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Abstract

This paper formulates and solves the problem of a homeowherwants to sell their house for the
maximum possible price net of transactions costs (inclydéal estate commissions). The optimal
selling strategy consists of an initial list price with segaent weekly decisions on how much to adjust
the list price until the home is sold or withdrawn from the kedr The solution also yields a sequence
of reservation prices that determine whether the homeoshauld accept bids from potential buyers
who arrive stochastically over time with an expected atnigée that is a decreasing function of the
list price. This model was developed to provide a theorkégplanation for list price dynamics and
bargaining behavior observed for a sample of homeowneragaad in a new data set introduced by
Merlo and Ortalo-Magné (2004). One of the puzzling feadutat emerged from their analysis (but
which other evidence suggests holds in general, not juskaBdyis that list prices arsticky By and
large homeowners appear to be reluctant to change thgiriist, and are observed to do so only after
a significant amount of time has elapsed if they have notvedeiny offers. This finding presents a
challenge, since the conventional wisdom is that traditioational economic theories are unable to
explain this extreme price stickiness. Recent researclideased on “behavioral” explanations such
as loss aversion in attempt to explain a homeowner’s umgitiess to reduce their list price. We are
able to explain the price stickiness and most of the otherf&atjures observed in the data using a
model of rational, forward looking, risk-neutral sellerbavseek to maximize the expected proceeds
from selling their home net of transactions costs. The moglels on a very small fixed “menu cost”
of changing the list price, amounting to less than 6 thouttemof 1% of the estimated house value,
or approximately 12 pounds for a home worth 200,000 poundgeyyreason why such a small menu
cost produces so much list price stickiness is due to avelgtinelastic relationship between the list
price and the expected rate of arrival of potential buyers.
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1 Introduction

Buying and selling a home is one of the most important findmigaisions most individuals make during
their lifetime. Home equity is typically the biggest singlemponent of the overall wealth of most house-
holds, and given the highly leveraged situation that moaskbolds are in (where mortgage debt is a high
fraction of the overall value of the home), mistakes or asweshocks during the selling process can have
very serious consequences for their financial well-being.

Given its importance, we would expeatpriori that households have strong incentives to behave
rationally and strategically when they sell their home. #&rtigular, it seems reasonable to model the
household’s objective as trying to maximize the expectédsgfaom selling their home net of transactions
costst

Surprisingly, despite its importance, the “home sellinghbem” has been understudied both theoret-
ically and empirically. In pioneering work Salant (1991)rfailated and solved for the optimal selling
strategy of a risk neutral seller using dynamic programmbglant's model involves an initial choice by
the household whether to use a real estate agent to helfhsilhbme, versus deciding to save on the
high commissions charged by most real estate agencies bow o“for sale by owner” selling strategy.
Under either of these options, the seller must also choose arice each period the home is up for sale,
and whether to accept a bid for the home when one arrives veaitand hope that a higher bid will arrive
in the near future. Salant showed that the optimal solutiemegally involves a strictly monotonically
declining sequence of list prices, and that it is typicalifimal to begin selling the home by owner, but if
no acceptable offers have arrived within a specified intes’éime, the seller should retain a real estate
agent. Under some circumstances, the optimal list pricgurap up at the time the seller switches to the
real estate agency, but list prices decline thereatfter.

To our knowledge, the strong implications of Salant’'s modelparticularly its prediction that list
prices should decline monotonically after a home has begedliwith a real estate agent — have never
been tested empirically. Horowitz (1992) was one of the &tstmpts to empirically estimate and test a

dynamic model of the home seller’s problénUnfortunately, however, Horowitz’s work cannot address

1 It is also possible to model the selling behavior of risk aeesellers via relatively straightforward adjustments taalel
of arisk neutral seller. A risk averse seller will set somatlbwer list prices than a risk neutral one, and will acceptdr offers
in order to reduce the risk of “letting a fish off the hook.” Hewer we will show that the broad qualitative features of atinogl
selling strategy are the same regardless of the degreekawission.

2 Horowitz’s article is especially important from a methaaigital point of view, and was awarded the Sir Richard StoieePr



the issue of whether list prices should decline over timeesumlike Salant, Horowitz (who did not cite
and thus appeared to be unaware of Salant’s work) adoptediaita horizon stationary search framework
that requires the list and reservation prices to be timeiamt Horowitz's model implies that the duration
to sale of a house is geometrically distributed, and he estichhis model using data on the transaction
price and duration to sale for a sample of 1196 homes sold ltimBae, Maryland in 1978.

Horowitz concluded that his model “gives predictions oksatices that are considerably more accu-
rate than those of a standard hedonic price regression.”’1l2p). However his other main conclusion,
namely that his model “explains why sellers may not be wgllin reduce their list prices even after their
houses have remained unsold for long periods of time” is uraméed because time invariance of list and
reservation prices are inherent features of Horowitz’astary search framework, so his model is logi-
cally incapable of addressing the issue of whether optiisigbtices should decline over time. Further, his
data set does not appear to contain any information on ckangae list price between when the home
was initially listed and when it was finally sold.

It seems that the question of whether optimal list pricesukhor should not decline over time can
only be addressed in a non-stationary, finite-horizon fraonk such as Salant’s, or else in a stationary
infinite-horizon framework that includes state variablastsas duration since initial listing, or duration
since previous offer, as state variables. However oncerariedes a state variable such as duration since
initial listing, the seller's problem automatically becesa non-stationary dynamic programming problem
that is essentially equivalent to Salant’s formulation.

The model presented in this paper is motivated by the enapifilcdings of Merlo and Ortalo-Magné
(2004), (abbreviated as MO below) who introduced a new dattéghat (to our knowledge) provides the
first opportunity to study the house selling decision in edesble detail. MO’s study is based on a panel
data of detailed transaction histories of 780 homes thatweld via a real estate agency in England
between June 1995 and April 1998. The data include all §gtiice changes and all offers made between
initial listing and the final sale agreement. MO characetia number of key stylized facts pertaining
to the sequence of events that occur within individual priypgansaction histories, and discussed the
limitations of existing theories of a home seller’'s behawexplaining the data.

From the perspective of this paper, the most striking findingh MO’s analysis is that housing list

in 1992 for “for the best paper with substantive economeitpiglication that has been published in the preceding twarmes of
the JAE'.



prices appear to be highkticky. That is, 77% of the house sellers in their data never chargeaditial

list price between the time the house was initially listed arhen it was sold. List prices were changed
only once in 21% of the cases, and only twice in the remainitga? the cases observed: none of the
homeowners made more than 2 changes in their initial ligtirige over the 10.2 week mean duration
between initial listing and the sale of the home. MO concltlts “listing price reductions are fairly
infrequent; when they occur they are typically large. Ingtprice revisions appear to be triggered by a
lack of offers. The size of the reduction in the listing prisdarger the longer a property has been on the
market.”

This finding presents a challenge, since the conventionsdlam is that traditional rational, forward
looking economic theories are unable to explain this exérgmce stickiness. In particular, the findings
are inconsistent with Salant's model, which predicts tisatdrices should decline monotonically over the
period the home is on the market. Recent research has foomsdaehavioral” explanations for price
stickiness. For example, Genesove and Mayer (2001) (allteevas GM below) appealed to Kahneman
and Tversky’s (1991) theory dbss aversiorto explain the apparent unwillingness of owners of condo-
miniums in Boston to reduce their list price in response twratarns in the housing market.

GM assumed that a seller’s previous purchase price servigdseference point” required by the
model of loss aversion, and use this to explain a patterasgimmetricprice stickiness: “In a boom,
houses sell quickly at prices close to, and many times atlbgesellers’ asking prices. In a bust, however,
homes tend to sit on the market for long periods of time witkiregg prices well above expected selling
prices, and many sellers eventually withdraw their pragentvithout sale.” (p. 1233). GM argued that
prices are sticky in the downward direction during a housingt because “When house prices fall after a
boom, as in Boston, many units have a market value below Weaturrent owner paid for them. Owners
who are averse to losses will have an incentive to attenbatddss by deciding upon a reservation price
that exceeds the level they would set in the absence of adoslsso set a higher asking price, spend a
longer time on the market, and receive a higher transactime ppon a sale.” GM concluded that “The
support for nominal loss aversion in the Boston condominmianket is quite striking. Sellers whose unit's
expected selling price falls below their original purchasiee set an asking price that exceeds the asking
price of other sellers by between 25 and 35 percent of theeptage difference between the two.” (p.

1235).



