

The value of α is assumed to be heterogeneous and unobservable to the econometrician

(but observable by market participants). Thus the data represent a mixture of auctions with

different values of α. Denote the distribution of α as Λ(α). Denote the probability of sale for

a given α as a function of the reserve price p as ρα(p). Denote the probability of sale after

averaging out over α as ρ(α). The limits of discontinuity p
α
and pα (as shown in Fig. 1) will

depend on α.

For our main result in this section, namely that there is a downward discontinuity in ρ(p)

as p ↗ vJ , we make the following assumption concerning the bank’s signals. It is worth noting

that even without this assumption, there would generically be a discontinuity at vJ . But this

assumption is needed to pinpoint the direction of the discontinuity that will actually show up

in our empirical results.

Assumption 4. The judgement value is less than the uninformed bank’s buyer bid if the bank’s

signal is at the mean level, vJ < p†S0(µ).

This assumption can be justified by noting that mortgages are typically issued with loan to

value ratios substantially less than 1. For the auctions with α > 0, this assumption will ensure

that the informed bank’s bids at vJ reveal that the bank’s signal is lower than its mean, and

the broker responds by buying with a lower probability relative to α = 0. Since the auctions

where the bank posts vJ form a mixture of auctions with different α’s, the average probability

of sale conditional on p = vJ will be lower than the uninformed bank’s probability ρ0(vJ). As

only the uninformed bank auctions are selected in the limit as p ↗ vJ , the left-limit of the

probability of sale is equal to ρ0(vJ). This intuition is made formal in the proposition below.

Hypothesis 2. We have the following testable predictions concerning the probability of sale to

the broker ρ(p):
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(a) If all auctions in the data are uninformed seller auctions (Λ(α) puts mass 1 on α = 0),

then ρ(p) is a continuous decreasing function.

(b) If all auctions in the data are informed seller auctions (Λ(α) puts mass 1 on some α > 0),

then there is a gap in the bid distributions on (p
α
, vJ) ∪ (vJ , pα) and ρ(p) is not defined

over the gap.

(c) There exists α ∈ (0, 1] such that if the data exhibit a mixture of informed and uninformed

seller auctions with the distribution Λ(α) supported on [0, α], then the probability of sale

will exhibit a downward discontinuity at vJ ,

lim
p↗vJ

ρ(p) = ρ0(vJ) < ρ(vJ).

For the region below the judgment amount, we follow Cai et al. (2007) by focusing on the

separating equilibrium. As Jullien and Mariotti (2006) have pointed out, there can also be

partially pooling equilibria of this reserve price signaling game.23 Unfortunately, there are no

clear-cut equilibrium refinements for signaling games in a continuous type space. Our results

in Hypothesis 2, however, carry over to an equilibrium in which there is partial pooling below

the judgment amount: with an informed bank, there has to be a discontinuity in the seller’s

bidding strategy at the judgment amount (which implies a gap). With uninformed banks, on

the other hand, there is a unique equilibrium and no discontinuity (hence, no gap). Therefore,

the result in Hypothesis 2 still holds. It is worthwhile mentioning that, empirically, we do not

see bunching below the judgment amount, but we do see bunching at the judgment amount.

The discontinuity is a surprising prediction of Hypothesis 2, since a discontinuity could not

emerge as a prediction of a standard model. We further illustrate this discontinuity with a

Monte Carlo simulation in Appendix B. The illustration in Appendix B also shows that under

some conditions it can occur that the probability of sale is increasing in the reserve price in

the left neighborhood of vJ due to a selection effect.24

A corollary of Hypothesis 2 is that if there are variations in the data in terms of how

well informed the bank is then for the subsamples with uninformed banks there should be no

23Jullien and Mariotti (2006) also point out that there have to be discontinuities if there is bunching.
24The selection is effect is that as the reserve price approaches the judgment amount from below, the fraction

of uninformed bank auctions (α = 0) increases. This selection effect leads to an increase of the probability sale
as the bank’s reserve increases. There is, however, also the standard effect that a higher reserve leads to a lower
probability of sale. The standard effect may or may not offset the selection effect.
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discontinuity, whereas in the subsamples in which some banks are informed there should be a

discontinuity. There are reasons to believe e.g. that for securitized mortgages (which banks

resell on the capital market after granting them) the bank may be less informed than for non-

securitized mortgages (to which the banks hold on). There are also reasons to believe that

integrated lenders (companies that build houses and also provide mortgages to buy them) are

better informed than non-integrated lenders. We will return to this later on.

It should be noted that the multiplicity of equilibria in case the bank is informed does not

affect the empirically testable hypotheses. The multiplicity of equilibria above the judgment

amount is of no concern, since Hypothesis 2 deals with a discontinuity below and at the judg-

ment amount. There is also a multiplicity of equilibria for bids below the judgment amount

as is already known from Jullien and Mariotti (2006): besides the fully separating equilibrium

below the judgment amount, there can also be partially pooling equilibria. However, all these

equilibria exhibit a gap in the bank’s bid distribution just below the judgment amount – this

is all that is needed for the key results in Hypothesis 2.

6 Empirical Analysis

6.1 Description of Data

Palm Beach County (FL) switched to an electronic system for foreclosure auctions follow-

ing Administrative Policy 10-01, effective January 6, 2010.25 The foreclosure auction website

https://mypalmbeachclerk.clerkauction.com allows plaintiffs (typically banks) and third-

party bidders (typically brokers) to bid for property being foreclosed. The ClerkAuction online

platform conducts foreclosure sales on all business days, which provides a large amount of data.

Furthermore, the auction data are electronically available.

We collected data from the website for foreclosure sales between January 21, 2010 and

November 27, 2013.26 Our data contain all transaction details on these sales, including winning

25Administrative Policy 10-01 was later superceded by Administrative Policy 11-01, effective June 17, 2011.
26The electronic bidding system for foreclosure auctions (ClerkAuction) in Palm Beach County was introduced

on January 21, 2010, which is indeed the start date of our data set. We started collecting data from various
sources in December 2013. Therefore, the cutoff date for foreclosure auctions included in our data set is November
27, 2013. Two years later, we hired research assistants who spent 300 hours to manually match the data in our
data set with the Parcel Control Numbers from the registrar’s office. We then used the Parcel Control Numbers
to collect additional information from the registrar’s office about resale prices of properties that were resold
after the foreclosure. Using data from newer auctions would cause the problem that we would need additional
work by research assistants. A further problem with newer data would be a censoring issue: properties sold a

26

https://mypalmbeachclerk.clerkauction.com


bids, winner identities, and judgment amounts. Our data set contains 12,822 auctions with a

total judgment amount of $4.2bn. For another 8,444 properties, the auction was canceled in

this period.27 For 30,976 auctions, information on the bank’s maximum bid is secret and hence

not available, the total judgment amount for these auctions is $10.1bn. The total judgment

amount across all non-cancelled auctions is $14.3bn. We will discuss possible selection effects

due to focusing on non-canceled auctions for which the bank’s maximum bid is observable in

Section 6.3. Note that for these auctions the bank’s maximum bid is observable even if the

bank wins the auction. Table 1 reports the summary statistics for the main variables. The

variable bank winning indicates that 81% of auctions under study ended up having properties

transferred to the bank’s ownership.

Banks are required to submit a bid for the foreclosed property. We have data on the

maximum bid the bank entered in the bidding proxy. Closing times for auctions conducted on

the same day differ by 1-2 minutes, so that bidding is not simultaneous.28 Further, the data

suggest that bidding by the original owner plays a negligible role if any and that in almost all

auctions all bidders are experienced.29

Table 1: Summary Statistics

variable N mean sd p1 p99

Bank Winning 12822 0.813 0.3901 0 1
Number of Brokers 12822 2.065 1.362 1 7
Judgment Amount 12822 329715.5 1950609.7 4928.16 2372136.8
Bank’s Bid 12822 210971.85 1292496.1 4200 1469750.0
Bank’s Bid (below Judgment Amount) 7337 205252.04 1360701.7 3136 1845028.0
Bank’s Bid (above Judgment Amount) 5485 218622.95 1195270.82 5300 1170692.0
Bank’s Bid/Judgment Amount 12822 0.7657 1.3617 0.0958 1.1671

foreclosure auction a few months ago may not have been resold on the regular market yet.
27Looking at the case dockets of some of the canceled auctions suggests that borrowers made some payments

to the lender shortly before the auction date and the lender subsequently canceled the foreclosure. For some of
the properties, this happened multiple times and for some, a foreclosure auction was run at some later point. We
have corrected for the resulting double accounting of properties. Without correcting for this double accounting,
the number of canceled auctions would be 25,725.

28If the leading bid in the auction increases in the last minute, then the closing time of the auction and all
subsequent auctions is extended by a minute.

29We have run a comparison between the names of the defendant and the winning bidder in the auction. Out
of 12,788 auctions, the defendant’s last name only shows up in the name of the winning bidder for four auctions.
For three out of these four auctions, the first names do not match (which could mean either relatives of the
defendant bidding or coincidentally matching last names). Almost all auctions (96%) have only experienced
bidders, where we have considers bidders to be experienced if they participate in more than three auctions.
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Data on Securitization We distinguish between securitized and non-securitized mortgages

in our data set. A securitized mortgage is not retained by the bank, but rather resold on the

capital market to investors. The bank that granted the mortgage (the originator) typically

stays on as a servicer of the mortgage. The servicer of the mortgage bids in the foreclosure

auction on behalf of the mortgage fund. Since the originator is required to hold on to a fraction

of the mortgage fund, it does have some skin in the game, however, not as much as for a non-

securitized mortgage. It has been often claimed that this led to banks granting securitized

mortgage to be less careful at checking the mortgage, both the probability of default of the

mortgagee and the value of the property used as default. Therefore, one might suspect that for

securitized mortgages, the bank has less of an informational advantage than for non-securitized

mortgages. We provide further details on securitization in Appendix C.

Since we have the name of the plaintiff in each foreclosure auction, we can categorize

mortgages as securitized vs non-securitized. We made use of an institutional detail of foreclosure

auctions: while the bidding in the auction for securitized mortgages is done by the servicing

bank (which is often also the originating bank), the name that appears as the plaintiff in legal

documents is the name of the bank acting as a trustee of the mortgage-backed securities fund,

typically accompanied by the name of the fund. We classify mortgages with plaintiff names

that refer to trustees and mortgage funds as securitized and all others as non-securitized. More

details on the classification are provided in Appendix H. An advantage of using the name of

the plaintiff for the categorization is that this is also what third-party bidders see in the info

dockets about the auction, so that we can reasonably assume that they take this into account in

their strategic behavior.30 We have classified 3,249 mortgages as securitized and the remaining

9,539 as non-securitized.

Hand-Collected Data on Tax Appraisal Values and Resale Prices An important ad-

vantage of foreclosure auction data is that all real estate transactions are recorded in official

documents. This means that there is data on the price a property is sold for months after the

foreclosure auction. Therefore, one can estimate how much information the auction price pro-

30There is also mortgage data available on the Home Mortgage Disclosure Act website. However, for auctions
in which the plaintiff’s name clearly reveals that the mortgage is securitized it is unambiguous that third-party
bidders are aware of this fact, so that both third-party bidders’ and also lenders’ strategies are affected. Further,
the Home Mortgage Disclosure Act data set only contains data on the census tract level which can often not be
uniquely linked to an individual mortgage.

28



vides about future sales prices on top of the publicly available appraisal value for tax purposes,

thus providing a way to test the hypotheses that more that the lender is better informed for

non-securitized mortages and for mortgages for which it is an integrated lender.

A further advantage of foreclosure auction data is that past sale prices are available for real

estate. The last sale price of a property (corrected by the change of the real estate price index) is

usually a very good proxy for the quality of a property. Having this information additionally to

the characteristics of the properties greatly helps reduce the issue of unobserved heterogeneity.

One further advantage of working with foreclosure auction data is that an appraisal for

tax purposes is publicly available. This appraisal value takes into consideration each of the

eight factors prescribed by Section 193.011 Florida Statutes31 and can be used to deal with

heterogeneity in property quality. It should be noted that the tax appraisal value is different

from the appraisal value the lender gets prior to granting the mortgage.

We have hand-collected data linking foreclosure auctions to Parcel Control Numbers (PCNs)

for 10,510 auctions from May 2011 to April 2012. The PCN uniquely identifies a property and

allows us to merge foreclosure auction data with data from the Palm Beach County Property

Appraiser. Since the foreclosure auction data set contained the PCN only for 10% of the

auctions, we had research assistants hand collect the PCNs by inspecting the descriptions

of foreclosure auctions. For the auctions without a PCN, the research assistants took the

address of the property foreclosed32 and searched for it on the Property Appraiser’s website. If

there were multiple matches, they used the name of the defendant on the court documents to

disambiguate. For 92% of auctions in total the PCN could be uniquely determined this way.33

It took the research assistants more than 300 hours to collect the data.

Using the PCNs we have also obtained all previous and subsequent transactions of the

properties foreclosed from the Palm Beach County Official Records. This data contains for each

transaction the seller and the buyer of the property, the transaction date, and the transaction

price.

31The factors are (1) present cash value, (2) “highest and best use to which the property can be expected to
be put in the immediate future”, (3) location, (4) size, (5) cost, (6) condition, (7) income from property, (8) net
proceeds of the sale of the property.

32In some cases, the electronic court documents contained the address. In other cases, the scanned in court
documents had to be searched manually to find the address.

