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Abstract

Three Essays on Real Estate Brokerage, Listing Strategy, and Housing Transactson

Yanting Wu, Ph.D

Concordia University, 2022

This thesis consists of three essapise first essay (chapter 2hvestigates the incentives of
agents working with buyers (buying agents) under the fixed percentage commission system (FPCS)
and the implications on housing market outcomes. Our model shows that the absence of a binding
contract creates a risk of losimgjents for buying agents, which helps mitigate the conflict of
interest bet ween buying agents and their cl i
regarding their clientds reservation prices &
buying agent affect the binding force. Results from simulations and empirical analyses using house

transactions in Canada support our moédgledictions.

The second essay (chapter 3) investigates tt
incentives in housing transactions. Our model shows that complaints incentivize an agent to exert
greater efforts and mitigate the conflict of interest duth&ir concern for reputation and future
careerlt also shows that the reputation recovery benefits lamdammission rate play important
roles in determining the impact of complaints on the incentives of agents. We find that complaints
against agents have positive impacts on a ho

transaction outcomes such as pinebability of a house sale and the listing time on markets.

Thethird essay (chaptet) investigates the effect of recurrentsice reductions on housing
transactions. Recurrent Hptice reductions of a house may signal the impatience of sellers t
conclude a sell transaction more quickly, leading to more visits and a higher likelihood of being
sold (positive signa))but may also signal that the listing is problematic and thus harder to sell
without a listprice reduction, leading to a lower likebod of being sold (negative signanhis
essayinvestigates which signal prevails using a joint frailty model which accounts for the inter

dependence among recurrent-psice reductions and the association between the recurrent



reductions and the soldvent. The results show tirvarying negative impacts of ligirice
reductions on the likelihood of a house sale, supporting the dominance of the negative signaling
effects of recurrent ligbrice reductions.
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CHAPTER ONE

1. INTRODUCTION

Selling and buyin@ house are one of the most significant financial transadtiana family
unit can undertake. Althoughere was a&light drop after the financial crisis, house pribaese
increased dramatically ithe last decades. Due to the information asymmetry between sellers and
buyers and the lack of knowledge about the housnagket, both sellers and buyers hire
professionals to assist them in a house transaction and sellgr®fEsgionals commissions based
on the final transaction prices. Based on the setting of the commission system, both listing agents,
who represent theeller, and buying agents, who represent the buyer,draneentive to act not
in the best interest of their principals, thus, creating agency problems between sellers (buyers) and
listing agents (buying agent#).this threeessay thesigssayl (chapter 2)nvestigates the agency
issue between buyers and buying agents under the fixed percentage commission sysssayand
2 (chapter3) studies the complaint against listing agents and bomplaints camitigate the
conflict of interest between kers and listing agents.

Essay 1studies the conflict of interest between buyers and buying agents under the fixed
percentage commi ssion system. Because buying
of the final sale price, buying agents haveeintives to inducebuyers to buy a house at a higher
price, which conflictavith the best interesof buyers. We use a model to replicate the negotiation
between buyersamsle | | er s and assume that because buyer
not manatory, buyers can walk away with limited cost if they detectiatdfested activities of
buying agents. Our model generates two major predictions. First, although buying agents have
incentives to be selhterested and misguide home buyers by suggeatimgher offer, théixed
percentage commission system (FPC&) still produce offer prices that are more equitable for
the buyer. The reason is that theaumtract constraint imposes the risk of losing clients for the
buying agent, reducing the buying@ nt 6 s i n c e n t-interestedt Secomdeamdanore s e |
i mportantly, agent heterogeneity determines t
We differentiate buying agents based on their

reservation priceand the level of tolerance given by the buyer to the buying agent

We next conduct simulatiorsd empirical analyséee x ami ne t he I mpact of

risk of losing clients on transaction outcomes (Proposition 1) and the extent to which different



levels of prediction accuracy and tolerance are bound by thentoact constraint undéreFPCS
(Proposition 2). Resudtfrom both simulations and empirical analyses by using a large dataset of
house transactions in the province of Quebec, Canada support our model predictions.

Essay?2 studies the conflict of interest between sellers and listing agents and the impact of
compl aints against agents on ag Becduse dnformatione nt i v
about agentso complaints 1is wusually publicly
receive complaints against them would have incentives to exert adtigftorts in selling a house
due to their concerns for their reputations and future real estate careecend®¥eict a simple
dynamic model to examine the i mpact of compl ai
advising sellers. Our model genates three major predictions. First, complaints against agents
induce agents to exert additional efforts to sell houses high. Second, posi ti ve | mpac:
complaints on the house sale prices are strengthened by the increase in benefiterfiagn ex
additional effort but weakened by the decrease in commission rates paid to the agents. Third,
complaints against agents hamper other transaction outcomes in terms of the probability of a house
sale and the listing time on the market. We also condugtirical analyses by using house
transactions in the province of Quebec, Canada d agent sdé compl aint re
Sociéeté québécoise d'information juridique (SOQUIJ). Empirical results support our model

predictions.

Since the sellers have lired access to the pool of the buyers, thegthe list price of the
house to communicate with potential buyérsus, the list price of the house plays an important
role in a house transaction. Unlike the tag price in the retail market, the list price in the housing
market is not binding, indicating that a house can be transacted above, equal, and below the list
price. Also, sellers tend to use list price revisions to signal the quality of the house and their status
change. In thehird essay (chaptet), we investigate thseignalling effects of recurrent ligtrice

reductions and their price implications on housiags$actions.

Essay3 uses the joint frailty model, which considee interdependence among each recurrent
list-price reductions and the dependence between recurreptidistreductions and the terminal
sold event, to study the signaling effect of tiseprice reduction on the likelihood of a house sale.
We deem the signal as being positive if potential buyers interpret the recurrpntésteductions

for a house as an indicator of the sel keer 6 s i



closer or even below fair market value. In contrast, we deem the signal as being negative if
potential buyers interpret the recurrent-psice reductions for a house as an indicator that the
listing is problematic (e.g., a lemon house) due to theehdus unobservabl e at
empirical results from using house transactions in the province of Quebec, Canada, support the
dominance of the negative signals. This indicates that houses that experigmieslisgtductions

are less likely to get soldfter considering the positive association among recurrerarics
reductions and sold event through unobserviablerogeneity among sellers. We also find that the
impact of the lisfprice reductions on the likelihood of a house sale is-tierging: he negative

impact is stronger at the early listing stage and such negative impact increases as the listing days
on the market progresses. This implies that buyers are more likely to perceive athbasen

Al emono house wh eprica radecyion ane are raone likelg to peyceivie a selter

as beingmpatient when they see a late{msice reduction.



CHAPTER TWO

Conflicts of Interest and Agent Heterogeneity in Buyer Brokerage

2.1 INTRODUCTION

Although a contract betweenthebugen d t he buyer 6s agent (i .e.,
Agreement o or ABRAO) is not mandatory in the F
duties to the buyer, creating a princiaglent relationship between the buyer and the buying
agent! In a recent lawsuit filed by the Department of Justice (DOJ), the National Association of
Realtors (NAR) was accused of allegedly violating four categories of antitrust fawsng the
four anticompetitive practices, three were about misrepresentations or other mistgnthect

buying agent.

Most of the existing literature focuses on seller brokerage because the pragspal
rel ationship bet we e ageritis elearty spedifiedrin aanardlataryhbieding e | | e
contract. However, relative to the extensive literature on seller brok&téigeted studies focus
on buyer brokerage, except, for example, Yavas and Colwell (1999), Sahin, Sirmans, and Yavas
(2013),and Hayunga and Munneke (2019).

Thisessayfocuses on buyer brokerage under the fixed percentage commission system (FPCS),
which is widely used in most markets in North America. Under the FPCS, the seller pays her agent
a predetermined percentage of the final sale price (see Han and Strangé&r2@sbyvey). The
commi ssion is then split between the selleros

agent (also called the buying agent). Among the four participants (i.e., buyer, seller, listing agent,

For example, for our sample of house sales in the pravince
brokerage contract represents the party who has requested t
interests of tIfRe adarBEsyt arteep rBersoekieieadg,e rA.ct Mo ICthap& amplC68F . and det
provided in the S2ppPIAment ary Appendi x

2AAccording to the complaint, NAROseantincompeti (i yeprwowheéd tp
with NAR from disclosing to prospective buyers the commissi

mi srepresent to buyers that ll bunyebuypemnklerdlbeserivo cleis|l aer Mk
of buyer broker commi ssions offered; and (iv) | i miamensy acces
for sale to brokarfrdi wWhatwdr MLISo® a NAR

ht tps:// www. j us tdi ecpea. r¢t amie/endt p-et &-piesdtij mslt tisaedetoluesngeurntat ngAat es sed
Fbruary 20, 2021).

SFor example, t®Beldxdliwdiing raigglete ment .

“To illustrate, Rut herford et al. (2005), Lewnhetd honds&gvareo
at a premi um-acgoecompta edsd® owlmiolnhe having similar |listing ti mes.
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and buying agent), the buyer lsetonly one who suffers from a high sale price. As a result, the
FPCS can result in a misalignment of interest between the buyer and the buying agent.

We investigate buying agentsdé incentive pr
outcomes. We stawith a model to replicate the negotiation process between sellers and buyers,
where a buyer considers the buAgthetmyeracgnework 6s ad
with different buying agents, the buying agent receives noihitg buyer waks away® Thus,
the absence of a binding contract creates the risk of losing clients for buying agents. This risk
i mplicitly binds-inherbesyedgaagent 6sesel-Bubsenq
contract conswayeonsti @t 0) & wdloverepurphase prined whick

benefit the buyer.

Our model generates two major predictions (propositions). First, although buying agents have
incentives to be selhterested and misguide home buyers by suggesting a higher offER @&
can still produce offer prices that are more equitable for the buyer. The reason is that the no

contract constraint imposes the risk of losing clients for the buying agent, reducing the buying

agent 6s i nc e n tintexested.tSecond andonevireportarely, agent heterogeneity
determines the | evel of the buying agentos ri
based on their prediction accuracy | evel rega

examine the levelfdolerance given by the buyer to the buying agent. We show that both factors
affect the extent of (mis)alignment of interest between the buyer and the buying agent and
ultimately the housing outcome: a buying agent who has a higher prediction accuea@nbkv
receives a higher tolerance level is more likely to actistdfested, resulting in less favorable

housing market outcomes for buyers.

We next conduct simulations to examine our model predictions by using parameters generated
from a large datasedf house transactions in the province of Quebec, Car@ualasimulation

results show that the buyi ng a g-eonttad sonstrains k o f

0ur model focuses on the negotiation stage for twondeasons.
Zillow di minish a buying agentés rbhtoimatihenspraoxcihsiaomn) miay
with free access to |listings with detailed property infor me
relatively more important iFPrt ke amprie2,0ly8)il hfgoagmussoecse sesn flouy ebrusy
model , the buyero6s agent plays a rather | imited role.

6l n a related studying focusing on the seller and temé sell er
change is dwegetnd a ngreinidéiveali ncompatibility problem (e.g., ¢
prices and/or the levels of efforts).

5



mitigates the conflict of interest between buying agents and home buyers. Moremtipothe
binding force is lessened among buying agents with a higher prediction accuracy level and a higher

tolerance level, consistent with our model predictions.

Our empirical analyses examine the 1 mpact
trarsaction outcomes (Propositidhl) and the extent to which different levels of prediction
accuracy and tolerance are bound by theadract constraint under FPCS (Propositi).

Given the important role of asking price in negotiation (Han and Str&@d®), our outcome

variable is measured by the ratio of the final sale price to the last asking price. Consistent with
Proposition2.1, our empirical results suggest that buyete 0 si mul t aneousl y si
representative agreement (SRA) pay motatine to the last asking price, given the completion

of a saleConsistent with Propositio2.2, we find that buyers who work with buying agents with

a higher prediction accuracy (proxiedbyuyi ng agent soé6 expeamdiwheonce an
showahighe t ol erance | evel to the buying agents (]
end up with less favorable outcomes. We also examine various binding forces, including
information asymmetry, agent incentives, and collusion opportunities. With téspeformation

asymmetry, our results suggest that buyers who use a buying agent with a higher prediction
accuracy face much more unfavorable outcomes in transactions of atypical houags, fubdises,

high-value houses, and firtitne listed houses. laddition, buyers who use a buying agent with a

higher prediction accuracy face much more unfavorable outcomes when the commission rate splits

to the buying agent is high and when the buying agent and the listing agent are from the same

office or the samé&rm.

Our study makes several contributions to the literature. To the best of our knowledge, we are
the first to examine the role of agent heterogeneity in incentive problems and pricing implications
in buyer brokerage. Within this context, we investigdte efficiency of the FPCS through
theoretical models, simulations, and empirical analyses. For theoretical studies, the most closely
related studies to ours are Williams (1998) and Fisher and Yavas (2010) who study the FPCS with
respect t oarch dif@tleaebaadseatttsintengty, assuming a constant negotiating price.
Our model differs from these studies in that we focus on the negotiation process. Specifically, we
mod el a buying agentés behavi or oonstanthsearctpr op o s

time for a house. Furthermore, our model extends Yavas and Colwell (1999) who propose a more



efficient but not widely used commission systeWhile Yavas and Colwell focus on the tirtee

sell dimension of the agency issue assuming thategetiated price is given, we focus on price
determination during the negotiation stage. \
agreement between buying agents and buyers create®not r act constraints on
selfinterest behaor. This constraint can mitigate the misalignment of interest between the buyer

and her agent by imposing a risk of losing clients on the buying agent and thus enhances the
efficacy of the widely used FPCS.

Recent empirical studies find that agents pase houses for themselves at a discount
compared to houses purchased for their clients (Allen, Rutherford, Rutherford, and Yavas, 2015;
Agarwal, He, Sing, and Song, 2019). Our study also empirically contributes to the scant literature
in buyer brokerageybexamining the heterogeneity of buying agents in terms of their prediction

accuracy level and tolerance levels on final transaction outcomes.

More broadly, our study complements other works that document the behaviors of expert
advisors and the agencyobtems between intermediaries and their clients when agents receive
compensations from upstream firms and have directional conflicts of interest with their clients.

For example, the literature studying the behavior of mortgage brokers claims agency groblem
between households and their mortgage brokers who often receive commissions from lenders
(RoblesGarcia, 2019). Studies in the insurance industry claim that insurance brokers, acting as
expert advisors for clients, receive commissions from insuranceacvoegbased on the premiums

paid by the insured, distorting insurance brol
brokers and those insured (Focht et al., 2013). Our study suggests that the lack of binding contracts
between brokers and dfiess createsro ont r act constraints on brok:

alleviate somewhat the conflict of interest between brokers and their clients.

The remainder of thessayis organized as follows. In Secti@®, we review the institutional
backgroundof the real estate brokerage system. In Se@i8nwe model the negotiation stage
under the FPCS when the buying agents have and do not have risk of losing clients. Ir2Section

we describe the data used in the simulations and empirical analysextion3.5, we conduct

Yavas and Colwell (1999) introduce a more effficxedntpemonmentsasyg
of a predetermined fixed amount of commission and the buying



simulations to understand the implications of the model. In SeZfowe present and discuss the
empirical hypotheses and results. Secfiahconcludes thessay

2.2 INSTITUTIONAL BACKGROUND

Real estate agents asdistyers and sellers in searching, matching, and negotiating in most
housing transactions. The relationship between sellers and listing agents are bound by an exclusive
right-to-s e | | l' i sting agreement (or a selllstngbs r ep
agent earns a sales commission whether the seller, listing agent, or buying agent finds the final
buyer. I f another cooperative agent, usually
in the transaction, the sale commission is dpéitween both agents. In most cases, the sale
commission is determined by a fixed percentage of the final sale price and is paid by home sellers.
Unlike the relationship between sellers and listing agents, the relationship between buyers and
buying agentssi not necessarily bound by contracts. For example, in British Columbia, Manitoba,
and Quebec in Canada, and California, Indiana, and Texas in the United States, an exclusive
contract, also called the buyer 6s ndteepbugngent at i

agents is not mandatofy.

Under the fixed percentage commission system (FPCS), buyers can engage with as many
buying agents as they want if there is no binding contract signed between buyers and buying agents.
However, only the first bugig agent (or first buying agent group) who shows the buyer the house
and assists the buyer in the negotiation gets the split commission. Thus, all else equal, unbinding
the relationship between the buyer and the buying agent allows home buyers to walk awa

mitigating the misalignment of interests between the buyer and the buying agent.

Home buyers in some regions of North America sign contracts with buying agents that they
work with and have fiduciary duties to act in the best interests of the home(buyelberta,
Canada, and Il linois). I n our study, buying a
considered to be representatives of buyers and have fiduciary duties toewayens the absence

of written contracts. Therefore, the bugg agent (or the cooperating agent) is not always

8Suppl ement a2rly (Zp esrdmmari zes the requirements of om BRA and
relationship with their buying agents in some areas in North
°The situation is similar in Manitoba, Canada, and Texas.
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characterized as a s@lgent of the listing agent because there is no contract to identify the buying
agent 6s fiduciary duties to the buyeBecaused t he
ofthe yduciary duty between the buying agents a
essayshoul d serve as a | ower bound of the e ec
commi tting a yduciary breach woagents,frontastinga cer |
against the interest of their clienkis.contrast, in Florida, both listing agents and buying agents act

as only transaction agents and have no liability to both sellers and buyers for achieving the best
prices for their clients in thabsence of a written contract. However, no matter whether the buying

agent bears legal responsibility for acting on behalf of the buyer, buying agents have no liability

for not achieving a low final sale price since they get paid by sellers and theirrsatpe is

based on the final sale price unless specified otherwise. Thus, the buying agents have financial

incentives not to act in the best interests of their home buyer clients (Allen et al., 2015).

2.3 MODEL

In this section, we constructsample model to replicate the activities of buyers, sellers, and
their agents in a orgtage taket-or-leaveit (TILI) negotiation under the FPCS. In the
Supplementary Appendi®.2 (SA 2.2), we extend the model to tvgbage and mukstage TILI

negotiations and find qualitatively similar resufts.

In our model, the buying agent suggests offer prices to maximize her paytbsnegotiation
stage. Our model has two important assumptions. First, compared with the cost of time and
pressure fronselling a house, the opportunity cost of time spent on searching for a house by the
buyer is less valuable under normal market conditions. This is a plausible assumption when
comparable houses for sale and rental options are available to thé'ttiyes,our model focuses
on the buying agentds suggested offer price as:c
compared with the buying agent who visits many properties more than once, buyers have less

access to the information about the marketligied houses and particular propertig$his is

0] n addltlon, we find a better alignment oftiatepopestsesubdswbe
the buye and the seller.

LIf ther are many comparable houses available for ywale, th
woul d have |l i ked to get is relatively | ow Thus,ddwmoy ena$ mi gh
mar ket conditions, buyers are expectedpngobel@avemodbiodablsyr
negotiations in a bidding war mar ket (see Han and Strange, 2
Buyers can access infrorimast ech lbwses tthier anag tk elt o d al real es
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different from the sell side in which the seller knows more about her property but less about the
source of potential buyers than her agent, and thus more highly values other professional services
such asnarketing the property. Therefore, our model focuses on the services of buying agents in
suggesting offer prices for buyers in negotiations. Following the literature, we assume that all
participants are risk neutral (e.g.awés, 1992, and Allen et al.025).

Let S and B denote seller and buyer, whose reservation price for has and’Y |,
respective T he buyer 60s rYe,ss¢he pemaivedovalue pf the loese after visiting
it. We assume that each bwssller pair only prticipates in one negotiation simultaneously.
Unlike the seller who signs a contract with her listing agent, the buyer can simultaneously deal
with multiple buying agents with different prediction accuracies regarding the reservation price of
the buyer ad the seller, denoted i, 68 6 B ,6 0 , where subscripts H and L refer to

high prediction accuracy and low prediction accuracy, respectively.

In the negotiation stage, we first assume that the markets for both sellers and buyers are normal
and that offers are accepted if they match eac
are positive gains from reaching an agreement for any fs@jier pair,Y Y . In other words,
the probability of a successful negotiation is pesito ensure that modeling is meaningful. Lastly,
we assume that signing a buyerds representati\
agents is not mandatot{yIn this case, if a buying agent suggests an offer price higher than the
buyer 6s r e $Yeplus atblarance rapge, denated by that is set by the buyer for the
buying agent, the buyer would not accept the suggested price and wouldheseslationship
with that buying agent. The tolerance range ¢
with the buying agent. We denote the tolerance given by the buyer to the buying agearidy
e N o P withe » , where subscript®andarefer to a high and low tolerance level given

by the buyer to the buying agent.

tforms (e.g., Realtor.com and Zillow) but they dno not ha
ouse or through theip benweeni anduyéhe akdowlugdagpeg @aent f
ewhat as the buyer approaches the formulation aneétmaking
|l i sted houses througihnd orcemd| reesatlatees tpaltat fbaromsh u(ree.sg .a,n dR eoan
reservation price is based on the valuation dptred.he hou
buyer can bind with thtehéedulyuiywigng@agagentcotmhe aco mmil 3 yi @amdf
our study, we focus on cases where BRAs are not mandatory be
|l osing cl i entcsonctaruascetd chboyn sttdrgeeimmotd so b ethlaev i buwy i ng
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The buying agent does not knowyY and¥é,bbtfoymer and
predictions, denoted & and’Y , which follow a lognarmal distribution. We assume the median

of each lognormal distribution equals the true value of the reservation p¥icend'Y . Therefore,

the probability that an agentodés predicted res
price would be the same. Themeah( of t he wvariabl ebds natur al e
agents with high and low prediction accuracy, where & €Y I a €Y . We use, to

denote the standard deviation of the logarithm of the predriet=tvation price and conjecture

that the buying agent with high (low) prediction accuracy has a low (high) ., and,

There are three possible outcomes in thestage taket-or-leaveit (TILI) negotiation under

our assumptiost

Case 1: IfY 1 , the buyer accepts the asking price and pays a final sale price af .
The associated probabilityfisi €6adip Q p €& .(Outcome 1)

Case 2: If'Y 1 , the buyer rejects the asking price and proposes an offerlEsed on the

suggestion of the buying agent.

Case 2a: IfY 1, the seller accept§ and receives a final sale pricerpf n . The

associated probability i1 €6@ict & p 0 .(Outcome 2)

Case 2b: IfY 1, the seller rejecty and the negotiation is ended without a deal. The

associated probability i1 €60 icd® & 0 (Outcome 3)

The buying agent risks losing the buyer if she sugdestéigh of an offer that results in the
buyer walking away. If 'Y < hthe suggested offer price exceeds the price range set by
the buyer, so that the buying agent receives nothing. The associated probability is
Nl é0cE € BQE O €0 'Y o O . The parameters , 0, andV are the
probabilities of Case 1, Case 2a, and Case 2b, respectively. These parameters can be estimated for

an actual house transaction.

11



2.3.10nestage TILI Negotiation When Buying Agents Have No Risk of Losing Clients

We first exami ndutyhergbuwuyemddsampdhaytolied s in th
agents have no risk of |l osing clients. Thi s
representative agreement with the buying agent. In this case, the buying agent does not have
concern for losig clients and her behavior is not bound by thecrmnt r a cd wa(yfioWa | k
constraint, leaving only the interest misalignment between the buyer and the buying agent.

Buyer s payof f:

~

©Y o c®

whereQis the unit cost of purchasing a house aiglthe cumulative time the buyer has spent
from initiating the search to negotiating the sale pfic@ur model assumes thagetsearching cost
(kt) is constant for all buyers and focuses on the proposed offer'pfibe. final sale price of

houseQ) , is:
n p en €p 0N 8
Y N Y
In equation 2.2), € is the probability ofY 1 andu is the probability off Y .0 isa

decreasing and convex functionrpf. 0 & T, and0 &, indicating that the probability of

n Y increases with a decreasepf The increasing rate is greater whigngets closer tor

whichi s t he buying agentdés predicYed value of tl

To illustrate the relationship between the proposed offer pricarengredicted reservation
price, we assume a constant valowhich makes) @Y . Based on equation (3), ®

Y j'Y . Then:

’The associated uni't cost of purchasing a house, Bs rTentsdes
for the current house.

We al so extend our model to incorwerasseumdhehetmpracgemwmdud i (mer
(i ke.ffor buyers. We assume that the buyer 6sY)t iamed cporsotp ohsaesd a0
prilcner.eported resul ts Heotreramg eenodsitsn dt@dnmetha ¢ enlr s vmiatt h t he buyer é6s |
is the buyerds predicted reservation price of the seller.
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Wy s L o, agy aé&Y 0¢w
L Nl érmw Y ni éad¥y Y B

Rephcingr) in equation 2.1) by equationZ.2) and replacing) in equation 2.2) by equation
(2.3), we get

Y p &N &€p B — & Qo c8

Then:

e g aeg Qp ae @
T Y P B — %

T ()]

From the perspective of the buyéf, p, so that the buyer shouldgpose a low offer price

and the optimal offer price should be equal t

z

AeY.

Buying agentdés payoff:

wherg is the predetermined fixed commission rate split to the buying ageriOantthe total
cost associated with the servidé.andY ar e t he buying agentdés predi

reservationprick and f or t he buy"rrréspectiveyser vati on pri ce

Replacing) in equation 2.6) by equationZ.2) and replacing) in equation 2.6) by equation
(2.3), we get

“ o~ ] déa“)ﬁ ™
| p &n €p B — ¥ O ¢
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.Y
(L) —_—
P Y

Then:
Te . at @p aéE
— | & p B — —%o T ]
T (L) ” ” ”
From the perspective of the buying agesif, —, so that the buying agent would convince

the buyer to propose a high offer price and the optimal offer price should be equal to the buying

agentds predicted rejserw.ati on price of the bu

In summary, under the FPCS, when the buying agent has no risk of losing the client because
of signing a BRA with the buyer, a rigleutral buying agent would never suggest an optimal offer
price that aligns with t he ivegangfrodmthe regosation,i nt er
'Y 'Y, that are known by all participants, ti¥n 'Y andfy ~~ 1| *. The FPCS binds the
interest of the buying agent with those of the

are notoptimized in the housing transaction.

2.3.20nestage TILI Negotiation When Buying Agents Have the Risk of Losing Clients

We now examine the buyeroés and buying agent
losing clients. This scenario happens whem e buyer does not sign a
agreement with the buying agent. In this case, the buying agent has concern for losing clients and

her behavior is bound by the4soo nt r a catwa(yiowa Ickonst r ai nt .
Buyerds payof f:

T h e b paydfrinGhss case, is the same as that in the case when buying agents have no risk of
losing clients because the buyer bears a negligible cost of switching to other buying'‘agents.