The loss aversion model of seller behavior, at least as GNrithesit®, is a primarilybackward looking
theory that is inconsistent with the rational forward loukicalculations underlying the dynamic program-
ming (DP) models. The DP models assume that homeowners atieeal expectations about the amount
prospective buyerare willing to pay for their home. If the housing market tubad and it is no longer
possible for the homeowner to expect to sell their home aghdmiprice than they paid for it, a rational
seller will regard this as an unfortunate bygone, but williee that whatever they paid for their house in
the pastmay have little bearing on how they should try to sell thein$enow, which requires a realistic
assessment of what will happen in fliéure. While many sellers do have the option not to sell their homes
if market conditions turn bad, not selling a home or not sglione sufficiently quickly can entail serious
losses as well.

Thus, if we take a broader view about what a “loss” is, the bssion model — with its prediction
that home sellers are backward looking and impose inflexibiesalistic demands on what they will sell
their house for — may actually lead a seller to incur signifttahigherex postlosses than would have
been the case if the seller had been more realistic and fdrlwaking. For example, if a seller sets an
unrealistically high price at the start of a market downtamnal rejects offers that were close but somewhat
less than the price the seller previously paid, the extraydel selling the home that results from this
inflexibility may lead tolower transaction prices (or force the seller to withdraw theimieofrom the
market) if housing prices have fallen even further in the mieze. The loss aversion model is not a fully
specified dynamic behavioral model, and treatments that (sech as GM) appear to presume that sellers
always have a costless optioot to sell their homes. However this is unlikely to be the cagenriany
sellers: some sellers (such as those facing foreclosurghomeed to sell due to a job move, or a change
in family situation such as divorce) are selling under dsyesd even others who are under less time
pressure may perceive a substantial “hassle cost” of hdk@ighome listed, cleaned and ready to show to
prospective buyers on short notice. Thus, it is not clearifivee accounted for a broader notion of what
“loss” is, then more sophisticated model of loss aversionldmecessarily result in the extreme form of

downward rigidity that is predicted by the naive versions.(to refuse to sell your house at a lower price

3 Unlike the work of Salant and Horowitz, the Genesove and Magmer only mentions but does not actually develop or
solve a formal model of loss aversion. As a result, it is uaiclehat the specific behavioral implications of loss aversice
in this context. Most applications of loss aversion are impé static decision contexts. However see Bowman, Minedvat
Rabin (1999) for a dynamic application of loss aversion tomsamption/savings problem. This latter work shows thatdyic
theories of loss aversion have both backward looking andéat looking elements, and in these more sophisticatedoves;s
agents are modeled as taking into consideration the effectreent information and decisions on future reference{soi



than you bought it for). In some sense, the naive versionss &wversion described by GM is an example
of how notto sell your house.

The primary contribution of this paper is to show that thehhiggree of list price stickiness is consis-
tent with an optimal selling strategy from a forward lookihgnamic programming model with risk-neutral
sellers who have rational expectations about the ultingllimg price of their homes. In addition, we show
that this model is also consistent with most of the other kajures of selling behavior that emerged from
MOQO’s empirical analysis of the English housing data. The nevdel of the seller’'s decision problem we
introduce is specialized to capture specific features oEtiglish housing market. However an important
difference in our model relative to Salant’'s model is thatassume that there is a small fixetenu cost
involved in changing the list price. As is well known, thigg/of non-convexity can generategions of
inaction where it is optimal for the seller not to change the list péwen though the list price inherited
from the previous week is not the optimal forward-lookingt lprice that the seller would choose if there
was no cost of changing the list price. What we show is thatrg smallmenu cost, amounting to less than
6 thousandths of 1% of the estimated house value, or appabdeiyn12 pounds for a home worth 200,000
pounds is sufficient to generate the high degree of prickistss that we observe in MO’s London home
transaction data.

A key reason why very small menu cost yield a high degree oplie stickiness in our model is
that the estimated relationship between the list price hadkpected rate of arrival of potential buyers is
relatively inelastic. More precisely, relatively smalljastments in the list price hardly affect the expected
sale probability while impacting the expected sale priceheW a buyer makes a bid for a home it is
generally not equal to the seller’s posted list price. InEhglish housing data, only 15% of all transactions
occurred at the list price, and many of these transactiosidtesl from a bargaining process wherein the
first (rejected) offer made by the buyer was significantholethe list price. Thus, both buyers and sellers
expect that the list price is not a firm demand, and initiaslzice typically lower than the list price and most
of the actual price determination process occurs duringmiseing negotiation process. In particular, even
though the list price is a piecewise flat function of durationthe market, the seller’s reservation price is
a continuous and strictly monotonically declining funatiof duration on the market. Thus, the longer a
home has been on the market the lower the expected tranmsacite will be, and this is largely due to the
steady decline in the seller’s reservation price rather gy decline in the list price.

An implication of this finding is that houses are generaNggrpricedwhen they are first listed. In the



English housing data the degree of overpricing is not hugeirtitial list is on average 5% higher than the
ultimate transaction price for the home. Our model is alde &bhmatch the degree of overpricing in the
initial list price, and in general our model is consistenthithe overall trajectory of list prices, including
MO's finding that the magnitude of list price reductions agest when a home has been on the market for
a long time. However our model is also consistent wittderpricingunder different assumptions about
arrival rates and buyer behavior. Underpricing can reshiemthe arrival rate of buyers is sufficiently
sensitive to the list price, and when multiple buyers caivarat the same time, resulting in an auction
situation and potential “bidding war” that tends to drive final transaction price to a value far higher than
the list price. However even in the absence of auctionsairitds and final transaction prices in excess of
the list price are observed in approximately 4% of all satethé English housing data. Our model allows
for the possibility of such “overbidding” which results frothe fact that in England, the seller has no legal
obligation to accept a bid that is greater than or equal tdisth@rice. Previous models, including both
Salant’s and Horowitz’s models, do not allow for the posiibthat a bid or transaction price would ever
exceed the list price.

In this paper, we do not explicitly model the behavior of lisyand the bargaining game that leads
to the sale of a house. Typically, when a buyer arrives andesak initial offer for the home, it is just
the first move in dargaining subgam&here the buyer and the seller negotiate over the sale prius.
negotiation may either lead to a transaction, when the baygiseller reach an agreement over the terms of
the sale, or end with the buyer leaving thergaining tablewhen no agreement can be found. Rather than
modeling this situation as a bargaining model with two-dideomplete information, we capture the key
features of this environment by specifying a simplified mMawfebuyers’ bidding behavior. In particular,
we assume that if a potential buyer arrives, he makes ngtmsecutive offers which are drawn from bids
distributions that depend, among other things, on the tise@and the amount of time the house has been
on the markef. The seller can either accept or reject each offer, but aftgrejection there is a positive
probability the buyer “walks” (i.e. decides not to make &tliier counteroffer and move on and search for

other properties)?

4 In our empirical work we assume that= 3, which is consistent with the maximum number of countemsfobserved in
the English housing data set.

5 As is well known, game theoretic models of bargaining witlo4sided incomplete information typically admit multiple
equilibria — and often a continuum of them. We avoid theseblgmms by treating buyers @sdding automatausing simple
piecewise linear bidding functions with exogenously sfiedirandom termination in the bargaining process. Thus,itiyes
of treating buyers as simplified automata, we avoid the jioblof computing a Bayesian Nash equilibrium for the baiggin



One aspect that we have not attempted to model in this paplee seller's decision whether to use a
real estate agent, something that was a key focus of Satanatlgsis. We agree that this is a very interesting
and important issue, but it one that we cannot say much atopirieally since MO'’s data set was for a
self-selected sample of sellers who had chosen a partinetarork of real estate agencies. Although it
is straightforward to extend our model to include a decisibmvhether to use a real estate agent (and
if so, which one of several competing agents), this decisiepends critically on the seller’s beliefs of
how different real estate agents will affect the arrivaérand selection of potential buyers who view their
properties. We need additional data that includes indalglwho have chosen different real estate agents
and individuals who have abstained from using a real estgeay in order to have a chance of inferring
what these beliefs are in a “revealed preference” type diaisa The final section of our paper does show
how our current model can be used to derive “willingness {0 f&r the services of a real estate agent, but
these calculations depend on hypotheses about the sblidie$s of what arrival rates would be and what
types of potential buyers would be bidding on their homeéifytivere to try to sell their home without the
assistance of a real estate agent.