33For the remaining 8% either no match was found or the match was ambiguous.
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Integrated Lenders The official records allow us to identify integrated lenders. Integrated

lenders are firms that build houses and also provide mortgages to home owners. It has been

argued (see Stroebel (2016)) that this allows integrated lenders to be better informed about

the quality of the property used as collateral than other lenders.

Combining the hand collected data allowed us to identify integrated lenders by looking at

the previous transaction of a property before the foreclosure auction. If the name of the seller in

the previous transaction could be identified as an integrated lender, we classified the mortgage

as being granted by an integrated lender. We have categorized sellers as integrated lenders in

the following way.

Some of the integrated lenders described by Stroebel (2016) operate at a national level and

are also present in Florida. Further, we sorted the 47,415 unique seller names in the 79,072

transactions by the number of transactions per seller. We looked at sellers who had 25 or

more transactions (this amounts to 105 sellers in total). We looked at the websites of these

sellers, if available, and at any information available about the companies on Bloomberg and

BusinessWire and checked whether they were described as integrated lenders.34,35

In addition to the information from the auctions, we further collected past transaction

details regarding the properties in our sample. In particular, we traced the properties in

our sample through the assessment website and found their past transaction date, price, and

registered housing type. Following the literature, we computed a quality index for the property

based on its past transaction price (see Genesove and Mayer, 2001). The quality index is the

previous transaction price corrected by the change of the real estate price index, formally, the

quality index qit of property i at the time t of the foreclosure auction is

qit = pis
θt
θs
,

where pis is the sales price at the time s of the previous sale, θs is the real estate price index in

period s, θt is the real estate price index at the time of the foreclosure auction. For the price

index θt we have used Zillow price index for Palm Beach County (https://www.zillow.com/

34The fraction of integrated lenders among foreclosure auctions in Palm Beach County is lower than the
fraction of integrated lenders for all mortgages at the national level. This may be due to mortgages of integrated
lenders being less likely to default or due to Palm Beach County having a lower fraction of integrated lenders in
general.

35Our classification of integrated versus non-integrated lenders uses information which is also readily available
to bidders in the auction, so we should be confident that their strategic behavior is likely to be affected by this
information.
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palm-beach-county-fl/home-values/). The index is computed using the median price in

Palm Beach County (see https://www.zillow.com/info/whats-the-zillow-home-value-

index/ for more details.) For the previous price index θs no price index is available, so we had

to construct a price index ourselves. We did this by taking the average price in period s:

θs =
∑

j∈I(s)

pjs

where I(s) is the set of transactions in period s. We provide summary statistics in Table 2.

Table 2: Summary Statistics

variable N mean sd p1 p99

Bank Winning 3087 0.813735 0.3893834 0 1
Number of Brokers 3087 1.983155 1.357288 1 7
Judgment Amount 3087 261491.3 1327468 5082.26 1929124
Bank’s Bid 3087 161023.5 878009.6 4600 1141000
Bank’s Bid (below Judgment Amount) 1772 145155.2 703936.4 4200 1099800
Bank’s Bid (above Judgment Amount) 1315 182406.5 1068568 5400 1178000
Auction Prices 2696 25087.42 84564.45 100 375100
Quality Index (by Previous Sales) 2645 151804.7 249288.6 3049.144 67549.8
Non-Securitized 3087 0.8218335 0.3827148 0 1
Integrated Lenders 3074 0.0891347 0.2849844 0 1
Condominium 3087 0.3747975 0.484149 0 1
Single Family 3087 0.2507289 0.4335029 0 1
Previous Sale in 70s 3087 0.0132815 0.1144961 0 1
Previous Sale in 80s 3087 0.0330418 0.1787747 0 1
Previous Sale in 90s 3087 0.2189828 0.4136239 0 1
Previous Sale in 00s 3087 0.7162293 0.4508999 0 1

As for securitized versus non-securitized mortgages, third-party bidders can also infer from

the name of the plaintiff whether or not he or she is an integrated lender. As we discussed above,

the names of integrated lenders are well known. Additionally, third-party bidders can look at

the past transaction history of a property to see whether or not the plaintiff had previously sold

the property to the current owner, which distinguishes integrated lenders from non-integrated

lenders.

6.2 Hypotheses on Auction Prices

We now turn to empirical tests of Hypotheses 1 and 2, which can be checked even without

making use of the data on the identity of the lenders or on resale prices. Bunching at the

judgment amount (Hypothesis 1) can be easily checked by plotting the cumulative distribution

function of the banks’ bids. Figure 2 shows the distribution of the banks’ maximum bids.
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Bunching shows up very clearly: there are roughly 4,000 observations bunched at the judgment

amount.36
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Figure 2: Distribution of the bank’s maximum bids (normalized by the judgment amounts).
Number of observations: 12,788.

Next, we turn to the discontinuity in the probability of sale as a function of the bank’s

maximum bid. This is plotted in Figure 3, which shows the same kernel regression as the one

shown for the Monte Carlo simulation in Figure 7 in Appendix B. It is a local linear kernel

regression (see Fan and Gijbels, 1996), the sample being split into observations below (pS < vJ)

and weakly above (pS ≥ vJ) the judgment amount. The well-known advantage of this method

is that it provides automatic correction of the boundary bias.37 It allows us to consistently

estimate the regression curve ρ(p) not only for p < vJ and p > vJ , but also their limits at

the boundary, i.e., limp↑vJ ρ(p) and limp↓vJ ρ(p). We chose the Epanechnikov kernel function,

and followed the rule-of-thumb bandwidth selection by Fan and Gijbels (1996), which offers

the asymptotically optimal constant bandwidth by minimizing the conditional weighted mean

integrated squared error.38

The most striking feature of the graph is that the probability of sale increases with the

36The exact number of observations bunched at the judgment amount depends on how one deals with rounding
issues. As an example, for a judgment amount of $198,683.50, the lender may round to the next multiple of
$100, i.e. either to $198,600 or to $198,700, since bids have to be multiples of $100. However, a look at the
data set suggests that some lenders would round to $199,000 or even to $200,000. But no matter which kind of
rounding one considers, Figure 2 makes it abundantly clear that there is bunching at the judgment amount.

37See, e.g., the discussion in Fan and Gijbels (1996), pp. 69-70.
38See section 4.2 on pp. 110-113 in Fan and Gijbels (1996) for details.
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Figure 3: Probability of sale as a function of the bank’s maximum bid. Confidence interval:
95%.

bank’s bid just before the judgment amount and drops down discontinuously at vJ . This is

exactly what our theory predicts if there is heterogeneity in terms of how informed the bank

is (see Hypothesis 2 and the illustration in Figure 7).

The estimator in Figure 3 allows the discontinuity to occur only at vJ , while the function

is continuous elsewhere. As a robustness check, we also consider the possibility that there

could also be discontinuities at other values in Appendix J. The robustness check suggests a

discontinuity at vJ , but not elsewhere.

The data suggest that there is indeed asymmetric information involved in foreclosure auc-

tions: banks seem to have an informational advantage. This appears plausible: banks collect

information about the value of the collateral before granting mortgages.

Securitization Our theoretical results on the judgment amount and the effect of the common

value component help us gain more insight on asymmetric information even without data on

resale prices. Recall that if some banks are informed, we should expect a discontinuity in the

probability of sale as a function of the bank’s bid. Also recall that under some conditions, the

probability of sale may be increasing in the bank’s bid below the judgment amount.

Figures 4a and 4b show the probability of sale as a function of the bank’s bid for securitized

and non-securitized mortgages. For non-securitized mortgages, we still see the same pattern
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as in Figure 3. For securitized mortgages, there is no increase in the probability of sale below

the judgment amount. Further, the discontinuity at vJ is much less pronounced and indeed

not statistically significant. This is consistent with the theory that banks are less informed

for securitized mortgages, since for securitized mortgages the servicer only has access to an

imprecise appraisal of the value of the home.
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Figure 4: Probability of sale as a function of the bank’s maximum bid for (a) securitized and
(b) non-securitized mortgages. Confidence interval: 95%.

Integrated Lenders With the classification of integrated builders using the hand-collected

data, we can consider Hypothesis 2, i.e., the discontinuity of the probability of sale at the

judgment amount for integrated (informed) and non-integrated (non-informed) lenders. Fig-

ure 5a shows the probability of sale as the function of the lender’s maximum bid for integrated

lenders. There is a discontinuity, as Hypothesis 2 would suggest if integrated lenders are in-

formed. Figure 5b shows the probability of sale as a function of the lender’s maximum bid for

non-integrated lenders. Contrary to what a combination of Hypothesis 2 and the assumption

that non-integrated lenders are uninformed would say, there is a discontinuity at the judgment

amount. This suggests that there is informational asymmetry even for (some) non-integrated

lenders. The confidence interval in Figure 5a is larger than in Figure 5b, which is likely due to

sample size issues.
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Figure 5: Probability of sale as a function of the bank’s maximum bid for properties built by
(a) integrated and (b) non-integrated lenders. Confidence interval: 95%.

6.3 Robustness Checks

Besides the results on discontinuities, we run a number of robustness checks to see whether the

bank’s reserve price serves as a signal about the quality of the property. We also check whether

the characteristics securitization and integrated lender affect whether the reserve price serves

as a signal.

For this purpose, we use the hand-collected data from the registrar’s office on real estate

transactions of a property before and after the foreclosure auction. We use the transactions

before the auction to construct a quality index which takes care of most of the heterogeneity

in quality. We use an instrumental variables approach to deal with remaining unobserved

heterogeneity in quality. We use the transactions after the foreclosure auction to see how well

the bank’s reserve price predicts the transaction price after the auction.

Our robustness checks are consistent with our findings in the main part of the paper: the

reserve price is more informative about the resale price in case of non-securitized mortgages

and in case of integrated lenders. We report this robustness check in Appendix E.

An aspect of electronic foreclosure auctions in Palm Beach County is that the bank can

choose whether to reveal its reserve price at the beginning of the auction. To some extent,

bidders may infer whether the bank is still in the auction from an auction price that rises

early since the bank typically submits its bid early on in the auction. However, the cases in
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which the bank chose to make its reserve price public are better approximated by our theory,

therefore, we have focused in the main part of the paper on these cases. There is a possible

selection effect: banks may choose to reveal the reserve price when the bank’s informational

advantage is particularly pronounced.39 The lower fraction of non-securitized mortgages and

integrated lenders in the total sample compared to public reserve auctions (69% vs 82% for

non-securitized mortgages, 7.9% vs 8.9% for integrated lenders) suggests that there is some

selection going on.

The probability of sale used in the method in the main part of our article cannot be used

for secret reserve auctions since the bank’s secret reserve is only observable if the property is

sold to a third-party bidder. However, the resale price analysis in Appendix E can still be

conducted for secret reserve auctions. We do this in a robustness check in Appendix J. We find

similar results for the total sample that includes both secret and public reserve auctions: the

coefficient for non-securitized mortgages and for integrated lenders is still positive, however,

lower and for the former non-significant (Table 10).

We also conduct two further robustness checks. First, we check whether there could be

discontinuities of the probability of sale at other locations than pS = vJ . Second, we check

whether the quality is less certain for non-securitized mortgages and integrated lenders than

for securitized and non-integrated lenders, respectively. See Appendix J for these additional

robustness checks.

6.4 Implications

We will only discuss policy implications directly related to foreclosure auctions; a detailed

policy discussion is outside of the scope of this paper. Our results suggest that informational

asymmetry, not only about the probability of default of a mortgagee, but also about the loss

given default (due to the value of the collateral) is relevant.

That lenders of securitized mortgages and non-integrated lenders do not have sufficiently

precise information about the value of the collateral is an ex ante inefficiency, since some

mortgages are granted that should not be granted. The results in this paper, however, also

suggest that a less informed bank also increases ex post efficiency: after a mortgagee defaults,

39The reason one may believe this to be the case is that, by an unraveling argument, if the bank has information
about the common value component then it has an incentive to reveal it. In contrast to this, in an independent
private values environment, the bank is indifferent between revealing its reserve price and keeping it secret.

36



the foreclosure auction is more efficient if the bank does not have an informational advantage,

since this eliminates the winner’s curse in a foreclosure auction. In Appendix K we compare

the magnitudes of the ex ante inefficiencies (higher loss given default due to the lower value

of the collateral) and the ex post inefficiencies (lower probability of sale). While the results

for the probability of sale are not significant at the 5% level (some of the coefficients are

mildly significant at the 10% level), they are large in magnitude: the marginal effect of being

non-securitized reduces the probability of sale by 17%, the marginal effect of being integrated

reduces the probability of sale by 25%, the probability of sale for the average property is 57%.

The average loss given default for properties retained by the bank is 41%, non-securitization

reduces this by 18%, integration reduces this by 35%. It should also be noted that these

findings are quantitatively important compared to the findings in the existing literature on the

probability of default: non-securitization reduces the probability of default from 6% to 5% (see

Keys et al., 2010).

The effect is also qualitatively relevant: as an example, the Solvency II regulation of the

European Union (in effect since January 1, 2016)40 sets a threshold for the loan-to-value ratio

of mortgages in the securitization pool in order for a mortgage backed security to qualify as

a type 1 (low capital adequacy requirement) position. Our results should serve as a word of

caution considering regulation based on loan-to-value ratios, because appraisal values may not

always be reliable.

Our findings on mortgage collaterals hence relate to the broader discussion (which is outside

of the scope of this paper) on the trade-off between ex ante and ex post effects of information

collection as described by Dang, Gorton, and Holmström (2012) and Gorton and Ordoñez

(2014) and how the trade-off matters for good times and for crises.