Under the FPCS without a BRA, the buyer should propose the lowest possible offer price and the

“"Even when we include switching costs in the buyerodés payoff
withbubhdangbeoathsastwi tching cost i s ionddmpleindenthefhitdhle oWwiftc
seller due to thteseallgnagr exmé uts,i vewirti glhitng t o another buyi ng

for a buyer, especially compared to the cost for thyei bhguyer t
agents.
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opti mal of fer price should be equal tho t he

Y.
Buying agentds payoff:
“ Ine O C8o
ne p &€n &€p 0 p 0N P T
Y o0 Y

wherev is the probability of losing the buyer (i.e., the buyer leaves for another buyamg) a
is an increasing and convex functiompf bee 1T, andvae e 11, indicating that the probability of

n 'Y e« increases with an increaserpf The increasing rate is greater whigrgets closer

to'y .
To illustrate therelationship between the proposed offer price and the predicted reservation
price, we assume a constant valdi® maker) "Qy . Based on equatior2@),— Q p.

Sincep Y &Y ,Q &—. Then:

o i sy zmR , a &Y agy o
O Ni i Y ni €&y 'y o B

WY agy . U

| 1

B 1+ g P p

11 » 1

u

Regdacing | &an equation 2.9) by equation Z.10) and replacingd in equation 2.10) by

equation 2.11), we get

1"v I’l} Ir? é(:)'i_'Y a SY i I:-ILIJ il [
“ P €N £ p B no pB—— Y
1"v I’l} II n I"’U ” [
Vg tr u W Vg
O P q
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G —
P Y
To simplify the presentation of the result® defined —— and®
Then
Te 8y dé(i)p(y )
T (I) | p B ” ” % ”
. . . P, . . Py n
| &¥ Bwp B —%wp B —B 0%
P o
To compare the i mpact of the buying agentao

difference in the marginal payoffs of buying agents in the scenarios with and without the risk of

losing clients (i.e.p Tmversusy ). We subtract equation(13) from equationd.8) and get:

OT,|,—(-bTT—d~)|éYB(bp B & £/mp K & ﬂgw/w
m T
wherei s equal to the offer price suggested by t
oftheselleds reservation price, and should be 1 arg

no risk of losing the client which eliminates the potential loss in payoff from a client buying the
property using a different buying agent. Equati@il4) yields a stadtly positive outcome,
suggesting that the marginal payoff from an additional unit of offer price when there is no concern

of losing the client is always greater than that when the buying agent has a concern of losing the
client. In other words, the presee of t he risk of | osing the cl
marginal payoff from a high offer price, alleviating the interest misalignments between buyers and
buying agents. The magnitude of G depends on the risk of losing clients, which is thenfofcti

@, and on the risk of being rejected by the seller, which is a function of X.
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In summary, under the FPCS wi t ho uneutrabupingy er 6 s
agent 6s i nc e ninterested isolikely to dallevigteddeeltd her concern of losing
clients, which mitigates, at least to a certain extent, the misalignment of interests between buyers

and buying agents.

Proposition 21: Bu y i n g cengeenroftlasisg clients due tona binding contract between
the buyer and the buying agent mitigates the misalignment of interest between them and improves
the fairness of the fixed percentage commission system (FPCS).

2.3.3Prediction Accuracy, Tolerance Level, and Binding ForceofBupyg Agent 6 s Conc
Losing Clients
The predictions resulting from equatiohl4) depend on the functions @fandw, and the
standard deviations of the predictions of the reservation prices for both parteesj, . The
functions ofw and®also vary at differenf ande , given the value ofy . We identify the
probability of losing clients), as the cost of being setiterested. We take the firstder partial

derivative of equation(11) respect tg ande , respectively, to get:

T 0 . OEY a €y
T %0 0 T ¢ L
%od)—p 11 <P @
Te w Y e
Given,, , ande e,and hol ding all el se constant, t
a client in the case of not signing a buyeroés

the buying agent dés pr &diocfandaovinen thecbuyergavesyghii s  hi ¢

tolerance to the buying agent (i.e., * ).

Taking the partial derivative of equatioh14) yields:

T O v N T - 4
Tb|spBw -

%o  TT <P X

Given VH O b e VH O e , ®» O b e

'@ 6Pk <+ ,and holding all else constant, buying agents who have high prediction
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accuracy or/and receive high tolerance from buyers have more incentive toingesetted due
to their low risk of losing clients.

Proposition 2.2A: Without binding contracts between buyers and buying agents, the binding force
of the agentds concern of |l osing clients 1is

accuracy.

Proposition 2.2B: Without binding contracts between buyers and buying ageetbjriding force
of the agentds concern of |l osing clients 1is
tolerance from the buyer.

2.4 SAMPLE AND DATA

Our initial sample consists of 1,553,099 (both sold and expired) listings records of single
family houses listed on the local MLS (Multiple Listing Service), consisting of 17 regions, between
January 1994 and December 2017 from the Greater Montreal Real Estate Board (Chambre
Immoiliere du Grand Montreal). After deleting incomplete, missing, or illogibaérvations (i.e.,
building size exceeds lot size)androm més | ength transactions (i .
last asking price lower than $10,000), our sample consists of, 44blistings, including 864,502
sold listings and 594,947 expiréstings.

Our data include property characteristics such as house size, age, location, number of rooms,
number of bedrooms and bathrooms, number of garages, and property and building types. In
addition, our transaction records include initial and laghggbrices, selling prices, the agent code

of each listing and buying agents, and listing, selling, and listing expiring dates.

We identify each agent by a unigue agent code and use that code to gather the listing and
purchasing records of that agent. idfere, we are able to track the number of purchases and sales
amounts that a buying agent was involved in each year. As we do not observe failed purchases, we
estimate the buying agentés success rattio as
include demographic characteristics specific to each buyer, seller, and their agents. We use the

classifier Namsor to classify their gender, race, and ethrifdNgmsor has developed a name

8We thank Elian Carsenat for generbuspg: pt.oaSmsminmgauesiacme di t
algorithms have been used in prior studies on homealwuyers (¢
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checking technology that uses big data and madbhemaing tols to classify
nameduy genderrace (White, Black, Hispanic, and Asian), atbnicity (e.g., French, British,
Italian, Jewish, Chinese, etc.). We also construct a set of proxies for demographic attributes,

including education, age, marital status, andhigration status, based on census data.

Because only 20,137 listing records exist between January 1994 and December 1999 and less
than 10 listing records are available after 2017 and our proxy types for buying agents are based on
the most recent five yesuin the past, the sample period for the main models is between January
2005 and December 2017. During this sample period, we have a total of 963,626 listings,
consisting of 509,713 that were sold and 453,913 that were expired. After eliminating sald recor
where buyer information could not be inferrect
demographic characteristics to test the impact of the tolerance3éf&dr eliminating missing
values for control variables, we have 330,200 sold obsergafiiwriesting proposition.2A. We
use repeat sales to test propositi@drisand 22B, which further reduces our sample size to less

than 60,000 observations.

As shown in Table.1, a typical transaction has an initial asking price of $239,900, a last
asking price of $235,000, and a final sale price of $225,000. A typical buying agent is involved in
8.46 purchases each year and has an average success ratio of 58.46%. 60% tajrisanaae
buyers and buying agents from the same ethnicity and 54% of transactions have buyers and buying
agents from the same raBuyers of 4.0% of the transactions also use their buying agents to
assist them to sell their houses in whichthey sigreal | er 6 s representative a
than 75% of the singlamily houses were sold at prices below their last asking prices (the ratio
of sale price to last asking price is 97.61% at the 75 percentile, shown in Panel C). A typical listing
has oty one listing agent and one buying agent, consistent with an assumption in our model (Panel
D).

[Table 2.1 about here.]

and Zuo (2022)).

YSince the information for aihleabbluey,erweofi deeancthi ftyr atnhsea ckt u yoenr i osf
that the seller of each | isting is the buyer of the most rec
2]l n our sampl e, tehéenperidegnt a@e safet spaemes e imdaadige gtlordar nsstagmoazsnt ons b e
of thenismmingrtehe province ofi Qukbde hoehf wbmt &randebl whkch
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2.5 SIMULATION

To initially examine our model 6s predictions
their agents in anestage taket-or-leaveit (TILI) negotiation. Our goal is to show whether the
buying agentdés concern for risks of l osing ¢
constraint on her activities in suggesting an offer price and how sensitivaediegipower of that
constraint iIis to changes in the buying agent 0:¢

price ©) and to changes in the level of tolerancg given by the buyer to the buying agent.

In the simulation, we randomly dravd, 000 val ues for t h¥)tharyer 0s
sell er 6s r eYs)gehewaskingipriceof thehousgef ,( t he buying agentod
the buyer 6s fYgs eravnadt itohne phbruycieng( agreds 6se pereda
price (Y ). Based on those values, we simulate the TILI negotiation stage and record the buying
agent 6s pr op os)ehk oferfpfice paramateree Q@ ,( and the buyin
payoffs ().

Based on the assumptions in secd@) we conduct the following simulation steps:

Stepl: We randomly draw and'Y based on their distributions in our full sample:
A¥x p@ W x anda¥*x ~ p @ @ ¢ where 12.26 (12.39nd 0.57 (0.58) are the
mean and the standard deviation of the natural log of final sale prices (initial asking prices) in our
dataset?? In this round, only the pair 6f and’Y that satisfieSY 'Y are kept because a

negotiation is sccessful only ify Y .

Step 2: We randomly draw) based on its distribution in our full sample:
dBx  p @ X P where 12.37 and 0.58 are the mean and the standard deviation of the last
asking prices in our dataset. In our datdsss than 5% of the houses are sold at a sale price above
the asking price, indicating thatorethan9 5% of t he buyer déds reservati
the asking prices of the houses. We adjust the distribution of the asking price accordingly:

AR p®X O¥ p @ wmd Y, so that there is at least a 95% chance that the asking

2lWe report summanry fstldt issaatmpt eet, h aveho lcch a ma hep@mi@ exd | i stings
2We also draw the sellerdos reservation price wusingriadnmernat
purchase prices to draw and find similar results (unreported
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price i s above the buyerds r eser v-adjustedmorn@alr i c e .
distribution of the asking pricé (p & Xr® ¢ ). In this round, only) that satisfies) 'Y is

kept because sellers would not set an asking price below their reservation prices.

Step3: We randomly drawy and’Y based on their distributions in our full sample:
a¥x  a¥h anda¥x  a¥h  where, and, are the standard deviations of
the buying agentds prediction which reflect h
deviation, the higher the accuracy leva).(As a starting point, we assume that an agent has the
same standard deviationrfo pr edi cting both the buyer,6s and s
™ %2 Only the pair ofY and’Y that satisfieSY Y is kept in each iteration, guaranteeing

a positive probability for a successful negotiation.

Step 4: Followirg steps 13, we simulate the payoffs for each participant with and without a
binding contract between the buyer and buying agent.

2.5.1Scenario When Buying Agents Have No Risk of Losing Clients

In this scenario we randomly draw the offer price parame&téased on a uniform distribution:
& “Y pRY TY . Then we calculate the offer priie @ 'Y . In the negotiation stage, the buyer
accepts the asking pricenjff 'Y , and the payoff for the buying agentis | 1 .We sé
up the commission rate split to the buying agent asm8t ¢ ,which is the mean of commission
rate splits in our samplé n 'Y , the buyer proposes the offer prigesuggested by the buying
agent. Iff] 'Y, the seller accepts the offer prige and the payoff for the buying agent is
“ | n.ifn Y e ® Y ,the seller rejects the offer prige, and the payoff for
the buying agent s TL
2.5.2Scenario When Bying Agents Have the Risk of Losing Clients

In this scenario we randomly draw the offer price param@drased on a uniform distribution:
"® Y'Y TY fp . We then convert the simulaté@o (@ "Q 'Y TY ) to compare with the

previous (o risk of losing clients) scenario, so that the offer piice & 'Y .

2Pl ease seeFiPdondéeC iimpact oA ,aoewursayocy dt theyebi fdi ng power of t
clients,.i Adl owees a higher accuracy |l evel.
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In the negotiation stage, the buyer accepts the asking prce ifY , and the payoff for the

buying agent i$§ | n.If Y, the buyer proposes thaffer price suggested by the
buyingagent.1ff Y ¢ Y ,the buyer rejects the buying acg
engages with other buying agents. In this case, the payoff for the buying dgent ist If n

Y e Y, the buyer accepts the buyi ngithgpgent 6s
N . As an initial examination, we set the level of tolerance given by the buyer to the buying agent

to be 10%¢{ p 1 pin the base cagélf 1 'Y, the seller accepts the offer prige and the

payoff for the buying agentfs | A .Iffy YR Y <« Yhde® 'Y ,the

seller rejects the offer prigg, and the payoff for the buying agentis T

Step 5: We plot the relationship between the offer paramgtand the payofof the buying
agent,” . We also show the differences in payoffs between two scenarios with different levels of

tolerance { ) and prediction accuracy)

Figure 2.1 graphically displays the simulation results. In Panel A of Figurewe plot the
payoff of the buying agent, under (1) a scenari o without the
contract)o and (2) a scenario with the risk o
quadratic plot of the basmse raitionship betweem(offer price parameter) arfd (buying
agento6s payoff) forpmlth s oiamd ot wh afe
The offer price parameteg)(on the Xaxis is bound between 1 ahdTY . Panel A of Figure 1
indicates that when the buyer and the buying
which | eads to the no risk of |l osing clients
achieves higher payoffs by proposing a higher offer priceadtiyer, which conflicts with the
best interests of the buyer who wants to buy at a lower price. In the absence of a contract, the
buying agentéés payoff i ncreases with 1increasce
Awi t hout contowet 0) nbueasitnga rate compared wi
scenario. In SA2.3, we show that our simulation results of linear plots are consistent with
Proposition2.1. Instead of showing both scenarios separately, Panels B and C plot the differences

in payoffs between two scenarios with respect to the accuracy level and tolerance level,

Pl ease see PdndlorBtihre Fimpuarces) o fo rbtinddetnogl eproawecre olfe vtehle (ri sk o
Linear plots of wardueldari éthehitwobscweaBuppl ament 28 Append
(S2A3) .
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respectively. We observe that the binding power decreases with increases in the prediction
accuracy level (Panel B) and the tolerance level (Panel C). 18.3Ave pot a 3D graph for
varying the accuracy level and the tolerance level simultanedustyglobal minimum where the
nonbinding contract case converges to the binding contract case is achieved at the maximum

levels of accuracy (i.e., the minimum,of) ard tolerance«().

2.6 EMPIRICAL ANALYSES

The above simulation exercise provides initial support for Proposition 1 and Proposition 2. In
this section, we empirically examine how the
transaction outcomes given conflicts of interests between buyer$@nduying agents in the
absence of a buyerdés representative agreement
asking prices for properties, we show that transactions undertaken by buying agents who have a
low risk of losing clients have less fanable transaction outcomes for buyers in terms of the ratio
of the final sale price to the | ast asking pr.i
accuracy level and the tolerance level given by buyers affects transaction outcomes. This is
followed by a set of robustness checks dealing with selection bias, omitted variable bias, brokerage
firms, listing agents, and property fixed effects, past bargaining performance of buying agents,
alternative measure of transaction outcomes, alternatiteriarfor determination of buying
agentdés prediction accuracy | evel, market si z:¢

model.

2.6.1Proposition21: The Rel ati on between Signing a Sel|l
and Transaction Outcme

Proposition2.1 predicts that a highisk of losing clients helps mitigate the misalignment of
interest, resulting in a more favorable outcome for the biBee. to lack of data on contractual
relationships between buyers and buying agents, we areeuttabirectly test propositioB.1.
Instead, we test Propositidhl using the variation of buyi ng
Specifically, we measure this variation using transactions in which the buyer and the buying agent
al so s i g nreptesentatie adrderaentg SRA). This situation generally involves a move
within the same local housing market and requires the buyer to not adversely affect the motivation

of the selling agent to sell the house. As it takes time to transact, moving camersd up owning
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either two housing units or no housing units for some time, either of which may be costly
(Anenberg and Bayer, 2020; Moen, Nenov, and Sniekers, 2021). Therefore, a buyer would want

to minimize the delay between the two transactions suess likely to walk away from the agent

if the agent also sells the buyerdés existing
wor ds, if a buying agent signs a sellerds rer
lower risk of losingclients (ower 0 for the buying ageftcompared to a buying agent who does

not sign a SRA.

To test this conjecture, we create a dummy variable of signing an SRA as a proxy for the
buying agentdos differ ent iol@wing ordirsmiy leastfsquare@(®LSh g c | |

model:
"YOOEODDI pOD O6a YYD | 0O@EE &€ 0l € ai
06 &l 0T Do Qi VI "BAERDR O GDDOO QI Qi 0 QLI
YENOT € QQI GQQO0QI a O
0 0 0 ;

P Y

The outcome variabl8YD 6 ¢ 0 Qi 804 he r at i o alopfice toitsHastaskiegd s f i |
price for transaction sold in quartet. Our test variabléD 6 & "Y'Y, & the SRA dummy, which
eqguals one if the buyer has signed an SRA for the sale of her current house with the buying agent
when purchasing houset timet. We expect that the presence of an SRA between the buyer and
the buying agent reduces the-oi@ nt r act bi nding constraint on
resulting in a worse outcome (i.e., a higher purchase price compared to the last askirigrprice)

the buyer.

We follow prior studiesndinclude a set of standard controls for housing characteristics, time
on the market, the number of agent s, agent 6.

overpricing, and contract duratiGh.0 ¢ “@&& 0 i éncluded & O O , which indicates the

%The standard controls i ncl uadrek ento,u slei scthianrga catgeernitsotsi cast,t rtiibnmuet ec
(e.g., Bar wi ck et al ., 2017; Turnbul | and Wa) |l aFso20h8) udeén
duration of the listing agrintasct Amgtl weme rmngde ISlpen sigamd (12i00t3i) n «
the degree of overpricing for houses. Buccianeri atnrdoIMdi.nson
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natural log of listing months on the markdh Qi 0 "Q¢ "QanddQE ®d | W Eefidésént the

number of listing agents involved in transactiand the number of active listings of the listing

agent involved in transactionduring the contract period leading up to the house purchase.
Similarly, M6 6 Q¢ "Q0 WAG 4 | w & ‘@présent the number bfiying agents involved

in transaction and the number of active purchases oftthgingagent with purchase dates within

180 days after the purchase date of transactidWe use 180 days because the average pre
purchase period is about half a year and we expedvtyatgagents will share their efforts among
potential deals with overlapping ppeirchase period§ld @6 QD Q&i t he buyi ng agen
of active years from 1994, the first year of oatadO U Uis the degree of overpricing based on

the last asking price as measured by the flexible general least square (FGLS)?model.
6&¢01 0o O theddur@ion of the selling contract between listing agents and sellers.
0061 QOB | Q6 @A “Yi dadedummy variables for asking price increase,
asking price decrease, and urban, respecti@fy.a O 6 & a ois@e dunmy variable for a dual

agent situation which equals owken the listing agent and the buying agent are the same person;
otherwise, it is equal to zer®¢ 6 @i O OO Qi Wic d @adde t he houseds si

bedrooms and bathrooms, number of driveways and garages, and buildirgdyproperty type.

0 Qi oSRBORGEDT OGOo Qi Mcd@die | i sting agentsod active
and successful salesratééé 1 6 1 € QQi @& @hether the listing agent and the buying
agent are from a top 6 brokerage fitfhiO , O , O ,0 , and’'O

are the listing agent, the buying agent, year, month, and region fixed effects. The standard errors
are clustered ahe FSA and yeamonth level Appendix2.1 illustrates the definitions of the key

variables. Tabl@.1 summarizes the descriptive statistics of our main variables.

Table2.2 summarizes the results. Consistent with propositibnthe positive coefficients for
DumSRAiIndicate thatunder the fixed percentage commission system (FPCS), transactions with
buying agents wheimultaneously have signed SRAs with the buyers areiassd with a higher
ratio of the final sale price to the last asking prigBtoLastAR. This implies that buyers who are
served by these agents pay more relative to the asking price, given the completion of a sale. In

terms of economic significance, ause purchased by a buyer who also signs an SRA with the

2"We report the esti noart itome mmrdedi catnedd raesskuilnmgs pffOilidd amd tthlee
Suppl ement 24y (8@Ap.endi x
2Top 6 brokerage firms include RE/ MAX, Royal Lepage, Sutton,

25



buying agentDumSRA1) is significantly associated with@29%higher SPtoLastARColumn

4). This represents an additional final sale price of $782 (=0.29%x$269,600) when evaluated at
the average & asking price ($269,600) in our sample. The finding of an inferior transaction
outcome for buyers when they sign an SRA with their buying agents is consistent with our model
prediction (Proposition 1) thdduying agents who have a low risk of losing dlie have more
incentive to induce higher sale prices. This is likely to be a downward biased estimate since it does
not include unobservable situations where the buyer has moved to another buying agent who
helped conclude a transaction for the buyer whitcked agent. Although these economic effects

in terms of dollar amounts do not seem large for a single transaction, the estimated aggregate
wealth transfer between buyers and sellers is around $31 million per year. Assuming a total
commission rate of 5%na a 56050 commission split, this represents an aggregate commission of

$1.55 million annually.
[Table 2.2 about here.]

Consistent with the literature, listings with a longer time on the matkgtMOM)) and
transacted by duagents DumDualAgentare bought at a lower price related to the last asking
price. In contrast, overpriced listingB@P), listings locate in an urban are@umuUrbar), and
listings experiencing askingrice revisions PumPricelncand DumPriceDeg are bought at a

higher price related to the last asking price.

We conduct a battery of robustness checks. First, repl&gLastAPwith the final sale
price (nSP or the ratio of the final sale price to the original asking pisft§OriginalAB yields
consistent radts. Secondwe conduct the twstep Heckman selection model (Heckman, 1979)
to check for the selection bias of the sample that only includes sold listings. Third, we follow the
approach in Oster (2019) to check for omitted variable biases. Fourth, vpeopsssity score
matching (PSM) to match houses bought by buyers who also sign an SRA with their buying agents
(Treated group) with houses with similar attributes but not bought by such buyers (Control group).
Lastly, we follow Adams et al. (2009) and ube threestages least square (3SLS) instrumental
variable method to check the endogeneity of signing an SRA an8Rtw astSRcaused by
unobservable terms that impact both the likelihood of signing an SRA and an agent buying a house
high. Details and fportive results of these robustness checks are reported in s2Btiointhe

supplementary appendix (S25).
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2.6.2 Proposition 2.2: The Relation between Prediction Accuracy and Tolerance and the
Transaction Outcome

Proposition2.2 predicts that theuyer pays more if the buying agent is better able to predict
the buyerds reservation price and if the buy:«
Following the model specification in the previous section, we run the following ordinary least

square (OLS) model:
YOOELEOMI POD DODOIND@EWD "YE & Qi i &AW
PO OBEE £ 01 £DE 0ddBI OO0 QI Qi 60 Qoi
0 Qi OMRIRBET GDdO QI W 6 AdiI O -
P X

Foll owing prior studies on diffeAgmaetal, i n ag
2019, Tur nbul | et al ., 2021) , we first di fferer
(6 o aiA € )cbesed on two criteria: the annual average number of purchases the buying
agent was involved in the prior 5 yeafs#Purchasgsand the average success ratio of the listings
that the buying agent was involved in the prior 5 yeaw§4SuccssSales?® Av#Purchasess the
exponential weighted average number of purchases that the buying agent was involved in during
the prior 5 years$® We use exponential weighted averages to emphasize the importance of
activities in recent years on determining the type of buying agents. SimilaflySuccessSales
the exponential weighted average of the success ratio of listings the buying agemolvasliin

the prior 5 years.

Next, we differentiate the tolerance levelYE & ‘Qi fpi¢ &ykdased on demographic
characteristics of the buyer and the buying agémisivated by recent studies on the importance
of race, and ethnicity in hougjnmarket outcomes (e.g., Agarwal, Choi, He, and Sing, 2019;

Ambrose, Conklin, and Lopez (2021)), we expect that buyers exhibit higher tolerance {0 same

®We focus on thatagerdtrdsn ¢hec essed | side beeaabagiwg dgendt | ob
client. Al so,ax & hrothuydegp idmeditlsi sti ngs. Neverthel ess, we cou
agentds success rate as a |listing agent asesumi hgkahyagenthawk

success rate on théabhuy diude ngWegennj evdttthr e hi gh success rat
with other agent samrneddbbeyyeaross, remdcertvlaus ,onc pri ce more accur at

agents also act as | isting agent
%We calculate the annual average number of house purechases t
subject tfanbacagemt only works for 4 years, we consider the
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race or samethnicity agents due to potential search frictions from social netwBdsgd on the
identfied race and ethnicity, we create the same ethnicity dunlragnGameEthnici}y(the same
race dummyDumSameRagewhich equals one if the buyer and the buying agent are from the
same ethnicity (race).

0 @'@Ee ¢ o lineledea &0 0 0, MO'Q 6 Q¢ "QO0 AMMQ@ 0 Qe "QO'DDESOI i WE Qi i
60060601 WEMicio QU ORI QQV 0 QI, § E VOEVLHTO O,MI6 @O NERY Q0E @
060401 QUOOOH ©dehd06 d 00 O& 6. Q@B 0O Qlinglidé e i

houseds si ze, age, number of bedrooms and bat
building type and property typd. Qi oGCRCGRGED T Gwo Qi Wc d @de |1 i sting ag
years, past transaction volumes, and successful sales'@tes O , and'O are yeat,

month, and region fixed effects. The standard srave clustered at the FSA and the yeanth

level.

Consistent with Proposition.2A, coefficients reported in Tabl2.3 indicate that under the
fixed percentage commission system (FPQlying agents who have high expertise in past
purchases Av#Purchasés and sell past listings more successfulfvoSuccessSalesre
significantly associated with a higher ratio of theaf sale price to the last asking price
(SPtoLastAR This implies that buyers who are served by a buying agent with a higher prediction
accuracy regarding the buyerdés reservation pr
the completion of gale. In terms of economic significance, for example, astar@daredeviation
increase iNnAv%SuccessSal@screasesSPtoLastARy 0.1071% (=0.0055%19.48%) (Column 2)
or 0.1052% (=0.0054x19.48%) (Columns 6 and 8), which represenitsrease in the finahle
price of $289 (=0.1071%x$269,600) or $284 (=0.1052%x$269,600) when evaluated at the

average last asking price ($269,600) in our sample.

Consistent with Propositidh2B, houses purchased by buyers who are servédiying agents
from the same ethnigi (DumSameEthnicity 1) or from the same racBymSameRace 1) are
significantly associated with a higher ratio of the final sale price to the last asking price
(SPtoLastAR This implies that buyers who give their buying agents a higher tolerancedgvel
more relative to the last asking price, given the completion of a sale. In terms of economic
significance, for example, buyers who are served by buying agents from the same ethnicity

(DumSamekEthnicity 1) pay a 0.13% (Column 6) premium relative te ldst asking price, which
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representan increase in the final sale price of $350 (=0.13%x%$269,600) when evaluated at the
average last asking price in our sample. These results are consistent with our model predictions
thatbuyingpagent s who have a high prediction accura

receive a high tolerance level from buyers have incentives to induce higher purchase prices.
[Table 2.3 about here.]