Section 2 provides a brief review of the English housing @etalyzed by MO, reviewing the legal
environment, the overall housing market, and the way thieestate agency operates in the parts of Eng-
land where the data were gathered. We refer the reader to M@ riwore in depth analysis, but we do
attempt to lay out the key features of the data that we attémptcount for in this analysis. Section 3
introduces our model of the seller's decision problem,udeig the model of buyer arrival and bidding
behavior that constitutes the key “belief objects” that tlhgsestimated to empirically implement and test
our model. Section 4 presents a simplified model arrival déptial buyers and the “within week bar-
gaining subgame” between the buyer and seller. Sectionsepte estimation results based both on quasi
maximum likelihood (QML) and simulated minimum distanc®3) estimation methods. We show there
are substantial problems with the smoothness of the estimetiterion using either of these approaches,
which calls into question the validity of standard first ardeymptotic theory and the usual methods for

computing parameter standard errors and goodness of ftisst So instead of focusing on presenting

subgame of the overall selling process. We believe our diegltreatment of buyers is justified by the fact that the gl
housing data contain very limited information on the buyersile the data allow us to follow the decisions of sellersides not
follow individual buyers and record their search and banigg behavior. Essentially the only information we havewttmyers
are records of the sequence of bids they make and the idefitihe ultimate buyer. We believe that our model may provide
a reasonably good approximation to a seller’s beliefs in @id #nvironment where there is a high degree of heterogeireit
potential bidders and sellers have a great deal of uncgrtabout their motivations and outside options.



statistics of dubious validity, we provide a fairly extarescomparison of the predictions of our model to
the features we observe in the English housing data. Whilbave not yet found the “best fitting” pa-
rameter estimates or specification of the model (due langellye non-smoothness of the QML and SMD
estimation criteria), we argue that the provisional ol peErameter values and model specification that we
present here already provides a very good approximatiomtiderange of features that MO documented
in their analysis of the English housing data. Section 6gressa number of hypothetical simulations and
calculations using this model. In addition to calculatingetler’s willingness to pay for the services of a
real estate agency, we also show how risk aversion affeetsaifer’'s strategy. We can even use our model
to evaluate our own — fully dynamic — model of loss aversiontlos part of sellers, although this work
is currently in progress. Instead we conduct other calcudatwith our risk neutral seller model to show
how different beliefs on the part of sellers can result inemdcing, and even situations where list prices
can increase rather than decrease as a function of time ondheet. A final calculation is to show how
seller behavior would be changed if seller’'s were legalliigaited to sell to any buyer who is willing to
pay the seller’s posted list price. Section 7 provides soonelading comments and suggestions for future

research.

2 The English Housing Data

In England, most residential properties are marketed usdier agency agreement. This means that a
property is listed with a single real estate agency thatdinates all market related activities concerning
that property from the time itis listed until it either sedisis withdrawn. Agencies represent the seller only.
Listing a property with an agency entails publishing a sleég@roperty characteristics and a listing price.
Although not legally binding, the listing price is geneyalinderstood as a price the seller is committed to
accept.

The listing price may be revised at any time at the discretibtihe seller. The seller does not incur
any cost when revising the listing price, except the costoafimunicating the decision to the agent. The
agent has to adjust the price on the posted property sheeepndt any property detail sheets in stock, a
minimal cost.

Potential buyers search by visiting local real estate dgerand viewing properties. A match between

the seller and a potential buyer occurs when the potentiatbmakes an offer. Within a match, the



general practice is for the seller to either accept or re#ets. In the event the seller rejects an offer, the

potential buyer either makes another offer or walks awayghleement occurs, both parties engage the
administrative procedure leading to the exchange of cotstiand the completion of the transaction. This

procedure typically lasts three to eight weeks. During pieisod, among other things, the buyer applies

for mortgage and has the property surveyed. Each party nregtthe sale agreement up to the exchange
of contracts.

For each property it represents, the agency keeps a fileicmg@ detailed description of the property,
its listing price, and a record of listing price changesersf and terms of the sale agreement, as required
by law. The information contained in each individual file isarecorded on the accounting register that
is used by each agency to report to the head office. Althoughsits of a property by potential buyers
are arranged by the listing agency, recording viewings tgeguired either by the head office or by law.
However, individual agencies may require their agents ieciothis information for internal management
purposes.

The first data set we will use in our research was obtained fhasales records of four real estate
agencies in England. These agencies are all part of Halitat& Agencies Limited, one of the largest
network of real estate agents in England. Three of thesecaggeoperate in the Greater London metropoli-
tan area, one in South Yorkshire. Our sample consists of @B{plete transaction histories of properties
listed and sold between June 1995 and April 1998 under s@ecggagreement. Each entry in our data
was validated by checking the consistency of the recordsdratcounting register and in the individual
files.

Each observation contains the property’s characterisscshown on the information sheet published
by the agency at the time of initial listing, the listing pgiand the date of the listing. If any listing price
change occurs, we observe its date and the new price. Each matescribed by the date of the first offer
by a potential buyer and the sequence of buyer’s offers withée match. When a match is successful,
we observe the sale agreed price and the date of agreemaeutt tghninate the history. In addition, for
the properties listed with one of our Greater London agen@ahich account for about a fourth of the
observations in our sample), we observe the complete histbviewings. Since events are typically
recorded by agents within the week of their occurrence, veetlis week as our unit of measure of time.
Our data spans two geographic areas with different locah@oic conditions and two different phases

of the cycle in the housing market. While the local econom@meater London has been experiencing a



prolonged period of sustained growth, this has not beendke m South Yorkshire. Furthermore, from
June 1995 to April 1998, the housing market in the Greatedbammetropolitan area went from a slow
recovery to a boom. While this transition occurred graguddir ease of exposition we refer to 1995-96
as the recovery and to 1997-98 as the boom.

This data set was the one analyzed by Merlo and Ortalo-M§20@4), and their main findings can
be summarized as follows. First, listing price reductiores fairly infrequent; when they occur they are
typically large. Listing price revisions appear to be teged by a lack of offers. The size of the reduction
in the listing price is larger the longer a property has beerihe market. Second, the level of a first
offer relative to the listing price at the time the offer isaedas lower the longer the property has been on
the market, the more the property is currently over-priced] if there has been no revision of the listing
price. Negotiations typically entail several offers. AbaLthird of all negotiations are unsuccessful (i.e.,
they end in a separation rather than a sale). The probabflyccess of a negotiation decreases with the
number of previous unsuccessful negotiations. Third, @vést majority of cases, a property is sold to
the first potential buyer who makes an offer on the propergy, (ivithin the first negotiation), although
not necessarily at the first offer. The vast majority of sslighose first negotiation is unsuccessful end up
selling at a higher price, but a few end up accepting a lower.oT he higher the number of negotiations
between initial listing and sale agreement, the higher &he rice.

Figure 2.1 illustrates two typical observations in the data We have plotted list prices over the full
duration from initial listing until sale as a ratio of thetial listing price. The red dots plot the first offer
and the blue squares are the second offers received in a.nfételstars plot the final accepted transaction
prices. Thus, the seller of property 1046 in the left handepaffigure 2.1 experienced 3 separate matches.
The first occurred in the fourth week that the property wasdisand the seller rejected the first bid by
a bidder equal to 95% of the list price. The buyer “walkedtafhe seller rejected the offer. The next
match occurred on the sixth week on he market. The seller agai rejected this second prospective
buyer’s first bid, which was only 93% of the list price. Howeteis time the bidder did not walk after
this first rejection, but responded with a second higher @tgial to 95% of the list price. However when
the seller rejected this second higher offer, the secordebidlso walked. The third match occurred in the
11th week the home was on the market. The seller acceptethittiididder’s opening offer, equal to 98%
of the list price. Note that there were no changes in theainist price during the 11 weeks this property

was on the market.
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List Price and Offer History for House ID 1046 (observation # 46) List Price and Offer History for House ID 1050 (observation # 50)
T T T T T T T T T T T T T

1 1
0.98
0.98 *
& 14
k] £ 096
(o] (e}
T 0.96 °
& S *
8 8 0.94f
o T
B 0.94 ° " 3
- -
0.92
° [ ]
0921
0.9 o
0.9 . . . . . 0.88 . . . . . . . .
2 4 6 8 10 12 1 2 3 4 5 6 7 8 9 10
Weeks on Market Weeks on Market

Figure 2.1 Selected Observations from the London Housing Da

The right hand panel plots a case where there was a decretfredlist price by 5% in the fourth week
this property was on the market. After this price decreasthan 5 weeks elapsed before the first offer was
made on this home, equal to 90% of the initial list price. Tékes rected this offe and the bidder made a
counteroffer equal to 91% of the initial list price. The seltejected this second offer too, prompting the
bidder to make a final offer equal to 94.5% of the initial lisicp which the seller accepted.

Figure 2.2 plots the number of observations in the data skt mean and median list prices as a
function of the total number of weeks on the market. The laftchpanel plots the number of observations
(unsold homes reamining to be sold) as a function of duratinoe initial listing. For example only 54
of the 780 observations remain unsold after 30 weeks on thketnao over 93% of the properties listed
by this agency sell within this time frame. If we compute th&a of first offers received to the number
of remaining unsold properties, we get a crude estimateeobtier arrival rate (a more refined model and
estimate of this rate and its dependence on the list prideowibresented subsequently). There is an 11%
arrival rate in the first week a home is listed, meaning thpt@amately 11% of all properties will receive
one or more offers in the first week after the home is listedh e real estate agency. The arrival rate
increases to approximately 15% in weeks 2 to 6, then it deeset approximately 12% in weeks 7 to 12,
and then drops to about 10% thereafter, although it is haodestimate arrival rates for longer durations
given the declining number of remaining unsold properties.