A policy that would improve both ex ante and ex post efficiency would be to better ensure

the independence of property appraisers and at the same time provide better information to

third-party bidders prior to foreclosure auctions (such as making the appraisal value publicly

available). The 2009 Home Valuation Code of Conduct improves upon the former issue, but

not on the latter.41 A further policy that would reduce ex post inefficiency would be court

40See the Commission Delegated Regulation (EU) 2015/35, Article 177(1)(h). The Solvency II regulation for
insurance companies is in some sense the analog of the Basel Accord for banks: it makes sure that insurance
companies do not invest their reserves in excessively risky assets.

41There is an advantage in improving both issues: if the appraisal value is publicly revealed, but only the lender
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appointed appraisals and open houses prior to a foreclosure auction.

The policy implications concerning integrated lenders are similar to the ones concerning

securitization. The fact that integrated lenders are better informed about the value of the

collateral is ex ante efficient, since they are less likely to grant mortgages that generate losses.

Their better information also causes ex post friction, however, since their informational advan-

tage leads to the winner’s curse in foreclosure auctions.

Another question is the auction format. While working out a theory of a different auction

format is outside of the scope of this paper, we briefly discuss some of the issues. Keeping the

bank’s drop out price secret for prices above the judgment amount might be welfare increasing

since it eliminates equilibria in which the bank submits a very high bid to deter entry by other

bidders and brokers do not bid. Such a strategy by the bank is weakly dominated if its drop-out

price is secret. For prices below the judgment it may possibly also be welfare improving if the

bank’s bid is secret since this avoids the inefficiency of the signaling premium.

7 Conclusions

We developed a novel theory of foreclosure auctions and tested its predictions with data from

Palm Beach county (Florida, US). We found evidence for strategic bidding and banks signaling

quality through a reserve price. First, the data reveal bunching in bids at the judgment amount,

as the theory predicts both for informed and uninformed banks. Second, there is a discontinuity

in the probability of sale to the brokers, as the theory predicts in case some banks are informed.

We provide two applications to illustrate the usefulness of our theory: mortgage secu-

ritization and the role of integrated lenders. Asymmetric information is widely viewed as

important in the context of mortgage securitization.42 We look separately at securitized and

non-securitized mortgages and find that for securitized mortgages, the bank has less of an infor-

mational advantage, because non-monotonicity and discontinuity are not present for securitized

mortgages. Further, we find non-monotonicity and discontinuity for integrated lenders, which

suggests that they have an informational advantage compared to third-party bidders. Addition-

ally, our hand-collected data on resale prices shows that the auction price is more informative

knows whether the appraisal value is really representing an adequate assessment of the value of the property or
whether the appraisal value only serves to keep the reported loan-to-value ratio below a certain threshold, then
the lender still has an informational advantage at the foreclosure auction.

42See e.g. Tirole (2011) and Gorton and Metrick (forthcoming).
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about the resale price if the mortgage is non-securitized and if the lender is integrated.

This is consistent with the hypothesis that moral hazard (or adverse selection) is involved

in the securitization process: the banks may exert less effort collecting information about the

value of the property used as collateral for a mortgage. We provide a more detailed discussion

of this issue in Appendix D. These findings complement the findings in Keys et al. (2010) that

banks collect less information about the probability of default for securitized than for non-

securitized mortgages. Our findings on integrated lenders complement Stroebel (2016)’s results

on integrated lenders, who indeed seem to have an informational advantage compared to other

lenders.

Having a theory of foreclosure auctions opens up the possibility of a structural estimation of

the informed seller effect and of the related counterfactuals. One such counterfactual exercise

concerns the effect of different foreclosure sales procedures on the welfare of the owners of

foreclosed property. This is particularly important because the owners are among the most

vulnerable. Our theory also highlights major challenges for such a structural estimation because

of the complexity of the equilibrium due to the bunching of bids and discontinuous bidding

strategies. The development of new techniques for the structural econometrics of auctions to

deal with these issues is an interesting question, but also very difficult and hence deserves

separate attention in future research.43

We have focused in our theory on the novel feature of foreclosure auctions: that the bank’s

payoff from the auction is capped at the judgment amount. We have abstracted away from two

features present in some foreclosure auctions which are related to problems that are unsolved

and known to be hard in the theoretical literature. First, for some auctions bidders may not

know whether a bid is submitted by the bank or a third-party bidder. This is a situation

equivalent to shill-bidding with a privately informed seller.44 Second, our results on second-

43One reason for being optimistic about the possibility of structural estimation is that there are identification
and estimation results for auctions with conditionally independent private information (see Li et al. (2000)),
which should facilitate estimation on the parts of the bid distribution which are not affected by bunching and
discontinuity. Li et al. (2000) derive a method to estimate the common value component in an auction. In our
setup, the common value component is equal to the seller’s signal. A difference to Li et al. (2000) is that they
consider first-price sealed bid auctions without a reserve, whereas in our setup it is an English auction with a
reserve. This poses the additional challenge that there is truncation: drop-out price below the reserve and above
the highest losing bid are not observable. Nonetheless, it should be possible to extend Li et al. (2000)’s results
to the region below the judgment amount. It is still an open question how to deal with the discontinuity and
the bunching at the judgment amount econometrically.

44Shill-bidding with a seller that does not have private information has been analyzed by Lamy (2009).
However, private information on the seller’s side adds an additional level of complexity resulting in a problem
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price auctions are applicable to an English button auction with unobservable bidder identities

and without reentry. Button auctions with reentry are a hard problem.
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Online Appendix

A Omitted Proofs

Proof of Proposition 2. The bank’s expected profit when posting a reserve p is best character-

ized through the marginal participating broker’s type xB, found from p = w(xB),

ΠS(xB, xS) = w(xB)(F(2)(xB)− F(1)(xB)) +

∫ ∞

xB

min{vJ , v(y)}dF(2)(y) +

∫ xB

0
uS(xS , y)dF(1)(y).

(12)

We also omit the argument xS in w(·). The bank sells at w(xB) if the highest broker’s signal

is at or above xB, while the second-highest signal is below xB. The probability of this event is

F(2)(xB)−F(1)(xB). If the second-highest broker’s signal is at or above xB, then the bank sells

at the auction price {vJ , v(xB)}.45 Finally, if the broker with the highest signal y drops out

45Here, we have kept vJ in the notation to ensure that the results will be applicable for the general case of a
finite vJ considered in the next section.
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at a price lower than w(xB), the bank retains the house with the expected value uS(xS , y). If

there is only one broker, n = 1, then the first integral term should be excluded from the above

formula.

The bank maximizes this expected profit with respect to xB, which after some manipulation

implies the following first-order condition: ∂ΠS(xB, xS)/∂xB = 0 =⇒ J(xB)−uS(xS , xB) = 0.

So the profit-maximizing xB = m(xS) is found as the solution to this first-order condition.

Given Assumption 3 the first-order condition is sufficient for the optimum, and the bank’s

optimal reserve price is given by

p∗S(xS) = w(m(xS)).

Proof of Proposition 3. In order to facilitate the analysis, we follow Mailath (1987) and consider

the expected profit of the bank of type xS , but the brokers believe that the type is x̂S . If the

bank drops out at p, the minimal broker type xB who is able to purchase the house can be

found from

w(xB, x̂S) = p.

The above equation provides a one-to-one mapping between p and xB. In parallel to (12), we

get the following formula for the bank’s expected profit in terms of the broker’s marginal type

xB and the broker’s belief x̂S :

ΠS(xB, xS , x̂S) = w(x∗B, x̂S)(F(2)(xB)− F(1)(xB)) +

∫ ∞

xB

min{vJ , v(y, x̂S)}dF(2)(y)

+

∫ xB

0
uS(xS , y)dF(1)(y). (13)

Let m(x̂S) be the broker’s marginal participating type that corresponds to the bank’s drop-out

price p = p∗S(xS) in a separating equilibrium, i.e. m is implicitly given by w(m(xS), xS) =

p∗S(xS). The bank’s incentive compatibility implies that it must prefer to report its type

truthfully. By Theorem 2 in Mailath (1987), m(·) is differentiable. Therefore, we have the
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following first-order condition:

∂ΠS(m(x̂S), xS , x̂S)

∂x̂S

∣∣∣
x̂S=xS

= 0.

This first-order condition can be rearranged as a differential equation for m(xS),

m′(xS) =
K(m(xS), xS)

J(m(xS), xS)− uS(xS ,m(xS))
.

Following the same argument as in Cai et al. (2007), we can show that the differential equation

(4) characterizes a separating equilibrium.

Proof of Proposition 4. The bank’s expected profit in terms of the marginal broker’s type xB

is given by

ΠS(xB, xS) = min{vJ,w(xB)}(F(2)(xB)− F(1)(xB)) +

∫ ∞

xB

min{vJ , v(y)}dF(2)(y)

+

∫ xB

0
uS(xS , y)dF(1)(y)−

∫ max{xB ,ϕB(vJ )}

ϕB(vJ )
(w(y)− vJ)dF(1)(y). (14)

The new term in comparison to (13) is the last term. It correponds to the payment w(y)− vJ

made by the bank to the owner if it wins the auction with a reserve price above vJ . This term

is only present if the bank acts as a buyer, xB > ϕB(vJ). A direct calculation shows

1

f(1)(xB)

∂ΠS(xB, xS)

∂xB
=


−J(xB, xS), xB ≤ ϕB(vJ)

uS(xS , xB)− w(xB), xB > ϕB(vJ)

where in this proof,

J(xB, xS) = min{vJ,w(xB)} − w′(xB)
F(2)(xB)− F(1)(xB)

f(1)(xB)

+ (min{vJ , v(xB)− w(xB))
f(2)(xB)

f(1)(xB)
− uS(xS , xB).

Case 1. xS ≤ ϕS(vJ). We first show that the bank will act as a seller. i.e. will set the

reserve so that the marginal broker’s type is xB ≤ ϕB(vJ). To show this, we verify that for
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xB > ϕB(vJ), uS(xS , xB)−w(xB) ≤ 0, so that the slope of the expected profit is negative. We

have

uS(xS , xB)− w(xB) ≤ uS(xS , ϕB(vJ))− w(ϕB(vJ))

= uS(xS , ϕB(vJ))− vJ

≤ uS(ϕS(vJ), ϕB(vJ))− vJ

= 0

where the first inequality follows by the single-crossing condition (Assumption 2), and the

second inequality follows since uS(xS , xB) is increasing in xS , and the last equality by the

definition of ϕB, ϕS . Thus the bank will prefer to price at or below vJ , where the slope of the

expected profit has the same sign as −J(xB, xS). The first-order condition gives xB = m(xS),

where m(xS) is found as the unique solution to J(xB, xS) = 0. If there is an interior optimum,

i.e. m(xS) < vJ , then the optimal reserve price is given by p∗S(xS) = w(m(xS)). If, on the

other hand, m(xS) ≥ vJ , then the expected profit has a positive slope for prices at or below

vJ , and negative slope for prices above vJ , thus the optimal choice is vJ .

Also note that necessarily xS < xS . Indeed,

J(m(xS), xS) = 0,

w(m(xS))− uS(xS ,m(xS)) > 0,

vJ − uS(xS ,m(xS)) > 0,

where we have used the fact that w(m(xS)) = vJ . Since w(xB) − uS(xS , xB) is increasing in

xB by the single-crossing condition (Assumption 2), this in turn implies m(xS) > m†(xS), and

therefore vJ−uS(xS ,m(xS)) > 0, where m†(xS) = ϕB(ϕ
−1
S (xS)) is the lowest broker’s type bid-

ding higher than the reserve in the bank-buyer equilibrium, w(m†(xB))− uS(xS ,m
†(xB)) = 0.

Now by the definition of xS , uS(xS ,m
†(xS)) = vJ , while we have just shown uS(xS ,m

†(xS)) <

vJ . Since m†(xS) is increasing in xS , we must have xS < xS .

Case 2. xS > ϕS(vJ). In this case, we show that the bank prefers to act as a buyer, i.e. to
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implement xB > ϕB(vJ).

Indeed, by setting the price below vJ , the bank’s value of the house conditional on keeping

it is less than uS(xS , ϕB(vJ)), which in turn is at least weakly less than the value it would

realize by following its prescribed equilibrium strategy in the bank-buyer equilibrium, whereby

the minimal broker type winning the house from the bank would be higher than ϕB(vJ). At

the same time, the payment received from the broker conditional on selling the house cannot

exceed vJ , the payment the bank would receive by following the equilibrium strategy. We

conclude that a deviation to a price p < vJ is not profitable for the bank.

Proof of Lemma 1. The proof proceeds in several steps.

Step 1: The mapping yB(xS). We show existence of a mapping xB = yB(xS) that satisfies

the bank’s indifference condition (10),

Π∗(xS) = ΠJ(xS , xB), (15)

where Π∗(xS) = ΠS(m(xS), xS , xS) is the bank-seller equilibrium profit of the type xS seller,

and we denoted as ΠJ(xS , xB) the type xS-bank’s payoff if it deviates to p = vJ ,

ΠJ(xS , xB) = vJ(1− F(1)(xB)) +

∫ xB

0
uS(xS , xB)f(1)(xB)dxB.