In addition to the sameace and samethnicity relatonships between the buyer and the buying
agent, we use the demographics of the buyer to estimate how it affects the tolerance given to buying
agent s. We conjecture that a buyer would rel.)\
prices (i.e., showig a higher level of tolerance) if the buyer is a female-éolwcated, single,
newcomer, or young buyer (e.g., Pavlov and Somerville, 2020; Bottan andTPegéa, 2020;
GoldsmithPinkham and Shue, 2022). In TaBl&, the gender dummy variab@umFemat¢Buyer
is equal to one when the buyer is a female bac
to zero. As we do not have other direct proxi e
census attributes based on the location ofhtiese purchased. All the census attributes are
collected at the municipality level from the Census 2001, which is prior to our sample period.
ProbUniversityBuyers the percentage of residents who hold a university ddgreleSingleBuyer
is the percentagef residents who are singlerobNewcomers the percentage of residents who
were moving to the municipality from another province or territory in the prior year. The-buyer
age dummy variabldumYoungBuyelis equal to one when the median age of the anpatity
is below the sample median (38.6) in all municipalities in the province of Quebec; otherwise, it is

equal to zero.

In Table2.4, except for the coefficients for the likelihood of the buyer being a newcomer
(ProbNewcomeér all coefficients for ourtolerance proxies are significant and support our
conjectures. Significant and positive coefficients BarmFemaleBuyerProbSingleBuyerand
DumYoungBuyemdicate that female, single, and younger buyersmase relative to the last
asking price $PtoLasAP), given the completion of a saledighly educated buyers
(ProbUniversityBuyer pay less relative to the last asking pric&P{oLastAlR. In terms of
economic significance, Columns 1 and 2 show that female buyers pay a @&®d¥%m, which
representanincrease in the final sale price of $1,348 (=0.50%x$269,600) when evaluated at the

average last asking price in our sample.
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[Table 2.4 about here.]

We conduct several robustness tests and summarize their results in the Supplementary
Appendix2.5 (SA2.5). First, we follow the approach in Oster (2019) to check for omitted variable
biases. Second, we control for the listing agent and the buying ag&atduye firm fixed effects,
the listing agent fixed effectand the property fixed effects, respectively. Third, we control for
the buying agentods past pSPolfasgARsthe lstig agetapdr o X | e
the buying agent, respectivelfhen, we examine the stability of our main results by using
alternative outcome variables, including the natural log of the final sale [pr&#® @ndthe ratio
of the final sale price to the initial asking pr{&PtoOriginalAR, and alternative proxseof agent
heterogeneity* We also conduct several sshmple tests: the Montreal region, which is the
financial center in the province of Quebec, versus the other 16 regions in Quebec;3he(Bag,
six cities with the greatest population) versus¥ig-Six, the Top5 regions (i.e., the five regions
with the most listings) versus the N@p5 regions. Lastye use a threstage least squares model
to mitigate any concerns about reversal causality betweebRtod astARand the listing time on
the market (Turnbull and Dombrow, 2006; Waller and Jubran, 2012; Turnbull and Waller, 2018).

All the results of the above robustness checks confirm our baseline results. Together, these
results are consistent with Propositi@ that buying agents who have a high prediction accuracy
regarding buyerdés reservation prices and rec

incentive to induce higher sale prices.

263Addi tional Analyses for Buying Agentds Pred
Theresults in the previous section suggest that the buying agent who has expertise in predicting

reservation prices is more likely to differentiate herself from others in a market with high

information asymmetry, resulting in a worse outcome for the buyehisnsection, we further

study the differenimpacts of @uyinga ge nt 6 s p r e dHropdsiiion 22A) andhe tatioa ¢ y

of a houseds final s a $PeolagiAP)ithatean farise friorh ieformaticnt a s k

asymmetry, agent incentives)ydacollusion opportunities. We use the same two measures of the

SAlternatiteeoggeritheproxies include the annual average numk
pri or AMv #Peuarrcsh)a(saensd3 Yirns tAv & Ppricdasped&N¥aphnual average ratio of
3 yefar%Su(Bakep3dnd i n tAveSprciceers)sySadkees lannual average number
|l istings and purchases) the buAv#H@hTr amgseandad nvaarss hien vamlnwed ianv etrhag
based on purschaseé¢e heareWk D%B)G.y imar s (
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buying agent 6s pr AWRuchasesn Av@SuccessSalessed eagliergn.
Tables2.3 and2.4.3?

2.6.3.1Information Asymmetry

When information about market conditions and the market value of a house is limited, it is
more difficult for the buying agent to predioc
other words, and, are higherin a market with high infoation asymmetry, which strengthens
the impact of the buying agentodés risk of | osi.
However, buying agents who are better able to predict reservation prices are more likely to
differentiate themselvesdm others in a market with high information asymmetry, resulting in a

worse outcome for the buyer.

We construct four proxies for the level of information asymmetry: an atypicality index, first
ti me house |isting, a ke expdctthat the leveleod isfornaatipe  a n d
asymmetry is higher among atypical houses,-finse listed houses, old houses, and highue
housesOuir first proxy,DUumATPY i s equal to one when a housebd
five percentile in its region. The atypical index is calculated as the aggregated value of the
di fference between the houseds <characteristi
following prior studies (e.g., Haurin, 1988; Glower, Haurin, and Hendershott, 1998; Haurin et al.,
2013; Barlsaac and Gavazza, 2015). Our second proxy, thetifinst listing dummy variable
(Dum1stListing is equal to one when the house is the first time thsbed on the market since
January 1994; otherwise, it is equal to zero. Third, the age dummy vababi®IdAgeis equal
to one when the houseb6s age is in the top fiwv
it is equal to zero. Lastly, ¢hvalue dummyDumHighvVali s equ al to one whert

hedonic price is in the top 5 percentiles in its region in a given year; otherwise, it is equal to zero.

In Panels Al and A2 of Tabl25, we includeinfoAsymmetryone of the four proxies for
information asymmetry) and their interactions with the two proxies for prediction accuracy used
in Tables2.3 and2.4. We follow the model specification in Columns 1 and 2 of Ta&8eand

suppress the coefficients of the controls. The negative and sighifoaefficients for

2Wear e not able to perform t hese advdertyi osnmaall |a nfari daydsteise nf vadife Peroap
bot he buyer and tther ebwyild erage mte SsRédgmred ttalhda vien fagyrr ,eaetmeant  as y mn
For exampdleserownd tpPiud@@®SsRlAh Bua ehAEYLP
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InfoAsymmetryndicate that transactions of atypical houses, old housesyhlgh houses, and

first-time listed houses are associated with a lower final sale price to the last asking price
(SPtoLastAR. Except for the coefficient forhe interaction term betweeAv#Purchasesand
DumOIdAgethe coefficients for the interaction terms betwAg#Purchaseand the information

asymmetry proxies for atypical houses, higilue houses, and firtitne listings are significant

and positive, indiat i ng t hat the buying agentodos predioc
transaction outcomes in markets with high inf
past listing success ratif\(%oSuccessSaleis Panel A2, all coefficients for intesgon terms are

positive but only the coefficient for the interaction term widihm1stListings significant. These

findings imply that thébuyer who is assisted by a buying agent with a high prediction accuracy

pays much more when the information asymsnétrhigh, given the completion of a sakeor

example, Column 4 in Panel A2 indicates that a -staadaredeviation increase in
Av%SuccessSales associated with an additional 0.037% (=0.0019x19.48%) increase in
SPtoLastAFor first-time listed housesyhich representan additional increase in the final sale

price of $100 (=0.037%x$269,600) when evaluated at the average last asking price in our sample.
[Table 2.5 about here.]

2.6.3.2Agent Incentives

In this section, we examine how the impactofithey i ng agent 6s predictic
transaction outcomes is moderated by commission rate splits and the fixed amount commission
system (FACS)We include the commission dummy varialdeitnHighConj), the FACS dummy
variable DumFixedCorjy and their mteraction terms with the prediction accuracy proxies for
buying agents, respectivellpumHighComis equal to one for commission rate splitdbteying
agents above 2.5% (the 75 percentiles of the commission rate split in our sample); and equal to
zero othewise.DumFixedComs equal to one if agents in the transactions are compensated using

the FACS, and equals zero otherwise.

Resultsare summarized in columns 1 and 2, Panels B1 and B2 of Z&bl8imilar to Panel
A, we includelncentiveand their interactions with proxies for prediction accuracy. In column 1,
the negative coefficients f@umHighComare consistent with the previous finding that impatient
sellers who offer higher commissions will accept lower sale prices to sell fastevi¢B and

Wong, 2019)In column 2 the positive coefficients fdbumFixedComndicate a higher average
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ratio of the final sale price to the last asking prigetpLastAP when agents receive a constant
amount of commission under the FACS. This findingassistent with the findings in Sahin et al.
(2013)33

Turning to the interaction terms, the significant and positive coefficient for the interaction term
betweermAv%SuccessSalasdDumHighComindicates that buying agents with a high past listing
successate have more incentives to suggest high when the commission rates split to them is high.

For example, Column 1 in Panel B2 indicates that a-stexedaredeviation increase in
Av%SuccessSalds associated with an additional 0.1091% (=0.0056x%19.48%)aser in
SPtoLastAHor listings with commissiomate splits greater than 2.5% to buying agenwtsch
representan additional increase in the final sale price of $294 (=0.1091%x$269,600) when
evaluated at the average last asking price in our sarHpleewer, the moderating effects of
DumFixedConron t he i mpact of buying agentds predict

not significant.

2.6.3.3Collusion Opportunities

Prior literature suggests that agents have a greater opportunity to colludesWising agent
in intra-office transactions when the buying agent and the listing agent are from the same brokerage
office (Gardiner, Heiser, Kallberg, and Liu, 2007; Brastow and Waller, 2013; Kadiyali, Prince,
Simon, 2014; and Johnson, Lin, Xie, 20Ki¢.). Similar situations may occur in indiem
transactions (when the buying agent and the listing agent work for the same brokerade firm).
this section, we examine the impact of collusion opportunities. We conjecture that -officea
transactios (when the buying agent and the listing agent are from the same brokerage office), the
buying agent has a greater opportunity to collude with the listing agent. Similar situations may
occur in intrafirm transactions (when the buying agent and the listigpgnt work for the same
brokerage firm). We therefore include the intffice dummy DumintraOfficg and the intrdirm
dummy QOumintraFirm), and their interaction terms with the prediction accuracy proxies for
buying agents, respectivelpumintraOfficeequals one for an intraffice transaction, and equals

zero otherwiseDumintraFirmequals one for an intffrm transaction, and equals zero otherwise.

3BThe alternative commi ssion system applied in Sahin et al . (
same as thesBAWS diem ttthies r alternative commi ssion syatem, the
predetermined fixed amount of commission and the buying agen

33



We also add a control for duagient transactions (when the buying agent and the listing agent are

thesame person) in our model.

Resultsare summarized in columns 3 and 4, Panels B1 and B2 of Z&bhld@he negative
coefficients for the intraffice dummy and the intrtirm dummy indicat€favorable outcomes to
the buyer but unfavorable outcomes to théegetonsistent with the prior literature. In addition,
the positive coefficiens for the interaction tersy of the prediction accuracy proxiesnd
DumintraOffice(or DumintraFirm) suggest thathe buyer pays much more relative to the last
asking price when the buying agent has a hi ¢
reservation price and when the buying agent and the listing agent come from the same office (or

the same firm).

264Addi ti onal Analyses for Buying Agentds Tol e
Il n this section, we study any moderating ef

tolerance level (PropositonZB) on t he rati o of a laskingpeogs f I n

(SPtoLastAP. Our moderators are the proxies of information asymmetry, agent incentives, and

collusion opportunities used in Secti@g6.3. In the interests of brevity, we report the effects of

any moderating effects from our transactepecf i ¢ measures of buying ag

(DumSamekEthnicitand DumSameRagen Table2.5 and for the noisier censug@ggregate)

based measures of b u y iDongFemaleBeygrProldniversityBayera n c e |

ProbSingleBuyerProbNewcomerandDumYoungBuy@rin SA Table2.10.

Before examining the moderating effects, we observe that our previously reported results
bet ween our measures of a SRidigstARemainaingaetmwithdhe t ol e
addition of the potentially moderagl variables in both Tab25 and SA Table.10. Based on
the interaction terms reported in TaBl&, we find a positive and significant moderating effect of
two proxies of information asymmetr{pgmSameEthnicitin Panel A3 andumSameRacm
Pane A4) a the positive and significant relation between our transaspegific measures of
buying agent 6 DumSameEmisitant BumbaeeRageand SPtoLastAP* In

contrast and not unexpectedly, we find no significant moderating effects of thespianxbuying

We are unabl e to tpleg-ffoimestt het angDyminmty)f w@Ethii mdpi 8 because we
usiig repeat sal &duu.mSByneEamBit m8da weaRac eav aiilnabrleepeocant!l yl i stings (i
listing for the Duanbhestiadwck)sg thhewdvars;t sale of a r eopneeat pair
when t he housiet ilvBasdt leel foinr ¢th et immae ket
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agentds incentives (Panel B3) and coll usion ofy
relation between our transactisnpec i f i c measur es of buyi ng a
SPtoLastAPSimilarly, we find little evidence ofignificant moderating effects of our three types

of potential moderators on the significant relations between our ecspsusgic measures of
buying agent 0s SRtohdsteR ance | evel and

2.7 CONCLUSION

Unlike home sellers, home buyers have an obviorectibnal conflict of interest with their
agents regarding the final sale prices under the fixed percentage commission systemTRBCS).
essayuses a model to examine if the efficiency and fairness of the FPCS for buyers is enhanced
when a norcontractual relationship exists between buyers and their buying agents @.e., no
contract constraint). We show that thiseantract constraint could paigally align the buying
agentdéds interests with t hos 21).0Mealdpinyoelucesagantn d e r
heterogeneity which plays an important role in determining the strength of thentract
constraint. Buying agents who are able takenmore accurate predictions on reservation prices
and who are able to have more inpuence on buy
higher incentives for being seliterested (Propositio.2). Our simulation results and empirical
analysessupport both Propositiordl and2.2. We also perform additional analyses for various

binding forces arising from information asymmetry, agent incentives, and collusion opportunities.

Our study can be extended in several ways using more comprehertsivEidd, one could
directly test the efficiency of the FPCS with rRoontract bounds (Propositidil) usingdataon
contractual relationships between buyers and buying ademti€ating who signs a binding
contract with thebuying agent and who does fo Second, one could empirically examine
selection and survivorship biases by using only complete transagii@rs access to data on

incomplete transactions and failed bids associated with buying agents.
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CHAPTER THREE

Complaints Against AgentsandAgent 6s | ncentives: Evidence fr

3.1 INTRODUCTION

Real estate agents assist sellers in searching, matching, and negotiating in most housing
transaction$®The r el ati onships between sel ltrgagentand t |
are usually bound by an exclusive rigbisell listing agreement, under which switching to other
listing agents is costly for sellers. The literature that studies the priagpal relationship
between the seller and the listing agent shin@sexistence of conflicts of interests between them
(e.g., Anglin and Arnott, 1991; Arnold, 1992; Anglin et al., 2003; Rutherford et al., 2005,
Rutherford et al., 2007; Levitt and Syverson, 2008; Shy, 2012; Allen et al., 2015). These studies
argue that sice listing agents only share a small portion of the incremental house sale price,
normally 3% of the sale price in the United States, listing agents have an incentive to advise the
seller to agree to a lower final sale price if it results in a quickesacion. This generates conflicts
of interests between sellers and their ag&itéwus, selecting a right listing agent is important for

the seller.

Researchers also study the mechanism(s) that might alleviate the agency problem in-the seller
agent relabnship and find that competition among listing agents (e.g., Fisher and Yavas, 2010)
and agentdés concern for customer referrals (¢
interests between sellers and listing agents. To contribute to this $itaratire, thisessay
examines whether seller complaints play a rol
incentive to exert firsbest level efforts, and thus help to alleviate the agency problems in the

selleragent relationship.

In North America, information about complaints against real estate agents is usually publicly
available, reducing the potential for adverse selection. Shilling and Sirman (1988) and Guntermann

and Smith (1988) study complaints against real estate agents at thgatgdexel and use

%The National Association of Realtors (NAR)Os anduby reabrt
estate agents during the year of 2020.

%To illustrate, Rutherford et al. (2005), Lewneéd hodsSyvaereso
at a premi um-acgoeconpta ed dhoosesnwhing thiamesng similar | i sti
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complaints against agents to measure the service quality of real estate brokerage. In general,
services from agents with public complaint records are less attractive than services from agents
without complaint records. Also, buyers aesd favorable for listings that are listed by listing
agents with public complaint records. As a result,@éssayexpects that listing agents who receive
complaints against them would have incentives to exert additional efforts in selling a house due to
their concerns for their reputations and future real estate careers. Thus, we expect that listing agents
who have or are going to have complaints against them being published try to sell houses higher

given the same selling time.

Following the model in Sh(2012), thisessayconstructs a simple dynamic model to examine
the i mpact of compl aints against agents on t
model implies that complaints against agents induce agents to exert additional effortotgsssll h
high and those positive impacts are strengthened by the increase in benefits from exerting
additional effort but weakened by the decrease in commission rates paid to the agents. Our model
also indicates that complaints against agents hamper othesadteon outcomes in terms of the

probability of a house sale and the listing time on the market.

Thisessayalso conducts empirical analyses to examine the impact of complaints against listing
agents on housing transaction outcomes in terms of fingbseds, the likelihood of a house sale,
and the listing time on the market. aiudyuses an evergtudy methodology to examine when
an agent receives notice of the complaint against him or her and when the public notices the
complaint against the ager8ince we conjecture that such agents are motivated by complaints
against them, we refmotitwatdeE magesnt he. AW mMXx a
effect in three periods: agent notice period, which is a period between the agent noticel date an
the public notice date; public notice period, which is a period of two years after the public notice
date; and postomplaint period, which is a period of three years after the public notice period.
Only complaintmotivated agents know of the complaint the agent notice period, and the
complaint is publicly available to all participants (i.e., sellers, buyers, other real estate agents)

during the public notice period and the postnplaint period.

Our empirical results suggest that houses sold by camyplentivated agents end up with
higher sale prices than other houses. This implies that complatntated agents exert greater

efforts to sell houses higher in order to recover their reputation and credibility that are hurt or are
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expected to be hurt ven the complaints against them are made public. We examine the moderating
effect of the level of market information asymmetry, commission rates, and complaint sanctions
on the relationship between complaints against agents and house sale prices. Givetiamfo
asymmetry, houses sold by complaimbtivated agents end up with even higher final sale prices
in transactions of atypical houses and higlue houses. We also find that houses sold by
complaintmotivated agents face less favorable sale pricemvihese agents receive severe

complaint sanctions and when these agents receive low commission rates.

Our empirical results also suggest that houses listed by complatived agents during the
public notice and postomplaint periods are less likely ¢get sold and are sold slower, but these
negative impacts are stronger during the public notice period and are weaker during-the post
complaint period’ This implies that, although complaintotivated agents exert additional efforts
to improve their perfanance in terms of house sale prices for reputational concerns, their
performance in terms of the likelihood of a house sale and the listing time on the market is negative
impacted by the complaints after they are made public. We also find listings dreatatplaint
motivated agents have a lower underpricing level, are associated with longer selling contracts (i.e.,
sell ersdé representative agreements), and ar e
notice and the public notice periods tlathe postcomplaint period. In terms of the heterogeneity
of agents, we find female agents sell houses high and black agents sell houses low. Also, we find
that female agents and white agents are more likely to be motivated but also negatively impacted

by the complaints against them.

Our study contributes to the literature that studies the mitigation of agency issues between
principals and agents and incentive problems. To the best of our knowledge, we are the first to

examine the role of complaints against agents in the conflicterfest and pricing implications

t heoretically and empirically. Our model i's c
the agentdés incentives to recommend a high se
between sellers and real estat agent s . We extend Shyds model

complaints against agents in dealing with incentive problems. éBsiayalso extends Shi and

Tapia (2016) who study the disciplining effec

"These results are robust to the use of simultaneouasndequati o
the Iisting ti me.
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based on the reputation mechanism,thigessays t udi es an agento6s concer

of complaints, which have more direct i mpacts

Our study also contributes to the literature that studies agent gegiedg., Seagraves and
Gallimore, 2013; Liu et al., 2014) and racial discrimination in housing markets (e.g., Schafer, 1979;
Ihlanfeldt and Mayock, 2009; Bayer et al., 2017). We find evidence that the incentive motivation
and public impact of the complaiagainst agents differ between female and male agents and

among white, black, and Asian agents.

This essayalso has important policy implications for regulatory frameworks dealing with real
estate brokerage complaints. Given the complicated procesdiragf &l complaint against real
estate brokers and the incentive effects of
seriously consider simplifying the complaint filling process and complaint resolution, and provide
for better public disclosure @bmplaints against real estate agents.

The remainder of thessayis organized as follows. In secti@®, we develop a conceptual
framework to explore how complaints against agents discipline their behaviors and impact
transaction outcomes. In secti®8, we describe our data source and summary statistics. In section
3.4, we present and discuss our empirical analyses. S&&ancludes robustness checks and

additional anal yses on 38&goaciudeSthessgge nder and r ac

3.2 CONCEPTUAL FRAMEWORK

In this section, we follow the model developed by Shy (2012) and construct a simple dynamic
model in which a seller hires a real estate agent to sell the house. The relationship between the
seller and the listing agent is bound by a selingconact (i . e., sell erds r efj
SRA) with a fixed contract duration T. We assume that the commission rate for the listing agent,
which is denoted b%s is determined by the seller and the final sale price is determined (or heavily
influenced) by the listing ager®.Suppose there are only two types of buyers with different
valuations for the house. The buyers who value the house high are willing to pay a higher price,

which is denoted by , while the buyers who value the house low adgept to buy the house at

3%l'n North America, the seller also needfsy ttohep acyaltchuel actoinomi,s sw
same commi% &bont hat bugyer 6s agent. Thus, ¢%ole tthet &li nad mmiad i @n
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a maximum price o), where®d @ Tt We assume that there ardigh-valuation buyers in

the large pool of potential buyers.

To simplify the model, we assume that for each paiiod  plgFB83Y only one buyer aves,
and a bidding war does not exist. When a buyer arrives, and after a few rounds of negotiations, the
seller proposes a final price to the buyer, which is denotgd Hse final price is determined or
heavily influenced by the listing agent and equatberc , a price only highvaluation buyers
would accept, o®, a price which both types of buyers would accept. If the buyer rejects the price
N @ atperiodd, the seller and the agent both have no payoff during this period. A potential sale
is possible in the subsequent perind p at the waiting cost @@ andod for sellers and agents,
respectivelThus, the seller6s expthetime dalugpaf mdndyis wi t h
similar to Eq 1 in Shy (2012) and is as follows:

g N o P CU%o®d p 1 6 oP

whereB  p T O isthe accumulated waiting cost which approximately equalsf 0 jT

if the contract duration T is long enough.

Since the |listing agent determines or heavily
effort, whichisdenotedb2 and expect the agentos €%Theort t o
listing agent does not need to exert any effart T for, @ because both types of buyers
accept . The listing agent could exert effort@'Q T atacost df Qj ¢ T to enhance

thehighv al uati on buyer s wi lelandaskamicedf two Ppag® t he h

So, the sellerds expecaqbateathppriodtisi t as a functi

P %o o) DA
‘ > . p 1 0 s ¥ ¥ . 0]

P C% w Q T M o w Q 8
®¥For example, waiting costs for a sell ear rvemd alhasd ngdruadrea snod ta
expenses, property taxes, and house insurance costanfor the
agent include advertising fees for |lyi toisng otfhe i meuseeann tsheo
potenti al buyers.
““For exampl e, listing agents could enhance the buyetds will|
photographer, and committingest,o eitnct.ensi ve advertising and op
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The agentds expect ednageachfperibdte@s a function of
%60 MR OOEQ 1

p 106 10Q

I q

(0] od

%o 'Q NN © QWEQ T

Taking the first derivative of the second rowinequat®8() wi t h respect to t

‘Qand setting it equal to zero, we get the following optimal effort which maximizese agent 0 s

profit at a high price:

O %o
Q‘UT o8

We substitute for the a3@eusirtgeéguation®dyand findbttiat e f f or

the seller would prefer a high price if

I % p T 6

%0 — ®
pCQI : O

After substituting for t B2 usngegumatiotdg), wedinde | of
that the listingagent would prefer a high price if

T% p 1 0
(o]
g T ®
We compare the leftand sides of equation3.%) and 8.6) and find
T%o T %0 o~ Y
7 P c%01— Q@R 1P o
Thus, when the sellerds waiting cost i s equ:

0 0, itis less likely for a listing agent to prefer a high price as the seller does times
commission rate is higher than 40%, which is unrealistic in a housing transaction. In other words,

whend 0 , itis unrealistic to make the following relationship true:
01 énpd @ D1 ém @ Q@ tmb o}

wheren andr) are prices that simultaneously make agents and sellers better off.

41



Whend 6 and the seller is impatient, the seller prefers to sell the house fast at the cost of
a lower price and the agent only has the incentiveotwvince the seller to sell high when they
have huge gaps in their waiting costs. Specifically:

SRR, { ¥ oy a7 5 o “(:j cP C%O
DI €M ® LI e 0w 0VQEQ —W— odo
0] %0
where— @ @ xf we assume the commission rate payd bt he sel |l er for the

service is 3%, o%o 0o b This also is unrealistic.

In sum, it is hard for a listing agent to have an efficient incentive to advise sellers to sell at a
high price since they only share a small portion of the finalg&de. This supports the existence

of a conflict of interest between sellers and listing agents.

3.2.1Complaints Against Real Estate Agents

This section extends Shydéds model (2012) and
impact of complaints against real estate agents on their current listings and on their future business.
This section also considers the positive impact of extracgeefforts by agents with complaints
to recover their reputations and credibility. We expect complaints against agents diminish the
|l isting agentds credibility and reduce a buye
high-valuation buyersni this scenario, which is denotedfbseis now smaller: & | . Based on
the reputation mechanism mentioned by Shi and
and future career would induce her to exert more efforts to serve the current ckefiirgythe
house at a high price in the above discussion. We assume that if the agent exeri@effayt (
and selects a high pricg( & ® @, the expected |l oss from 1
impacts on her future business would be parti@fjuced. However, if the agent exerts no effort

(Ge m) and selects a low pric§ (@), the expected loss would not be reduced.
So, the sellerds expecdqbateathppriodtisi t as a functi

P C% Eo) DA
p I 0
I

O @ 5 op T

P C% @ e N © o e

The agentbés expected profit considering the
pricer) at each period t is
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O @
%6 _ %o MR OOEQ T
p T 6 10
f q =

o P

%o G % _%QG OM o @E Qe m

where_ %ois the present value of expected losses in future businesgresents the discount

factor andd is the average house sale price for future lost listiZ@s is a function which shows

the relationshi pf fboerttweaemd tihtes aignepnacdts oen r ecov
where’QGze<1, indicating that agents could not benefit from the complaints against them. To

simplify the following, we assume th@'Qe  "Q&linear function)*

Taking the first derivatie of the second row in equatioBX 1) wi th respect t
effort Gxand setting it equal to zero, we get the following optimal effort which maximizes the

agentdés profit at a high price:

T %o
|

Qe p _61Q oP ¢

We substitute t he ifeguater3.1® by equitiend E)gardleb 6 s6™@ f f or t
We find that the seller would prefer a high price if

p 0 —— oP o

Next, we substitut e inegumtioh8ly) bylequatibni12hamdfiadg e nt 6 s
that the listing agent would prefer a high price if

[ o 0 p_I & oP T
q P =2
Thus, when the sellerbés waiting cost i s eqgusz:

0 0, alisting agent prefers a high price as does the seller if the reputation recovery benefit

from exerting efforts is great enough.