The right hand panel of figure 2.2 plots the mean and mediapiises of all unsold homes as a
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Numbers of Observations on List and Offer Prices

Numbers of List/Offer Price Observations for London markets with 780 homes List Price for Unsold Homes: Mean Number of List Price Changes: 1.2
Number receiving offers: 780, min,mean,max duration to sale (weeks): (1,10,70) Percent of homes with (0,1,2,2+) changes: (77.3,20.8, 1.9, 0.0)
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Figure 2.2 Number of Observations and List Prices by Week on Mrket

function of the duration on the market. We have normalizedi# prices by dividing by the predicted sale
price from a hedonic price regression using the extensivefdeousing characteristics that are available
in the data set (e.g. location of home, square meters of flumres number of baths, bedrooms, and so
forth). However the results are approximately the same wiremormalize using thactual transaction
prices instead of the regression predictions: this is aemumsnce of the fact that the hedonic regression
provides a very accurate prediction of actual transactraesp.

We see from the right panel of figure 2.2 that initially houaesslisted at an average of a 5% premium
above their ultimate selling prices, and there is an obviamwgnward slope in both the mean and median
list prices as a function of duration on the market. HoweVer $lope is not very pronounced: even
after 25 weeks on the market the list price has only decline8%, so that at this point list prices are
approximately equal to thex anteexpected selling prices. The apparently continuously aeavd slope
in mean and median list prices is misleading in the sensedbate noted from figure 2.1, individual list
price trajectories are piecewise flat with discontinuouags on the dates where price reductions occur.
Averaging over these piecewise flat list price trajectociesates an illusion that list prices are continuously
declining as a function of duration on the market, but we esse again that the individual observations
do not have this property.

Figure 2.3 plots the distribution of sales prices (onceragarmalized as a ratio to the predicted trans-

action price) and the distribution of duration to sale. Téfehand panel of figure 2.3 plots the distribution
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Distribution of Sales Prices Distribution of Duration (in weeks) to Sale

Min, Mean, Median, Max, Std of Sale Price/Hedonic ( 0.22, 1.00, 0.98, 3.38, 0.30) Min,Mean,Median and Max ( 1.00,10.27, 6.00,69.00)

Min, Mean, Median, Max, Std of Sale Price*1.05/List Price ( 0.53, 1.00, 1.01, 1.32, 0.07)
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Figure 2.3 Distribution of Sale Prices and Duration to Sale

of sales price ratios. There are two different distributi@hown: the blue line is the distribution of ratios
of sale price to the hedonic prediction of sales price, arddld line is the distribution of the ratio of sales
price to the initial list price, multiplied by 1.05 (this tat factor is the average markup of the initial list
price over the ultimate transaction price, as noted abdBejh of these distributions have a mean value
of 1 (by construction), but clearly the distribution of thdjusted sales price to list price ratio is much
more tightly concentrated than the distribution of salésepto hedonic value ratios. Evidently there is
significant information about the value of the home thatcaffehe seller’s decision of what price to list
their home at that is not contained in th@ariables used to construct the hedonic price predictidie
model we present in section 3 will account for this exirevate informationabout the home that we are
unable to observe. However even when this extra informaidaken into account, there is still a fair
amount of variation/uncertainty in what the ultimate sglgse will be, even factoring in the information
revealed by the initial list price: the sales price can vaoyrf as low of only 53% of the adjusted list price
to 32% higher than the adjusted list price.

The right hand panel of figure 2.3 plots the distribution ofds to sale. This is a clearly right skewed
but unimodal distribution with a mean time to sale of 10.2°€kgeand a median time to sale of 6 weeks.
As we noted above, over 90% of the properties in our data skt sad within 30 weeks of the date the
property was initially listed. Scatterplots relating tinmesale to the ratio of the list price to the hedonic

value (not shown) do not reveal any clear negative reldtipnsetween the degree of “overpricing” (as
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Figure 2.4 Price Indices in the Regions Covered in the EnglisHousing Data

indiciated by high values of this ratio) and longer timesdtes Thus, we do not find any clear evidence
at this level supporting the “loss aversion” explanationcaéted by Genesove and Mayer. However an
alternative explanation is the fact that prices in Londomengenerally rising over the time period of
the data (see figure 2.4 above), so an alternative explantiiad few of the sellers had experienced any
adverse shocks, and thus our sample is not in a regime wheefddtvnward stickiness” prediction of the
loss aversion theory is relevant.

We conclude our review of the English housing data by showionge 2.5, which plots the distribu-
tions of the first offer received and the best (highest) aféeeived as a ratio of the current list price for
properties with different durations on the market. Thelheftd panel of figure 2.5 shows the distributions
of first offers. We see that in the first week a home is listed niean first offer received is 96% of the list
price (which is also the initial list price in this case). Hever first offers range from a low of only 79% of
the list price to a high of 104% of the list price. We see thareaccounting for declines in the list price
with duration on the market, that first offers made on prapertend to decline the longer the property
is on the market. There is a notable leftware shift in therithstion of first offers for offers received on
homes that have been on the market for 20 weeks, where thefirstaffer is only 91% of the list price
in effect for properties that are still unsold after 20 weeks

The right hand panel of figure 2.5 shows the distribution ef lest offers received in a match. In
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Estimated Densities

Distribution of First Offers as a ratio of List Price
Min, Mean, Median and Max of:
Offers week 1 ( 0.79, 0.96, 0.96, 1.04)
Offers week 10 ( 0.86, 0.96, 0.96, 1.00)
Offers week 20 ( 0.83, 0.91, 0.92, 0.99)

Distribution of Best Offers as a ratio of List Price
Min, Mean, Median and Max of:
Offers week 1 ( 0.82, 0.97, 0.98, 1.03)
Offers week 10 ( 0.86, 0.96, 0.97, 1.00)
Offers week 20 ( 0.83, 0.94, 0.95, 1.00)
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Figure 2.5 Distribution First Offer and Best Offer as a Ratio of List Price

the first few weeks the best offers show only modest improveraeer the first offers received (e.g. the
best offer is 97% of the list price, whereas the first offer6&®of the list price). However we see more
significant improvement in offers received for homes thateastill unsold after 20 weeks: the best offer
received is 94% of the current list price, which is 3 percgatpoints higher than the ratio of the first offer
to the list price.

In addition to this data, our analysis will also rely on a nemtadset for England that we recently
collected from a real estate agency in the city of Readings @gency operates a paperless office where
all realtors work cooperatively on all the properties list&his implies that every real estate agent records
every details of any action on every property carefully. Toelity of the data is exceptional. We have
details about every property that was handled within theegéetween January 2000 when they started
implementing the paperless office and June 2004 (almost @&fjierties). In particular, unlike the first
data set, we have information on all the properties that Vistexl, regardless of whether they sold or were
withdrawn. For every listing, we know the same informatignrathe first data set. In addition, we know
details about all the visits to the property. We know how mhity the property got on a weekly basis
on the agency’s website. We know if and when the property wlasréised through the press and via
mailings.

The agency also maintains files for each potential buyerattiqular, we know the date of their first

enquiry in the agency, whether they are first-time buyerjdmuto move in or to rent the property out, and
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the price range within which they are looking. We obviousavd all the characteristics of the property
that are posted by the agency on its website. In addition,|seekaow the valuation done by the agency’s
own appraiser. We have also mapped a small subset of therfiespegith a GIS system to obtain precise
information on the area and shape of the parcel of land thiats each property and details about each
location. We plan to implement this procedure for all thepamties in our sample.

Finally, we have started to collect new data for the markd&fiadlison, Wisconsin and are investigating
opportunities to collect data in Chicago. Madison is a pal#irly interesting case study because it has
a very well organized for-sale-by-owner market that is édrglominated byf sbomadi son. com The
owners of this service have been very cooperative in progidis with data. We are also working closely
with various realtors in Madison and their association seatble data sets that are comparable to the ones

we put together for England.

3 The Seller’'s Problem

This section presents our formulation of a discrete timéefthorizon dynamic programming problem of
the seller's optimal strategy for selling a house. We talkedhcision to sell a house (via a real estate
agency) as a given, and consider only the decision of whicle po list the house at initially, how to revise
this price over time, whether or not to accept offers thatraagle, and whether to withdraw the house if
insufficiently attractive offers are realized. This rasidn is motivated by our data, which is a self-selected
sample of individuals who chose to list their homes with & eséate agency. We do not have the data on
individuals who chose for sale by owner that would be reqliceestimate a model that endogenizes the
choice of real estate agent, but this is definitely an immbrtirection that we hope to extend our model
in the future.