The mapping yB(·) is constructed by first noting that at the point where the bank-seller equi-

librium strategy intersects p = vJ line, i.e. for xS = x∗S , we must have yB(x
∗
S) = x∗B. We then

extend yB(xS) from x∗S downward by totally differentiating the indifference condition. The

Envelope Theorem implies that

Π′
∗(xS) =

∂ΠS(m(x∗S), xS , x̂S)

∂xS

∣∣∣
x̂S=xS

=

∫ xB

0

∂uS(xS , xB)

∂xS
f(1)(xB)dxB. (16)

With this in hand, the total differentiation of the indifference condition (15) yields

y′B(xS) =
Π′

∗(xS)− ∂ΠJ
∂xS

∂ΠJ (xS ,yB)
∂xB

=

∫ yB
xB

∂uS(xS ,xB)
∂xS

(vJ − uS(xS , yB))f(1)(yB)

:= L(yB, xS).
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Supplemented with a trivial equation x′ = 1, this defines a vector filed (L(yB, xS), 1) on the

domain

D = [0, x∗B]× [0, x∗S ].

We now show that L(yB, xS) is a differentiable function on D. As the functions that appear in

the numerator and denominator of L(yB, xS) are differentiable by the maintained differentia-

bility assumptions, it will suffice to show that

uS(xS , yB) < vJ ∀(yB, xS) ∈ D

(so that there is no division by 0.) To show this, first note that since m(·) is strictly increasing

by Proposition 3, we must have J(x∗B, x
∗
S) > 0. Since

J(x∗B, x
∗
S) = vJ −

∂w(x∗B, x
∗
S)

∂xB

F(2)(x
∗
B)− F(1)(x

∗
B)

f(1)(x
∗
B)

+ (min{vJ , v(x∗B, x∗S)} − vJ)
f(2)(x

∗
B)

f(1)(x
∗
B)

− uS(x
∗
S , x

∗
B)

= vJ −
∂w(x∗B, x

∗
S)

∂xB

F(2)(x
∗
B)− F(1)(x

∗
B)

f(1)(x
∗
B)

− uS(x
∗
S , x

∗
B)

where the second inequality follows because v(x∗B, x
∗
S) > w(x∗B, x

∗
S) = vJ , we see that J(x

∗
B, x

∗
S) >

0 implies uS(x
∗
S , x

∗
B) < vJ , which in turn implies uS(xS , yB) < vJ ∀(yB, xS) ∈ D, as we wanted

to show. We conclude that the differential equation y′B(xS) = L(yB, xS) with the boundary

condition yB(x
∗
S) = x∗B has a unique solution, and it is increasing: y′B(xS) > 0. This solution

gives the desired mapping yB(xS), defined on the domain [0, x∗S ] and satisfying yB(x
∗
S) = x∗B.

Step 2: The mapping zB(xS). We now turn to the broker’s indifference condition. Define

H(xS , xB) :=

∫ xS(xB)

xS

(
w(xB, xS)−max{vJ , ϕ−1

S (xS)}
)
fS(xS)dx. (17)

where xS(xB) = ϕS(ϕ
−1
B (xB)) is the supremum of bank types that act as a seller. The broker’s

indifference condition (9), H(xS , xB) = vJ , defines xB as an implicit function of xS ,

xB = z(xS)
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for xS ∈ [0, x∗S ]. Indeed, for xB = ϕB(vJ), we have

H(xS , ϕB(vJ)) =

∫ ϕS(vJ )

xS

(w(ϕB(vJ), xS)− vJ)fS(xS)dxS < 0

because w(ϕB(vJ), ϕS(vJ)) = vJ and w(xB, xS) is increasing in xS . On the other hand,

H(xS , xB) is increasing in xB for xB > ϕB(vJ), with a slope bounded from below:

∂H(xS , xB)

∂xB
=

dxS(xB)

dxB
(w(xB, ϕS(ϕ

−1
B (xB)))− ϕ−1

S (ϕS(ϕ
−1
B (xB)))

+

∫ xS(xB)

xS

∂w(xB, xS)

∂xB
fS(xS)dx

=
dxS(xB)

dxB
(w(ϕB(p), ϕS(p))− p)

∣∣∣
p=ϕ−1

B (xB)
+

∫ xS(xB)

xS

∂w(xB, xS)

∂xB
fS(xS)dx

=

∫ xS(xB)

xS

∂w(xB, xS)

∂xB
fS(xS)dx,

where the last equality follows from the fact that w(ϕB(p), ϕS(p)) = p. Next, observe that

since ∂w/∂xB ≥ θ by Assumption 2, and xB ≥ ϕB(vJ), we have

∂H(xS , xB)

∂xB
=

∫ xS(xB)

xS

∂w(xB, xS)

∂xB
fS(xS)dx ≥ θ (FS(ϕS(vJ))− xS) .

By integration, it then follows that for xB ≥ ϕB(vJ),

H(xS , xB) ≥ H(xS , ϕB(vJ)) + θ (FS(ϕS(vJ))− xS) (xB − ϕB(vJ)) → ∞

as xB → ∞. So for a given xS < x∗S , H(xS , xB) is an increasing function of xB, tending to

∞, with H(xS , ϕB(vJ)) < 0. This implies that the equation H(xS , xB) = 0 defines xB as an

implicit function of xS . This mapping is defined on [0, x∗S ] and is denoted as z(xS),

H(xS , zB(xS)) = 0.

Note that

zB(x
∗
S) < x∗B
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and zB(xS) > ϕB(vJ).

We now show that zB(·) is a decreasing function. Sine we have already shown thatH(xS , xB)

is increasing in xB for xB ≥ ϕB(vJ). This function is also increasing in xS for xS < x∗S and

xB = zB(xS):

∂H(xS , xB)

∂xS
= (vJ − w(xB, xS))fS(xS).

We claim

w(xB, xS) < vJ .

Indeed, if not, we would have

H(xS , xB) > [w(xB, xS)− vJ ][FS(ϕS(vJ)− FS(xS)] +

∫ xS(xB)

ϕS(vJ )
(w(xB, xS)− ϕS(xS))dxS > 0,

which is impossible because by assumption xB = zB(xS). So we conclude

∂H(xS , zB(xS))

∂xS
> 0.

The Implicit Function Theorem now implies that zB(·) is decreasing:

z′B(xS) = − ∂H(xS , zB(xS))/∂xS
∂H(xS , zB(xS))/∂xB

< 0.

Step 3: The equilibrium intersection xB = yB(xS) = zB(xS). We have shown that yB(xS)

and zB(xS) are both differentiable, and are, respectively, increasing and decreasing functions,

satisfying at the endpoint of their domain yB(x
∗
S) = x∗B and zB(x

∗
S) < x∗B. There are two

possibilities. First, if zB(0) ≥ yB(0), then type-0 bank prefers to bid p rather than vJ . In this

case, the curves yB(xS) and zB(xS) have a unique intersection given by

xB = yB(xS) = zB(xS), (18)

with xS ∈ (0, x∗S). If, on the other hand, zB(0) < yB(0), then type-0 bank prefers to bid vJ , so

that the equilibrium involves xB = zB(0) and the bunching extends all the way to xS = 0.
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x̂S

x̂B

xB

xS

yB(xS)

zB(xS)

Figure 6: Functions yB(·) and zB(·).

Proof of Proposition 5. The arguments from the section preceding the proposition imply that

pS(xS) is an equilibrium best response for xS ≤ xS and xS ≥ xS . Indeed, the deviations within

the bank-seller and bank-buyer loci are ruled out because the loci correspond to equilibrium

behavior, and we explain below why the bank with xS < xS will never prefer to act as a buyer,

i.e. bid at or above p, while the bank with xS > xS will never prefer to act as a seller, i.e. bid

vJ or below.

We show that the bank with xS ≤ xS will not deviate to a price p ≥ p, by establishing, in

parallel to the proof of Proposition 1, that the slope of the expected profit is negative. As in

the proof of Proposition 4, it can be shown that the slope of the expected profit is given by

uS(xS , xB)−w(xB, xS), where xB is the minimal broker type willing to purchase at the bank’s
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reserve. We now show the slope is bounded from below by 0:

uS(xS , xB)− w(xB, xS) ≤ uS(xS , ϕB(vJ))− w(ϕB(vJ), xS)

≤ uS(ϕS(vJ), ϕB(vJ))− w(ϕB(vJ), ϕS(vJ))

= vJ − vJ

= 0,

where both inequalities follow by the single-crossing conditions for uS(xS , xB) and w(xB, xS)

(Assumption 2) given that xB ≥ xB > ϕB(vJ), xS ≤ xS < ϕS(vJ), and the last equality by the

definition of ϕB, ϕS .

We have already argued in text that it is not profitable to deviate to a price in the gap

above vJ , p ∈ (vJ , p). So here we consider deviations to a price in the gap below vJ , p ∈ (p, vJ).

Consider first a bank type xS < x†S := ϕS(vJ) . We show that xS will prefer to price at vJ

rather than any price below vJ . Should the bank decide to set the price p ∈ (p, vJ), it will

signal the type χ(p) to the brokers, and the marginal participating broker type will be given

as a solution to w(xB, χ(p)) = p. When the bank of type xS sets the price p̃S(xS) ∈ [p, vJ ]

optimally, the minimal broker’s type that will buy at such price is given by m0(xS), where

m0(xS) solves w(m0(xS), χ(p̃S(xS))) = p̃S(xS), and the Envelope Theorem implies, in parallel

to (16), that the optimal expected profit Π̃S(xS) has the slope

Π̃′
S(xS) =

∂ΠS(m0(x̂S), xS , x̂S)

∂xS

∣∣∣
x̂S=xS

=

∫ m0(xS)

0

∂uS(xS , xB)

∂xS
f(1)(xB)dxB.

while the slope of the expected profit when setting the reserve at vJ is given by

Π′
J(xS) =

∫ xB

0

∂uS(xS , xB)

∂xS
f(1)(xB)dxB.

By our definition of the out-of-equilibrium belief χ(p) as a continuous, increasing function

satisfying χ(p) = xS , we must have ΠJ(xS) = Π∗(xS), while the envelope conditions above

imply
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m0(xS) < xB =⇒ Π′
J(xS) > Π′

∗(xS).

It follows that ΠJ(xS) > Π∗(xS) whenever m0(xS) < xB. If, on the other hand, m0(xS) ≥ xB,

the bank’s type xS has the probability of selling to a broker is lower than 1 − F(1)(xB), the

probability they would realize if they priced at vJ , while its expected price conditional on sale

cannot exceed vJ . Thus any type such that m0(xS) ≥ xB is at least weakly better off pricing at

vJ . We conclude that xS ∈ (xS , x
†
S) will prefer not to set the price in the lower gap, p ∈ (p, vJ).

Any type xS ≤ xS will also prefer not to deviate to a price p ∈ (p, vJ) since for these types

the envelope conditions imply that p is at least weakly preferable to vJ , while p, being on the

equilibrium path, is actually dominated by the prescribed equilibrium price pS(xS).

Now consider seller types xS ≥ x†S = ϕS(vJ). By deviating to a price p < vJ , these types

will realize the value of the house conditional on keeping it weakly less than uS(xS , xB), the

value they would realize if they kept the house with their prescribed equilibrium bid, which is

vJ if xS ∈ [x†S , xS ], or higher if xS > xS . This is because the belief χ(p) for p ∈ (p, vJ) ensures

that the minimal broker type willing to buy at p is weakly less than xB, and therefore the value

of the house conditional on keeping is weakly less than uS(xS , xB). For p ≤ p, the minimal

broker type is not higher than xB < xB, and therefore the value conditional on keeping is

strictly less than uS(xS , xB). Therefore, by deviating to p < vJ , the bank with xS ≥ x†S cannot

increase the value of the house conditional on keeping, while the price conditional on selling

cannot be higher than vJ , the price xS would realize with its prescribed equilibrium bid. We

conclude that the types xS ≥ x†S prefer not to deviate to p < vJ .

Proof of Hypothesis 2. Denote the distribution of the bank’s reserve price p conditional on α as

Gα(p). The respective densities are denoted by lowercase letters. The density of α conditional

on the reserve p is given by Bayes’ rule:

λ(α|p) = gα(p)λ(α)∫
gα̃(p)λ(α̃)dα̃

.
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Define the probability of sale as a function of p,

ρα(p) = 1− F(1)(mα(p
−1
Sα(p))).

Observe that for α = 0, gα(p) > 0 for all p and ρα is defined for all p. However, for α > 0,

there are gaps in the bank’s bid distribution below and above vJ , and hence ρα(p) is formally

undefined for p ∈ (p
α
, vJ) ∪ (vJ , pα).

Assuming that the econometrician cannot identify auctions with different values of α, the

observed probability of sale is given by the average of ρα(p) conditional on the price p:

ρ(p) =

∫ α(p)

0
ρα(p)dΛ(α|p),

where α(p) := sup
{
p
α
≥ p

}
is the maximum value of α compatible with the reserve price p,

i.e. in the support of Λ(α|p).

Part (a) of the Proposition follows directly from ρ(p) = ρ0(p) and ρ0(p) being continuous.

Part (b) follows in a straightforward way from the previous results on informed seller auctions.

The proof of part (c) proceeds in a sequence of lemmas in the following (Lemmas 2 to 5). First,

we show that the broker’s marginal participating type xBα is increasing with α ∈ [0, α]. This

implies that the probability of sale to the broker at p = vJ is decreasing in α, and therefore

ρ(vJ) =

∫ α†

0
ρα(p)dΛ(α|vJ) > ρ0(vJ).

Second, we show that ρα(p) is continuously differentiable in α ∈ [0, α(p)], and this will then be

shown to imply that only the bank-uninformed auctions (α = 0) are selected in the limit as

p ↗ vJ , which implies limp↗vJ ρ(p) = ρ0(vJ). These results together imply (c).