“TResults are consNe&disnta wherw awe dunecme on, which indicates tF
are the reputation recovery effects, but the marginal i mpact
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In inequality 8.15),0 ¢ @ )when calculated using a commission rate of 3 (o D). If
we assume a discount factor m@vand an average house sale price of future lost listings
A T T, then to obtaid @ @ Xrequires that the recovering coefficié®t 1@t ¢ PThis
i mplies that the agentoés effort would at | eas
$10,000 of losses caused by complaints against her. Thidigticea

Whend O and the seller is impatient, the seller prefers to sell the house fast at the cost of
selling lower and the agent is more likely to prefer a high price than the seller when the following

condition is satisfied:

oy é"T’ 5 oy é & 5 'Q“Q:—O:Q C p q%o
01 W Oi W o _— o]
nw p 5 %op O 0]
where— —8if we assume that the commi ssion rate

service is 3%, O%o 0 P Based on the above discussion for inequaBtyy), the condition in
equation 8.16) isonly validwhefiQ m18t¢ P whi ch i ndicates that the
i mpact on recovering the agentodéds reputation.
agents are more likely to have the saargét as the seller, which is to sell the house fast at the

cost of selling low.

In sum, itis likely for a listing agent to have an efficient incentive to advise sellers who are not
impatient and have a waiting cost lower than the agent (0 ) to sell at a high price when the
listing agent receives a complaint against her, and the agent is concerned about her reputation and

future business.

Proposition 3.1: Complaints against real estate agents provide incentives for agents to sell

houses hidp due to their concerns for reputation and future career.

3.2.2 Mitigation Impacts among Different Housing Transactions
The predictions resulting from inequalit®.15) depend on the values @fand%. In other
words, the level of benefits by exerting raeffort and selling a house high and the commission

rate received by the real estate agent determines the mitigation effect of complaints on the conflict
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of interest between the seller and the listing agent. Next, we examine how the valwssléfh
impact the probability that an agent is the same as or more likely than the seller to prefer a high
price. All the following analyses focus on sellers who are at least not more impatient than their

listing agent to sell the house because of their lowelingaiiosts§ 6 ).

In inequality 8.15), the higher the value 6f the more likely that the condition fori £ no
w 0i émd & issatisfied, given that the commission r24éis constant. In contrast, given
the constant value @, the lower the commission ré@ the less likely that the condition in
inequality 3.15) is satisfied. The implications are that the mitigation effect of complaints against
agents on the conflict of interest between sellers and listing agents agéhstreed by the benefits
accruing to agents from greater complanttuced efforts and are weakened by lower commission

rates.

Proposition 3.2 : Hi gher | evels of benefits for an age
efforts and selling houses high stmegthen the mitigation effect of complaints against agents
on the conflicts of interest between sellers and listing agent3.ZA) while a lower commission

rate weakens that mitigation effect 8.2B).

3.2.3 Impact on the Likelihood of a House Sale and Listiigne on the Market
Next, we look at the expected number of waiting periods it takes to sell the house if the price
is high. In the above discussion, we assume only two types of buyersjahigition buyers vs

low-valuation buyers, with a fractionofandp 7T , respectively.

When there is no complaint against the listing agent, the expected number of periods for selling
the house highat @ ® Qis

OYI D T pi X Tpi wipi a2 ET1pt
I p 1 8))
TE o X
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Equation 8.17) is similar to equation (6) in Shy (2012). If the total number of periods for
selling the house high is no longer than the contract duratioichvis denoted by T, the house

gets sold, otherwise the house listing is expired. Thus,

Gl EWE A QD1 EGSY Y D an’w y o

When there are complaints against the listing agent, less buyers wowdivalbouse high
due to the negative impact of the complaint o

fraction of highvaluation buyers becomg§ wherg 6 T . So, the total number of periods it

takes to sell the house high is greater wifene are complaints against the listing agent (- .

Also, given the contract duration T is constant, the probability of a house being sold when it is
priced high is lower when there are complaints against the listing agent.

Proposition 3.3: Complaints against listing agents reduce the likelihood of a house sale3&)
and increase the houseds | i st i @) whenimsepriomh t he |
high.

3.3. DATA AND SUMMARY STATISTICS
Our initial sample consists of 976,8liing records (both sold and expired) of sinfdeily
houses listed on the local Multiple Listing Service (MLS), consisting of 17 regions in the province
of Quebec, Canada, between January 2005 and Decembée¥ ZDiridata include a specific agent
codef or each | isting agent in each | isting recc

firm from the MLS, which allows us to sort listings at the agent level.

We manually collect the history of complaints against real estate agents from the Organisme
d'autoréglementation du courtage immobilier du Québec (OACIQ), which is the authority for real
estate brokerage in Quebec. OACIQ provides public access to cheehidity of license, license
status, and the history of complaints for registered real estate agents. It also provides the updated
photo and contact information for each agent and links each complaint record to the Société

guébécoise d'information juridie (SOQUIJ), which posts the discipline hearing decisions for

2We thank the Greater Montimenabi Réal eEsituatGe aBada M nt Cl®ahb)r & or
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complaints. We identify each agent by the unique agent code and use that code to gather the listing

records for that agent. Then we check each ag:
t hat agent has compl aints. I n case of dupl i
information (i .e., agent 6s wupdated photos ant

records. In the matching process, we also observe the gender and racageinthiey looking at

their appearance on photos. We categorize the race of the agent into three groups: white agents,
black agents, and Asian agents. Since OACIQ only has records for agents who are &ctive up
date or suspended or revoked their licenséisinvthe last two years, all agents in our sample are
active until the end of our sample perfSdrinally, our sample consists of 10,038 agents, including

528 agents who have received complaints.

We combine the hancbllected data on complaints agairesta | estate agent s, a
and agentso6 race with | i gdlatedhdates, vehicloarethse compamts e d ¢
filing date, the guilty plea date, the guilty hearing date, the guilty documentation date, the sanction
hearing date, ahthe sanction documentation date for each complaint, we identify two important
dates for each complaint: the agent notice date and the public noti¢é Ta¢eagent notice date
is the date when the agent knows about the complaint. In general, theetgmntate should be
close to the complaint filing dafé Because most complaints are missing the complaint filing date
and other important dates, we set the agent notice date as the earliest date of the guilty plea date,
the guilty hearing date, and teanction hearing date if the complaint filing date is mis$ifithe
public notice date is the date when the public (i.e., other agents and clients) gets to know about the
complaint. We set the public notice date as the earliest date of the guilty déatiomedate and
the sanction documentation date. Based on the agent notice date and the sold date for each listing,
we create three period dummy variables for each listing record: the-aggmioticeperiod
dummy OumAgentNoticge which equals one if thesting was sold during the period between the

agent notice date and the public notice date; the pobticeperiod dummy DumPublicNoticg,

“We updated our agentos records on October 2021.

“The complaint filing date is the date when the c¢cemplaanitnant

pleesa guilty; the guilty hearing date is the date whdean et he he
is the date when the guilty decision becomes publdecci stihoen s an
takes place; and the sanction documentation date is the date
“l'n the robustness check, we also identify the agent notice

compl ai ntte fand ntghedapubl i c notice date.
%A complaint is missing the guilty plea date if tameé nmmgeamtd do
is missing the guilty hearing date if there is no specific h
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which equals one if the listing was sold within two years after the public notice date; the post
impactperiod aimmy OumPostComplaint which equals one if the listing was sold during the
period between two years after and five years after the public notice date. We use two years after
the public notice date to separate the pubbdtice period and the pesbmplant period because

real estate broker licenses are usually renewed every two years and continuing education cycles
are two years. We conjecture that a4year period is long enough for thefatlt agent to correct

her mistakes and for the publictostart A f o r gfaulvagent. Wenalso ceedite corresponding
three period dummy variables (i.e.DumAgentNoticeCre DumPublicNoticeCre and
DumPostComplaintCiebased on the creation time for each listing. We exclude listings that are
handled by multipldisting agents and do not consider the double impacts of peviedapping
complaints?’ Figure 3.1 defines the two complainélated dates and the three compla@ated

periods graphically.

Our data also include property characteristics such as hagseage, location, number of
bedrooms and bathrooms, number of garages and driveways, and property and building types. In
addition, our transaction data include original and last asking prices, final sale prices, and listing,
selling, and expiring date&fter deleting incomplete, missing, and illogical data (e.g., the building
size exceeds the lot size) andvom més | engt h transactions (i . e.
prices, or last asking prices are lower than $10,000), our final sample cohdi8&889 listings
listed by 10,038 agents, including 262,672 sold listings and 223,217 expired listings.

Appendix 3.1 provides the definitions of the key variables. TaBlé& summarizes the
descriptive statistics of our variables from both listing arehaigerspectives. Panels A to D are
based on listindevel data. Panel A summarizes the property characteristics. For example, it shows
that a typical singléamily house has a building size (lot size) of 1,030 (7,440) square feet, three
bedrooms, one bathom, one garage, and four driveways. Panel B shows that 0.2% (0.4%) of
houses in our sample are sold (created) during the agent notice period, 0.7% (1.3%) of houses are
sold (created) during the public notice period, and 0.7% (1.2%) of houses are eateld)cduring

the postcomplaint period. Panel C summarizes the transaction outcomes and shows that 54% of

““For example, if an agent receives two complaints during the
complaint in most cases, we do not consider the impact of th
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listings in our sample get sold successfully. A typical skfigieily house is sold at $220,000 and
takes 1.74 months to get sold. Panel D repoatsstits for other important control variables.

Panel E summarizes the compldexel data. It shows that a typical complaint takes 293 days
to be finalized and be available publicly and imposes $2,000 fines and zero license suspension
days for the deferaht. The duration between the agent notice date and public notice date for a
typical complaint is only 93 days. We notice the large gap for the agent notice period between
using only the complaint filling date and using the earliest date of other avaiktbewhen the
complaint filing date is missing (please see our results in the test of robustness section later in the
essay. Panel F summarizes the agitel data. Among the total 10,038 agents, 528 agents
receive at least one complaint by the endwf sample period. Among them, 85.80% of agents
(4.51% of total agents) receive only one complaint, 10.61% of agents (0.56% of total agents)
receive two complaints, and 3.60% of agents (0.19% of total agents) receive three or more
complaints. Also, 43.16%f agents are female, among them 4.02% of agents receive at least one
complaint, and 56.84% of agents are male, among them 6.20% of agents receive at least one
complaint. 86.91% of agents are white agents, 4.61% of agents are black agents, and 4.46% of
agents are Asian agents. 5.02% of white agents, 10.84% of black agents, and 6.71% of Asian

agents receive at least one complaint.

[Figure 3.1 and Table3.1 about here]

3.4. EMPIRICAL ANALYSES

In this section, we discuss the results of our empidoalyses. First, we study the impact of
the complaint against the agent on the housing transaction outcome in terms of the house sale price.
Then, we examine different impacts of the complaint against the agent on the house sale price that
can arise fromnformation asymmetry, agent incentives, and complaint sanctions. Next, we study
the impacts of the complaint against the agent on other transaction outcomes such as the probability
of a house sale and its listing time on the market. Last, we examinepghetéof the complaint

against the agent on the agentbdés | isting acti
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3.4.1 Relation between Complaint Against Agent and House Sale Price

When the compl aint agai nst ttibneandargdbiitymighbo es pu
deteriorate because complaints against agent
professionalism and loyalty which are usually unobservable by the market. Thus, complaints
against agents are highly likely to negatwel i mpact an agentoés future
since agents know the complaint against themselves earlier than the public, agents can take actions
in advance to alleviate these negative effects created by complaints when they go public. For
example, angent can exert more effort to sell listings high. To test the impact of a complaint
against an agent on housing transaction performance in terms of the house sale price, we
empirically examine whether and how the sale price of houses that are sold Herithgee
complaintrelated periods, namely, the agewotice period, the pubknotice period, and the pest
complaint period, are different from those of houses sold during other periods. The specific
ordinary least square (OLS) model estimated is:

DEdY T T 0066 QOO0 EOCHNN 6 W& QOVUIEOEMINE | 06 & an & wQE o
00 QO®EE E 01 £ d0E & BT WO Qi Qi O Qo
0 &0 Qi RGO wwo Qi W 6 VB O -
0P w

0 ¢ "Yi$ the dependent variable, which is the natural log of the final sale price for listiag
defined in the Data section (Secti®8), our key testing variables are the three complaiatted
period dummy variables: the agerdtice period dummy@ o6 & 6 "QQ ¢ o ¥ the p@abéRotice
period dummy (006 a0 6 @& @o)) ¢ andothe postomplaint  period dummy
(O6 G0 Ei 006 ¢ & hased &éthe sold time of each listing.

We follow prior studies and include a set of standard controls for housing characteristics,
l i sting agent 0s tribhtesrarddisting sold ineiard docatidAdilas tontrolg  a t
include the dummy variabl® 6 & "OQ &,avhidh equals one if housés listed by a female agent
and zero otherwise, and the category varid®lé) ¢) @hich equals one if houséds listed by a

white agent, two if listed by a black agent, and three if listed by an Asian agenli. U indicates

number o

€s,
g and prop

“Unreported housinofgudeahaosesidsfl oer and | ot sizes
driveways, housesdé heating system, housesd buildin
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the natural log of listing months on the market for hdu&0 Uis the degree of overpricing for

housei based on the predicteatiginal asking price as measured by the flexible general least
squares (FGLS) modél.6 ¢ ¢ 01 ® &0 Oi$ thehdurdior of the selling contract between

listing agents and sellersO6 ¢ 01 "Q®O,QME @O i QOQOQO0O6 G 6, Qe o

06 & YéE R0 Qi 0'Q¢ "akidumMar@aiRe that indicate whether anlisexperiences an

asking price increase or decrease, is purchased by a buyer who is served by the same real estate
agent, and is sold by a listing agent who comes from a top 6 listing brokerag@ Fotowing
Kryzanowski et al. (2021), we also includet her | i sting agentods <char
agentdés active year s, past transaction vol ume
which is measured by the number of listings of the listing agent during the selling contract period.

0 ,0 , and"O are year, month, and region fixed effeetsepresents the standard

error and is clustered at the forward sortation area (FSA) level. To deal with a potential inference
bias because the decrease in confidemiszvals with larger sample sizes makes it increasingly

more likely to reject the null hypothesis as the sample size increases for a given level of
significance, we use significance levels of 0.5%, 1%, 5% and 10% denoted with ***, ** % and

respectiely, when drawing inferences throughout.

Coefficients reported in Tab®2 indicate that listings sold during the three complestated
periods are sold at significantly higher prices compared to listings sold during other periods.
Regarding the rangd economic significances over the model results reported in Columns 1 to 4
in Table3.2, listings sold during the agenotice period @6 & 6 "QQ¢ 6 0 £p) é&petience
from 3.85% (=exp(0.03773), Column 1) to 4.71% (=exp(0.04598) Column 4)higher sale
prices than listings sold during other periods. This represents an additional final sale price of from
$9,837.91 to $12,035.46 when evaluated at the average final sale price ($255,530) in our sample.
Listings sold during the publicotice perdd (06 & 0 6 @& QM Upd expendnce 5.01%
(=exp(0.04886)L, Column 3), or 5.13% (=exp(0.0499B) Column 4) higher sale prices, which
represents $12,802.05 or $13,108.69 in additional final sale prices. Listings sold during-the post
complairt period D6 G 0 € i 0 6 & & ) exf@tiehce 3.57% (=exp(0.035aB) Column 4)

higher sale prices, which represents $9,122.42 in additional final sale prices. This implies that

“®Anglin et al. (2003) and Rutherford et al_. (2005) entroduc

estimation model and results for the pr ©di)ctieddl SA i gi nal aski
0Topi $ting brokerage firms include RE/ MAX, Royal Lepage, Sut

51



agents may exert additional effort to sell a house high whenbisome aware of the complaint

against them. Standardized coefficients for the three compéated periods in Column 5 imply

that the i mpacts of complaints against agents
stronger when the comitd goes public and get weaker after two years. These differences might

be explained by the induced higher concern about reputation when the public initially learns about
the compl aint but becomes weakedf awhbteaThishe pult
finding is consistent with the first proposition in our mod&ioposition 3.1), which argues that

complaints against real estate agents incentivize agents to sell a house higher due to their concerns

for their reputations and future careers.
[Table 3.2 about here]

Coefficients for the gender dummy variab@q & "OQ @) iid &dumns 2, 3, and 4 are positive
and significant at the 10% significance level. This indicates that listings sold by female agents
experience a relatively highsale price, consistent with the results of Seagraves and Gallimore
(2013), which find houses sold by female listing agents usually end up with a higher net sale price
than houses sold by male agetit$his also supports findings from other literatureiimahcial
economics (e.g., Liu et al., 2014), which st uct
and finds female agents outperf or i&pidicate agent
that black agents have inferior performantdarms of house sale prices than white agents and
Asian agents. This result is consistent with the literature (e.g., Schafer, 1979; Ihlanfeldt and
Mayock, 2009; Bayer et al., 2017) that studies racial discrimination in the housing market and
argues that ot only black sellers or buyers but also black real estate agents are discriminated

against in the housing market.

Consistent with the literature, listings stay on the market for a long tinge {{ 0),0listings
with longterm selling contractsé(é & 0 ‘006 1), @nl istirgs transacted by dwajents
(06 & 00 Ma 6 "PPreceive lower final sale prices but Overpriced listid@g)(P are sold at
higher prices. Increases in asking pric€so(d 0 i "Qc (pJ0eadh to hjher sale prices while
decreases in asking pricé® ¢ a 0 1 "Q'Qipl@ad to lower sale prices. Interestingly, listings

listed by listing agents from top listing brokerage firf@a( & "Y¢ i 0 Qi 0 Q¢ "Qbp) &€ QQi & "QQ

’Seagraves and Gallimore (2013) also find that sellers with
agents.
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not sold at fgher sale prices, which is inconsistent with common expectations. Possible
explanations could be that the peer pressure in top listing brokerage firms push agents to sell houses
fast at the cost of final sale prices and extensive agent collusion isting brokerage¥

3.4.2 Information Asymmetry, Complaint Sanctions, and Commission Rates

In this section, we further examine different impacts of complaints against agents on house
sale prices that can arise from information asymmetry, complaint sa)@imhcommission rates.
We assume that information asymmetry increases the opportunity for listing agents to work on the
final sale price of a house and to benefit from exerting efforts, but severe complaint sanctions
attenuate an a greadditianal efforth Wesusetthie gcoenplainbfinesamn@unt and the
license suspension length imposed by the court and published in the sanction document against a
listing agent to measure the severity of the complaint sanction. We use commission splitsgo buyi
agents to estimate the | isting agentds incent
commission splits would have a lower incentive to exert increased efforts to increase final sale

prices.

3.4.2.1 Information Asymmetry

In a market where information about house value and comparables is limited, listing agents
should find it easier to exert less effort to sell a house high since the counterparty (i.e., buyers and
their buying agents) i s valeerTaus,ue exgectthat highleeels o u t
of information asymmetry between the selling side and the buying side create opportunities for
listing agents to work on recovering their reputations and credibility by selling houses high. We
estimate the level ohif or mati on asymmetry based on two pa
and houseb6s value. We conjecture that the | e\
atypical house and a higlalue house are higher than that associated with the rest séou
because of limited comparability for evaluating house value. We construct two dummy variables:
06 &6 "Yand'O 0 & 'O@E a.60@ & O "Yid the atypical dummy, which equals one if a
houseds atypical ity ilenirditeregionin a given yeahand edquals zefoi v e
ot herwise. A housebs atypical index is calcul

the houseds characteristics ahao a'T@G csicatlep| e me

2vari eaws est find that collusion between |listing agents and b
Gardiner, Hei ser, Kal l ber g, and Liu, 2007; Brastoweamrcd.Wall e
wWe fwlHaourin (1998), Glbdwsacetandl Gayaaea) (2ané6)Bao calcul at
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dummy variable for house value, which equals o
OLS model is in the top 5 percentile in its region in a given year and equals zero othtWase.
include the information asymmetry dummy variable and its intieraterms with three complaint

related period dummy variables in our baseline models.

In Columns 1 and 2 of Tabl@3, coefficients for the interaction terms between the public
notice period dummyumPublicNoticg and the information asymmetry proxiexidbetween the
postcomplaint period dummyQumPostComplaintand the information asymmetry proxies in
Panels A and B are positive and significant at the 10% significance level. This indicates that
listings sold during these two complaint periods resuihore favorable outcomes for sellers in
terms of the final sale price in markets with a high level of information asymmetry. For example,
Column 1 shows that atypical houses sold during the public notice p&riddx(0 6 W& Qo) € 0 QO Q
006 & 6 Oydp) experience an additional 21.58% (=exp(0.195¥1higher final sale price than
normal houses @06 & 6 "Y®) do during the same period© & 0 6 @& Qo PE BhQw Q
represents an additional $56,684.62 higher final sale price based avetiage final sale price
($255,530) in our sample. This finding is consistent with our second propogfioposition
32A) , which argues that higher benefits for rec
effort from selling houses high, strengthens the mitigation effect of complaints against agents on

the conflict of interest between sellers and listing agents.
[Table 3.3 about here]

3.4.2.2 Complaint Sanctions

Sanctions associated with complaints vary a lot based on the severity of each complaint. We
expect that it is difficult for listing agents to recover their reputation and credibility by selling
houses hgh following a severe complaint as reflected in a severe penalty (i.e., a high fine amount
or a |license suspension). Thus, severe compl a
exert greater efforts and the success of those greater effotis meidess successful with more
severe sanctions but improve over time. Although agents are not supposed to know the penalty
before it is finalized by regulators who make decisions public quickly, we assume that agents have

a sense about the penalty basadhe severity of the filed charges and can anticipate the penalty

We report the estimation model &8td results for the house he
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before it is finalized. Since many complaints in our sample do not lead to a fine (i.e., the fine
amount equals zero dollars) or a suspension of the respondent's real estate brolser'd.bcen

the suspension length equals zero days), we transform the fine amount variable by taking the
natural log of the fine amount plus one. We use the license suspension ddoomfyuspendéggd

which equals one if the complaint leads to a license susgpe(i., the suspension length is
positive) and equals zero otherwise. We include each sanction vai@bl&ai® o6 a Yo i 1 Qe QQQ
and its interaction terms with the three complaatatedperiod dummy variables in Tab&3.

Since afine or a license suspension only follows a decision regarding a complaint, expected or
actual information about the fine amount and the suspension length is only available for houses
sold during complaintelated periods. We set the interaction term betwmostcomplaint period
dummy and the license suspension dumByniPostComplaintxDumSuspen3ed the base.

In Column 3 in Tabl@.3, negative coefficients for the interaction terms between the fine dollar
amount and the agent notice period and the publiice period dummy variables indicate that the
i mpact of concerns for reputation on agentooés
when the agent receives severe penalties. For example, the coefficients for the interaction terms,
06 GBNE 00 & OAEENOO6 6 0 6 wd Qo 0K rearted in Column 3 show that for
listings sold during the agent notice period (or during the public notice period) stammuard
deviation increase in the fine amount ($1,530f6@n its mean ($478.24) decreases the natural
log of the final sale price by an additional 0.30% - (=
0.01308xIn[(478.24+1+1530.60)/(478.24+1)]/In(478.24+1)) (or an additional 0.29%). This
represents a $9,725.39 (exp[1.003xIn(2555287530) (or a $9,39533 lower sale price when

evaluated at the average final sale price ($255,530) in our sample.

Significant and negative coefficients for the interaction terms in Column 4 in 3&béhow
that listings sold during complaint periods have lower sale pribes the license of the agent has
been suspended by the court, which will (or
This is consistent with our expectation that it is difficult in the short run for listing agents to recover

their reputatios and credibility by selling houses high following a severe complaint.

3.4.2.3 Agent Incentives
In most housing transactions, the sales commission received by listing agents is determined by

a fixed percentage of the final sale price. The fixed percerdammission rate ranges from 3%
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to 6% in Quebec and is typically 6% in the United States. If another agent is involved in the
transaction, the sale commission is split between both agents. Literature finds that another agent

(i .e., the bulgtiags @ith highapramission sglita Barwick et al., 2017). Thus,
highc o mmi ssi on splits create incentives for buy
the rest of a sale commission, we expect that high commission splits to buying ageotgette

the incentives for the sellerodés agents (i.e.,
impact of complaints against listing agents on the house sale price are moderated by commission
splits. We include a commission dummy varialilep 60Q®@ ¢ & @awhich equals one for
commission rate splits to buying agents above 2.5% (the median of the commission rate splits in

our sample illustrated in Panel D Table 1) and equals zero otherwise, and its interaction terms with

the three complaint fated period dummy variables.

In Column 5 of Table8.3, the significant and negative coefficients for all interaction terms
between the commission dummy variables and three compédatedperiod dummy variables
indicate that listings sold during thermplaintrelated periods have less favorable transaction
outcomes for sellers in terms of the final sale price when such listings split higher sale commissions
to buyerdés agent s. For exampl e, Column 5 sho
commsi on rates to buyerds agent DoaDd wsdoQad) £édOURAWQ
006 a 'O@E & a p) experience a 7.33% lower final sale price than listings with splits less than
2.5% commission rates @6 & C@® & a ) and sold during the complaint period
(006 & 0 Qi "@§ This represents a $17,730.35 lower sale price. This result implies that high
commission splits to other agents also lessen the motivation of listing agents to exert efforts to
alleviate the potentianegative impacts created by complaints against them, consistent with our

second propositiorProposition 3.2B).