Our model differs from the model of Salant (1991) in a numbeespects. First, our model has been
designed with the specifics of the English real estate markeind. Our model incorporates a fixed menu
cost of changing list prices and models the within week banga process between a buyer and the seller
as an alternating move bargaining subgame. Consisteniwkigh we observe about real estate transations
in many parts of England, the buyer makes the offer and ther seill either accept or reject it. Multiple
stages of offers and counter offers interspersed with acmepeject decisions is consistent with what

we observe in the English housing data. Our model can alsonamdate the possibility of “auctions”,
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i.e. situations where multiple buyers are bidding simwdtarsly for a home. However since these auction
situations are relatively rare in our data, this initialsien of the model ignores the possiblity of an auction
and presumes that at most one buyer arrives in any given week.

We assume a 2 year horizon, so that if a house is not sold affeats, we assume that the house
is withdrawn from sale and the seller obtains an exogenamdgified “continuation value” representing
the use value of owning (or renting) their home over a longeizbn beyond the 2 year decision horizon
in this model. This continuation value may or may not equalgaller’s belief about thBnancial value
of their home. The financial values is the seller’'s expemtatif the ultimate selling price of their home.
While it is clear that the ultimate selling price is endogesly determined and partly under control of
the seller, we can think of financial value is a realisticiatibssessment on the part of the seller of the
ultimate outcome of the process. Since the seller's optstrategy will depend on the financial value,
if the financial value is to represent a rational, internalysistent belief on the part of the seller, it will
have to satisfy a fixed point condition that guarantees thateller’s financial value is a “self-fulfilling
prophecy”. Although we do not explicitly enforce this fixedipt constraint in our solution of the dynamic
programming problem, we verify below (via stochastic siatioins) that it does hold for the estimated
version of our model. However in future work, it would be pbksto extend the dynamic programming
problem to explicitly enforce a rationality constraint dretseller’s estimate of the financial value of their
home. However from our standpoint it is useful to allow fornfilmlations that relax this constraint and
thus be able to consider models where sellers do not haweratlbnal, self-consistent beliefs about the
financial value of their homes. Indeed, allowing for incetent or “unrealistic” beliefs is an alternative
way to explain why some home sellers set unrealisticall tigfing prices for their homes that would be
distinct from the loss aversion approach discussed in tinedaction. However as we show below, we do
not need to appeal to any type of irrationality or assumesehave unrealistic beliefs in order to provide
an accurate explanation of the English housing data.

Let i denote the seller’s beliefs about the financial value of theine aftet weeks of being listed on

the market. We assume tHatis given by the equation

R =exp{XB+vi} 1)

whereX are the observed (time-invariant) characteristics of thmdn (the basis for the traditional hedo-
nic regression prediction of the ultimate sales price dised in section 2), ang reflects the impact of

time-varying variables that can affect the seller’s vievihadir home’s financial value. These time varying
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factors could include the effects of “macro shocks” thageifthe entire housing market, regional or neigh-
borhood level shocks such as increases in crime rates, antfexts of new regional public infrastructure
investments such as trains, roads, or subways, etc., agmsviosyncratic house-specific factors. Ulti-
mately, we would like to adopt a Bayesian learning approaaghdadel the evolution of the financial value
in a more formal manner. However for the purposes of thisystwe will assume that after consultation
with appraisers and the real estate agent, the seller has ediue of the financial value of their home that
does not vary over the course of their selling horizon. s taise); =vg,t =1,2,... can be interpreted as
time-invariant “random effect” incorporates other fasttwesides those in the obserédharacteristics
that affect the seller’s perception of the financial valu¢heir home.

Recall the left panel of figure 2.3 that shows that the adjubst price is a far more accurate pre-
dictor of the ultimate selling price of the home than the hedwalue, exgXp}. We assume thai is
a lognormally distributed random variable that is indeparicof X and reflects factors observed by the
seller that affects the seller's perception of the finanegilie of their home that is not observed by us,
the econometricians. Thus, we can conceptualizas reflecting the selleprivate informationabout the
financial value of their home that is not already capturetiéndbservable characteristis In our estima-
tion of the model we enforcerationality constraintby estimating3 via a log-linear regression of the final
transaction price on th¥ characteristics, and assuming that xg is a lognormally distributed random
variable satisfyind={exp(vp)} = 1. Again, we can relax this restriction and allow for certyipes of less
than fully rational buyer behavior. For example if for a e@mtseller we havé&{exp(vo)} > 1, we can
intrepret this condition as corresponding to an “optirgisteller” who has an upward biased perception
of the financial value of their home. However as we noted abaeedo not find it necessary to allow
such perceptual biases in order to provide a good approximat the observed outcomes in the English
housing data.

Prospective buyers may or may not agree with the sellerisafely held) belief about the financial
value of their home. Thus, we will shortly describe “offestiibutions” for the value of offers to buy the
home (if made) which will depend dofy and also on the current listing priég, but which will will not
necessarily equd or P, but instead relfect the buyer’s own idiosyncratic valuatid the house as well
as strategic considerations about the buyer's optimatkesrd purchasing strategy. However before we
go into these details, we have enough structure alreadygio bedescribe the seller’'s decision problem.

Due to the fact that the seller's optimal selling decisiopatals critically on the seller’s financial
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value Fp, which in turn depends on a very high dimensional vector ;feolled housing characteristics
X as well as unobserved characteristigs straightforward attempts to solve the seller's problemlavh
accounting for all of these variables immediately presastwith a significant “curse of dimensionality”.
In principle we could treat the estimated hedonic value{x}(ﬁ)} as a “fixed effect” relevant to property

i and solveN = 780 individual dynamic programming problems, one for eatthe 780 properties in
our sample. However the problem is more complicated duedceiistence of the unobserved random
effectvg. This is a one dimensional unobserved random variable apdneiple we would solve each
of the 780 DP problems over a grid of possible valuesgfand thereby approximate the optimal selling
strategy explicitly as a function of all possible valuesh## tinobserved random effagf, which would be
“integrated out” in the empirical work we present in sectfbn

However by imposindinear homogeneityassumption, we can solve a single DP problem for the
optimal selling strategy where the values and states arpatefigatios relative to the seller’s financial
value.In particular, define the seller’s current list prigeto be the ratio of the actual list price divided by
the seller’s financial valuBy. ThenR = 1.0 is equivalent to a list price that equals the financial vizdunel
P, > 1.0 corresponds to a list price that exceeds the financial \aldeso forth. The implicit assumption
underlying the linear homogeneity assumption is that, adtlevithin the limited and fairly homoegenous
segment of the housing market in our data set, there are agardl further “price subsegments” that
have significantly different arrival rates and buyer bebawepending on whether the houses in these
segments are more expensive “high end” homes or not. Thedpemedy assumption reflects a reasonable
assumption that arrival rates and buyer bidding behaviedaren mostly by the perception of whether
a given home is perceived to be a “good deal” as reflected byati of the list price to the financial
value. However as we discuss below the actual bid submitteddoyer will depend on the buyer’s private
valuation for the home (also expressed as a ratio of the fimavadue Fp).

Thus the ratio of the list price to the home’s financial valae be viewed as a signal to prospective
buyers about whether the home is likely to be a “good deal’air irrival rates of matches will be a
declining function of this price ratio, and the actual oéfsubmitted by prospective buyers will depend on
the list price and the financial value only via this same rattia way we will detail below.

To understand why arrival rates of matches and offers sttty prospective buyers depend on the
seller’s financial valué&g as well as the publicly posted list price, note that we mdaekrrival ofmatches

where a match is defined as a buyer who makes an offer on the. Hidiaiehes are to be distinguished
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from visits where the real estate shows the home to a prospective buyepré&gume that prior to any
match, a prospective buyer has visited the home and obsancederified its characteristics as well as
the unobserved characeristigg which we assume are common knowledge between the sellezaatd
propective buyer — at least after the buyer has been ablesiiotive house. We assume that a buyer will
have their own private value for the home and will make anrdfie the home according to a piecewise
linear bidding function that will be described below. We duat derive this bidding function from first
principles, i.e. as the endogenous solution to a bargaigémge between the seller and the buyer. Instead
we treat buyers akidding automatahat behave according to fixed, but reasonable, rules to $&ibded
below. The piecewise linear bidding strategy was choser teifaple, yet consistent with the basic facts
of bidding behavior observed in the English housing datat tB& main point to remember here, is that
due to these timing assumptions, it seems reasonable tmaghat buyers and sellers share common
expectations about the financial value of the hdfesven though our model is consistent with different
buyers having different idiosyncratic valuations for tleerte. However once we assume thaits common
knowledge it is a small additional restriction to assume lhger arrival rates and bids depend on the list
price and the financial value only as a ratio of these two dtiest

Let S(R,di) denote the expected discounted (optimal) value of selliegnbme at the start of week
t, where the current ratio of the list price to the financialueals B, and where the duration since the
last match i, with di = O indicating a situation where no matches have occured yetwily get into
detail about the timing of decisions and the flow of informatshortly, but already we can see that this
formulation of the seller’s problem has three state vagisibl) the current total time on the marke?) the
duration since the last match, and 3) the current list price to financial value ra®o The value function
S (R, d;) provides the value of the home as a ratio of the financial yalogo obtain the actual value and
actual list price we simply multiply these values By ThusFS (R, d) is the present discounted value of
the optimal selling strategy, af@PR is the current list price, both measured in UK pounds. Via thick”
we can account for substantial heterogeneity in actuaplises and seller valuations by solving just a
single DP problem “in ratio form.” However an important ingation of this assumption is that timing
of list price reductions and the percentage size of thesectimhs implied by the seller’'s optimal selling
strategy are homogeneous of degree 0 in the list price arfihtogcial value.