Lemma 2. We have

∂ϕ−1
Sα(xS)

∂α

∣∣∣∣∣
α=0

> 0 if xS < µ.
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Proof. We show that for the inverse strategies,

∂ϕSα(p)

∂α
is of the same sign as ϕSα(p)− µ.

The result in the lemma will follow from this assertion. To establish this, we totally differentiate

at α = 0 the system of equations characterizing the bank-buyer equilibrium:

wα(ϕBα(p), ϕSα(p)) = p,

uS(ϕBα(p), ϕSα(p)) = p,

where wα(xB, xS) = w(xB,, αxS + (1− α)µ). We get

∂wα

∂xB

∂ϕBα

∂α
+

∂wα

∂xS
(ϕSα − µ) = 0,

∂uS
∂xS

∂ϕSα

∂α
+

∂wα

∂xB

∂ϕBα

∂α
= 0.

Solving for ∂ϕSα
∂α

∣∣∣
α=0

we get after some algebra

∂ϕSα(p)

∂α

∣∣∣∣
α=0

=

∂wα
∂xS

∂uS
∂xB

∂wα
∂xB

∂uS
∂xS

(ϕSα(p)− µ) ,

and the result follows under the conditions in the lemma.

Lemma 3. There exists α† > 0 such that the equilibrium cutoffs xSα, xBα are differentiable

on [0, α†]. Moreover, xBα is increasing in α for α ∈ [0, α†] .

Proof. The proof is based on the Implicit Function Theorem applied to the equilibrium condi-

tions. Recall that the equilibrium cutoffs xSα, xBα are found as the (unique) solutions to the

system of two equilibrium conditions,

Π∗(xSα, α)−ΠJ(xSα, xBα) = 0, (19)

H(xSα, xBα, α) = 0. (20)
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Recall from the proof of Lemma 1,

ΠJ(xS , xB) = vJ(1− F(1)(xB)) +

∫ xB

0
uS(xS , xB)f(1)(xB)dxB

is the expected profit of the bank with type xS offering vJ , and

Π∗(xS , α) = w(xB, (1− α)µ+ αxS)(F(2)(xB)− F(1)(xB))

+

∫ ∞

xB

min{vJ , v(y, (1− α)µ+ αxS)}dF(2)(y) +

∫ xB

0
uS(xS , y)dF(1)(y)

is the expected profit if the bank offers p, with the slope with respect to xSα found by the

Envelope Theorem:

∂Π∗(xS , α)

∂xS
=

∂ΠS(m(x̂S), xS , x̂S)

∂xS

∣∣∣
x̂S=xS

=

∫ xB

0

∂uS(xS , xB)

∂xS
f(1)(xB)dxB.

Also recall that H = 0 describes the broker’s indifference condition when facing reserve price

vJ ,

H(xS , xB, α) =

∫ xSα(xB)

xS

(w(xB, αxS + (1− α)µ)− vJ) fS(xS)dxS ,

where the bank’s type xSα(xB) at the upper end of the bunching interval is implicitly deter-

mined as a function of xB by the bank-buyer equilibrium condition

w(xB, αxSα + (1− α)µ) = uS(xSα, xB). (21)

The proof proceeds in two steps.

Step 1. We first show that if xS0(xB) < µ,

∂H(xS , xB, α)

∂α

∣∣∣∣
α=0

< 0 and
∂Π∗(xS , α)

∂α

∣∣∣∣
α=0

< 0. (22)

The first inequality is shown by differentiating the equilibrium condition with respect to α at
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α = 0:

−∂xS0(xB)

∂α

∂uS
∂xS

+
∂w

∂xS
(xS0(xB)− µ) = 0.

So xS0(xB) < µ imlpies

∂xS0(xB)

∂α
= −

∂w
∂xS

(xS0(xB)− µ)

∂uS
∂xS

< 0.

Since also

∂w(xB, αxSα(xB) + (1− α)µ)

∂α

∣∣∣∣
α=0

=
∂w(xB, µ)

∂xS
(xS0(xB)− µ) < 0 (23)

if xS0(xB) < µ, we have
∂H(xS ,xB ,α)

∂α

∣∣∣
α=0

< 0. The second inequality,
∂Π∗(xS ,α)

∂α

∣∣∣
α=0

< 0, follows

by (23) and a parallel calculation for v:

∂v(y, αxSα(xB) + (1− α)µ)

∂α

∣∣∣∣
α=0

=
∂v(y, µ)

∂xS
(xS0(xB)− µ) < 0.

Step 2. Totally differentiating the system of equilibrium conditions (19) and (20) with

respect to α at α = 0 we get

(
∂Π∗
∂xS

− ∂ΠJ

∂xS

)
dxSα
dα

− ∂ΠJ

∂xB

dxBα

dα
= −∂Π∗

∂α
,

∂H

∂xS

dxSα
dα

+
∂H

∂xB

dxBα

dα
= −∂H

∂α
.

This is a system of two linear equations in two unknowns,
dxSα
dα and

dxBα
dα . The Jacobian of this

system at α = 0 is given by

J = − ∂ΠJ

∂xB︸ ︷︷ ︸
<0

∂H

∂xS︸︷︷︸
>0

−
(
∂Π∗
∂xS

− ∂ΠJ

∂xS

)
︸ ︷︷ ︸

<0

∂H

∂xB︸︷︷︸
>0

> 0.
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In the above, the sign for the term in the parentheses is negative beacuse

∂Π∗
∂xS

− ∂ΠJ

∂xS
= −

∫ xB

xB

∂uS(xS , xB)

∂xS
f(1)(xB)dxB < 0,

∂ΠJ

∂xB
= (vJ − uS(xS , xB))f(1)(xB) > 0,

and we have already shown in the proof of Lemma 1 that ∂H
∂xS

, ∂H
∂xB

> 0.

The Implicit Function Theorem then implies that xBα, xSα are differentiable in the right-

neighborhood of α = 0. Solving the system, we get

dxBα

dα

∣∣∣∣
α=0

=
1

J

∣∣∣∣∣∣
∂H
∂xS

−∂H
∂α

∂Π∗
∂xS

− ∂ΠJ
∂xS

−∂Π∗
∂α

∣∣∣∣∣∣
=

1

J

− ∂H

∂xS︸︷︷︸
>0

∂Π∗
∂α︸︷︷︸
<0

+

(
∂Π∗
∂xS

− ∂ΠJ

∂xS

)
︸ ︷︷ ︸

<0

∂H

∂α︸︷︷︸
<0

 > 0,

where the partial derivatives are all evaluated at α = 0 and we have used the result from Step

1 for xS0 > vJ ,
∂H

∂α

∣∣∣∣
α=0

< 0,
∂Π∗
∂α

∣∣∣∣
α=0

< 0.

Lemma 4. The probability of sale function ρα(p) is continuously differentiable in α for α ∈

[0, α(p)].

Proof. The proof relies on the Implicit Function Theorem. In order to apply it in the most

expedient way, we extend the definition of ρα(p) over the entire lower gap, i.e. it is defined by

extension for all p ≤ vJ , using the bank-seller equilibrium strategies mα(·) and pSα(·). This

extension is immaterial for ρ(p) as only those α’s that are sufficiently small so that p
α
≥ p are

actually selected. The function ρα(p) is implicitly defined by the equation system

−p+ wα(mα(xS), xS) = 0,

ρ− (1− F(1)(mα(xS))) = 0,
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where the endogenous variables are xS and ρ and the exogenous variable α. The solution ρα(p)

is differentiable (and therefore continuous) in α by the Implicit Function Theorem. To see

this, note first that the functions involved are differentiable in xS and α. Second, mα(xS) is

differentiable in α as a solution to the initial value problem. Finally, the Jacobian is non-zero:∣∣∣∣∣∣
∂wα
∂xB

m′
α(xS) +

∂wα
∂xS

0

∗ 1

∣∣∣∣∣∣ = ∂wα

∂xB
m′

α(xS) +
∂wα

∂xS
> 0.

Lemma 5. We have limp↗vJ ρ(p) = ρ0(vJ).

Proof. As

ρ(p)− ρ0(p) =

∫ α(p)

0
(ρα(p)− ρ0(p)) dΛ(α|p),

it follows that

|ρ(p)− ρ0(p)| ≤ sup
α∈[0,α(p)]

|ρα(p)− ρ0(p)| .

Next, since ρα(p) is continuously differentiable in α by Lemma 4, we have by the Intermediate

Value Theorem for some α0 ∈ [0, α(p)]:

ρα(p)− ρ0(p) = α
∂ρα(p)

∂α

∣∣∣∣
α=α0

.

Therefore we have the following bound:

sup
α∈[0,α(p)]

|ρα(p)− ρ0(p)| ≤ α(p) sup

∣∣∣∣∂ρα(p)∂α

∣∣∣∣ .
Since α(p) is a decreasing function, it must have a limit as p ↗ vJ . Moreover, this limit must

be 0 since by Lemma 3, xSα → xS0 as α → 0, and therefore p
α
→ vJ as α → 0. It follows that

the r.h.s. converges to 0 as p ↗ vJ because α(p) → 0.
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B Graphical Illustration of Discontinuity Result

We illustrate the predicted pattern in Hypothesis 2 through a Monte Carlo simulation. In this

example, we assume that there is one broker in each auction. Her payoff is linear in the signals,

uB(xB, xS) = (1−β)xB +βxS . The signals are lognormally distributed. β, which is the weight

on the bank’s information xS , represents the degree of how informed the bank is. It is assumed

to be uniformly distributed on [0, 1/2], with β = 0 corresponding to an uninformed bank.

To detect the discontinuity at vJ , we split the sample at vJ into two subsets. The first

subset contains the observations with the bank’s bid below vJ , while the second one contains

all observations with the bank’s bid above vJ . Then we apply a local linear regression estimator

to each subset by following Fan and Gijbels (1996). The well-known advantage of this method

is that it provides automatic correction of the boundary bias.46 It allows us to consistently

estimate the regression curve ρ(p) not only for p < vJ and p > vJ , but also their limits at

the boundary, i.e., limp↑vJ ρ(p) and limp↓vJ ρ(p). We chose the Epanechnikov kernel function,

and followed the rule-of-thumb bandwidth selection by Fan and Gijbels (1996), which offers

the asymptotically optimal constant bandwidth by minimizing the conditional weighted mean

integrated squared error.47 The estimated probability of sale functions are plotted in Figure

7. We took overall 50,000 random draws. The shaded region is the 95% confidence interval.

The figure shows a clear downward discontinuity at vJ . The figure also shows an upward

sloping probability of sale function in the left neighborhood of vJ , which can occur under some

conditions.

The reason why the probability of sale function may be upward sloping is the following.

There is a selection effect that causes the probability of sale to increase: moving closer to

the judgment amount, the fraction of uninformed banks increases. Uninformed banks have a

higher probability of sale because of a lack of the winner’s curse. However, there is also the

standard effect that a higher reserve price leads to a lower probability of sale. If the former

effect dominates the latter, then ρ will be increasing in a region below vJ .

46See, e.g., the discussion in Fan and Gijbels (1996), pp. 69-70.
47See section 4.2 on pp. 110-113 in Fan and Gijbels (1996) for details.
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Figure 7: Monte Carlo simulation for the probability of sale to the broker with linear payoffs
and lognormal distributions of signals.

C Securitization

Understanding the informational advantage of the lender at a foreclosure auction provides

insights about moral hazard in the securitization process. The basic idea is that when banks

grant mortgages, they may or may not carefully appraise the value of the property used as

collateral. If a mortgage later defaults, a more informative appraisal will give a bank an

informational advantage at the foreclosure auction.

We give a brief description of securitization in the following, only to the extent that it relates

to our analysis of foreclosure auctions. The securitization of mortgages massively increased

before and moved to the forefront of attention during the financial crisis. While only 30% of

mortgages were securitized in 1995, this fraction increased to 80% in 2006 (Dewatripont et al.,

2010, p. 19). The Financial Crisis Inquiry report (Angelides et al., 2011) considered “collapsing

mortgage-lending standards and the mortgage securitization pipeline [to have] lit and spread

the flame of contagion and crisis” (see p. xxiii). The academic literature has confirmed this

view and found that mortgage securitization has led to moral hazard and to banks excessively

granting mortgages, which later caused a collapse of the mortgage backed securities market

(Mian and Sufi, 2009; Dewatripont et al., 2010; Keys et al., 2010). See Gorton and Metrick

(forthcoming) for an overview of the theory and of the empirical evidence for moral hazard.