3.4.3 Relation between a Complaint Against an Agent and Likelihood of a House Sale

In this section, we examine the impact of complaints against listing agents on transaction
outcomes in terms of the probability of a house sale. Unlike the house sale price, which has been
negotiated between the selling and buying sides and determinkd bgrgaining powers of both
sides, the probability of a house sale also essentially depends on the number of visits. We expect
that when the complaint against a listing agent is announced publicly, less buyers are interested in

the house listed by that exgt, reducing the number of visits, including less buyers who would
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value the house high due to the negative i mpa
net result would be a reduction in the probability of a house sale. Although listing agent
expected to exert additional effort after receiving a complaint, it is harder for such listing agents
to increase the sale probability than to increase the sale price to recover their reputation and
credibility. Thus, after the public disclosure ot@mplaint against an agent, that listing agent
woul d exert additional effort to sell their |
effort might be offset by the negative effect
We ue the following logit regression model to study the relationship between three complaint
relatedperiod dummies and the likelihood of a house sale.
5 é'Oc’; a"Ye pQ
06 & Ye arQ

[ 0040 QQE 006 E O NOAGIDA GTIDBQE T Q

F O6G0ET OOEGNAOQE O DIGE 01 £ai

08 &M 6B OO Q1 "B ANV OTRBAD BT Gwo Qi Qi 0 QR

0 0 0 T

o8 T

00 & "Yéraptesents the sold dummy variable, which equals one if haets sold before
the expiration of the selling contract and equals zero otherwise. Three comglizi@tiperiod
dummy variables are ‘06 & 6 "QQ¢& 0 0 & 0, QADOE OOQQE 0 0 ¢ 6,Q0Ad | Q
06 a0 &0 006 ¢ &n,wticddéntify Whether houseis listed during the agent notice, the
public notice, or postomplaint period, respectively. These three complaint related period
dummies are based on the creation time of each listing. Like our assessments irBgetfioe
contr ol for the I|isting agentds gender and r a
and active years in the logit model. Main controls also include degree of overpricing, duration of
the contract between seller and listing agents, amahdas for whether the listing experiences
asking price changes and the listing is for agents from the top 6 listing brokeragéQirms.

O , and’'O are year, month, and region fixed effects.

Table 3.4 reports the coefficiensnd marginal effects at the mean for the logistic regression

models. Significant and negative coefficients for the public notice period dummy
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(06 a0 6 @& Q®0)éin Culudidsi 30and 5 and for the pesimplaint period dummy

(06 & 0 64 @1 & @ QimColurth 5 indicate that listings that are created after the public
becomes aware of the complaint are less likely to be sold compared to listings created during other
periods. In terms of economic significance, listings createthd the public notice period are

6.25% or 6.33% less likely to be sold based on the marginal effects at the mean in Columns 4 and

6, respectively. In addition, the negative impact of the complaint against an agent on the probability

of a house sale is aker for listings that are created during the ashplaint period. This is
consistent with our prior conjfexulutree adeant tae
passes. These results imply that after receiving complaints against $terg,dgents may exert
additional efforts to sell listings but those additional efforts on increasing the likelihood of a house

sale are insignificant. However, when the public becomes aware of the complaint, transaction
outcomes in terms of the probabljlibf house sales are reduced significantly due to the negative

i mpact of the compl aint on the agentds credil
(Proposition 3.3A).

[Table 3.4 about here]

Insignificant coefficients for the gender dumn@ ¢ "OQ & & & (§) show that listings created
by female agents are not significantly different from listings created by male agents in terms of the
|l i keli hood of a house sale. Coefficients for

performarce relative to black agents and Asian agents in terms of the probability of a house sale.

3.4.4 Relation between a Complaint Against an Agent and Listing Time on the Market

In this section, we examine the impact of complaints against listing agentansaction
outcomes in terms of the listing time on the market. Aligned with the expectation for the
probability of a house sale, we expect that listing agents with complaints would like to exert
additional effort to shorten the listing time on the markat such improvements would not persist
or would even deteriorate when complaints against agents first become available publicly. Also,
due to the tradeff theory between the sale price and the selling time of a house, it is difficult for

an agent to $kea house fast and high at the same tiféd/e use the following Coeproportional

$5Turnbull and Dombrow (2@n6a&) TuWalbludrl amd Mabdam (2010B), amon
time on the mar ket and the selling price of houses ake si mul
the reverse causality begweemethe shéerpbusenaess s$betsehl
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hazard model to examine the impact of the three comgialisiedperiod dummies on the house

listing time on the market:
—0 —0Qaon 00646 QQE NBE NOWO G006 0a QG E 0 QDQST Q
7T O0G0Ei 06EANAOQE WEI'DRE ¢ 01 € ai
0¢ Qi GBI OO Q1 B IO OWOR DI OO Ql Qi 6 Qi
O O O t

o8 p

— 0 is the baseline hazard function for the sold evénb (& "Y$§. @lkbther variables are
defined as in equatior8(9). Significant and negative coefficients PO & 6 "QQ& 6 L' 6 QOQH |
andO6 a0 &0 06 ¢ &n i GSMes® lard 5 indicate that listings that are created after the
public becomes aware of complaints against the listing agents need longer times to get sold but
that the negative impact of the complaiggainst the listing agents on the listing time on the market
is weaker for listings that are created during the -postplaint periods. These results are

consistent with findings in section 4.3 and support our third proposRi@p@sition 3.3B).
[Table 3.5 about here]

Consistent with the findings in sectioB4.3, the coefficients for gender dummies
(006 a "0Q ¢ ehiviidthat listings listed by female and male agents are not significantly different
in terms of the listing time on the marketoéficients for the race variables show that listings

created by white males take less time to get sold than listings created by black and Asian agents.

34. 5 Rel ation between a Complaint Against an /
In this section, we examine the impact of complaints against listing agents on their other listing

and selling activities. We restrict listing agents to those who have listing records in all three

complaintrelated periods. This restriction also excludssng agents who become inactive due

to other unobservable reasons and leaves only 111 agents who receive complaints and are active

during all threecomplaintrelated periods. Tablg6 lists listing attributes, such as the degree of

overpricing of the iitial asking price, the contract duration of the selling contract between sellers

and listing agents, and whether the listing increases or decreases its initial asking price, for listings
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created by agents with complaints during each compialated pend. Comparisons of the listing
attributes among the three groups show that initial asking prices for listings created during the
postcomplaint period are significantly lower (i.e., underpriced). A plausible explanation is that
agents with complaints dugrthe agent notice period and the public notice period are more likely
to attract sellers by setting the initial asking price high. Contract durations for selling contracts
between sellers and listing agents are significantly longer when both the agaht gnblic
become aware of the complaint, which is consistent with the prediction of our model in section
3.3. A plausible explanation is that agents with complaints, given the expectation of possible
negative impacts of complaints on their performanoefep to sign longer contracts to make sure

the listed houses get sold within the contract periods. In addition, listings created by agents with
complaints are significantly less likely to be repriced higher and are significantly more likely to be
repricedlower during the agent notice period and the public notice period than during the post
complaint period. A plausible explanation is that agents take actions (i.e., reducing the initial
asking price) to sell listings that may become harder to sell whasothplaints become publicly

available.

[Table 3.6 about here]

3.5. ROBUSTNESS CHECKS AND EXTENSIONS

In this section, we conduct propensity score matching of covariates, 3SLS selection model
estimations, and the Heckman selection model estimations twideaklection biases. We check
the reverse causality between the sale price and the listing time before a sale by using simultaneous
equations (3SLS model). We also check the robustness of the main results by using the median of
the duration between th@own complaint filing date and the public notice date to determine the
agent notice date. Lastly, we extend our stud:
and race on the impact of complaints against agents on the housing transaction outeome

of the final sale price, the probability of a house sale, and the listing time on the market.

3.5.1 Propensity Score Matching (PSM)
We use propensity score matching (PSM) to match listings sold or created during the three
complaintrelated periods (Treated group) with listings with similar attributes but not sold or

created by listing agents who have received complaints against tlwerrqiGyroup). Our PSM
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samples consist of 10,556 observations for sold listings, including 5,278 treated listings and 5,278
control listings, and 18,700 observations for both sold and expired listings, including 9,350 treated
listings and 9,350 control imgs. Next, we repeat the empirical analyses of the impacts of
complaints against listing agents on transaction outcomes in terms of house final sale prices, the
probability of a house sale, and the listing time on the market. Results reported i13.Tadnle
consistent with the findings reported in Talde 3.4, and3.5.

[Table 3.7 about here]

3.5.2 Selection Bias Checks for the Likelihood of an Agent Complaint and the House being Sold

In this section, we check the endogeneity of a complaint aghmsigent and the house sale
price caused by unobservable terms that impact both the likelihood of an agent receiving a
complaint and an agent selling a house high. We follow Adams et al. (2009) and use the three
stage least square (3SLS) instrumentalaldei method. In the first stage, we run a probit model
for the binary variable of a complaint related transaction, which equals one if a house is sold during
the complaintrelated periods. In the second stage, we include the fitted value of thadgst
model and rerun the probit model in the first stage. In the third stage, we include the fitted value
of the secongtage probit model and regress the OLS model in Column 4 in 3&bladams et
al. (2009) argue that this thrstage procedure takes cafe¢he model misspecification in the first

stage of the twtage procedure.

We also check the possibility of sample selection biases in our main models because the final
sale price is only observable for sold houses. We undertake the Heckrrstepvaiection model
(Heckman, 1979). In the first step, we run a probit regression for the binary variable of a house
sale PumsSold in the full sample of both expired and sold houses. Then, we calculate the inverse
Mills ratio (IMR) by taking the ratio of therpbability density function (PDF) to the cumulative
distribution function (CDF) of the distribution. In the second step, we run the OLS regression
models for testing the impact of the complaint periods on house sale prices, controlling for the

IMR from thefirst step.

Results in Table3.8 show that coefficients for all complairglated period dummies in the
threestage least square (3SLS) model (Columns 1 and 2) and the Heckmstageselection

model (Columns 3 and 4) are consistent with those coefficients for the original OLS models
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(Column 4 in Table.2), supporting the robustness of our main findings to this potential selection
bias.

[Table 3.8 about here]

3.5.3 Reverse Causality between Sale Prices and Listing Times before a Sale
In this section, we check the robustness of our results in T&Eblby considering reverse
causality between the listing time before a house sale and the sale price of theTheuse.
simultaneous equations are:
O¢&YOt "0&0OW FO0Ga&ED (£ 0MNIEDD A0 6A QNI E 0 QOQ
FO6G0ET 006¢ G ®@EOINE NOBIO O O'®Ee £ 01 £ ai
08 6B OO Qi O B BSMRORIBDI OOO Q1 Qi 6 Qo
O O O T o0& ¢
0 E0W T "0&°YO ®OGOQQEO0E O QDHQ
P @6G000a QDT EBDOBDE | 06 & d i ®dRHOQd QO Q¢
1 D 0@ &£ 01 £'0F 0D GO Ql Qi 0 QNI
0 Qi OMORIBDI GOO QI "M 6 Qb O
T o8& 0O
, TO® is the natural log of listingayson the market® 0 {) for housd. 0 Qi Q& N QO ©
ando € a n Qe "ae e listing density and competition variables that are used to make the
system of simultaneous equations identified. For hguse define competing hougas the one

having the same number of bedrooms, the same property type, and being located in the-same zip

code area (FSA). We also define the overlapping period on the market for competing houses as:
0 (0 & Qi QOB QORED ¢ d Gt VEHNE VD o8 T

The end date is the date when the house was sold or the date when the house was delisted.
Because our data specify the creation time, the selling time, and the expiration time based on clock

time thee is no need to add an extra day to the overlapping period.
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Since the distance information between two houses is not available, we roughly calculate the
competition variable and the listing density variable using the following formulas:

6 ¢ andmd QB () 6AQ o8] v
- L
0 Qi O0VE N Qe-w— o8 ¢

In Table3.9, the reported coefficients for themplaintrelatedperiod dummiesn the natural
log of the final sale pricé)(¢ "Yare consistent with the coefficients in TaBi2 but the coefficient
for the listing time on marketd(¢ O0 0) is not signifiant. The negative and significant
coefficient for listing density § Qi 0 Q¢ "QPifpliesQbato houses sold in competitive
environments yield lowds ¢ "YBased on the theory of the spatial competition effect and the
shopping externalityféect from Turnbull and Dombrow (2006), our results show that in terms of
0 ¢ "Yihe spatial competition effect more than offsets the shopping externality effect so that the

net effect is a decrease in the final sale price.

In the time on market equati @ £ OO0 0), the significant and negative coefficient for the
postcomplaintperiod dummy indicates that given the house being sold at a certain sale price,
listings created during the pestmplaint period are sold faster. The insignificant coeffitfor
the publienoticeperiod dummy implies that although considering the t@tfidetween the sale
price and |listing time, agent 6s extra effort:c
impact on selling a house faster during the pufitice period. The positive and significant
coefficients for thé) ¢ “Yudicate that houses being sold at a high final sale are sold slower,
consistent with the literature (Belkin, Hempel, and McLeavey, 1976; and Turnbull and Dombrow,
2006). This suppostthe tradeff between the final sale price and the listing time on the market
before a sale. The coefficient for the competition variakies (& ) 'Q o) fAsitive and
significant, which indicates that in terms of the listing time, spatialpstition more than offsets

the shopping externality effect so that the net effect is an increase in the time on market.
[Table 3.9 about here]

35. 3 Agent 6s Notice Date based on the Compl air-
In this section, we check the robustness of the results from our main models by using the

median duration between the known complaint filing date and the public notice date to determine
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the agent notice date. In the main analyses, due to the missing carfipfey dates for most
complaints, we identify the agent notice date as the earliest date of the guilty plea date, the guilty
hearing date, and the sanction hearing date if the complaint filing date is missing. But in real
scenarios, listing agents shdilecome aware of the complaint against them earlier than the agent
notice date in our main models, possibly leading to a biased result. In this section, we calculate the
duration between the known complaint filing date and the public notice date, whiehearliest

date of the guilty documentation date and the sanction documentation date. We define the
alternative agent notice date as the date which is 293 (median of the duration reported in Panel E
Table 3.1) days prior to the public notice date. Newie repeat the empirical analyses of the
impacts of complaints against listing agents on transaction outcomes in terms of housing final sale
prices, the probability of a house sale, and the listing time on the market. This alternative
determination for th agemnotice date may incorrectly include some agents who are not aware of
the complaint against them due to a delay between the date that the court received the complaint
filed by the complainant and the date the defendant became aware of the cofipisioan be
expected to weaken the effect of the complaint on transaction outcomes only during the agent
notice period. Nevertheless, the results reported in Tab@ are consistent with the findings

reported in Table8.2, 3.4, and3.5 for the methodhitially used to determine the agent notice date.
[Table 3.10 about here]

35.4 Agent dés Gender and Race and Compl aints

Il n this section, we extend our study by exan
and race on the impacts of tl®mplaints against agents on the performance of housing
transactions in terms of the final sale price, the likelihood of a house sale, and the listing time on
the market. In the previous sections, we show that the performance of housing transactigns differ
between female agents and male agents and among white agents, black agents, and Asian agents.
In sum, female listing agents have superior performance in terms of the house sale price while
white agents have superior performance in terms of the likelibbachouse sale and the listing
time on the market. In this section, we examine how the incentive to exert additional effort driven
by complaints against agents varies between female and male agents and among white, black, and

Asian agents. We include etr act i on ter ms of tDumFeaagomtheds gen
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A

agent 6 s r aRae) andithcee coraplaintretated period dummy variables in the baseline
OLS models, logit models, and Gpxoportional hazard models.

In Column 1 of Table.11, the significant and positive coefficients for the interaction terms
between the gender dummy atté public notice period and the pasimplaint period dummy
variables show that listings sold after the public becomes aware of the complaint have more
favorable transaction outcomes when the listing agent is a female agent. This implies that female
agens have more incentives to exert additional efforts to recover their reputations by selling a
house high. In Column 2 of TabB11, the significant and negative coefficient for the interaction
terms between the gender dummy and the public notice periad shat female agents receive
stronger negative impacts in terms of the likelihood of a house sale than male agents when
complaints against them go public. However, the significant and positive coefficient for the
interaction term between the gender dumamd the postomplaintperiod dummy variable
indicates that female agents have more favorable outcomes in terms of the likelihood of sale than
male agents two years after the public becomes aware of the complaint. This might imply that
female agents exemore additional efforts to recover their reputation efaatt female agents are
easier to be raccepted (forgiven) by the public tharfamlt male agents. Column 3 for the listing

time on the market shows similar results as Column 2 for the likelibbadhouse sale.
[Table 3.11 about here]

I n terms of the agen3ldshows that dault ASianlagentmhave of T
inferior transaction outcomes in terms of the final sale price during the agent notice period and the
postcomplaint periodbut atfault black agents have inferior transaction outcomes in terms of the
final sale price during the public notice period. In Columns 2 and 3, the significant and positive
coefficients for interaction terms between the black agent and each comglaietl period
dummy variable show that although listings created by black agents are less likely to get sold and
take longer time to get sold-f#tult black agents have superior performance than white and Asian
agents in terms of the likelihood of a hosaée and the listing time on the market in all complaint
related periods. A plaaslibdbeblapkangehndbnes Eexel
completion of house transactions than agents of other races if they do not exit the real estate

brokerage industry.

[Table 3.12 about here]
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3.6. CONCLUSION

Since real estate agents only share a small portion of the proceeds of a housing transaction,
they have a lower incentive to exert efforts to sell a house high, which is of most interest for house
sdlers. Thisessayformulates a model to examine how agents who receive and do not receive
complaints against them behave in exerting efforts to sell a house high. We show that complaints
against agents provide incentives for those agents to exert additional efforts & hpoicse high
in order to recover their reputation and future career (Propostigon We also show that the
i mpact of complaints on agentods incentives 1is
asymmetry, in which real estate agents recgmaater benefits from exerting additional effort.
However, the impact is weaker if the complaint results in severe sanctions because of their severe
negative 1impacts on the agentds reputation ¢
transactions wire the listing agent receives a smaller portion of the final sale price due to a lower
commission rate split for the listing agent (Proposit®?). Lastly, we show that complaints
against agents have negative impacts on the probability of a housedsalesan hous e 6s | i st
on the market (Propositidh3). We also show the heterogeneity of agents in terms of their gender

and race moderates the mitigation effects of the complaint against agents on their performance.

Our study can be extended in sevavalys. First, one could examine the different complaint
reasons and their impacts on the behaviors of agents. Second, one could extend this analysis to the
buying brokerage, i n which buyerds agents hayv
buyes regarding the final sale prices. On the buying side with a fixed percentage commission
system, buyers benefit from purchasing houses low while buyer agents benefit from purchasing

the house high because their compensation is determined by the fir@icale
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CHAPTER FOUR

Signaling Effects of Recurrent Listprice Reductions on the Likelihood of House Sales

4.1 INTRODUCTION

Selling a house is one of the most significant financial transactions a family unit can undertake.
When a house gets listed the market, the seller must set the list price and disclose all the known
houserelated material information to the market. Unlike retail transactions where the list price has
a binding role, the list price of a house in Canada is not binding. Therafooéfer with a price
above or equal to the list price can be but is rarely rejected by the seller. Han and Strange (2016)
argue that the list price of a house has a directing role in buyer search and find a negative
relationship between the list pricecathe number of bidders in housing transactions. Thus, sellers
can use the list price to communicate with potential buyers by signaling the unobservable
properties of the house and characteristics of the sellers themselves (Yavas and Yang, 1995;
Benjaminet al., 2000; Knight, 2002). Most of the existing literature that studies the signaling
effects of the list price on housing transactions argues for a negative relationship between the initial
list price and the likelihood of a house sale (Stull, 19780ktn1999; Anglin et al., 2003, Han
and Strange, 2016; Osterlir2))16). Overpriced houses based on hedonic prices are less likely to
be sold and take a longer time to be sold but are sold at higher prices (Anglin et al., 2003; Anglin
and Wiebe, 2013). Aradsen and Nielsen (2017) find that forced sales from the sudden deaths of
house owners result in fire sale discounts that are larger when the sale is urgent, market conditions
are poor, and the seller is financially constrained. Leib et al. (2020) fingré@se versus round
asking prices |l ead to higher (1l ower) counter ¢

properties.

Lazear (1986) and Wit and Klaauw (2013) argue that the level of the list price is not exogenous,
as some market charactéigs that impact both the levels of list prices and transaction outcomes
which are observed by housing transaction participants are not observed by researchers. Beracha
and Seiler (2013), Bucchianeri and Minson (2013) and Cardella and Seiler (2016hatgeddrs
strategically set the list price. For example, Beracha and Seiler (2013) study the fprioeled
justbelow-price, and precisprice listprice strategies and recommend the use of thépletw

price strategy because it generates higher mbdsythan other lisprice strategies. Instead of
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examining the signaling effects of the level of the list price, some literature studies the signaling
effects of listprice revisions, generally reductions, on housing transactions (Knight, 2002; Merlo
andOrtalo-Magné, 2004; Wit and Klaauw, 2013; Khezr, 2015; Gorden and Winkler, 2017). For
example, Knight (2002) shows that increasing the size ofprist reduction increases the listing

time on the market and decreases the sold price. Wit and Klaaw8) (2@&im that lisfrice
reductions increase the likelihood of house sales. Gorden and Winkler (2017) arguephagtlist
reductions significantly increase the likelihood of house sales but decrease net sold prices, when
the listing time on the markes held constant. This literature primarily focuses on the first list
price revision or simply on the difference between the initial list price and the sold price. In contrast,
this essayfocuses on the effect of recurrent-sice revisions.

Many housing transactions experience more than onepriis¢ reduction event. In the
Canadian province of Quebec, around 12.5% of listed sfagidy houses exhibit more than one
list-price revision during the period 20@817°° Compared to the first ligtrice revision and the
difference between the initial list price and the list price prevailing at the time of the sale
(subsequently referklLPad) ,ast htehed yin aansitc | gonset c epsrsi Cc
revisions, generally reductions, releeaore unobservable information about the seller and the
house. Recurrent ligirice reductions can emit different signals to potential buyers about the
motives of house sellers. We deem the signal as being positive if potential buyers interpret the
recurentlistpr i ce reductions for a house as an indi
quickly by moving the list price closer or even below fair market value. In contrast, we deem the
signal as being negative if potential buyers interpret theneauistprice reductions for a house
as an indicator that the |l isting is probl emat.
attributes. We expect that al t h o tpgeé reduatigne r s r
activities, theyare not able to anticipate (i) whether a futurepiste reduction will occur; and (ii)
the level and timing of any ligirice reductions if they subsequently occur because of the temporal
uncertainty caused by changes in the housing market, the ldigtlmpfces of similar houses, and
so forth. The effect of a positive signal is to attract more house visits from potential buyers who
would like to benefit from the more favorable pricing of a house due to the impatience of its seller,

while the effect ba negative signal is to reduce house visits from potential buyers for a house that

%This statistic is bas€dmohyt heukiestingtedconds hef | sicagl &Mult
Montreal Re al Estate Board (Chambre I mmoiliere du Grand Mont
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is perceived as a lemon. Thus, the two signals would have different effects frgprichst
reductions on the likelihood of a house sale: positive signals fropricgreductions increase the
likelihood of a house sale and negative signals frorrptise reductions would decrease the
likelihood of a house sale. Which signal dominates can only be assessed empirically in the absence
of interview data on the motives behitie listprice reductions of sellers.

Most of the literature studies the impact of-jpsice reductions by using the ordinary least
squares (OLS) model and the standard survival analysis model which treatphiediseduction
event as a timévariant covariate (Knight, 2002; Khezr, 2015; Gorden and Winkler, 2017). Wit
and Klaauw (2013) treat the liptice reduction event as a timarying covariate and use a
continuoustime duration model to estimate the impact of the firstdrgte reduction orthe
likelihood of a house sale. In their model, Wit and Klauuw consider the dependence of error terms
among the sold hazard, the withdraw hazard, and the first price reduction hazard. However, to
properly differentiate between the net effects of the p@sénd negative signals, one needs to use
an empirical methodology that accounts for (i) the association between the recunmtdist
reduction rate and the sold rate, and (ii) the ideggendence among recurrentpsice reductions.
For a sold evenrecurrent lisprice reduction events may signal to the market the unobservable
properties of the seller and the house and the fair pricing and underpricing of the house that
triggered the sale of the house. For recurrenpliste reduction events, érsale of a house is an
informative censoring event that prevents the house from further reducing its list price. Also, some
unobservable heterogeneity of sell ers and
unobservable mispricing of the list pei, affect both the dynamic process of the recurrertise
reduction and the sold proces®r example, with increasing knowledge about market conditions
for houses that remain unsold, more impatient sellers are more likely to reduce the list price
repeatedly and are more active in advertising and showing their houses, and thus are more likely
to eventually sell their houses. Oymiced listings of unsold houses armore likely to get list
prices reduced repeatedly and are less likely to get soddldition, recurrent lisprice reduction
events are intedependent. For example, a new recurrenjpliste reduction event depends on the
history of recurrent lisprice reductions and the size and timing of eachpligte reduction.
Associations betwaerecurrent lisprice reductions and house sales and among recurreguridist
reductions are not accounted for in the current literature that uses, for example, the Cox model.

Thus, we rely on the joint frailty model that accounts for both associdabgm®vide a superior
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test of the net effect of the two opposing signals frorpligte reductions on the likelihood of a
house sale.

A study close to ours is by Merlo, Ortaldagné, and Rust (2015) who use a nonstationary,
finite-horizon, dynamic modelnd data for 780 sold listings in England to study the home selling
problem and find that the list price is sticky @mice revisions are infrequent as only 8 listings
had three or more revisions). Possible reasons for the high degreepotbsstikiness in their
sampl e are (i) {arteeprediatian ofrtha vakie of teel hbueer, () the rele of the
list price as a starting point in a negotiation, and (iii) the inelastic negative relationship between
the list price and the arrivaltexof offers. Their sample suffers from a potential selection bias since
it excludes unsold listings which are more likely to havepgigte reductions. Thus, owtudy

examines recurrent ligirice reductions for both sold and unsold (expired) listings.

To compare the difference between not considering and considering thdepésdence
among recurrent ligbrice reductions and the dependence between the recurreptidest
reductions and the sold event, tlissayuses both the Cox model and the jdirailty model
(Rondeau et al., 2007) to investigate the signaling effects of recurrgmtidistreductions on the
likelihood of a house sale. Results of the Cox model support the prior literature thairacdist
reduction increases the likelihood ofhause sale unlike the results of the joint frailty model
reported herein that support the dominance of negative signaling effects, indicating-pvatdist
reduction events decrease the likelihood of a house sale. Results of the joint frailty model also
imply that the recurrent ligtrice reduction rate and the sold rate are positively associated, and that
both are affected by the unobserved frailty term. Results also identify a significant positive
interdependence among recurrent-fiste reductionsThis supports the efficacy of the joint
frailty model that considers the dependence between the recurr@nidéesteductions and the sold
event, and highlights the biases encountered with the use of the OLS model and the standard

survival analysis moddbr house sales and for recurrent-fisice reductions.

Time-varying duration dependence parameters are examined in housing markets. For example,
Agnello et al. (2015) study housing booms and busts considering epamge in duration
dependence. We alsconsider the different impacts of successivepligte reductions on the
likelihood of house sale and the listing time on the market. anging coefficients for the list

price reductions in the joint frailty model show that early-piste reductioe have stronger
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negative impacts on the probability of a house sale than lafgilistreductions. This might imply

that buyers are more likely to perceive the seller as an impatient seller when they face late list
price reductions while buyers are mdikeely to perceive the listing as being problematic when
they observe early ligirice reductions. Although the dominance power of the negative signaling
effects diminishes as the listing time on the market progressespadesteduction always affects

the likelihood of a house sale negatively.