Our model of the optimal selling decision does not requieedaller to sell their home within the 2

year horizon: we assume that the seller has the option taveaiththeir home from the market at any time
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over the selling horizon. Since we do not model the defaufbopof not selling one’s house, we do not
attempt to go into any detail and derive the form of the vatutiné seller of withdrawing their home from
the market and pursing their next best option (e.g. comimwd live in the house, or renting the home).
Instead we will simply invoke a flexible specification of treohtinuation value¥ (R, T) of withdrawing

a home from the market and pursuing the next best opportufitig parameter can be viewed as the
seller’'s “type” and our model can allow for different typdsseller who have different continuation values.
Fortunately, although our model can all for this possiilive did not need to appeal to any type of
unbobserved heterogeneity in seller types in order for tbdahto provide a good approximation to the
behavior we observe in the English housing data. For thesoreave will suppressto simplify the notation
below.

The Bellman equation for the seller’s problem is given inatpn (2) below. The seller has 3 main
decisions: 1) whether or not to withdraw the property, 2h# seller opts not to withdraw the property,
there is a decision about which list price to set at the beggof each week the home is on the market,
and 3) if a prospective buyer arrives within the week and reakeoffer, the seller must determine whether
or not to accept the offer, and if the seller rejects the odfedl makes a counter offer, whether to accept
the counter offer. We assume that the first two decisions aderat the start of each week and that the
seller is unable to withdraw their home or change their ligtgpduring the remainder of the week. Within
the week, if one or more offers arrive, the seller can engadpaigaining with the prospective buyer. The
state variables in the model are 1) the listing price setenpitevious week (once again, this is a ratio
of the actual list price to the financial value of the hoR® 2) the duration since the last offdr, and
3) the number of weeks since the home was listetlet S (R, di) denote the maximum expected present

discounted value of an optimal selling strategy. We have

S(R.0h) = max | W (R), max(un (PR, &) + BES s 1(P.ck)] @

The Bellman equation says that at each weake optimal selling strategy involves choosing the larger
of 1) the continuation value of (permanently) withdrawihg home from the market, 2) or continuing to
sell, choosing an optimal listing prid® The functionES.1(P,d;) is the conditional expectation of the
weekt + 1 value functionS 1 conditional on the current state variablé¥, d;). The functionw (P, R, d;)
represents the current week “holding cost” to the selleranfifig their home on the market. It is the net
utility (in money equivalent units) of owning the home lelss thassle costs” of having to show the house

to prospective buyers (i.e. having to keep the house cledrtidyy having to vacate the house on short

21



notice when a real estate agent wants to show the house tspegtve buyer, etc.).

We now write a formula foE S 1(P,d;) that represents the value of the within week bargaining sub-
game between the seller and buyer. In order to describe thaieq forES. 1, we need to introduce some
additional information to describe the seller’'s beliefeatthe arrival of offers from buyers, the distribu-
tion of the size of the offer, and the probability that the duyill “walk” (i.e. not make a counter offer and
search for other houses) if the seller rejects the buyefés.dFollowing Merlo and Ortalo-Magne (2004)
we assume that the seller’s only bargaining decision isd¢eatoor reject offers made by buyers: the seller
does not make a price “counter offer” if he/she rejects thgebs offer. We assume that within a given
week there are at mostpossible stages of offers and accept/reject decisionsaeetwthe buyers and the
seller. To simplify notiation, we writ& S ; for the case witn = 3 within-week bargaining stages and
where at most one buyer arrives and makes an offer on the hoarg/iweek.

Let A¢(P,d;) denote the conditional probability that an offer will agiwithin a week given that the
seller set the list price to d@at the start of the week and the duration since the last aftgr LetO; be the
highest offer received at stag®f the bargaining process. L&t(O;|O;_1,P,d;) denote the seller’s beliefs
about the counteroffer the buyer would make at stgg®en that the buyer did not walk in response to the
seller’s rejection of the buyer’s initial offer. If the setlaccepts offe©;, let N;(O;) denote the net sales
proceeds (net of real estate commissions, taxes, and o#imsattions costs) received by the seller. The
seller must decide whether to accept the net procéd3; ), thereby selling the home and terminating
the selling process, or reject the offer and hope that therwll submit a more attractive counter offer,
or that some better offer will arrive in some future week.

If a seller rejects the offeD;, there is a probabilityw; (O;,P,d;) that the buyer will “walk” and not
make a counter offer as a function of the last rejected offgr,and the current stat@® d;). With this
notation we are ready to write the equation for the within kvegrgaing problem which determinEsS . ;

and completes the Bellman equation. We have

ES:a(Rd) =N (PA)Sa(P.d) + [1-M(P.)] | max[N(Oy). ES1(O1.P.c)] (0P c)dOL.
3)
The functionE$1+1(Ol,P,dt) is the expectation of the subsequent stages of the withekwargaining
subgame conditional on having received an initial offeiGgfand conditional on the beginning of the
week state vatriablegP,d;). We can write a recursion for these within-week expectedevéilinctions

similar to the overall backward induction equation for Bedin’'s equation as a “within-period Bellman
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equation” as follows

ES . 1(O1,Pd)=  wi(O1|P.ck)Ss1(Pck+1)+
[1— wy(O1|P.dh)] / max[N:(Oz), ES. 1(02, P.ck)] f2(0,[O1, P.ck)d0z. (4)

Oz
It should now be clear how to define the remaining within weeleeted value functionijH, | =

3,...,n. Since we have assumed thrat= 3 in our empirical analysis, we present the final step in the

within-week Bellman equation below.

ES.1(02,Pt) =  wp(02|01,Pch)S 1(Pck+1)+
[1— (0501, P, k)] /o max([N;(O3), S+1(P, + 1)] f3(03|O2, P,ck)dOs. (5)

3
What equation (5) tells us is that after receiving 2 couriters and rejecting the second counterofty,

the seller expects that with probabiliy (O,|O1, P, d;) the buyer will walk, so that the bargaining ends and
the seller's expected value is simply the expectation of pexods’ valueS ;1 (P,d; +1). However with
probability 1— wy (02|01, P,d;), the buyer will submit a final counteroffé@s which is a draw from the
conditional densityf (O3|O,P,d;). OnceOs is revealed to the seller, the seller can either take the offe
and receive the net proceels O3), or reject the offer, in which case the bargaining also emdkthe

seller’s expected value is the next week value funct®m (P, d; + 1).

4 Models of Bidding by Prospective Buyers

Our initial intention was to develop a highly flexible modéllyer behavior that could be consistent
with a wide range of theories of buyer behavior. We attemfezktimate the distibution of the first offer
f1(O1|P,d) and the conditional densitielg(O;|0;_1,P,d) representing the improvement in bids when the
seller rejects the previous bid and the buyer counterofielsdding stages 2 and 3 using non-parametric
and semi-parametric estimation methods in a semi-parantetn-step approach to the estimation of our
model of seller behavior.
Unfortunately this strategy did not work. Although we weldeato estimate the bid densitiefg

under fairly weak assumptions, when we used these estindatesities to solve for the optimal selling
problem we obtained unreasonable results, including gtieds that the seller should set unbounded high

list prices.
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One important fact about observed bidding behavior is thate is a positive probability that a
prospective buyer will submit a bid equal to the current fisice. In the English housing data, over
15 percent of all accepted offers are equal to the list pniweaver 10 percent of afirst offers are equal
to the list price. Further, we also observe offereitesof the seller’s list price. For example, over 2%
of all first offers are above the list price, and nearly 4% bhatepted offers are higher than the list price
prevailing when the offer was made.