The media has reported cases of lenders pressuring appraisers to revise the appraisal value
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upwards to satisfy the required loan-to-value ratio criterion for securitized mortgages. There

have also been reports of lenders creating black lists of appraisers unwilling to “adjust” the

appraisal value upwards. For example, an appraiser stated that “[i]f an appraisal came in

lower than the purchase price, the loan likely would be denied. Since loan origination staff is

typically paid by commission, a failed deal meant no paycheck for them. If that happened too

many times, [...], lenders stopped sending the appraiser work.” It is also reported that “one of

the largest online mortgage lenders, has close to 12,000 appraisers on its ‘ineligible appraiser

list,’ which was removed from the Atlanta-based company’s website after the Center [for Public

Integrity] made inquiries about it.”48 Indeed, in 2006, Ameriquest, the largest subprime lender

in the U.S. at that time, settled a lawsuit by paying “$325 million to end an investigation by

49 state attorneys general who alleged it had deceived borrowers, falsified loan documents and

pressured appraisers to overstate home values”.49 Lawsuits were filed not only against lenders,

but also against appraisers. For example, in 2014, a $9.9 million settlement was reached in

a class action lawsuit against First American eAppraiseIT. According to the attorneys, “[t]he

gravamen of the [Second Amended Complaint] is that [eAppraiseIT] entered into an agreement

or understanding to provide appraisals to Washington Mutual Bank that were inflated when

and where needed for [Washington Mutual] to make a loan.” Further, eAppraiseIT allegedly

complied with the now defunct Washington Mutual’s request to “hire its former employees and

give them the power to reject property values declared by third-party appraisers.”50 Finding

clear-cut quantifiable empirical evidence of manipulation of appraisal values on a large scale is

harder: while there is clear evidence of loan-to-value ratios bunched at 80% (or sometimes other

multiples of 5%, which were typically used as thresholds for securitized mortgages), dealing with

the endogeneity of the loan size is a problem that is far from trivial.51

As an illustration, let us mention a situation that a former mortgage officer told us frequently

occurred prior to the financial crisis. A potential mortgagee would apply for a mortgage of e.g.

$100,000. The mortgage officer would know that he could only grant a mortgage as part of

48Source: https://www.publicintegrity.org/2009/04/14/2895/appraisal-bubble.
49See http://articles.latimes.com/2010/jan/27/business/la-fi-ameriquest27-2010jan27.
50See https://topclassactions.com/lawsuit-settlements/lawsuit-news/44733-9-9m-settlement-

reached-wamu-appraisal-suit/.
51The difficulty is that a loan-to-value ratio of 80% could also be explained by the loan size being chosen to fit

the maximum permissible loan-to-value ratio rather than the appraisal value. See Griffin and Maturana (2015),
who use variations in the types of mortgages to get around this endogeneity issue.
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a mortgage securitization program if the loan-to-value ratio is at most say, 80%, (80% was a

common threshold in mortgage securitization programs). Then he would call an appraiser with

whom he had repeat interaction, ask for an appraisal, and mention that he could only grant

the mortgage if the appraisal value was at least $135,000 (80% of which is $100,000). Shortly

afterwards, he would get an appraisal stating that the value of the property is exactly $135,000.

In such cases, the appraisal value is not informative about the value of the property. In other

cases – when the appraisal is not simply done to match the required loan-to-value ratio – it is

informative.

Lenders of securitized mortgages do not bear the full costs of a mortgage default. This could

lead to either moral hazard or adverse selection. Moral hazard occurs because the lender may

not check the financial soundness of the borrower or the value of the collateral. Adverse selection

occurs because lenders may selectively securitize low-quality mortgages, that is, mortgages

for which the borrower is not sound or for which the collateral is not sufficiently valuable.

The literature on securitization has mostly argued that moral hazard is much more likely

than adverse selection for a variety of reasons.52 We provide a description of these reasons, a

summary of the literature, and further details of the securitization process in the following.

Securitization can take many forms. We provide a description of the typical procedure here

that captures the basic aspects of securitization.

The relevant actors in the securitization process are the originator, the issuer, the special

purpose vehicle, the mortgage trust, and the servicer.53 Securitization typically involves the

following steps. First, the originating bank grants a mortgage to the home owner. Second, the

issuer pools mortgages and sells the pool to a special purpose vehicle. Third, the special purpose

vehicle transfers the assets to a trust that is specially created for a particular securitization deal.

Fourth, the trust issues security shares backed by the assets in the pool, which are then bought

by investors. Interest payments by mortgagees are collected by the servicer and transferred to

the investors through the trust. Fifth, if a mortgagee defaults, the servicer sues for foreclosure

on behalf of the trust.54 Proceedings from the foreclosure are collected by the servicer and

52In particular, the random selection rules according to which mortgages are typically chosen to be transferred
to the mortgage fund prevent originating banks from cherry-picking the mortgages they want to securitize.

53Additional actors are the underwriter, the rating agency, and the trustee. They are not relevant for our
analysis, however, and are hence left out.

54Court documents show the trustee of the mortgage trust as the plaintiff in the foreclosure auction. The
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transferred to investors through the trust. For our purposes, the only actors that are relevant

are the originating bank and the servicer, which is very often the same bank: the originating

bank collects information about the value of the collateral when granting the mortgage and

uses this information when acting as a servicer in the foreclosure auction. For more details

on the securitization process and the different variations of securitization, see Cetorelli and

Peristiani (2012) and Gorton and Metrick (forthcoming).

To avoid adverse selection in the mortgage securitization process, several measures are

usually taken. First, only mortgages can be securitized for which the credit score (the FICO

score) of the borrower is above a threshold.55 Second, the originating bank has to offer all

mortgages with similar observable characteristics eligible for securitization and the mortgages

to be securitized are randomly picked from the pool of offered mortgages (Keys et al., 2010).56

These measures do not prevent moral hazard, however, since the credit score is not a

perfect signal about the expected loss of a mortgage – which is what the originating bank

or the investors buying the mortgage backed securities ultimately care about. One reason is

that the expected loss is the product of the probability of default and the loss given default.

The credit score is only a proxy for the probability of default, but not the loss given default.

Before the crisis, banks were known to grant mortgages with a high loan-to-value ratio – the

mortgage sometimes even exceeding the market value of the house. Since this means that only

a small fraction of the mortgage can be recovered in case of a foreclosure, this led to high losses

given default. Another reason is that the credit score is not even a perfect signal about the

probability of default of a borrower. Banks typically need to collect additional (sometimes soft)

information to assess the probability of default (see e.g. Keys et al. (2010)).

servicer acts as plaintiff on behalf of the trust, however.
55This is a somewhat simplified account, since securitization agencies chose two cutoffs for FICO scores:

above a FICO score of 620, banks can securitize low documentation mortgages, below a score of 600, it is very
difficult to securitize mortgages. Between 600 and 620, banks can securitize mortgages, but have to provide full
documentation.

56Who does the randomized picking of mortgages depends on the type of securitization arrangement. For
agency securitization, the Government Sponsored Enterprises (Freddie Mac or Fannie Mae) have rules for the
randomized choice of mortgages. For non-agency securitization of mortgages by conduit lenders, all mortgages
are securitized and none are retained, so “randomization” is trivial, i.e. with probability 1. The situation is
somewhat more complicated for non-agency portfolio lenders. The randomized choice of mortgages is done by
the issuer of the mortgages, who is often also the originator. The guidelines of the Office of the Comptroller
of the Currency prescribe that asset selection should be random or inclusive (see Comptroller of the Currency,
1997, p. 14).
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The securitization of mortgages reduces a bank’s incentive to collect more information on

additional components of the expected loss (i.e. the loss given default and additional informa-

tion about the probability of default), which in turn leads to moral hazard. Keys et al. (2010)

have shown that moral hazard led to banks collecting insufficient additional information about

the probability of default.

While the literature so far has mainly focused on the probability of default, it is reasonable

to suspect that moral hazard also led to banks collecting insufficient information about the

other component of the expected loss, the loss given default. This is, first, because a high

loan-to-value ratio is known to be positively correlated both with the probability of default

and the loss given default (see Qi and Yang, 2009, and the references therein).57 Second, a

more careful investigation of a potential borrower should also directly reveal information about

the value of the property.

The suspicion that lenders did not put sufficient effort into collecting information about

the value of the collateral is further supported by recent empirical findings reported by Pisko-

rski et al. (2015) and Griffin and Maturana (2015). These papers find that characteristics of

mortgages in mortgage backed security pools were misreported to investors.58 Characteristics

were misreported in a way that made mortgages appear more attractive than they were: for

roughly 10% of mortgages a second liens was not reported; for roughly 7%, owner occupancy

was misreported, and for 45% of homes the appraisal values were more than 5% higher than

what industry-leading automated valuation models predict (see Griffin and Maturana, 2015).59

Second liens and owner occupancy misreporting can be easily identified by comparing data

from deeds offices and the ZIP codes of mortgagees taken from tax data, on the one hand,

with information provided to investors, on the other hand. Discrepancies between different ap-

praisals are harder to interpret. Griffin and Maturana (2015) argue that the different biases of

appraisals for purchases and refinances are evidence of appraisers targeting the expectations of

57In which direction the causality goes is not important for our analysis. It could (and mostly likely does)
go both ways: a high loan-to-value ratio makes strategic default more likely. At the same time, borrowers with
financial difficulties are less likely to invest in the maintenance of the property, which decreases its value and
increases the loss given default.

58There is an additional discussion about at which stage of the securitization process the characteristics were
misreported. While this discussion is important, it is orthogonal to what we are looking at in this paper.

59Owner occupancy misreporting means that a home was reported to be owner occupied rather than bought
as an investment by a mortgagee.
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loan officers rather than random mistakes in appraisals. The authors provide further evidence

suggesting that appraisers were targeting loan officers’ expectations: 33% of loan-to-value ra-

tios are at increments of five percent, even for term refinances.60 Given that appraisals are

to an extent targeting loan-to-value ratios rather than reflecting the true value of a property,

one would expect the lender to have less of an informational advantage about the value of a

property at the time of foreclosure.

In contrast to Griffin and Maturana (2015), we are investigating insufficient information

gathering rather than misreporting. These issues are strongly related, but different: besides

overreporting the value of the collateral, a lender can additionally have an incentive to collect

less precise information. As an illustration, consider the following simple example. Assume

that a borrower applies for a mortgage of $80,000 and that the mortgage can only be securitized

if the loan-to-value ratio is not above 80%, i.e. if the appraisal value of the property is at least

$100,000. The lender expects the market value of the property (X1) to be normally distributed

with mean $125,000 and standard deviation $2,500. The costs of repairs X2 (which an appraiser

has to be incorporated into the appraisal) are expected to be normally distributed with mean

$20,000 and standard deviation $10,000. The bank can choose to cooperate with one of two

appraisers (assuming this is prior to the 2009 Home Valuation Code of Conduct, which restricts

cooperation between lenders and appraisers). The first appraiser looks carefully at both the

market value and the repair costs, so that the appraisal value X1 −X2 is normally distributed

with mean $105,000 and standard deviation $10,300, which implies that with probability 31%

the appraisal value is below $100,000 and the mortgage cannot be granted as a securitized

mortgage. The second appraiser does not look carefully at repair costs and simply reports the

average repair costs for that particular type of property. Then the appraisal value X1 −E[X2]

is normally distributed with mean $105,000 and standard deviation $2,500. This implies that

the probability of not being able to grant a securitized mortgage (because the appraisal value

is below $100,000) is reduced to 2.3%. Therefore, a lender has an incentive to cooperate with

the second, less precise, appraiser, even if he does not systematically overreport the value of

60For purchases and cash-out refinances, five percent increments could be explained by loans being extended
only up to the point at which the loan-to-value ratio is at a five percent increment threshold. Tor term refinances,
however, this cannot be an explanation, since the size of the loan is fixed.
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the property.61

Alternatively, one can think of the second appraiser as having been informed about the

$100,000 threshold in advance (again, assuming this is prior to the Home Valuation Code of

Conduct) and simply declaring that the property is worth $100,000 without actually looking

at it. This would reduce the rejection probability of the mortgage to 0%, even if the appraisal

systematically undervalues the property in this particular example.

D Discussion of Moral Hazard or Adverse Selection in the Se-

curitization Process

Our observations are consistent with the hypothesis of moral hazard in the securitization pro-

cess: if a mortgage is expected to be securitized, then the originating bank has less incentives

to collect information about the quality of the mortgage and hence will be less informed. While

the literature so far has focused on moral hazard with respect to acquiring information about

the probability of default, our analysis has uncovered another dimension of moral hazard: the

bank exerts insufficient effort to collect information about the collateral value, which directly

affects the loss given default.

Whether the differences between securitized and non-securitized mortgages is explained by

moral hazard or adverse selection are mostly orthogonal to the main point of this paper: at

the foreclosure auction stage, lenders of non-securitized mortgages are better informed than

lenders of non-securitized mortgages. As mentioned before, however, the existing literature has

argued that it is moral hazard rather than adverse selection in this market (see Appendix C).

Therefore, we have simplified the exposition by focusing on moral hazard.

Another alternative explanation is that originating banks do collect information about the

loss given default, but this information is lost at a later stage. This is also implausible, however,

because the originating bank typically serves as the servicer of the mortgage and hence deals

with the foreclosure process (see e.g. Cetorelli and Peristiani, 2012). Since the originating bank

is required to hold tranches of the securitized mortgage pool, they have an incentive to make

61More generally, the following holds for normal distributions. As long as the expected appraisal value is
above the threshold needed to grant a securitized mortgage it is in the interest of the lender to have a smaller
standard deviation of the reported appraisal value, i.e. a less precise appraisal.
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use of their information about the quality of the collateral. Further, an important source of

informational advantage of the lender, the appraisal value of the collateral, is available to the

mortgage servicer.

Another possible concern is a selection effect: we only observe mortgages that defaulted. An

alternative hypothesis to moral hazard is that securitized mortgages were less likely to default,

hence it was less important to have precise information about the value of the collateral. This

would mean that it was not necessary to exert effort to collect precise information about the

collateral for securitized mortgages. Or, on a related note, it would mean that for securitized

mortgages banks could afford to accept collateral with an uncertain value, since these mortgages

were less likely to default. The existing literature, however, actually finds the very opposite

of this: securitized mortgages are considerably more likely to default.62 Hence it would be

efficient to exert more effort when investigating the collateral of securitized mortgages than for

non-securitized mortgages. It would also be efficient to require the collateral used for securitized

mortgages to exhibit less uncertainty about its value. Further, our additional robustness checks

suggest that there is no significant difference in the uncertainty about quality for securitized

and non-securitized mortgages, see Table 8 in Appendix J.