We further analyze the implications of recurrentfiste reductions on the ratio of the sold
price to the last list priceSPtoLLB. Salant (1991) argues that sellers incorporate incomplete
information about he mar ket into the initial i st pri
reservation price, which is reflected in the list price, slowly converges to the fair market price of
the house during the listing period as the seller learns about the markieteMa. (2015) argue
that listprice reductions by sellers are motivated by macro shocks andimmeelearnings from
the market and not from a lack of buyers. Thus, éssayconjectures that a ligirice reduction
itself signals fairer pricing as thitial list price, which incorporates imperfect information,
incorporates new information and converges towards the fair market value of a house. We find
that a listprice reduction itself, not the size of the-jistce reduction, results in a highaRtoLLP.

We also find that increases in the number ofdréte reductions, holding the ligrice drop from
the prior list price (or the initial list price) to the list price at the time of sale constant, strengthens

the positive impact of ligbrice redutions onSPtoLLP

This essaymakes several contributions to the literature. To the best of our knowledge, we are
the first to examine the conflicting (both positive and negative) signaling effects of recurrent list
price reductions on the likelihood of le sales. We also investigate how thegigte reduction(s)
itself, and the size of reductions, impact listsaje performance in terms of narrowing the gap

between the sold price and the last list price as embodied in a BigtedrLP

In addition, tle new findings reported in thessayhighlight the importance of considering the
dependence between recurrent-fiste reductions and the sold event and the interdependency
among recurrent ligbrice reductions. Thigssayalso provides possible explamas for its
findings that differ from the literature about the effect offliste reductions on the likelihood of

a house sale. We treat the sold event as thes@ampeting risk on the occurrence of a further list
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price reduction event and use thenjdrailty model to analyze both events together. To the best
of our knowledge, we are the first to apply the joint frailty model in housing studies.

More broadly, our study complements other works documenting repeated events and the
impact of recurrent ents on a terminal event that is an informative censoring of the occurrence
of the recurrent event. For example, the literature analyzing the purchase behavior of households
views repeated purchases as a counting process and considers all informagontoetdch
purchase (Bijwaard et al., 2012). The literature studying employment and fertility (recurrent events)
on retirement (informative terminal event) considers the dependence between the two types of
recurrent events and the dependent terminal emedtprovides evidence in support of their
positive dependences (lliesperance, and Wu, 2020). The literature examining the effect of the
penalty mechanism against traffic violations and car accidents accounts for the association
between the occurrence wéffic violations (recurrent events) and the occurrence of accidents
(terminal events) through the unobservable heterogeneity of drivers, such as their driving habits
and decision preferences (Liu, Wu, and Li, 2020). The application of the joint fraittglroan be
extended to other fields in financial economics such as the dynamics of debt renegotiation
(recurrent event) and firm bankruptcy (terminal event), where recurrent and informative terminal

events are best studied jointly.

The remainder of thigssayis organized as follows. In sectidi?, we develop the hypotheses.
In section4.3, we describe the empirical models, including the joint frailty model and its
parameterization. In sectigh4, we describe the sample and data used in the empinaiykas.

In sectiord.5, we present and discuss the empirical results. SetBaroncludes thessay

4.2 CONCEPTUAL FRAMEWORK AND HYPOTHESES

When a house is initially listed on the market, the seller is required to fully disclose
houserelated material information. Since the buyer is less informed than the seller about the
housebds attributes, the buyer needs to visit

disclosed in the listing. Unlike retail products, houses with@itisvhave little likelihood of being

SWe are currently usinmi nenet ljiod nitsdfue.il ty model to exa
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bought. Thus, the likelihood a house is visited is positively associated with the likelihood of its

sale.

In this section we rely on the underlying logic of search and signaling theory to explain the
matching processebt ween house sellers and buyers by ex.
choice to visit a hous€.Let S and B denote the seller and the buyerMat e pr esent t he

reservation price, which is the lowest price the seller is willing to adoegell the houseY is

unobservable for the buyer and 1is set by t h
conditions (Mkt), the &eanldertdismeo roifgimuarlc hpausrec,h
characteristics such as financi@ostr aints (F). The houseds att.|

attributes ¢ ) that are fully disclosed by the seller in the listing, and the attributes unobservable

from the listing ( ) that can only be partially detected by the buyer durihguse visit and can

be further detected by a house inspection. The price and time the house was purchased by the seller
are not disclosed on the |isting but are dete
financial constraints are unobsable by the buyer.Lé&Yf r e pr esent t he buyer 6s
which is the highest price the buyer is willing to offer to buy the hovsés unobservable by the
seller and is set by the buyer®)braketconditions t he h
( Mkt ), and the buyerdés characteristics such ¢
conditions (Mkt) are observable for both the buyer and the seller. The seller sets the initial list
priced , 0 'Y , which provides & i gn al of the housed)sandiheob s er
sell erdés reservation price to the buyer (Yava
observable attributes match the buyer ésr searc
not, the buyer first pr &d)badedonthé iaitialdig priceethed s r e
houseds observable attii budehd [ GOrlden thabuyeret c o r

comparesY  with'Y . The buyer only visits the houseYf Y.

If Y 'Y for all potential buyers, no visits and sold events occur. As the listing time on

the market progresses, the seller learns the effectiveness of the initial list price and becomes less

Al t hough the bargaining process is also important te a hous
of the bargai nstnaggeno diglkeq (-Bth&genfuobnlen a si MMMadaga®deRnst MeE20 b5,
459) fAdo not explicitly model the behavior of buyers and th
examine accepted and rejected offers for a someathait smal beg:
the scopesaflevbdi esping a bargaining model with varying bargai
sellers) that are heterogenous in terms of ttcdeiia fiorp aftuteuwmnrcee r
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patient> To prevent a no sale by the expiry of the term of the listing agreement, a progressively
less patient seller lowers their reservation price and reducés 0 .%° The reduction in the list

price sends a signal to the market. Buyerswith&@rmat t o t he houseb6s obseryv
their estimates of th& sed WelYdsh Qe wherYati on
denotes the elapsed time between the firsplise reduction and initial listing. We expé¥xt

'Y and its difference to increase with the size of thepligte reduction 0 ) because a

|l arge reduction size signYal s g,nhel&keliimood osa@isitl er 0 s
by a potential buyer after the ligtice rediction is greater than the likelihood before thepiste

reduction, sothaji €¥o 'Y A1 €Yo 'Y . This leads to a higher likelihood of a

house sale.

If Y 'Y for all potential buyers for thkth listing price and no soldvent occurs, the
increasingly impatient seller can further adjust their reservation price by further lowering the list
price. Generalizing, the likelihood of a visit after each-piste reduction increases, that is
ni €Yo Y i €Yo Y , which in turn increases the probability of the sale of
the houseWe refer to increases of the likelihood of a house sale caused-pyidisteductions as

the positive signaling effect of the recurrent-pisice reductions.

However, list-price reductions, especially if they are early and frequent, may also send a
negative confounding signal to the market that the house is problematic in that the seller cannot
wait to reduce the list price or the house is still unsold after severgliie reductions. In this
case, potential buyers whose preferences match the observable attributes of the house would lower
their reservation prices for the hous¢é &correspondingly. Sinc¥ & 'Y , the likelihood of a
visit by a buyer and the ldtihood of a house sale with more historicalfiste reductions are

both smaller. We refer to decreases of the likelihood of a house sale causegelistductions

% mpatient (motivated) sellers are considered as tainggsvery
in |ist prices. Among the numerous avaidlaaklse agrx>ammigds nar(r2r
Kni ght and Sirmans (2004), de Wit and van der Klaauwk(2013),
(2020) and Shen and Ross (2021).

0ne could gquestion why immatieant |$sealtl e@mrs cwoulod emstur £ett htahe
explandtiromninKnight and Sirmans (2004, p . 199) who use La:
behavi orneoauft raalrisek | er -neoatcronnell luedre hdoatam irncs&knti ve to poten
setting the initial l'ist price above a potentialabbuyetde re
di stribution of posgsirkicessv alfuewotcefnttimd rbaisyerrwagt imchi ch pl aces
I i st price downward toward a potenti al buyerés reservation
without restoring ntso bdyo wsneatatridn gp rtihcee irreivtiisalo | i st price bel ow
forego any potential consumer surplus from avoiding this qui

74



as the negative signaling effect of the recurrenfpliste reductions. This leads the following
two competing hypotheses:

H4.1A: The positive signaling effect of recurrent listprice reductions dominates so that the
likelihood of a house sale is positively associated with the occurrence of-jgtce reductions.

H4.1B: The negativesignaling effect of recurrent listprice reductions dominates so that the
likelihood of a house sale is negatively associated with the occurrence ofpsice reductions.

Based on the condition that recurrent-psice reductions impact (either positiyebr
negatively) the likelihood of a house sale, the timifjgof the listprice reduction can also provide
a signal to the buyer about the sellerds res
characteristics of the listing not disclosed by takes. An early listprice reduction implies the
listing is likely to be problematic in that the initial Hgtice is unrealistic or the undisclosed
attributes of the house are unattractive, so that the seller could not wait to reduce the price. A late
lisspri ce reduction reveals that the seller w a
attractiveness up to this point in time since the seller left the list price unchanged for a long time
(T) while waiting for a buyer with an offer that satisfies teelsl er 6 s r eser v-ati on
time listprice reductions are more likely to signal to the buyer that the seller has become less
patient as time approaches the expiration of the listing. Therefore, the impact epracdist
reduction on the likelibod of a house being sold varies as the listing time on the market progresses.

This leads to the following hypothesis:

H4.2: If either H4.1A or H4.1B are not rejected, the timing of a listprice reduction has

different impacts on the likelihood of a house sale.

If the buyer is satisfied with the attributes of a house after a visit, the buyer seldom proposes
an offer price equal to the list price mormal market§! The buyer generally proposes an offer
price based on updates of both the buyerds ani
the reservation price of a seller slowly converges to the real market price during the listidg perio
as the seller learns about the market. Salant (1991) also argues that sellers only have incomplete

information about the market when they set the initial list price, and that they adjust their expected

2l n someosumarket s, for example Vancowwers,t NMew dYonrgk ,waarnsd, Honn ¢
accepts the Iist pripeice pfoposé® aompgher fohamhli ibuse.
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value of the house as they sample the market ta leare about relevant market parameters. In

such cases, the seller generally adjusts the |
time on the market increases. Merlo et al. (2015) conjecture that since sellers have acecurate ex
ante beliefskout a housedés value, their decisions to
buyers but are driven instead by macro shocks or what they have learned through ongoing sampling
about the value of the house. Holding theiste drop from the jpor list price (or the initial list

price) to the list price at the time of sale constant, we argue that buyers are more likely to perceive
more frequent reductionsasadstr i ce adj usting process instead
would implytat t he sell erd6s reservation price has I
house, which would provide a stronger signal of fair pricing or even the underpricing of the house.
Thus, buyers may propose higher offers, which are closer to the lgsidesiLLP), for listings

with a greater number of ligtrice reduction$? This should result in better sale outcomes
benchmarked to the last list price and measured by the ratio of sold price to the last list price for
sellers GPtoLLP.%3 This leads tahe following hypothesis:

H4.3: Holding the level of the aggregate lisprice reduction constant, listings with more list

price reductions would sell at a higher ratio of sold price to the last list price.

4.3 EMPIRICAL MODEL
4.3.1 Joint Frailty Model

The key empiricaproblem in examining the signaling effects of recurrendigte reductions
on the occurrence of the sold event by using standard survival analyses is the dependence between
the recurrent lisprice reductions and the sold event. The Cox model for ttvevalianalysis of
the sold event and the shared frailty model of survival analysis for recurrgmtidistreduction
events may be subject to estimation bias from ignoring the dependence between the sold and the
recurrent listprice reduction events. ThHeox model and the shared frailty model may also be

subject to estimation bias from simply considering each successhpeidistreduction as time

2Thiessfaoycuses on the | astptiese pedocetiabnherbecpaseewti émamfne
faprmi cing of the Ipirdtcieng ewliutch ifornesq u d mWaad ms® tnai nlda rR uvseti n(,2 OMe5r, | op,.
that the arrival rates and bidding behavimer i of ppotcentvieal tbup
deal 06 as reflected by the ratio of the currentlymebséreabke
8l n the typical case where the soldc pmi dehed mdd emotprea xee eads stol
l ast | ist price i nplfireosm a hleo vpeerr sdpiesccta wret offr anmhe sel |l er.
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varying variables in the Cox model and considering the sold event as -aatifaet variable.
Therefore, ths essayapplies the joint frailty model introduced by Liu et al. (2004) and Rondeau
et al. (2007) to analyze recurrentmice reductions and the sold event together to account for
their dependency through an unobservable frailty term. In the joitiyfnaodel, we consider the

sold event (Terminal event) as a serampeting event or as an informative censoring of the
occurrence of further ligbrice reductions because the sold event prevents further reductions from
occurring and being observed.

Following Rondeau et al. (2007), we construct the following empirical model. For each listing
i,i= 1 N,é, denotes the recurrent times since the initiation of the listing fgttitrecurrent
list-price reduction evenj,= 1 £ €, is a randonvariable and is set to the maximum of three
reductions in our empirical analys&3.and™Y represent the censoring times for each listing by
expired listing and by sold house, respectively. A censoring by expiration is considered as being

a noninformative censoring. We dendté @& "Q& HORY as the event time vector and

O as the event indicators, which equal dif is observed and equal 0 if the listing is expired

or sold. @ is the indicator function. W denotéY & "QORY as the last follow up time for
listingi and © "O- as the censoring indicators, which equal 1 if censoring occurs by a sale

and equal to O if censoring occurs by a listing expiration. Because we are idtanebie gap in

time between two consecutive recurrent reduction events, we dénoteY Y as the

duration between two consecutivesice reduction events.

We follow the theory of multivariate counting processes (Andersen et al., 2012; Liu et al.,
2004). Leth e represent the real number of recurrent reduction events withirt fondéisting

i. Because the censoring event prevents the recurreptitistreduction event from occurring and
being observed, instead of USilﬁng 0 we only count the observed number of recurrent events
within timetso thatG 0 =0 ~ & Q&Y .Letd 6 O andl 0 O: 7 be

the actual sold event indicator and the observed sold event indicator, respewtively. O+

is t-hieskKatprocess indicator which equalt 1

and equals 0 otherwise.

Overthe small time intervak[t+dt], listingi6 s r e a | n u mb eprice eductioneeents r e n t

z

s’ o 0 0 Qo O O ,andlistingds observed nunphieer of
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reduction events i) 0 O OQ) o,andé G “Y . The process history for listinig

up to timet is denoted by:
, OQMN QR QRD Q. Qoo HQ pB ) P

where® "Q is a vector of observed covariatésrepresents the rdom effects (frailties) that
affect both the recurrent ligrice reduction times and the sold timés.accounts for the
unobserved heterogeneity, the iatecurrence dependencies and the dependency between the
recurrent reductions and the sold evemtthe same listing. We assuieareiid (independent

and identically distributed) and follow the Gamma distribution with unit mean and variance

— — T1:06x 3 —h . The filtration is the family _

We further assume the continuity of the recurrent and the sold processes. The sold event of a
listing precludes the occurrence of a new recurrernptise reduction; but the expired listing event
does not interrupt the occurrence of new recurrent rezhgcthat are simply not observed due to
the expiration of the selling contract between the sellers and their listing agents. The expired
listings can be relisted on the market easily with new listing IDs and can experience recurrent

reductions.

The recurent listprice reduction intensity process at time t is:

MOl 6Q0 0 QY o p . 8
where
1 0Qo 0 0 pwoMAY o ®
The sold event intensity process at time t is:
WO_0Q0 0 o p . 18
where
_0Qo 0o pdoOMAY o 180
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This essayfocuses on the gap tim&)between two consecutive recurrent-psice reduction
events. The joint frailty model for the recurrent-jisice reduction events and the sold event in
the gap timescale formulation is:

i oD 01 "QQwNh ® o 01 0 i Qooéiii QXEGD(I)QUQQS%%)
_ 0 0 _ 0QuNR ® o 0_ 0 0 Qi a QL P& o

I "Qand_ 0 are the baseline hazard functions for the recurrent reductions with the gap time
measure and the terminal event with the calendar time measure, respectively. The terminal event
for a listing is one where the house is either sold ehibuse remains unsold at the expiration of

the contract between the seller and their listing agénts.a latent variable used to take into
consideration a subjespecific (in our case, sellspecific) random effect. The parameter
determines théirection of the dependence between the processes and its interpretation should be
based on the significance of the variance of frailtigs (Under the condition thatis significant

and| 1, there is no dependence between the occurrence of theerda@wductions event and

the terminal event. In this case, the Cox model for the sold event and the shared frailty model for
the recurrent reduction events both are appropriate. Howeyer, iftand is significantthe
recurrent listprice reduction hazdrrates and the sold event hazard rates are significantly and
positively associated. A greater valueg ahdicates a stronger association of the recurrent events
and the terminal everfHuang and Liu, 2007; Rondeau et al., 2012; Belot et al., 2014 lal, e
2020). A significant—and only indicate the direction of the association between the recurrent

and the terminal events but not the level of their association.

In sum, for a given listing, we observéeO "YRYA A *hQ ptesdEt and we are

~ ~ o~

interested in estimating 1 Oh. O K h-h

4.3.2 Parameterization

Foll owi ng Rondeau etak (2047), we stBeGamiparanetdc p&haliged
likelihood approach with baseline hazard functions approximated-bpglides to estimate. In
the semiparametric approach, the full ldigelihood is penalized by terms depending on the

roughnessof#@ f uncti ons (O6Sullivan, 1988, Joly et
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is calculated by the sum of two squared norms of the second derivative of the recurrent reduction
hazards and the sol d hazar ddikellhdodisSas followsv a n , 198

A & I i°eQoll _© 800 &

wherell andll are the positive smoothing parameters that control the-tifidetween the data

fit and the smoothness of the functions.

a, isthe full loglikelihood in the gap timescale which is given by:

a, B B 1TTiCY (170 QY a&dpj— -0é&Q—
atgQ6 "1 QeneB . QY i o . _ 06Qo
- Q6 18

We estimate our parametersn R software with the freely available R package frailtypack
( Kr fl et al ., 2017). We nfiaamndila forlthe estingatiomadel. t he n
We start with a small numbef knots (e.g. n.knots=6) and increase the number until the graphs
of the hazard functions do not change significantly. To find the optimal smoothing parameters,
I andll , we run a shared frailty model for the recurrentpiste reductions and a Coxodel

for the sold event respectively using the cresisdation method.

4.4 DATA AND SUMMARY STATISTICS

Our initial sample consists of 15,568 listing records (both sold and expired) of single family
houses listed on the local MLS (Multiple Listing Service), consisting of 11 municipalities in the
West Island area in the Greater Montreal region between Jab@h2yand December 2017 that
was obtained from the Greater Montreal Real Estate Board (Chambre Immobilere du Grand

Montreal)®* Our data record the initial list price and the exact date a house was listed on the market,

The 11 munici pdalUrtfi®,s Bcecavcelra sEfaleemd au P p | Da rBd azla,r diGiesrak enit red , L'
(Montr®al), LachinBoxMonor Kb ra® a e n coBid éndieevue, and Sennevi
is provided in the Suppl eméhtary Appendi x (SA) as SA Figure
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the sold price and the exact date tibuse was sold, and the exact date when the listing for the
house expired. We also observe the exact dates and the sizes of gaateligvision.

Thisessayfocuses on listings with a maximum of three-psice revisions because only 0.94%
of listings revise the list price more than three times. In our data, about 35.56% of the listings
revise the initial list price. Among them, 93.62% of the listings (33.29% of total listings) reduce
the list price but only 6.38% of listings (2.26% of total listinggrease the list price. Thus, this
essayfocuses on the dynamic process of recurrenpligte reductions, not only on firtime list
price reductions or the difference between the initial list price and the last list price.

Our data also include prefy characteristics such as house size, age, location, number of
bedrooms and bathrooms, number of garages and driveways, and property and building types.
After deleting incomplete, missing, and illogical data (e.g., the building size exceeds the))ot size
andnorar més | ength transactions (e.g., the sold

lower than $10,000), our final sample consists of 10,930 listings.

Appendix4.1 provides the definitions of the key variables in the modelshaddescriptions.
Appendix4.2 describes the structure of the data. Tdlklesummarizes the descriptive statistics
for our main variables. Panel A presents the statistics for the property characteristics in our data.
On average, houses have almost 4l ta¢@lrooms, 2 total bathrooms, 3 driveways, and 1 garage.
The lot size of houses on average is 7,35@uitl the building size on average is 1,358 The
average age of a house is 40 years. On average, listings have a contract duration of 5.69 months,

and initial list price and sold price of $473.81 thousand and $426.29 thousand, respectively.

We follow the approach of Anglin et al. (2003) and Ruibrer et al. (2005) to estimate the
degree of overpricingdOP) for each listing by the difference between the log of the list price and
the predicted log of the list price from the flexible general least square model (HEXIBIE® On
average, houseseaunderpriced by 0.7% based on the initial list price and are underpriced by 1.7%
based on the most recent list price. For listings witkpligte reductions, the reduction on average

is 3.8%. This indicates that overpricing is not the only motivatoa feller to drop the list price.

5We use t-lseSfmedebl o prediecf orhealkdhghofuslei andpreport result
as SA4TaGodbleumn 1.
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Panel B presents some details about the listings. Among the total 10,930 listings, 7,023 houses
get sold and 3,907 houses have expired listings. Regardirgyitistreduction events, 35.44%
(25.38%) of the listings expenee at least one (exactly one)sice reduction event, 10.06%
(8.11%) of the listings experience at least two (exactly twoplise reduction events, and 1.96%
of the listings experience three listipgice reduction evenf8. Among listings with ateast one
list-price reduction, 25% of the listings get their first-psice reduction in 27 days, 50% of the
listings get their first lisprice reduction in 48 days, and 75% of the listings get their firgbdise
reduction in 77 days (11 weekshdse statistics are not consistent with Merlo, Oidégné, and
Rust (2015) who find thdist prices do not change frequently and only get changed after 11 weeks
from the initial listing. A plausible reason is that sellers might use-&atigrice redations as a
strategy to attract buyers. This supports the importance of studying recurrpritésteductions
and their timing, and the contribution of tleissay Also, this inconsistence may be caused by the
exclusion of unsold listings in Merlo et §2015) since unsold listings are more likely to have list

price reductions, and by differences in market conditions.

Panel C presentdadistics about variables used in testing the third hypothEgS). In this
test, our sample consists bf,522 listing records of singfamily houses, among which 11,260
houses get sold and 6,253 house listings have expired, in the West Island area in the Greater
Montreal region between January 2008 and December 2017. 24% of the sold listings experience
only one listprice reduction, 7% of the sold listings experience twepligte reductions, and 2%
of the sold listings experience three-jsice reductions. 25% of the listings with at least one list
price reduction experience a figtice drop greater &n 5% from the prior list price. For listings
which experience ligprice drops, the average Hstice reduction is 4%. The distributions of the
list-price reduction sizes for all reductions depicted in Panel A and for tipgiistreduction sizes
fromt he prior | ist price in Panel C are similar
much to drop the list price depends upon what the seller has learned from the market and does not
appear to depend on how many times they previously droppésttheace although the likelihood
of a current listprice drop is related to the occurrence of previouspligte drops. On average,
listings are underpriced with a degree of overpricingl®6 and are sold with a ratio of sold price

(SP to last list prce (LLP) of 96%. The average contract duration for a listing contract is 5.67

%Thesdaynits the number -prfi chd srteod U cctail o mse ctua rtemrted ifsdr any spe
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months and the average wait time on the market before being sold is 1.75 months. 22% of the sold
listings are purchased by buyers who are served with the same agent as isthseskber (so

called dual agents).

[Table 4.1 about here]

4.5 EMPIRICAL ANALYSES

In this section, we discuss the results of our empirical analyses. First, we use the Cox model to
study the impact of the ligirice reduction on the probability of a house sale. In the Cox model,
we treat the lisprice reduction event as a tiAmevariantcovariate. Then, we estimate a standard
joint frailty model for the recurrent ligirice reductions and the sold event, considering the list
price reduction event as a timarying covariate whose value can change as the listing time
progresses and the ldoevents as the semompeting risks (informative censoring) for the
recurrent lisfprice reductions. To further examine the signaling effects of-priis¢ reduction on
the likelihood of a house sale, we also study its taying effects. Last, we iy how the
number of past recurrent hptice reductions impact sale outcomes in terms of the ratio of the sold

price to the last list price.

45.1 Impacts of the LisPrice Reduction on the Likelihood of a House Sale (Cox Model)
We first conduct the 1lowing Cox model to examine the impact of the-pisice reduction
event on the likelihood of a house sale without considering the dependence between the recurrent

list-price reductions and the sold event for each house.
—0 —0QwnL U ea@d T T8

— 0 is the baseline hazard function for the sold eu&ntis the listprice reduction indicator,
which equals one when the listing experiences at least oxitistreduction and equals zero if
otherwise. We further detail the lptice reduction event by using a category variable,which
eqguals zero wen the listing does not experience anypiste reduction and equals one, two, and
three when thédisting experiences exactly one, exactly two, and exactly threpricst reduction
events, respectively. In the Cox model, our testing observationtigdisting basis and both list
price reduction indicatorg)( and0 ) are timeinvariant. includes house attributes, such as

the total number of bathroomiTotalBathRoon)sthe number of garage#Garage; the category
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variables for the totanumber of bedroomsCatBed and for the construction age of the house
(CatAgg; and a dummy variable for the floor siZ2umFloorSizg for the lot size QumLotSizi

and for the number of drivewayB{mDriveway, the degree of overpricing based on thesm
recent list price DPOPRecernt and the category variable for the listing contract duration
(CatContractDuration. We control for the listing contact duration becausg:tfie contract
duration determines the listing expiry date at which some housesrensald; (2) the likelihood

of a house being sold within a constant duration period is higher for a longer contract duration;
and (3) the seller is more likely to learn from the market and revise the list price for a longer
duration because sellers slgwdonverge their reservation prices to the fair market price of the
house during the listing period as the seller learns about the market (Read, 1988), which Salant
(1991) attributes to the nonstationarity in the seller's decision problem due to theuiizgdn of

listing contracts. Although the end of the listing contract interrupts the occurrence of a new
recurrent listprice reduction, we assume this censoring is-informative because the contract
duration is predetermined. is the timeinvariantcoefficient for our key testing variablé ( or

0 ). ais the corresponding coefficient vector for each control covakideealso control for year

and month fixed effects, building type fixed effect, and property type fixed éffetnotes the

error term.

Table4.2 reports results for the Cox model. In Column 1, the hazard ré#ipfor our variable
of interest DumReductionis significant and greater than one, which indicates that listings which
experience at least one }gticereduction event are more likely to get sold than other listings. In
Column 2, the hazard ratios for the historical number opligte reduction category variable are
all greater than one and increase with increases in the number of historical re@trpeite
reductions. These results support the dominance of the positive signaling effect in the first
hypothesisil4.1A) and findings in the prior literature. They imply the dominance of the positive

signaling effect of lisprice reductions on the prability of a house sale.