Thus, any estimation of the offer distributions needs tamant for mass points in the distribution,
particularly at the list price. We found that we obtainedaamonable implications for the seller model
even when we imposed a fair amount of parametric assumptinribe offer distributions, which were
intended to help enforce “reasonable” behavioral implocet for the seller.

One of these parametric models is a double beta distributitina mass point at the list price. An
example of the double beta density function for bids is presgkin the left hand panel of figure 4.1 below.
There is a right-skewed component of the bid distributiothtoleft of the list price mass point, and then
a smaller left skewed beta distribution above this masstpdine most important part is the piece below
the the list price, which captures the “underbidding” tisathie predominant outcome of matches between
a buyer and the seller. The right skewed beta component hesagpport the intervel 25, 1] where we
have assumed th&= 1 is the current list price ratio for the house (correspogdlist price equal to the
financial value of the home). The lower supp@5 represents a bid equal tg4lof the value of the list
price of the home.

The distribution plotted in the left hand panel of figure & hctually a rescaled version of the double
beta distribution. The figure does not include the mass pitite normalized list price ratio (equal to
P = 1) due to problems with plotting density values and the mas# pn the same scale. The beta density
component to the left of the mass point at 1 has been scaleaviodtotal mass oB5, representing the
probability that a bid will be strictly below the list pric&.he component of the beta distribution above 1
is scaled to have a total mass.05, representing a 5% probability of receiving a bid styietbove the list
price. The remaining mass is a 10% probability of receivitmdeequal to the list price.

Based on initial empirical work, we judged this double betadel to be a good approximation to
the actual distribution of bids we observe in the London hayslata. The double beta distribution was
specified so that the probabilities of receiving a bid beleguyal to, or strictly above the list price was

given by a trinomial logit model and th@,b) parameters of the beta distributions were specified as
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Density

Example of Double Beta Density for Bids Expected Bid as a function of R, week= 4, bidding stage=1
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Figure 4.1 Double Beta Distribution of Bids and the implied expected bid function

(exponential) functions of state variables in the modej.(eumber of weeks on the market, the list price,
and other variables). Unfortunately, as we see in the rigindhpanel of figure 4.1, the results of this
model have unreasonable implications for sellers’ bekdisut the relationship between the list price and
the expected bid submitted by buyers. The expected bidiam& a monotonically increasing function
of the list price. It seems quite unreasonable that a sdlieuld expect to receive to roughly double the
expected bid on his house by doubling the list price, butithexactly what the results from an unrestricted
reduced form estimation of the offer distribution implies!

Further, our reduced form estimation results for the arriate of matches resulted inpmsitiverela-
tionship between list price and arrival rates of buyersneafeer controlling for unobserved random effects,
as represented by thg term in the seller’s financial value of the home. Combiningstintwo results, it
is clear that any seller with such beliefs would find it optintaset an aribtrarily large list price for their
homes, something we rarely observe in practice. So clelaéretis some problem with the flexible two
step approach to estimating the seller model. The probleensxperienced are probably not due to a mis-
specification of beliefs, since our reduced form model isghlyiflexible specification capable of closely
approximating the actual distribution of bids (and rateamival of matches). We believe the problem is
due to theendogeneity of list pricedn particular, unobservable characteristigsthat increase the finan-
cial value of a home also tend to increase the list price, &wads made on a home. If we fail to control

for these unobservables (as we have in our initial reduced stimations), it is perfectly conceivable
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that the endogeneity problems could be strong enough tapeothe spurious and implausible monotonic
relationship between list price and expected bid valueswiasee in figure 4.1.

It might be possible to try to use more sophisticated reddicad econometric methods to overcome
the endogeneity problems. However it is clear that the relehavior is largely determined by the
seller’'s beliefs about buyers: particularly how the lisicpraffects their rate of arrival and what sort of
bids they will make when they do arrive. Thus, there is a hugeuat of information that can be brought
to bear in estimating these rather slippery objects by adlgst fully structural, simultaneous approach to
estimation where we estimate the sellers beliefs alongtwélother unknown parameters of the seller (e.g.
the discount rate, and the parameters affecting hassle, @st so forth) using nested numerical solution
approach. Under this approach we would solve the sellersmigjc programming problem repeatedly
for different trial values of the parameters governing tbles's beliefs as well as the other parameters
of the model. Trial parameter values that produce “unregsiefi beliefs for the seller (such as shown
in figure 4.1) would be discarded by this algorithm since ¢hggrameter values imply an optimal selling
strategy that is greatly at odds with the behavior we obsierttee data.

While it may ultimately be possible to estimate fairly fldespecifications for sellers’ beliefs about
buyer bids and arrival rates (such as the double beta disttband even more flexible semiparametric
specifications for the offer distributions), we have deditigt it would be best to start by providing more
structure on the bid distribution. There are two main readon this. First, even if we were able to
successfully estimate the parameters of the double bet&lnagdstructural parameters in a maximum
likelihood or simulated minimum distance estimator, thexld be the issue of how to interpret these
estimated coefficients in terms of an underlying model ofibidbehavior. Instead, we felt that more
insight could be gained by trying to build some sort of rudimaey model of bidding behavior on the
part of buyers. By placing more structure on the offers iistions as we do below, we were able to
acheive much more control over the estimation of the modeimgait much easier to estimate. The
semi-reduced form model has fewer free parameters thandhe fiexibly specified reduced form models
of bidding behavior, the parameters are more readily iné¢aple, and it is easier to see whether the
estimated parameters are unreasonable or not, and howdtraiarparameters to “reasonable” sections of
the parameter space.

The “semi-reduced form model” of buyers’ bidding behavierides the distribution of bids from two

underlying “structural” objects: 1) a specification of bug/ebid functionsb(v,|,F), and 2) a specification
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of the distribution of buyer valuation§Vv|F,l), wherev is the buyer’s private valuation of the honfe,
is the financial value of the home, ahds the current list price. In order to maintain the homoggnei
restriction, we assume thatandF only enterb andh in a ratio form, i.e. ap=1/F. Thus, in the
subsequent notation we will write these objectb@sp) andh(v|p).

We put “structural” in quotes because a fully structural elodf buyer behavior would derive the
buyers’ bid functions from yet deeper structure: from thieitkan to their search and bargaining problem.
We eventually want to extend the model in this direction, siate the English housing data contain
relatively little data on buyers other than the bids they enimkmatches observed in the data set, it seems
sensible to start out with a less complicated and detailedetnaf their behavior. In particular, since we
do not have any data that follows buyers as they search anffegedt homes and allow us to see homes
they visit and don’t make offers on and homes they visit andrddke offers on, it seems that a more
complicated buyer search model will have many additionshpeters characterizing buyer search costs
and opportunity sets and preferences for different looatend types of houses that we could have great
difficulty in identifying from our (self-selected) data sd#tsuccessful matches. This is our justification for
failing to pursue a more detailed model of buyer behaviohiatpoint.

The simplest specification for bid functions that we couidktof that yields an offer distribution with

a mass point at the current list price of the house is thevitig class of piecewise linear bid functions:

ri(p)v ifve|v,vy)
bup={ p  ifve,vi+k(p) |- (6)
ra(p)v ifve [vi+k(p),v
wherev andv are the lower and upper bounds, respectively, on the suppdine distribution of buyer
valuations (to be discussed shortly). To ensure contirafib(v, 1) as a function of/, r; andr, must satisfy

the following restrictions

p = rn(pw
p = r2(p)(vi+k(p)) (7)
This implies that
. p
()
B p
(P = k) ®)



Thus, the bid functions are fully determined by the two fiows ri(p) andk(p). The first function
determines how aggressive the bidder will be in terms of \itaation of the buyer’s true valuation the
buyer is willing to bid, for the first bid (We will consider specifications for 2nd and 3rd bid function
below). The closer;(p) is to 1 the more “aggressive” the buyer is in his/her bidding the closer they
are to truthful bidding). We assume that the buyer integaife list pricd as a signal from the seller about
what the seller’s reservation value is and as a signal of leasanable the seller is. If the list price ratio
p is substantially bigger than 1, the buyer will interpretsths a sign of an “unreasonable” list price by
the seller, and so the buyer will respond by shading theitd@ higher degree. Conversely, a seller that
“underprices” their home by setting a list price less thanfthancial value will result in more aggressive
bidding by buyers, i.et1(p) will be closer to 1 wherp < 1. Thus, we posit that, (p) < 0, so that a seller
who considers overpricing their home will expect that bayweill shade their first bids to a greater degree.

The bid functions have a flat segment equal to the list pricedtuations in the intervdia, vi +k(p)].

As we noted above, this flat section is empirically motivatgdhe fact that we observe a mass point in
bid distributions at the list price. By adjusting the lengftthis flat segmerk(p) we can affect the size of
the mass point in the bid distribution and thereby attempbatch observed bid distributions.