Yet another possible concern is that the bidding behavior of the servicing bank in the

foreclosure auction might be different depending on whether or not the mortgage is securitized.

The idea is that if the originating bank (which often acts as the servicer) holds on to fraction

µ < 1, then its payoff is µΠS rather than ΠS , which might affect its bidding behavior. This

is not the case, however, since µΠS is a linear transformation of ΠS , and represents hence the

same von Neumann-Morgenstern preferences, and leads to the same bidding behavior by the

bank.63

62Elul (2011) provide evidence that securitized mortgages were more likely to default on average than non-
securitized mortgages. See also Keys et al. (2010), who show that mortgages for which the borrower had a credit
score just sufficient for the mortgage to be securitized were more likely to default than borrowers whose credit
score was just below the securitzation threshold.

63The originating bank often does not hold the same fraction of the junior, the senior, and the mezzanine
tranches of the mortgage pool. This means that the payoff of the originating bank is a piecewise linear function
of the proceedings from the foreclosure auctions and interest rate payments from the mortgage pool. The kinks
in this piecewise linear function would lead to distortions in the bank’s bidding behavior. One should expect,
however, the effect of the kinks to be negligible in practice, since a mortgage pool typically contains mortgages
worth several billion dollars, whereas the value of an individual mortgage is much smaller (roughly $300,000 in
our data). It is very unlikely that a single foreclosure auction would move a bank to the other side of a kink.
To put it differently: a non-linear (here piecewise linear) von Neumann-Morgenstern utility function of the bank
does mean non-risk-neutrality, but given that the money at stake is very small in relative terms for the bank,
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E Robustness Check – Regression Analysis of Resale Prices

We go beyond the gap in probabilities of sale at the judgment amount in this subsection by

examining the information asymmetry from various sources in application. For example, we

expect the lender is better informed for non-securitized mortgages and for mortgages in which

it is an integrated lender. The more informed the lender, the more informative the signal she

may send in auctions. We estimate the precision of the signal generated by the foreclosure

auction prices in this subsection. In particular, we investigate how informative are auction

prices in explaining the resale prices of properties.

For the purpose of regression analysis in this section, we first homogenized the auction

price and property’s next sale price by its appraisal value, which is publicly available for tax

purposes. Denote Ri, Pi and Ai as the observed next sale price, auction price, and appraisal

value, respectively. Then our homogenized prices refer to ri = lnRi−lnAi and pi = lnPi−lnAi,

where small letters are normalized prices. We further denote the vector Xi as the list of

characteristics for a property. Then, our baseline regression model is

ri = αXi + βppi +
∑
j

βjIijpi + ϵi (24)

where j ∈ {non-securitized, integrated lender, single-family housing, condominium, L80, L90, L00}.

Iij is a dummy with value 1 if property i has characteristic of j and 0 otherwise. {L80, L90, L00}

are dummies for the previous sale of property occurred in decades 1980-89, 1990-99, or 2000-09.

The parameters of interest are βj ’s, which show the various sources for information asym-

metry. As previously discussed, we expect the banks to possess more information regarding the

properties for non-securitized mortgages, or financed by integrated lenders. We also consider

single-family houses and condominiums are different, since these types of properties differ in

uncertainties about quality (see e.g. Allen et al. (1995)). Third, for which the mortgage was

granted more recently, the bank may have better information about the quality. We take the

date of the last transaction prior to the foreclosure auction as a proxy for the date the mort-

gage was granted.64 This is what the decade dummies of previous sale try to capture in the

risk neutrality is a good approximation.
64Unfortunately, we do not have data on when the mortgage was granted, but since a mortgage is usually
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regressions.

We first run the baseline regression model (24) without any observed characteristic Xi.

The result is reported in the first column of Table 3. We then run the regression again by

including Xi into the model. This allows the possibility that the tax appraisal value may not

fully capture all the property heterogeneity. The property characteristics include the quality

index constructed from the previous sale, the neighbourhood fixed effect, and the year fixed

effect when last sale occurred. These fixed effects are meant to correct for a potential effect

of properties bought (and mortgages granted) in different time and locations, which may have

different implication in terms of the informativeness of the auction price as a signal about

property’s quality. The regression results are reported in the second column of Table 3. It

clearly shows that, beyond the appraisal values, these observed characteristics help explain

next sale price variation in data. From these baseline regressions, we find that auction prices

by integrated lenders are more informative than other mortgages.

Unobserved heterogeneity in auctions has shown to be crucial when interpreting auction

data. (See, for example, Krasnokutskaya (2011) among others.) It can be particularly relevant

in this paper, as whose subjects under study are properties. In nature, their characteristics

are too sophisticated to summarize in few dimensions. Therefore, a concern naturally arises -

whether the observed heterogeneity is sufficient to characterize the public information on the

market regarding the properties in transaction.

We next consider a regression model explicitly taking into account the unobserved auction

heterogeneity. In the new specification, we assume that the unobserved property characteristic

affect auction reserve prices, resale prices, and appraisal values in a same way, and additively

separable to the observable characteristics. Our primary goal with this new model is still to

identify the differential information effects after removing the unobserved auction heterogeneity

from data variation.

However, one can show that, under such a specification, our baseline regression no longer

works, as normalizing the reserve prices and resale prices by the appraisal values leads to an

endogeneity bias in the regression. We then develop an instrumental variable approach to ad-

granted at the time of the sale of a property, the last sale date and the date of the mortgage being granted
should usually coincide. A limitation of this approach is that it does not capture refinancing mortgages.
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Table 3: Regression of Next Sale Prices

(1) (2) (3) (4)

auction price 0.0590 0.0214 -0.404 0.0395
(0.0464) (0.0448) (0.284) (0.771)

nonSE * auction price 0.0161 0.0453 0.121** 0.114*
(0.0461) (0.0446) (0.0460) (0.0540)

IL * auction price 0.0610* 0.100*** 0.137*** 0.161***
(0.0288) (0.0274) (0.0378) (0.0425)

CD * auction price -0.0251 -0.000881
(0.0235) (0.0228)

SF * auction price 0.0299 0.0530* 0.0342 0.0302
(0.0259) (0.0251) (0.0296) (0.0337)

L80 * auction price 0.281 -0.134
(0.293) (0.774)

L90 * auction price 0.342 -0.0824
(0.281) (0.769)

L00 * auction price 0.328 -0.104
(0.280) (0.768)

Quality Index 0.0663***
(0.0172)

constant 0.0270 -0.301 0.0187 0.0183
(0.0143) (0.910) (0.0177) (0.0195)

municipality fixed effect yes
last sale year fixed effect yes
auction price below judgement yes

adj. R-sq 0.024 0.043
F-Stat (p-value) 6.632(0.00) 6.491(0.00)
N 2692 2643 1603 1406
method OLS OLS 2SLS 2SLS

*: significant at 10%; **: significant at 5%; ***: significant at 1%. Standard errors are in parentheses. The
data set with additional information on property characteristics does not contain properties that are neither
CD nor SF, therefore, one of the dummies for CD and SF had to be dropped. 1st step: covariate included in
First-Step Regression, see Table 7 in Appendix J.
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dress the issue of unobserved heterogeneity in foreclosure auctions. In particular, we propose

a set of instruments help to identify and estimate the information transmission effects consis-

tently. Therefore, essentially our proposed methodology handling the unobserved heterogeneity

entails a two-Stage Least Squares (2SLS) regression. In principle, the methodology requires

the baseline prices and the unobserved heterogeneity are mean-independent conditional on any

grouping of the information characteristics. We provide a detailed discussion of endogeneity

issue and show the validity of proposed instruments in Appendix F.

We propose to remove the impact of the observed heterogeneity from observed prices before

running the regression with instrumental variables. Therefore, in the first step, we regress the

reserve prices, resale values, and assessment values on the observed property characteristics,

which include the quality index, the square feet of the housing, the acres of the land, the

number of units, a year fixed effect when sales occurred, and a municipality fixed effect. The

outcome of this regression is reported in Appendix I. But a few remarks are in order. First, it

should be noted that the observed house characteristic data are collected from a different data

source than those of auctions. This explains we lost about 1,000 observations in the matching

procedure for conducting this approach. Second, the house types remain in the new sample are

either single family housing or condominium. The properties that were neither single family

housing nor condominiums were mostly undeveloped land. The additional information of the

number of square feet of the housing is not available for undeveloped land, so this type of

real-estate had to be dropped. Therefore, we can only choose one of these types to consider

differential information transmission in the 2SLS regressions.

We then apply the valid instruments in the 2SLS method to estimate the information

transmission effects. The regression results by 2SLS method are reported in the last two

columns in Table 3. The regression for the column (3) used the matched sample with a total

of 1603 auctions. The estimated parameter for the interaction between the dummy for non-

securitized mortgages and the auction price (“nonSE*auction price”) has a positive sign and

is statistically significant at 95% level. This says that the auction price is a more informative

signal about the next sale price for non-securitized mortgages than for the securitized ones.

Similarly, auction prices for the properties by integrated lenders are more informative about

the next sale price than for those by non-integrated lenders. In terms of magnitudes, the

71



differential effects by non-securitized mortgages and by integrated lenders also affect the resale

prices in a similar fashion.

We next run the IV regressions with the sub-sample where auction prices are below judgment

amount only. Since the judgment amount and its close neighbourhood is the bunching region.

The bank’s signal only gets revealed in the separating regions below and above the judgment

amount. There is pooling of the banks’ types at the judgment amount, therefore, an auction

price at the judgment amount only reveals than the bank’s type is in a certain pooling region,

but does not reveal its type exactly.65 The regression results are reported in the coulumn (4)

in Table 3. Qualitatively, the differential information effects remain valid in this sub-sample.

It is possible for one to challenge interpreting the significant coefficients in regression anal-

ysis onto the information transmission. A competing line of story can be that the significant

coefficients are derived by uncertainty about the quality of properties, rather than the informa-

tion asymmetry. As a robustness check, we run the same set of regressions as in Table 3 again,

but replace the auction prices with the quality index constructed from the previous sales. If our

previous results mainly came from the differences in uncertainty about the quality of housing,

then we should get somewhat similar results when using the quality index. We find that this

is not the case. The results for robustness checks are reported in Appendix J.

F Instrumental Variable Approach

In a reduced form, we are interested in studying the information content of the bank’s reserve

price p∗ regarding the property’s resale value r∗, after controlling for both observable charac-

teristics X ∈ Rd with X0 = 1 being the intercept, and an unobserved characteristic u ∈ R.

We denote by a∗ the observed appraisal value. We assume the following linear regression

relationships:

p∗ = α′
pX + u+ p̃, r∗ = α′

rX + u+ r̃, a∗ = α′
aX + u+ ã.

The idiosyncratic error terms p̃, r̃, ã are interpreted as the baseline reserve price, resale price,

and appraisal value respectively. These baseline auction prices and u are normalized to be

65We are grateful to one of the referees for pointing this out.
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mean zero,

Ep̃ = Er̃ = Eã = Eu = 0.

Let p, r, a denote the variables with removing only the observed heterogeneity. ie, p = p̃ +

u, r = r̃ + u, a = ã + u. Note that p, r, a are identifiable by first-step regressions. For

example,

p = p∗ − α′
pX, αp = E

(
XX ′)−1 E (Xp) .

The characteristics X are assumed to affect both the auction and the resale prices, but

not the information transmission from bank to brokers through the reserve prices. The char-

acteristics that affect the information transmission, e.g., securitization, or integrated lender

mortgages, are captured by the dummies I0, ..., IJ ∈ {0, 1}. The dummy I0 = 1 corresponds

to the baseline effect of information transmission. We identify the information effect of the

reserve price, and any differential effect of the information in the following form:

r̃ =

J∑
j=0

βjIj p̃+ η, E(η|I0p̃, ..., IJ p̃) = 0. (25)

However, r̃ and p̃ are unobservable in this regression. But we know r̃−ã = r−a, p̃−ã = p−a.

Therefore, we can rewrite the regression (25) in terms of the observables as

(r − a) =
J∑

j=0

βjIj(p− a) + ω, (26)

where

ω =
J∑

j=0

βjIj ã− ã+ η.

It shows ω is correlated with the regressors through the correlation of ã and (p− a), which is

equal to (p̃− ã) in this specification. Therefore, estimating regression (26) by the least squares

will result in an endogeneity bias.

73



We next show that, under a conditional independence assumption, {pIk : k = 0, ..., J} can

be used as valid instruments to identify and estimate β for the regression (26) without bias.

Assumption 5. Conditional on any grouping of the information characteristics given by

(Ij · Ik), {u, p̃, ã} are pairwise mean-independent, ie,

E (up̃|IjIk) = E (uã|IjIk) = E (ãp̃|IjIk) = 0.

To show the validity of the instruments, we need to verify that they are uncorrelated with

the error term ω, ie,

E(pIkω) = 0.

The left hand side can be rewritten as

E(pIkω) = E(p̃Ikω) + E(uIkω)

=

J∑
j=0

βjE(p̃IkIj ã)− E(p̃Ikã) + E(p̃Ikη) + E(uIkω).