4.5.2 Impacts of the LisPrice Reduction on the Likelihood of a House Sale (Joint Frailty Model)
As we previously argued, the positive correlation between therlist reduction and the
likelihood of a house sale may not be appropriately explained by the signaling effect of the list
price reduction largely because an unobservable covariate (e.g.,¢hel | er 6 s i mpati e

both the recurrent ligbrice reduction rate and the sold rate. As a result, we now conduct the
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following standard joint frailty model to examine the impact of adrste reduction on the
likelihood of a house sale, consitlgy the dependence between thepiste reduction process
and the house sale process. The two equations in the joint frailty model are:

i o0 i QA@D O o oi 0 I Qo6 ii MBBA0d QL o
_ 0 6_ 0A@PO o6 0 0 T ®O 6_0 0Qi aQdda o

P

In the Joint frailty model, our testing observation is on an event basis, and wéoudenote
thej-th (=1, 2, or 3) list price reduction event for listing "Q is the baseline hazard function
for the recurrent lisprice reductions using the gap timescale an@ is the baseline hazard
function for the terminal event usingetitalendar timescalé. 6 and0 0 represent the list
price reduction dummy variable and the number of historical recurreptilistreduction category
variable, respectively. We treat these two-fiste indicators as internal timarying covariates
whose path is impacted by the listing status of the house and whose values vary over time and can
only be observed when the listing is neither sold nor expired (Collett, 2014). andw 0
represent the control covariates in betrents, including the degree of overpricing based on the
most recent list pricdOPRecent the category variable for the reduction size of the most recent
list-price reduction in the sequence of recurrent reduction events @atiPreChg; the listing
contract duration CatContractDuratiof; the total number of bathroomé&TotalBathRoonjsthe
number of garagestGarage; the category variables for the total number of bedro@asBed
and for the construction age of the houSatfgg; and the dummy vaable for the floor size
(DumFloorSizg, for the lot size@umLotSizle and for the number of drivewaydimDriveway.

1 is the timeinvariant coefficient for our key testing variable (6 or6 0 ). f and are
the corresponding céfecient vectors for each control covariate in each survival pro@ess.

denotes the frailty terms that capture unobservable terms that are shared by the recyomiest list
reduction hazard and the sold hazard, and follows a Gamma distrilien-h- . — — Tt

is the variance ab and specifies the dependency between occurrences of thadestreduction
events and the sold event and dlse interdependence among the-fiste reduction events.

determines the direction of the association between the recurrent reductions and the sold event.
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The interpretation df requires a significant- We also control for building type and protyer

type effects in the sold event model, and year and month effects in both event models.

Because our data are arranged in event time, all but one of the explanatory variables listed
above are timénvariant for each sold/natold event for each listingoatract. The exception is
that the listprice reduction covariate® ( 0 and0 0 ) for a specific listing contract differ and
are not completely independent. We acknowledge that this potentially introduces an endogeneity
issue since the timingf a listprice reduction is dictated somewhat by the seller (Li and Prabhala,
2007) but we would argue that such timing is not driven by the private information of the seller
but i nstead by the sellerds desi r egedtmarkes el | g
conditions®” One major and very important advantage of the joint frailty model over more
conventional models such as the Cox model is that the joint frailty model accounts for (i) any
positive association between the recurrentdrgte redudbn rate and the sold rate, and for (ii)

any interdependence among recurrent-pisice reductions.

We apply the semiparametric penalized likelihood approach in R software (frailtypack) to

estimate the parametérsf ,f ,1 "Q 0 ,—ard| . We set the number of knots equal to 12

(n.knots=12) and the smoothing parameters equal to 32,981 for the recurnentdiseduction
events (| =32,981) and equal to 1,932,918 for the sold evelhts=1,932,918). Smoothing
parameters are obtainbgl conducting a shared frailty model for the recurrerdpiigte reduction

events and a Cox model for the sold event respectively using thevatmsgion method?®
[Tables 4.3 and 44 about here]

Table4.3 and Table 4} report the results of the standard joint frailty model for the recurrent
list-price reduction events and corresponding sold event. In Bahl¢he hazard ratio (HR) for
the key variable of interesQumReductionis significantly different from one angmaller than
one (=0.5%). This indicates that the sold hazard for listings which experience at leastieelist
reduction event reduces to 0.5% of the baseline sold hazard. Indl4ftlee hazard ratios for the

historical number of lisprice reductin category variabletHistPriceReductionare all less than

50Oumet hodol-ogiical semeéwhat similar to examinations of the eff

in the corporate finance |iterature using an event igtmudy fr a
on the same day are excluded (e.g., Gol ubov, Yawson, & Zhan
bunchiness of the acquisitions are examined (Morillon, 2021)

8Results for the shared -pfrriacieli toye daacdialt sf @amr et lae an ¢ @bl ree mtn  Iriegtt

86



one and decrease with an increase in the number of historical recurrpnicésteductions. These
results support the dominance of the negative signaling effect in the first hypoth#4iB)(and

are counter to the findings in the prior literature and by us which uses the Cox model and ignore
the dependence between the sold process and tiidistreduction process. They imply the
dominance of the negative signaling effect of-figte redictions on the probability of a house
sale.

In addition, the variances of the frailty term in Tallésand4 4, which represent the variation
between the occurrence of }jgtice reductions and the occurrence of house sales for sellers, which
are denoté by—-are 1.091 and 1.122. Both are significant different from zero at the 1% level.
This shows that wunobservable heterogeneity am
recurrent and terminal events, supporting the inclusion of a ftarttyinto both processes. Powers
of the frailty term in Tabled4.3 and4.4 which indicate the direction of the association between the
list-price reduction process and the sold process as denotedrby2.620 and 2.761. Both are
significant and differenfrom zero at the 1% level. This indicates that the recurrenpriis¢
reduction rate and the sold rate are significantly and positively associated, and both are affected
by the unobserved frailty term. This also shows that a significant interdeperedéstseamong
recurrent listprice reductions. The significant dependence between the recurreptidest
reductions and the sold event provides further support for the use of the joint frailty model and
supports our prior concerns about the positiveetation between the ligirice reductions and

house sales that are ignored in the Cox model.

To confirm the positive association between the recurrenpriis¢ reduction processes and
the sold process, we follow the procedure of Li et al. (2020)canduct a validation test of the
effect of the timing of lisprice reductions on the likelihood of a house sale. First, we categorize
listings into three groups, namely,-reduction, occasional reduction (only one reduction), and
frequent reductions (twand three reductions), based on the number gblise reductions within
90 days after the listing was initially listed on the market. Second, we test the significant difference
of the likelihood of a house sale for listings which are unsold on the®@after initial listing on
the market. Untabulated results of the t test show that listings in the frequent reduction group are
significantly more likely to get sold after 90 days (probability of sale = 50.74%) than listings in
the occasional reductigroup (probability of sale = 38.8%) and listings in the@duction group
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(probability of sale = 27.4%). Next, we test the significant difference of the time to sale after 90
days for listings that are sold after 90 days. Untabulated results of theshd@sthat listings in

the frequent reduction group have significant shorter time to sale (mean = 40.34 days) than listings
in the occasional reduction group (mean = 53.48 days) and listings inteduation group (mean

= 63.52 days). These validatiossults support the positive association between the occurrence of

recurrent listprice reductions and the occurrence of a house sale.

Tables4.3 and4.4 also show that the degree of overpricing based on the most recent list price
(DOPRecenthas significahnegative effects on the hazard for the recurrenphise reductions
and on the sold hazard. This indicates that overpriced houses are less likely to experience a further
list-price reduction and get sold considering the dependence between the telcsirpeite
reductions and the sold event. The significant hazard ratios (HR) for the category variable of the
previous reduction sizeCatPreChg in the recurrent event model show that a large reduction is
less likely to be followed with further ligirice reductions. We also observe that the longer the
listing contract duration, the less likely for a house to have recurrepritist reductions and be
sold. The property characteristics have similar impacts on the likelihoods of the recurpaddist
reductions and the sold events. For example, the number of bathrooms and bedrooms, the size of
the floor and the lot, and the number of driveways have significant negative impacts on the
likelihood of both events. Houses with the construction age betw@gedss and 80 years are
more likely to furtler reduce their list prices and be sold. Compared to results from the Cox model,
coefficients for all control covariates in the joint frailty model are stronger, which suggests that
the impact of covariates, du@as the degree of overpricing and listing characteristics, are-under

estimated in the Cox model.

45.3 Timevarying Impacts of the LisPrice Reductions on the Likelihood of a House Sale
Since the lisprice reduction events may occur at any time dutivglisting period on the
market, the signaling effect of the hstice reduction event may vary as the listing time on the

market progresses. In this section, we examine thewangng impacts of the ligbrice reductions
on the likelihood of a housale in both models without and with considering the dependence

between the recurrent liprice reduction rate and the sold rate.

Panel A in Figuret.l illustrates the KaplaMeier estimates for the survival function for sale

of the listing that experiers at least one ligtrice reduction (dash line) and the listing that never
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experiences any ligirice reduction (solid line). Panel A shows that the survival curves for repriced
listings and nosrepriced listings intersect at the early stage of the ¢jgtirocess (i.e., around 30

days after the initial listing). Because 22.67% offhiste reduction events occur within one month

after houses are initially listed on the market, we should consider the variation for the impact of
the listprice reductions mthe likelihood of a house sale as the listing time on the market passes.
Because the KaplaMeier plot works best for tim@variant variables, we further test the
existence of the timearying coefficient foDumReductiory using the likelihood ratio test and

the Schoenfeld residuals test. Both the LR test and the Schoenfeld residuals plot from the Cox
model, which is reported in Panel B of Figutd, reject the proportional hazard assumption,
supporting the existence thfe timevarying coefficient foDumReduction

[Figure 4.1 about here]

Next, we follow Mazroui et al. (2016) and use regressiapiBes of order 3 with three interior
knots to estimate the tirmdependent coefficient fddumReductionMazroui et al. showhat the
estimation from a quadratic-§plines (order = 3) with a small number of interior knots (interior

knots= 3) is stable.

Figure4.2 shows the tim@arying coefficients for the key variable of interd3tymReduction
in the Cox model. At the earlyagye of the listing days on the market, the coefficient is negative,
which indicates a negative impact of the-pisice reduction on the probability of a house sale. The
negative coefficient for the ligirice reduction dummy increases along with the nemal listing
days on the market and becomes positive after two months. At the late stage of the listing process,
although the coefficient fobumReductions positive and increasing, the rate of increase is

significant slower than during the early stage.
[Figure 4.2 about here]

Figure4.3 shows the tim@arying coefficients for the key variable of interddtymReduction
in the joint frailty model, which considers the dependence between the recurrgmtcést
reductions and the sold event. We notice thaing the whole period of the listing, the coefficient
for the listprice reduction dummy is negative, which confirms the dominance of the negative
signaling effect of lisprice reductions on the likelihood of a house skld.1B). At the early

stage of the number of listing days on the market, the coefficient is largely negative but the negative
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coefficient for the lisfprice reduction dummy increases as the listing days on the market progresses.
At the late stage of the listingrocess, although the coefficient fdumReductions increasing,

the increasing rate is significant slower than that during the early stage. These findings imply that
the negative signaling effect of the {stice reduction always dominates the posisignaling

effect, but its dominance diminishes as the listing time on the market passes. A plausible
explanation for these results is that buyers are more likely to perceive the seller as being impatient
when the seller reduces the list price at the kztgeswhile buyers are more likely to perceive the
listing as being problematic when the seller reduces the list price at the early stage. These results
support the second hypothedi$4(2) that the impact of lisprice reductions on the likelihood of

a howse sale varies as the listing time on the market progresses.

[Figure 4.3 about here]

45.4 The Impact of the Number of Historical Recurrent Liprice Reductions on the Gap
between SP and LLP

Unlike Gordon and Winkler (2017) who find that {@tice reductions have negative impacts
on the net sold price holding the listing time on the market constant, we study how-piniedist
reductions themselves, the levels of thepiste reductions, ahthe number of historical recurrent
list-price reductions impact the sdtelisting price outcomes. We focus on a ratio of the sold price
to a benchmark because this measure isolates the negative impact of a lower list price on the sold
price. A ratio ao allows for an examination of the effectiveness of the signal sent by the seller by
recurrently reducing the list price when the aggregate level of thpricgt reduction is held
constant. Among two possible metrics, we chd&&B®LLPin preference t&PtolLPas the former
reflects buyer and seller expectations at the time of s&BamdLLP since both capture the effect
of evolving market conditions since initial listing (i.e. learning from the market as argued by Merlo
et al., 2015), which is notaptured if ILP is used instead as the benchmark. Nevertheless, as we

subsequent report, we find similar inferences using either metric.

Yavas and Yang (1995) argue that sellers signal to potential buyers their reservation prices
through setting list priceg\s argued in Sectiof2, sellers can signal their lower reservation prices
and impatience through recurrent reductions of list prices, and thus improve the ratio of the sold
price to the last list price by attracting more potential buyers to closeathbegween these two

prices. We also argued that sellers may signal to buyers that the list price of the house has already
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converged to or near the fair market price or has become even underpriced after the recurrent list
price reductions. In this case iasthe previous case, the gap between the sold price and the last
list price would narrow so that the ratio of the sold price to the last list price would be larger.

To empirically test the above conjecture, we use an ordinary least squares (OLS) model to
analyze the impact of the number of historical recurrenptise reductions on the ratio of the
sold price to the last list pricéSPtoLLP.*® We use the sold listings with at least one-fliste
reduction in the west island area in the Great Montegabn during the period between 2008 and
2017. The specific model estimated is:

YOO EODDO "MOQI 001 QOQAYQRQAOMWAEAEEE 01 € i

T 0i BB dno Qi QIOARIQQ ® o - P p
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With regard to théain Controlsin Equation ¢.11), AggregateDropis a continuous variable
which represents the ligrice reduction size from the initial list price to the last list pffcEo
consider the possible nanonotonic, nodinear relationship between the aggregate reduction size
and the ratio of the sold ipe to the last list price, we use a category variable and piecewise
regressions to control for the aggregatepiste reduction sizé&: CatAggDrop equals one when
the aggregate ligtrice reduction sizeNggregateDrop) is not greater than 2.8% (2Hercentile),
equals two wheAggregateDropis greater than 2.8% but not greater 4.29%'(&rcentile), equals
three whemggregateDropis greater thn 4.2% but not greater than 6.4%{#®rcentile), and
equals four whem\ggregateDropis greater than 6.4%.n(ILP); denotes the natural log of the
initial list price and is included in models when a category variable is used to identify the aggregate

list-price reduction sizeDOPLLP represents the degree of overpricing based on the last list price.

We examine
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We expect that the overpricing degrees of 't he
decision in bargaining than early reduction events ang &str prices.Ln(MOM) is the log of

listing months on the markeZontractDurationis the duration of the listing contract between the

listing agent and the selldbumDualAgents a dummy variable for dualgency transactions. We

also control for hows characteristics such as the number of bedrooms, the number of bathrooms,

the number of driveways, the number of garages, floor size, lot size, and building and property
type. Fixed effects controlled for in the models include year, month, and citydfifesds, listing

agent fixed effects, and the listing agent brokerage firm and the buying agent brokerage firm fixed
effects!?

Table4.5 reports the empirical results. Coefficients for the number of historical recurrent list
price reductions #HistPriceReduction=2 and #HistPriceReduction=3) are significant and
positive and larger coefficients and standardized coefficients (untabulated) are associated with
listings with a greater number of historical recurrentpiste reductions#HistPriceReduction
=3). They show that increases in the number opligte reductions increases the ratio of the sold
price relative to the last list pric&SPtoLLP, holding the aggregate hptrice reduction size
constant. These findings support thied hypothesisi4.3) and arguments that sellers effectively
signal the fakupricing of listings to the market at the time of sale through recurrerprics
reductions. Regarding the range of economic significances over the six model results piresented
Columns 1 to 6, holding the aggregate fiste reduction size constant, listings with two-psice
reductions #HistPriceReduction=2) experience from 0.72% to 0.79% higH&PtoLLP than
listings with only one lisprice reduction#HistPriceReductin =1). Thisrepresents an additional
increase in the sold price of from $2,998 to $3,290 when the last list price stays constant at its
average level ($416,400) in the west island sample for the-200B8 period. Listings with three
historical listprice reductions experience from 1.73 % to 2.61% hig@ftoLLPthan listings with
only one historical lisprice reduction, which represents an additional increase in the sold price of
from $7,204 to $10,868. We advise caution in drawing further inferencegliesa values as all

the increases assume a constant initial list price and aggregageickstreduction size.

“Due to the big effect on the goodness of fit valugwsctof the
two further tests of robustness and our unt abul ated resul t s

Speci fically, our main regression model includes Hhgeavesrage
in the first test, and excludes transact-t ome ¢ oomd uwc t5k tbsrb g celsic
houses yearly in the prior 5 years) in the second test.
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Furthermore, the comparisons must be balanced against the decreased likelihood of a house sale

from recurrent lisfrice reductions.
[Table 4.5 about here]

Significant and negative coefficients for the aggregate-plise reduction size
(AggregateDropin Columns 1 to 3 of Tabke5 and greater negative coefficients for the aggregate
list-price reduction size in a higher category (eGatAggDrop= 4) in Columns 4 to 6 of Table
45 indicate that the greater the aggregate reduction size, the larger the gap between the sold price
andthe list price after a ligbrice reduction as captured by a lov@toLLPratio. A plausible
reason for this finding is that buyers elicit greater discounts from list prices when they perceive
greater seller impatience as being associated with largiriie reductions. Consistent with the
literature, listings with higher initial list pricekr{(ILP)), longer stays on the markén(MOM)),
and transacted by duafjents PumDualAgent perform worse in terms of the ratio of the sold
price to the last lisprice SPtoLLB. However, inconsistent with other studies, overpriced listings
(DOPLLP) and listings with longer listing contract duration€oftractDuratior) have
insignificant impacts or even negative impacts on the ratio of sold price relativdasttle price
(SPtoLLB. A plausible reason for these differences from the literature is that sellers may accept
greater discounts from the last list price as they learn from the market that their houses are

overpriced, especially for houses with lorggilg times on the market.

4 5.5 Robustness Check
45 . 5.1 Sell erods Mar ket

Since the thinness of the housing mar ket and
bargaining power, we are concerned that our main results in Sé&idmay be driven by market
thinness. Thus, we now test the robustness of our main respdided in Tablel.5 by checking
their consistencygelhesés!| madbketver s8snoenwe co
effectswhich may absorb most of the significant differences between the two market types, we do
not expect the resulte differ. As the metric for delineating both market types, we use the general
rule of thumb which defi nes a-ofshedntbre Vi@, sationar k e t

of number of active listings to number of sales) of less than four méhths.

“I'n general, real estate news related to market thphhess use
rates) to identiéysayndesl Isemdd amarmrleastul t Bhiusi ng both measures.

93



Results reported in Tabk.6, which are consistent with the results reported in Télie
support the robustness of our earlier resuitelding the aggregate ligirice reduction size
constant, listings with frequent reductio#$i(stPriceReduction3) experience significant higher
SPtoLLPthan listings with les$requent listprice reductionsConsistent with our expectation,
differences between the coefficierits the number of historical recurrent ligtice reductions
(#HistPriceReductionand for he aggregate ligtrice reduction sizeAggregateDrop between
the two market types are all insignificant.

[Table 4.6 about here]

4.5.5.2 Using Random Samples for a Wilder Geographic Area and Time Period

In this section, we test the robustness of our empirical results by extending thehlisisey
area and the listirouse period from the west island area in the Greater Montreal region during
the 20122017 period to the province of Quebec for the 20087 period. Given the enormity of
the number of listingprice reductions and to ensure convergence in the computation of the
parameters of the joint frailty model using the s@ariametric estimation method, we use random
samples of 1,000 listings, then 860 and finally 10,000 listings. Untabulated results show
significantly negative coefficients for the lgtice reduction dummy and each number of historical
recurrentlispor i ce reducti ons. Significantly @dsitiVve
power terms (Al pha, U) al so indicat eprice he po
reductions and the likelihoods of house sales, and the positiv@ggendence between recurrent
list-price reduction$? Furthermore, OLS results for the fethmple of listings in the province of
Quebec for the 2008017 period show similar effects for the number of historical recurrent list
price reductions on the sale outcomes in terms of the ratio of the sold price to the last list price.

These findings fuhter support the robustness of our earlier results.

4.5.5.3 Omitted Variable Biases

We also check the possibility of omitted variable biases in our OLS models in4lbising
a test based on Oster (2019). Based on the logic introduced by ZDst8)y, we find the identified
set for our key testing variable, the number of historical price reductibfistPriceReduction

and check the stability of their coefficients, respectively. We conduct this check for the model in

“"Rsults for thearanawvwa Isampé eon request.
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Column 3 of Tablel.5. Theidentified set is in the range between the estimated coefficient of our

main models and the" , which is derived using the following formula:
T 1T T — PO

In equatio.13,] and’Y are the estimated coefficient and thadriare value of the model in

Column 3 of Table45.1 and’Y are the estimated coefficient and thesduare value of the
univariant regression model féHistPriceReductionwithout controlling for other vaables and

fixed effects. We calculate the valuef based on three approaches:
(2009) value ofy G Qgdivip, Mi an and Sufi¥oé6s a(x@¥d,) valu
and the most conservative valueYof p, respectively. Wheh is equal to 1, this implies that

the omitted variables and the included variables have the same level of influence on making the
coefficient for the testing variable have a value of zero. If we find no zero included in the identified
set, we conclude that the omitted variables do not drive our results; otherwise, our results are
subject to an omitted variable bias (Altonji et al., 2005). The results reported in SA Pasihew

that all three identified sets that are based on tlierdiit values ofy  for historical number of

list-price reductions do not include zero, supporting the robustness of our results to an omitted

variable concern.

45.5.4 Sample Selection Biases

We next check the possibility of sample selection biases in the OLS model in Table 5 because
the sold price is only observable fwld houses. We use the Heckman-sigp selection model
for this test (Heckman, 1979). In the first step, we run a propiession for the probability of a
house being sold in the full sample of both expired and sold houses. Then, we calculate the inverse
Mills ratio (IMR) by taking the ratio of the probability density function (PDF) to the cumulative
distribution function (OF). In the second step, we rtire OLS model in Table, £ontrolling for
the IMR from the first step. The results reported in SA Table 3 show that the coefficients for
#HistPriceReductiorin the Heckman twstage selection models (Columns 1, 3, and 5) are
consistent with those coefficients in ddES models in Columns 1 to 3 of TabléGolumns 2, 4,

and 6), supporting the robustness of our results.
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4.6. CONCLUSION

This essayapplies the joint frailty model to study two conflicting (positive and negative)
signaling effects of lisprice reductions on house sales, considering the dependence between the
recurrent listprice reductions and house sales, and compares the resulthérint frailty model
and the results from the Cox model. Our results from the more appropriate joint frailty model are
inconsistent with the prior literature and show thatpiste reductions negatively impact the
likelihood of house sales, and thhé magnitude of the negative impact varies as the listing time
on the market progresses. Thssayalso finds that the number of historical 4Bice reductions
negatively impacts the bargaining discount size of the buyer from the last list pricartsupihe

fairer-pricing signaling effects of recurrent lgtice reductions.

As the firststudyto apply the joint frailty model in housing studies, it is important to point out
that the joint frailty model and the frailtypack are subject to two limoms. First, the frailty
parameters in the joint frailty model only indicate the direction and the strength of the dependence
between the recurrent events and the terminal event (i.e., the recurqentéseductions and the
sold event in thigssay but do not provide an unambiguous measure of the magnitude of that
dependence. Second, the computation of the parameters in the joint frailty model with the semi
parametric estimation method is complicated and time consuming, particularly for large sample
sizes. To check the robustness of our main results to this possible concern, we drew random
samples with 1,000, 5,000, and 10,000 listings from all the listings in Quebec and found similar

but untabulated results when we repeated the empirical testsserrédmelom samples.
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CHAPTER FIVE
In the first and the second essdgbhapters 2 and 4we analyze the agency problem and
mitigations of conflict of interests between buyers or sellers and their real estate agents. Both

essays contribute to the literature that studies the agency issues in real estate brokerage.

The first essay investigateékse efficiency of the fixed percentage commission system and
examinathe role of agent heterogeneity in incentive problems and pricing implications in buyer
brokerage. This essay finds that the | ack of
buying agents and buyers createscnont r act constraint s-intevest t he
behavior. This constraint can mitigate the misalignment of interest between the buyer and her agent
by imposing a risk of losing clients on the buying agent and ¢nbsnces the efficacy of the
widely used FPCS. More broadly, this essay complements other works that document the
behaviors of expert advisors and the agency problems between intermediaries and their clients
when agents receive compensations from upstfeara and have directional conflicts of interest

with their clients.

The second essay contributes to the literature that studies the mitigation of agency issues
between principals and agents and incentive problanttheliterature that examines the ingta
of agent gender and racial discrimination in the housing market. To the best of our knowledge, we
are the first to examine the role of complaints against agents in the conflict of interest and pricing
implications theoretically and empirically. This agsalso has important policy implications for
regulatory frameworks dealing with real estate brokerage complaints. By looking at the important
role of agentsdéd complaints in incentivizing ac
policy me&kers should seriously consider simplifying the complaint filling process and complaint

resolution and provide for better public disclosure of complaints against real estate agents.

The third essay examines the conflicting signaling effects of recurreptilie reductions on
the likelihood of house sales. To the best of our knowledge, this essay is the first to use the joint
frailty model in house studies. After considering the hakependence and dependence among
recurrent listprice reductions and so&lents, our empirical results support the dominance of the
negative signaling effects of ligrice reductions and the tinvarying effects of such dominance.