We posit thak/(p) < 0 for reasons similar to the assumption thgip) < 0: a seller who overprices
his/her home by setting a list price bigger than 1 will resula shorter range of valuations over which
buyers would be willing to submit a first offer equal to thd [isice. Conversely, if a seller underprices
his/her home by setting a list price less than 1, there shioeild wider interval of valuations over which
the buyer is willing to submit a first offer equal to the listqe. Observe that since the probability of a first
offer equal to the list price is the probability that valweus fall into the intervalvi,vs + k(p)], it is not
strictly necessary fd'(p) < 0 in order for the probability of making an offer equal to tke price to be a
declining function of, which is another feature we observe in the English housatg. dHowever initially
we will assume thalt’(p) < 0, but we can obviously consider relaxations of this conditater.

The left hand panel of Figure 4.2 plots examples of bid fuumdifor four different values gb. These

bid functions were generated from the following specifimasi for the function;(p) andk(p):

ri(p) = .98(1-6(p))+.850(p)
k(p) = .12(1-6(p))+.078(p) (9)
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where
B(p) = —. (10)

We see that the bid function for the highest list price, ice.alist price ofp = 1.62 given by the blue dotted
line in the left hand panel of figure 4.2, the bid function ilwas the most shading and it lies uniformly
below the bid functions at other list prices. It follows tliae list price ofp = 1.62 isdominatedn terms of
revenue to the seller by lower list prices. However at moreenate list prices, the bid functions generally
cross each other and so there is no unambiguous ranking bassdct dominance of the bid functions.
For example if we compare the bid function for a list priceppf 1 with the bid function with a list
price of p = 1.09 (the former is the orange dotted line and the latter is titid sed line in the left hand
panel of fiugre 4.2), we see that the bid function for the lolgtrprice p = 1 is higher for buyers with
lower valuations and also for buyers with sufficiently higiluations, but the bid function with = 1.09
(corresponding to a 9% markup over the financial value of tirady), is higher for an intermediate range
of buyer valuations. Thus the question of which of the twbpisces result in higher expected revenues
depends on the distribution of buyer valuations: if thigritisition has sufficient mass in the intermediate
range of buyer valuations where the bid function for the bighst pricep = 1.09 exceeds the bid function
for the lower list pricep = 1, then the expected bid from setting the higher list prick @xceed the
expected bid from setting a lower list price. Of course thiégesment isconditional on a buyer arriving
and making a bid: we need to factor in the impact of list pripette arrival rate to compute the overall
expected revenue corresponding to different list prices.

The right hand panel of figure 4.2 shows how the bid functidrenge in successive bidding stages.
Bid functions for later bidding stages dominate the bid fiors for earlier bidding stages, resulting in
a montonically increase sequence of bids that is consistghtwhat we almost always observe in the
English housing data. However there are intervals of vadnatwhere the bids lie on the flat segment of
the bidding function, so this model can generate a sequdraidowhere a previous bid (equal to the list
price) is simply resubmitted by the bidder. This is also siting we observe in the English housing data.

We complete the description of the semi-reduced form mogealdscribing assumptions about the
distribution of buyers’ valuations for the homie(v|p). We assume thai(v|p) is in the Beta family of
distributions and thus it is fully specified by two paramsté,b), as well as its supporfy,v]. We do
not place any restriction on the distribution of valuatioms particular, it might be the case that buyers

who have relatively higher than average valuations for @mjikiome may choose to make offers: this
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Bid functions b(v,l,s), v=valuation, |=list price, s=stage, s=3 Bid functions at successive biddings stages: b(v,l,s), v=value, I=list price, s=stage
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Figure 4.2 Piecewise linear bid functions for different lig prices and bidding stages

would argue for a “positively biased” specification whé&rgy|p} > p. The direction of the bias might also
depend on the list price: overpriced homes that have beeheomarket for a long time might be more
likely to attract “vultures” i.e. buyers with lower than aege valuations who are hoping to get a good
deal if the seller “caves”. We could imagine many other typlestories or scenarios. All of these suggest
allowing for a more general model of valuations of the fofitv|p,d) where the distribution of valuations
of buyers who make an offer on a home with a price ratipefilso depends on the on the duration since
the last offerd and the house has been listed,

While there is a value (in terms of additional flexiblity inetliypes of bid distributions that can be
generated) by allowing for flexibility in the distributiorf buyer valuations, it is clear that if we allow
arbitrary amounts of flexibility then we might run into thersasorts of paradoxes that we illustrated for
the fully reduced form specification of buyer bidding beloaviln particular if the distribution of buyer
valuations shifts upward sufficiently quickly as the lisicerrises, then it is clearly possible that such a
model could result in expected bids that are a monotonigatiseasing function op, just as we observed
in the double beta specification in figure 4.1. In additiorréhean be difficult identification problems
since higher bids can be increased by either a) fixing a seieobwise linear bid functions but shifting
the distribution of valuation to the right, or b) fixing a dibution of valuations but allowing the piecewise
bid functions to rise. For this reason, we have started bydithe support an¢a,b) parameters of the

distribution of valuations and focus on estimating the peeiers of the piecewise linear bid functions.
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Probability density value
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Figure 4.3 Beta distribution of buyer valuations and implied probabilities of bidding the list price

Let B(ula,b) be a beta distribution on thi®, 1] interval with parameerga,b). We can derive the
distribution of bids from this distribution by first resaadj this distriubtion to thev, V] interval to get the

distribution of valuation$d (v) given by
H(v) = Pr{¥<v}=B((v-v)/(V-V)[a,b). (11)

The left hand panel of figure 4.3 plots an example of a betaildision of valuations on the interval
[v,V] = [.5,3] for different values of théa, b) parameters. These parameters give us the flexiblity totaffec
both the mode and the tail behavior of the distributions jrestelently of each other. For fixegdincreases
in b decrease the expected vakigv} and move the mode towards zenod thin out the upper tail, whereas
for fixed b, increases im increase the mode, the mean, and thickens the upper tdil\gfalthough larger
changes are required &to produce comparably dramatic shiftsHi{v) compared with changes I at
least fora > 1.

The right hand panel of Figure 4.3 plots the implied probgbihat an offer equals the list price, as
a function ofp at successive stages of the within week bargaining procedsufers whose distribution
of valuations is a beta distribution on the supdd5, 1.8] with parameterga, b) = (4.5,12). We see that
these implied probabilities are roughly in line with the alédr the limited range of list prices that we
observe in the English housing data (i.e. a mean first offgrithroughly equal to the financial value, i.e.
E{b(v,p)} ~ 1, where the mean value @fis approximately equal t0.@5. This implies that;(p) ~ .95
whenp ~ .95. Actually, for the specification of (p) given above, we havg (1.05) = .9248.
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The implied distribution of bidsG3(x|a, b, 1), is given by

G(xja,b,l) = Pr{b(V,l)<x}
= Pr{v<bi(xl)}
= B(b (x1)~v)/(V-v)ab). (12)

Due to the presence of the flat segment, the usual notion afvansie of the bid functon does not exist.
However if we interpret the inverse of the bid function at tfadue p as the intervalvy, vy +Kk(1)], we
obtain a distribution of bids that has the observe a masd pothe distribution of bids at the list price.
That is, we can write the distribution of bids implied by thjgecification more explicitly in terms of the

functionsry(p) andk(p) as

B((x/r1(p)—Vv)/(V—V)|,a,b) if xe[v,p)

G(x|a,b,p) =<4 B((k(p)+I/r1(p)+k(p) —Vv)/(V—V)la,b) —B((I/r1(p) —v)/(V—V)|a,b) ifx=p
B((x(I/r1(p) +k(p)) —Vv)/(V-V)|a,b) if x € (p,V]
(13)

Using this distribution function, we can compute thgected bid function «E~J| p} as

E{blp} = /xG(dx\a,b,p)
- /vvb(v,p)H(dv). (14)

Note that expectation depends both on the list price andefirtancial value because bids are interpreted
as ratios of list price to the financial value of the home.

Figure 4.4 plots the expected bid functions for severakdifit specifications of the distribution of
valuations. We see that the expected bid functions are wafrend are maximized at list prices that are
higher than 1, providing an incentive for the seller to “quése” when the seller sets a list price. Of course
this is not the full story, since the seller must also accdanthe effect of the list price on arrival rates
of buyers. The dynamic programming problem takes both fadtdo account, as well as other dynamic

considerations and the fixed menu costs involved in chartbimdjst price.

5 Empirical Results

Not yet written up: to be presented in the seminar
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Expected bid (stages 1, 2, 3) as a function of list price
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Figure 4.4 Expected bids as a function of the list price and liiding stage
6 Implications of the Model

Not yet written up: to be presented in the seminar

7 Conclusions

Not yet written up: to be presented in the seminar
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