It is noted that

E(p̃IkIj ã) = E [E(p̃IkIj ã|IkIj)] = E [IkIj · E(p̃IkIj ã|IkIj)] = 0,

where the first equality holds by the law of iterated expectations. The last equality holds

as p̃ and ã are conditionally independent by the Assumption 5. Similarly, one can show

that E(p̃Ikã) = 0. In parallel, using the conditional independence of {u, p̃ ˜, a}, we can ver-

ify E(uIkω) = 0. Thus,

E(pIkω) = E(p̃Ikη) = 0

where the second equality holds by the orthogonality assumption for the regression (25).

Implementation. We assume econometricians have an i.i.d. sample {(pi, ri, ai, Xi) : i = 1, ..., n}.

The estimation of β proceeds in the following two steps. First, we perform the regressions of
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pi, ri and ai on the observable characteristics Xi, respectively. We then extract the residu-

als p̂i, r̂i and âi from these regressions. Then, in the second step, β is consistently estimated

by the IV regression of (r̂i − âi) on (p̂i − âi), (p̂i − âi) I1i, ..., (p̂i − âi) IJi using as instruments

{p̂iIki : k = 0, ..., J}.
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Data Appendix

(NOT for Publication)

G Auction Website Interface

Figure 8 shows the information available to third-party bidders participating in the auction.

Figure 8: Information shown to bidders on the website of the Clerk & Comptroller of Palm
Beach County: plaintiff’s maximum bid (here: $161,000), scheduled closing time of auction
(here: 10:14 AM), name of the plaintiff, name of defendant, final judgment amount, address.
Individual specific information such as the name of the defendant has been blanked out for this
paper, but is visible to bidders in the auction. (Before the auction starts, the leading bid is
$100, since bids below the plaintiff’s maximum bid can be submitted, even if they cannot win.)

H Data Consolidation

Classification Securitized Mortgages We classify mortgages as securitized if the name

of the plaintiff refers to a trustee or to a mortgage backed security fund. Since this is the

first paper to look at the combination of foreclosure auctions and securitization, there is no

precedent for how to do the categorization. When looking at the names of the plaintiffs,

however, it becomes fairly clear in which cases the name refers to a trustee of a mortgage fund.

After careful inspection of plaintiff names, we found that the following keywords showed up in

the names of such mortgages: “trust”/“trustee”, “asset backed”, “asset-backed”, “certificate”,

“security”, “securities”, “holder”.
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As an illustration, we provide in Table 4 the five most common plaintiffs in our data set,

which have been classified as securitized. The plaintiff names have been normalized to gather

plaintiff names that refer to a plaintiff as acting as a trustee for different mortgage funds.

In Table 5, we provide the non-normalized plaintiff names associated with the most common

normalized name. Table 6 provides the most common (non-normalized) plaintiff names that

have been categorized as non-securitized.

Table 4: Five most common plaintiffs categorized as being associated to a securitized mortgage

normalized name of plaintiff number of occurrences

US Bank National Association As Trustee 4095
Deutsche Bank National Trust Company As Trustee 3598
Wells Fargo Bank National Association As Trustee 1476
Bank Of New York Mellon FKA The Bank Of New York As Trustee 1306
HSBC Bank USA National Association As Trustee 1116

Table 5: Five most common plaintiff names as they appear in court documents for the most
common normalized name (”US Bank National Association as Trustee”)

name of plaintiff in legal document number of occurrences

US Bank National Association As Trustee 331
US Bank National Association As Trustee For

ABFC 2006-HE1 Trust 51
US Bank National Association As Trustee For

SG Mortgage Securities Asset Backed Certificates Series 2006-FRE2 29
US Bank National Association As Trustee For

MASTR Asset Backed Securities Trust 2006-AM2 26
US Bank National Association As Trustee For

The Structured Asset Securities Corporation Mortgage Loan Trust 2006-BC1 24

Table 6: Five most common plaintiffs categorized as being associated to a non-securitized
mortgage

name of plaintiff number of occurrences

Wells Fargo Bank NA 3318
Chase Home Finance LLC 2439
BAC Home Loans Servicing LP FKA Countrywide Home Loans Servicing LP 2284
Aurora Loan Services LLC 1824
JPMorgan Chase Bank National Association 1690

This simple categorization does give false negatives (for some securitized mortgages none
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of the keywords shows up in the name of the plaintiff), but almost no false positives.66

I More Regression Details

First Step Regression Before 2SLS. Our instrumental variable regressions require to re-

move the observed heterogeneity from all observed prices in the first step. Therefore, we first

regressed the Next Sale Price (r), Auction Price (p), and Assessment Value (a) on observed

property characteristics, which include quality index, the number of square feet, the number

of acres, the number of units, year fixed effects, and neighbourhood fixed effects.

The regression outcomes of these prices are reported in Table 7. The first three columns

correspond to using the sample for the column (3) in Table 3. The next three columns are

associated with a smaller sample of auctions prices below judgment amount. This corresponds

to the column (4) in Table 3.

The observed characteristics do account for the price variations. Notably, the quality index

and the number of squarefeet play a statistically significant role in explaining the prices and

assessment values. However, there is still a large amount of variation in prices left unexplained

by these observed characteristics.

66We have looked at a larger random sample of mortgages that our algorithm classified as securitized. In all
mortgages classified as securitized, the name of the plaintiff referred to a mortgage fund and its trustee.
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J Additional Robustness Checks

Discontinuity The estimator shown in Figure 3 considers a possible discontinuity at vJ .

One may wonder whether there might be a discontinuity elsewhere as well. For this purpose,

we estimate again the probability of sale as a function of the bank’s maximum bid using a

nearest neighbor linear smoother (see Sasieni, 1995). The smoother is based on the assumption

that the function is continuous everywhere. Figure 9 indeed suggests a discontinuity at vJ , but

not elsewhere.

0
.2

.4
.6

.8
1

pr
ob

ab
ili

ty
 o

f s
al

e

0 .5 1 1.5
plaintiff’s max bid/judgment amount

Figure 9: Symmetric nearest neighbor linear smoother for the probability of sale as a function
of the bank’s maximum bid. (Sasieni, 1995).

Differential Information Transmission Through Quality Index One may be worried

that the effects we are picking up (such as more information transmission in case of non-

securitized mortgages) have another cause than the bank being more informed for certain types

of property: it may be e.g. that non-securitized mortgages are more prevalent in neighborhoods

in which there is more certainty about the quality of houses, so that the current price is simply

a better predictor of future prices. To address this issue, we repeated the regression analysis

in the main text, but replacing the auction price with quality index (which is based on the

past transaction price prior to the auction). The regression result is reported in Table 8.

The results show that our previous results in Table 3 cannot be explained by differences in
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uncertainty about quality. If anything, the signs of effects of securitization and of integrated

lenders have the opposite sign as in the regression in the main text. This in turn should imply

more uncertainty about non-securitized and integrated properties rather than more.

Table 8: Regression of Next Sale Price on Quality Index

(1) (2) (3) (4)

quality index 0.0274 0.0410* 1.305 5.459
(0.0152) (0.0180) (2.250) (8.519)

nonSE * quality index -0.00246 -0.00269 -0.0828 -0.110
(0.00279) (0.00285) (0.0990) (0.111)

IL * quality index -0.0182*** -0.0154*** -0.618** -0.788**
(0.00369) (0.00380) (0.190) (0.243)

CD * quality index -0.00549* -0.00413
(0.00260) (0.00278)

SF * quality index -0.00815** -0.00762** -0.405*** -0.405**
(0.00275) (0.00285) (0.108) (0.125)

L80 * quality index -0.773 -4.940
(2.261) (8.520)

L90 * quality index -1.244 -5.389
(2.252) (8.517)

L00 * quality index -0.974 -5.102
(2.249) (8.519)

constant -0.253 0.129 -0.0398* -0.0514
(0.176) (0.924) (0.0196) (0.0300)

municipality fixed effect yes
last sale year fixed effect yes
auction price below judgement yes

adj. R-sq 0.011 0.016
F-Stat (p-Value) 5.769 (0.000) 5.566 (0.00)
N 2643 2643 1603 1406
method OLS OLS 2SLS 2SLS

*: significant at 10%; **: significant at 5%; ***: significant at 1%. Standard errors are in parentheses.

Public and Secret Reserve Auctions Indeed, there are many foreclosure auctions with

secret reserve prices in our data set. Our theory in this paper is not particularly designed for

explaining the choice of secret reserves. But it is certainly interesting to know whether our
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results carry over to those auctions. We next consider a larger sample, by including both public

and secret reserve auctions.

We provide the same summary statistics as in the main text for the larger sample in Table 9.

We then repeat the regression analysis for Table 3 with the larger sample. The new regression

results are reported in Table 10. It is robust that banks possessed relevant information for

non-securitized mortgages. The integrated lenders may have information relevant to buyers,

but such an effect disappears for auction prices below judgment amount. However, it is a more

subtle issue whether the choice of secret reserve plays any selection role. It is certainly an

interesting question, but beyond the scope of this paper.

Table 9: Summary Statistics (Public and Secret Reserve Auctions)

variable N mean sd p1 p99

Bank Winning 9099 0.8347071 0.3714651 0 1
Number of Brokers 9099 3.148038 1.585394 1 7
Judgment Amount 9099 278804.3 854281.8 5728.41 1405670
Bank’s Bid 9099 54629.48 517009.7 -1 552600
Bank’s Bid (below judgment amount) 7784 33043.3 341263.5 -1 380500
Bank’s Bid (above judgment amount) 1315 182406.5 1068568 5400 1178000
Auction Prices 8079 66139.99 103052.7 100 421900
Quality Index (by Previous Sales) 7965 147366 258185.9 4465.641 660696.2
Non-securitized 9099 0.6924937 0.4614863 0 1
Integrated Lenders 9060 0.0794702 0.2704862 0 1
Condominium 9099 0.3128915 0.4636961 0 1
Single Family 9099 0.351687 0.4775231 0 1
Previous Sale in 70s 9099 0.0085724 0.0921945 0 0
Previous Sale in 80s 9099 0.0333004 0.1794296 0 1
Previous Sale in 90s 9099 0.215738 0.4113559 0 1
Previous Sale in 00s 9099 0.7250247 0.4465264 0 1

K Probability of Sale and Loss Given Default

We provide the probability of sale, i.e. the probability that a third-party bidder bought the

property. In case no third-party bidder bought the property, we provide the percentage loss

given default, i.e. the percentage difference between the resale price the bank obtained from

reselling the property after the auction and the judgment amount, formally (vJ − r)/vJ , where

r is the resale price. Results are reported in Table 11.

The probability of sale for a property with average characteristics (which is different from
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Table 10: Regression of Next Sale Price (Public and Secret Reserve Auctions)

(1) (2) (3) (4)

auction price 0.112*** 0.0929*** -0.00262 0.0889
(0.0174) (0.0169) (0.104) (0.111)

nonSE * auction price -0.0314* -0.0147 0.0549* 0.0377
(0.0155) (0.0150) (0.0275) (0.0304)

IL * auction price 0.0284 0.0463** 0.0622** 0.0722**
(0.0164) (0.0158) (0.0221) (0.0242)

CD * auction price -0.0398** -0.0355**
(0.0122) (0.0120)

SF * auction price 0.0652*** 0.0675*** 0.0358* 0.0332
(0.0140) (0.0136) (0.0173) (0.0188)

L80 * auction price -0.0839 -0.154
(0.116) (0.123)

L90 * auction price 0.0330 -0.0311
(0.103) (0.111)

L00 * auction price -0.00379 -0.0763
(0.102) (0.110)

Quality Index 0.0386***
(0.00825)

constant 0.0681*** -0.0254 0.00318 0.00182
(0.00690) (0.561) (0.00730) (0.00744)

municipality fixed effect yes
last sale year fixed effect yes
auction price below judgement yes

adj. R-sq 0.033 0.051
F-Stat (p-Value) 14.87(0.00) 14.96 (0.00)
N 8064 7953 5335 5068
method OLS OLS 2SLS 2SLS

*: significant at 10%; **: significant at 5%; ***: significant at 1%. Standard errors are in parentheses.
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the average of the probability of sale due to the non-linearity of the probit estimator) is 57.88%.

The average percentage loss given default is 41.11%.

Note that for the above results we have restricted attention to the cases in which the auction

price was below the judgment amount since these are the auctions for which the asymmetric

information plays a role.

Table 11: Probability of Sale and Loss of Given Default, only data from auctions with
an auction price below the judgment amount, for Loss Given Default: only auctions with an
auction price below the judgment amount in which the bank won the auction.

Prob. of Sale Prob. of Sale Loss Given Default Loss Given Default

nonSE -0.133 -0.174 -0.213*** -0.175**
(0.0849) (0.0934) (0.0599) (0.0540)

IL -0.299 -0.249 -0.353*** -0.349***
(0.1690) (0.1790) (0.1010) (0.0875)

CD -0.484*** -0.583*** -0.449*** -0.147*
(0.1130) (0.1360) (0.0689) (0.0690)

SF 0.270** 0.244* -0.157* -0.081
(0.0913) (0.1000) (0.0677) (0.0608)

municipality fixed effect Y Y
last sale year fixed effect Y Y

Quality -0.0765 0.280***
(0.0706) (0.0477)

assessment -0.0244 0.265***
(0.0814) (0.0512)

constant -0.634*** -0.0351 12.25*** 9.347***
(0.0884) (1.5260) (0.0631) (1.1290)

adj. R-sq 0.069 0.312
N 1249 1191 878 865
method probit probit OLS OLS

*: significant at 10%; **: significant at 5%; ***: significant at 1%. Standard errors are in parentheses.
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