More broadly, our study complements other works documenting repeated events and the impact
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of recurrent events on a terminal event that is an informative censoring of the occurrence of the

recurrent event.
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Table 2.1:

Summary Statistics

Obs . Mea Medi 25¢ 759 S. I
Panel A: House @B4af7acteristics (2005
Buil ding size (sqft 330, 1.1 1. o0.¢ 1.2z 0.¢
El ectronic baseboar 330, 0. ¢ 1. 0.C 1.C O0.¢
Forced air conditic 330, 0. < 0.C 0.C O0.C O0.¢
House age at Ilistir 330, 30 27. 12. 44. 23.
Il rregul ar buil ding 330, 0. ¢ o.C o.C 1.C 0. ¢
Il rregular | ot (dumn 330, 0. ¢ o.C 0.C 1.C 0.1/
Last asking price ( 330, 269. 235.179.309.177.
Log of 1l ast asking 330, 12. 12. 12. 12. 0. ¢
Log of original ask 330, 12. 12. 12. 12. 0. ¢
Lot size (sqgft, thc 330, 13. 6.¢ 5.1 11 26.
Origineglrieaski(nhg th 330, 275. 239.180.319.183.
Total # of bathroon 330, 1. ¢ 1. 1.C 2. 0. ¢
Total # of bedrooms 330, 3. ¢ 3.C 3.C 4. 0.¢
Total # of garages 330, 0. € o.C 0.C 1.C 0.7
Totaldr# vefways 330, 3. ¢ 3.C 2.C 4.0 2.¢«
Panel B: Key te20LlAnpyg variables (2005
Av#Pur chases 330, 11. 8.¢ 4.7 14 9. 1
Av%SuccessSales (%) 330, 57. 58. 45. 70. 19.
DumSameEt hnicity 53,7 0. ¢ 1. 0.C 1.C O0.¢
DumSameRace 53,2 0. ¢ 1.C o0.C 1.C O0.°¢
DumSRA 53,& 0. 0.C 0.C O0.C 0.1
Panel C: Transaet0ilo'd outcomes (2005
LnSP 330, 12. 12. 12. 12. 0. ¢
SP ($, in thousands 330, 256. 225.170.295.164.
S P taogli %) 330, 95. 95. 93. 97 4. :
S PtroiOgA M a(l %) 330, 93. 94. 90. 96 6. 1
Panel D: Other impOrTrarnt variables (2005
#ActiveYrs 330, 7.1 6.7 3.%f 10. 4. :
#Buyi ngAgent s 330, 1.1 1. 1.C 1.C O0.:
#Li stingAgents 330, 1. ¢ 1.¢C 1.C 2.C 0.¢t
BABusyness 330, 2 3. 14. 6. (C 30. 2 8.
Contract Dur ati on 330, 7. ¢ 6.¢ 5.7 10. 4. (
Commi ssionSplit (%) 330, 2. ¢ 2.8 2.0 2.8 0.:
DOP 330, 0.0 0.0 0.1 0.1 0.2
DumlstListing 330, 0. ¢ 0.C 0.C 1.C 0.¢
DumATYP 330, 0.0 0.C 0.C 0.C 0.1
DumDual Agent 330, 0. ¢ 0.C 0.C 1.C 0.¢
DumFemal eBuyer 47,2 0.1 1.C 0.C 1.C 0. ¢
DumFi xedCom 330, 0. ¢ 0.C 0.C 0.C 0.1
DumHi ghCom 330, 0.1 0.C 0.C 0.C O0.°:
DumHi ghVal 330, 0.0 0.C 0.C 0.C 0.1
Duml ntraFirm 330, 0. ¢C 0.C O0.C O0.C 0. ¢
Duml ntraOffice 330, 0. ¢ 0.C 0.C O0.C 0. ¢
DumOl dAge 330, 0. ¢ 0.C 0.C 0.C O0.7:
Du Mo ubBwgy er 47,¢ 0. ¢ 1. 0.C 1.C O0.°¢:t
DumPri ceDec 330, 0. ¢ 0.C O0.C 1.C 0. ¢
DumPricelnc 330 0. C 0.C 0.C O0.C 0.1
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DumUr ban 330, 0.1 1.C 1.C 1.C 0.¢
LABusyness 330, 23. 13. . C 30. 32.
Ln( MOM) 330, 0. ¢ 0.€ 0. 1.¢ 1.°:
ProbNewcomer ( %) 47,€¢ 1. ¢ 0.¢ 0.¢ 1.¢€¢ 2.1
ProbSingl eBuyer (%) 47, ¢ 38. 39. 36. 41. 4. (
ProbUni versityBuyer 47, € 17. 13. 11. 20. 10.

Not 8dsis table reports summary statistics Aope
Competition, Prediction Aepemaeylt aammda ¢ Bdlberasn
i mportantAlvVvaviaabladbs Appandi defli ned in
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Table222 Signed Sellerds Representative
Price (SPtoLastAP), 20052017
Dependent SPtolLast AP
(1) (2) (3) (4)
DumSRA 0.0041**0.0038**" 0.0031**"0.0029**"
(4. 23) (4.34) (3.28) (2.83)
Ln( MOM) -0.0072** -0.0070** 0. 0076**
(-34.70) (-27.99) (-20. 02)
#Li stingAg -0. 0000 -0.0003 -0. 0002
(0. 06) (0. 63) (0. 25)
#Buyi ngAge 0.0013+* 0.00014 0.0005
(1.73) (0.50) (0.66)
#ActiveYrs 0.0000 -0. 0066 0.0044
(0.02) (0. 92) (0.51)
LABusyness -0.0000 0.0000 -0.0000
(0. 04) (1.13) (-0. 05)
BABusyness -0.0000 0.0000 0.0000
(0. 74) (1.08) (1.24)
DOP 0.0116**:0.02142** " 0.0171**"
(5.02) (5.59) (6.10)
Contract Du -0. 0000 0.0001 -0. 00012
(0. 41) (1.08) (0. 92)
DumPriceln 0.0094** 0.0080** 0. 0079**"
(5.10) (4.30) (3.76)
DumPri ceDe 0.0078** 0.0075** 0.0080* *"
(15.81) (14.06) (12.57)
DumUr ban 0.0043** 0.0028** 0.0022**
(2.35) (2.68) (2.05)
DumbDual Age -0.0105** -0.0096** -0. 0096 *
(-20. 91) (-20. 75) (-19.22)
House Char N o Yes Yes Yes
Listing Age No Yes Yes Yes
Top Broker No Yes Yes Yes
Buying Age No Yes Yes Yes
Listing Ag N o N o N o Yes
Year / Mont h/ Yes Yes Yes Yes
Observatio 53,374 53,374 53,374 53, 374
Rsquared 0.0335 0.1792 0.3357 0.4421

NotesThis tabl e r eproergtrse srsé owlst, s
agreehem$)RAon the ratio of
defined i WeAp pe@rodadtixutelse ith t he

t he -nyoenatrh | evel s. The

t he Statistics

10 %

-20D5 period.
l evel with *.

t he

wi t h

tfersamn@L $ he
fi Bt okpaslelApwa rci

i my

pharedaheésesr basec

esti mat i ofnamialmp | heosu & eosr
signi fi chan*c*e,

lail ¢
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Table 2.3: Accuracy Level and Tolerance Level and Sale Price to Last Asking Price (SPtoLastAP), 26817

Dependent V

(SPtoLast AP)

(1) (2) (3) (4) (5) (6) (7) (8)
Av#Purchase 0.0001* 0.0002¢* 0.0002*
(5. 25) (4. 25) (4.26)
Av %SuccessS 0. 0055* 0.0054* 0.0054*
(7.51) (4. 33) (4. 35)
DumSameEt hn 0.0013* 0.0013*0.0013*
(3.30) (3.22) (3.28)
DumSameRace 0.0008* 0.0008*0.0008*
(2.39) (2.37) (2.42)
Main Contro Yes Yes Yes Yes Yes Yes Yes Yes
House Chara Yes Yes Yes Yes Yes Yes Yes Yes
Listing Age Yes Yes Yes Yes Yes Yes Yes Yes
Top Broker a Yes Yes Yes Yes Yes Yes Yes Yes
Year/ Mont h/ Yes Yes Yes Yes Yes Yes Yes Yes
Observation 330,200330,20053,208 53,208 53,208 53,208 53,208 53, 208
Rsguared 0.1885 0.1887 0.1758 0.1757 0.1762 0.1764 0.1761 0.1762

Not es hirse g arbtl &
| as$ Ptaclka.sntgBép ruintnes (1
succewassfnw loil veealashicst ong
i Dam$dene E)h danrs dh mte ly e t 1 abineni St agno geREdoney miyu (i n g
identifiers

to the

annual average
agent . Col umns
|l evel offered ngdy

results

%
3

of
and
ttoh e8 biunycelru d eC od autmh
#Act i,WANusBNABuUs yYDIOPEesnt r act,DumPci,bemBri Oabndc,b adduanDu al.Aiglentari abl es

from OLS

and

t he

regressions,
Pagechutbet hef apopoouehasee
apenBIYyhnphagentesi GEgeléspr(edict

testing

of

t he

theriedipagt tok bhygebuwpinng

the buyi ntAvé@&danmjc ham
agents and bu)

alcme uUM@idy sltd wgBAuggeimiat gs
ar &l defcioh ed

for house characteristics, l i sting agent <charact erfiisxteidc se,f ftecp -glail sWe isprafr peaott dh eslisth
standard errors cl usmenteld lagv dlhse. FISe amgt it haet iyefaamampl| bBeubes hl bted-2@b3%t herc M
with significance a%* * % dtev®% laaweld emiotthed* *wi tehnd at 10% | evel with *.
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Table 2.4: Effect of Buyer Demographics on Sale Price to Last Asking Price (SPtoLastAP), 202617

Dependent SPtolLast AP

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
DumFemal et 0.0050.005

(20.3(10. 2

ProbUniver -0.000-0. 000
-2.46 (2.51
ProbSingl e 0.0610.060
(4.00 (4.03
ProbNewcor -0.004-0. 0014
(0. 05 (0. 06
DuMouBwyer 0.0050.0014
(5.04 (5.01
Av#Purchas 0.000 0.000 0.000 0.000 0.000
(3.49 (3.27 (3. 22 (3. 37 (3.42
Av %Success 0.005 0.005 0.005 0. 005 0.0014
(4. 33 (4.55 (4. 45 (4. 48 (4. 37
Main Contrc¢ Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
House Char ¢ Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Listing Age Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Top Brokere Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes Yes Ye s Ye s Ye s Yes Yes
Observatic 47,2047,2047,65 47,65 47,65 47,65 47,65 47,65 47,6547, 65
Rsguared 0.1800.1800.1760.176 0.1770.1780.1750.1750.178¢0.178

NotesThis table reports results from OLS regressionscet ¢osftfiehrge dt hbey itnhpea cbt
final sale pri ceSHRtoo Ltlahset Aea auts e acsHeammoagcrozbpriicket (bsyer as the identifiers of t
2 include the bemPl mFdmmhpgBcLlodtuhmens 3 and 4 include the | i Pelobloodd eo;sid@dy
5 and 6 include the |likelihood of thet htalyerbuyersi iy lo;hedwlondmirarmi(sand add
youlmgyer DummmyBugyyer Col umns 1, 3, 5nndal andePageachumbket hef apurchases the &
(Av#Pur) hamsde sCol umns 2, 4, 6, 8, and 10 int¢lhwade b begiwagnvadd éreadae 1 & ¢¢d Ypyo faagr
(Av%SuccesaSatbedse identifiers of the prediction accuracy &f thloa skeuyihagaagcg
characteristics, top | idcgtyear ,anmorbtuly,i naghld r rodagiriceagdf efsi ean styedf dammfcg et utelse Amp @
based on standard err or smocnltuhs tl eerveed sat Tthhee eSS A maantd othheenlayepd res If iost eed | 0 motc
2017 period. St at 1% tliecvse lwi arhe sd &fnal tfeevde dwi ot eht Ot F*e*y, e bat nd taht * .
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Table 2.5: Information Asymmetry, Agent Incentives, andCollusion Opportunities

Panel A: Information Asymmetry

Dependent Vari abl SPtolLast AP

(1) (2) (3) (4)

DumATYP DumOl dA DumHi gh Dumlst L

PanfllAv#Pur ¢N88ds)200

Av#Purchases 0.0001* 0.00012* 0.0001* 0.0001*
(4.93) (4.96) (5.00) (4.87)

I nf oAsymmetry -0.0155* -0.0185* -0.0155* -0.0025*
((10.69) (17.13) (10.66) (9.61)

Av#Purchases T I nf« 0.0001* 0.00002 0.0001* 0.0000O083
(2.05) (0.46) (2.03) (1.83)

Rsquared 0.1912 0.1613 0.1912 0.1892

Panfe2Av %Suc ce(sN3S&R0 X500

Av %SuccessSal es 0.0065* 0.0059* 0.0054* 0.0048*
(8.38) (7.79) (7.27) (6.50)

I nf oAsymmetry -0.0154* 0.01912 0.0160* -0. 0033*
(6. 37) ((11.98)) (6. 86) (-5.97)

Av%SuccessSales T | 0.0023 0.0018 0.0032 0.0019*
(0.73) (0.69) (1.09) (2.44)

Rsquared 0.1915 0.1616 0.1914 0.18914

Panfe3dDumSame Et( Nni=c i5

DumSameEt hnicity 0.0009* 0.0011* 0.0010*
(2.45) (2.46) (2.71)

I nfoAsymmetry -0.0126* -0.0184* 0. 0136°*

6.92) (9.31) 6.60)
DumSameEf hhiné¢ otAg y m

(- (-
0.0046* -0.0002 0.0037*
(2.56) (0.086) (1.99)
0 0

Rsquared 1777 0.1489 . 1775

PanfdbDumSame(R&Z, )2 8

DumSameRace 0.0009* 0.0011* 0.0009*
(2.94) (3.66) (2.93)
I nfoAsymmetry -0.0115* -0.0191* -0.0142*
(-7. 04) k11.75) (6.81)
DunSamkeRhofoAsymmet 0.0026* 0.0019 0.0044*
(1.78) (1.01) (2.48)
Rsquared 0.1765 0.1477 0.1765
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Panel B: Agent Incentives and Collusion Opportunities

Dependent Variabl SPtolLast AP
(1) (2) (3) (4)
Il ncentive Collusion Op

DumHi gh DumFi xe Dumlntr

Duml ntr

PanBRlIAv#Purchases

Av#Purchases 0.0001* 0.000212* 0.0001* 0.0001*
(5.05) (5.51) (5.01) (5.13))
I ncentive/ Coll usi ol -0.0032*0.0232* -0.0045* -0.0033*
(-3. 80) (13.83) (-8.64) (6. 30)
Av#Purchases T I nce 0.0001 -0.000040.0001* 0.00004
(1.49) (0. 35) (2.85) (1.23)
Observations 324,505 330,123 330,200 330,200
Rsquared 0.1910 0.1930 0.1890 0.1889
PanBR2Av %SuccessSal es
Av%SuccessSal es 0.0046* 0.0055* 0.0054* 0.0053*
(8.57) (7.46) (7.48) (7.38)
Il ncentive/ Coll usi ol -0.0057*0.0202* -0.0047* -0.0043*
(-3. 53) (6.06) (5. 58) (5. 50)
Av%SuccessSales T | 0.0056* 0.0043 0.0020* 0.0025*
(2.91) (0.84) (1.79) (2.33)
Observations 324,505 330,123 330,200 330,200
Rsquared 0.1913 0.1932 0.1892 0.1891
PanB3DumSameEt hni ci
DumSameEt hnicity 0.0013* 0.0011* 0.0011* 0.0012*
(3.29) (2.93) (2.95) (3.07)
l ncentive/ Coll usi ol -0.0017*0.0209* -0.0046* -0.0036*
(2. 04) (5.60) 4. 09) (-3.47)
DumSameEihncentiyvel/ -0. 0007 0.0020 0.0008 0.0003
(1. 04) (0.41) (0.70) (0.24)
Observations 56, 903 57,683 57,683 57,683
Rsquared 0.1795 0.1796 0.1764 0.1762
PanBR4DumSameRace
DumSameRace 0.00120* 0.0011* 0.0012*" 0.0011~*"
(3.20) (3.77) (3.78) (3.84)
l ncentive/ Coll usi ol -0.0022*0.0244* -0.0035* -0.0028
(2. 95) (7.25) 4. 12) (4. 00)
DumSamelRamcenti ve/ C 0.0001 -0.0033 -0.0008 -0.00009
(0.21) (0. 75) (0. 74) (1. 01)
Observations 60, 471 61, 286 61, 286 61, 286
Rsquared 0.1785 0.1786 0.1752 0.1751
House Characteristi Yes Yes Yes Yes
Mai n Control s Yes Yes Yes Yes
Listing Agent Attri Yes Yes Yes Yes
Year / Mont h/ Region | Yes Yes Yes Yes
NotesThis table reports results from OLS regressio
incentives, and collusion opportuniatcicaug Ramyel e All mp.
and the tolerance |l eveh {(Panebhstsi A3pfA4heB8) n&ird sB;
We use the hous®asnAdtyypihcea IhDotuysCeidpsA gabghed (hudew stdHd g hwa lau
fi-t sne Diustlisnh}yi 6§606i pgoxy i nformanehWAlysnenet hg ¢ ewvmil

buying Dagnddngh Céoémd t he fi xed

amountDumé mmig sl Cioonrp r shyugyti
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agent-i'mt sred §t i(Coémmnse 11 awnadWe2 uarefHanterltaDB)mis &t i) & @fmfeli
firm tr @OusE attiyarFormr oxy for the collusion opgCrotl wm

and 4 in PRlalnedolBymns control for house characteri st
ef f Matcsoont r ol s atrlweotnh e od amarard bl evsariirabTeaebsl ear3We d e # ihi
tvalues in the parentheses based onmnmaerntamdlaedeles.r oT s
for all mo d efl amiilnyc | huadwes ess nlgil set e d2 @7 t fheer iIMAL . dSitra tnigs
I ee |l are denoted with ***/| at 5% |l evel with **| and
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Figure 2.17 Simulation Results
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Appendix 2.1 Variable Definitions

Vari abl es

Def i ni ti ons

Panel A Outcome Vari abl es

LnSP

SP

SPtoLast AP
SPoOriginal AP

Log of Sale Price

Sal e Price

Rati o of the final sal e price t
Rati of ophat heale price to the or

Panel B: Testing Variabl es
AV#PUrchases Anngal averagg # of thmmmemm(
buying agent in the prior 5 yec¢
AV%SUucCCcessSal Annual gveragmrﬁmsac§ucnem$mmﬂm
ias a |listing agent in the pric«
DumSameEt hni c Sanmthnlcytx dummy (=1, |f.the
same ethnicity; =0, otherwise)
DumSameRace Sameace dummy (=1, if the buyer
race; =0, ot her wi se)
Signed sell erffsememptr edemmyat( vk,
DumSRA SRA with the buying agent durir
PaneOt ICer | mportant Variabl es

#ActiveYrs
#Buyi ngAgents
#Li stingAgent

BABusyness

Contract Dur at

Commi ssi onSpl
DOP

DumlstListing
DumATYP

DumbDual Agent

DumFemal eBuye
DumFi xedCom

DumHi ghCom
DumHi ghVal
DumlntraFirm
Duml ntraOffic

DumOIl dAge

Du Mo ubBigy er

# of buying agentds active year
# mdyi ng agents involved in the
# of |l isting agents involved it
Buying agent busyness: tot alwat
i nvoildedi ng the period bet W86n
after whieehogseol d

Dur ati csreldfertblse r e pr ebsed nmeaetni wee |
Il isting agents

Commi ssion rate split to the bt
Degree of (AmglpnickBA@®3 gnd Rutt
Fitésthée sting dummy waskyverf |l thee
since FEDP94 ot her wi se)

At ypical house dummy (=1, if t|I
per ceinnt iiltes region in that year
Dual agent transaction dummy (
ot her wi se)

Buyerdéds gender dummy (=1, if ¢t}
Dur ati sreldfi ntgh & onlseed d te rb eatnwde & rh
Hi gh commb p Hiutmenyr gdt=el, i f the <c
buying agent > 2.5%; =0, other\
Hi ¢¢lal ue house dumnpr gd=ilct ed uahl
per ceoft iiltes region in that year

Intra firm transaction dummy (:
of the transaction are from t he
Intra office transaction dummy
of the transaction are from t he
Ol-aage house dummy (=1, i f the
per ceoft iiltes region in that year
Buya&ge dummliyeri =tthe medi an agbeelo
the median of the median age (@
Quebece0, ot her wi se)
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DumPr i ceDec
DumPricelnc
DumUr ban

LABusyness
Ln( MOM)
Pr obNewcomer

ProbSingl eBuy
ProbUniversit

As ki ngdepcrriccaearmy (he, |iakt i@ds Hierss

original ;asingtmphri ové se)
Asking price i ntchealses tdiuanamgyr & gtl
original ;a®slihreg wprsieg e

Urban | ocat i otnhhed uisnenly di¢rtleha fur |
ot her wi se)

Listing agent busyness: wtasha bil n
during the ocfontthreacstelpleerritosd r epr

Log of Ilisting months on the me
Li kelihood of the buyer bei ng
province or territory in the |&

Li kelihood of the buyer being ¢
Li kelihood of the buyer hol ding¢

Not @8i s t abdeef irneg pdhotness eofc htalreact er i st i ¢csBuya wrg
Het erogetheepdrydemMt angaactabpea®dt mamascontr ol var
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Appendix 2.2: Summary Statistics for both Sold and Expired Listings, 20052017

Vari abl e Obs . Mea Medi 25¢ 75¢ S. I
Buil ding size (sqft 864, 1.1 1. o0.¢ 1.2z O0.°¢
El ectronic baseboar 951, 0. ¢ 1. o0.C 1.C O0.°¢:t
Forced air conditic 951, 0. ¢ 0.C 0.C 0.C O0.1¢
House age eatxpliiretdin 811, 30. 27. 11. 44. 25.
Il rregul ar buil ding 963, 0. : o.C 0.C 1.C 0.1/
Il rregular | ot (dumr 963, 0. : o.C 0.C 1.C 0.1/
Last asking price ( 963, 281. 236.169.325.226.
LnSP 509, 12. 12. 11. 12. 0.¢E
Log of I ast asking 963, 12. 12. 12. 12. 0. ¢
Log of original ask 963, 12. 12. 12. 12. 0. ¢
Lot size (sqgft, thc 923, 17. 7.t 5.¢216. 33.
Original asking pri 963, 288. 239.174.329.233.
SP ($, in thousands 509, 249. 215.155.290.180.
Total # of bathroon 963, 1. ¢ 1. 1.C 2.C O0.¢€
Total # of bedrooms 963, 3.:¢ 3.0 3.C 4.0 1.c¢
Total # of garages 881, 0.7 1. 0.C 1.C oO0.¢
Total # of driveway 881, 3. ¢ 4. C 2.0 4.C 2.1
Not Eliis table reports summarandctlaitdtsitng scHfarad

1

expired |istings. The variables are defined i
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Conflicts of Interest and Agent Heterogeneity in Buyer Brokerage

Supplementary Appendix (SA)

This SA provides all the materigihbles, figures, model extensions, etc.) that are referred to in the main text.

Supplementary Appendix2.1 (SA2.1) 7 Examples of Buyer Representative Agreement (BRA) in North America

Provi ncegBuyer 6s broker oBRA mandatory? Buyer 6s wal k away cQ0
State ( Stalgent )
PanelCak:ada
Al bertalBuyer 6s broker (Effective July 1, 201|Costllfy:you have sighn
Agreements (BRAs) beclagreement vamrdk cvhiotste
you are at risk of
commi ssion when you
British No, BRA is not common|Hol dover <cl ause
but it is growing
ManitobiBuyer 6s broker ([Not required between |Free
Agency) per mi ssi bl e
Nova Scd As of January 1, 2017|Si mil ar situation a/
Commi ssion requires t
be clients of a real
BRA i nSdwtviaa.
Ont ari o|Buyer ds broker Mandat ohegl ifeort . Sal espNot free but easy s
BRA presented for sig
presented on behalf o
signed, the buyer is
Quebec Buyer 6s broker Not mandatcoormymebnudte dr. Fr ee.
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Panel W®WBnited States
CaliforBuyer 6s b#ldk &r-1A¥ANot required by | aw b(BR11: revocabl e
NARL1 & -1AlAPrreovrocabl e

Col oradqBuyer 6s broker (Mandatory, otherwise (|CostAny:agency contr a
Transaction brokjirelationship between by 1. mutual agr eemg
agreement) as a transaction brokiprincipal, P arAilng aatghe

contract may be ter
that is terminating
l'iable for doing so

ConnectiBuyer 6s broker (Mandatory, other wiaggee,nlBound rel ationship 4

Sukngent (no agr g( witthdeel | er 6s written |
written per missi
FIl ori daBuyer 6s broker ([Not mandatory.
Transaction brok
Il inoisBuyer6s brokelri gDi scl osure of Buyer/ TIExcleBRIAv can be canc

is required in IIlinojwith reasons. I f t hy
acknowledge the reexcelidcli ent can go throu
but paying commi ssionjagency relationshsgp
buyer representation |is easy and costl es:
Indi ana [Sulkagency prohi bilNo
Tex as Buyer 6s broker ([Not mandatory. A buyeilNo BRA: free.
bet ween a brokenfwhom the buyer wants |BRA is a binding con
l egally exist wiBuyer representative |wal k away.
document . ) cont r abcrto kweirt,h not i ndi
Ut ah A written agency agr e|f

the individesaburepdest
of defining the ss caogpeen
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Supplementary Appendix2.2 (SA2.2)
SA 2.2.1 Two-stage TILI Negotiation
There are four possible outcomes in the-stage TILI negotiation:

Case 1: IfY 1, the buyer accepts the asking price and purchases the house with a final sale
price offy 1) . The associated probabilityfisi £€6c0ip Q p & . (Outcome 1)

Case 2: IfY 1 , the buyer rejects the asking price and proposes an offerbzfsed on the
suggestion of thbuyingagent.

Case 2a: Ity 1, the seller accepfy and sells the house with a final sale pric of 1 .
The associated probabilityfisi £€6cdicd® & p 0 . (Outcome 2)

Case 2b: IfY 1, the seller reject§ and proposes a counterofferpf.

Case 2bl: Ity 1 , the buyer accepfs and purchases the house with a final sale price of
Rn N . The associated probabilityrfisi £6cxoicd@ & Op 1 . (Outcome 3)

Case 2b2: IfY 1 , the buyer reject§ and the negotiation is ended without a deal. The
associated probability i1 €60 icd® & 0 .i(Outcome 4)

SA2.2.1.1Two-stage TILI Negotiation When BuyingAgents Have No Risk of Losing Clients

After introducing the additional negotiating stage, the final sale price of the §usin the
two-stage counterpart of equatidhl) is:

n P &n &€p 0N £€0p 11
Y on o Yn
Y i I @
The buyer 6s ystage cofinterpartrof equiatieh4)tisy o

~

' L atw ato .,
“ Y p €N €p B — &Y €p B — p 1N Qo
@ Y I @
P Y -
Thenthe twostage counterpart of equatidhy) is:
T sy (‘xé&)p(y aeE . C p‘y ) |
T EY p B - — %o — EPp 1N o — I @

We find that after adding a positive term into the-stage TILI model equatior2), its twe
stage TILI model counterpart given by equatio2.@) is greater.
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A

Thebuyingagent 6 s p a ytade tounterpartohequattonyd) is:

~

. C . ae w . At . N
| p en €p B — & €p B — p iIn O
Y | @
W — !
P Y
Thenthe twostage counterpart of equatidhq) is:
T sy (xéc?op(y & @ s in P ) | @
— _— e | cd .
T w | p B ” ” % ” | p r] ” woo ”

We find that after adding a negative term into the-stage TILI model equatior2@), its two
stage TILI model counterpart given by equatio2.6) is smaller.

SA2.2.1.2Two-stage TILI Negotiation When Buying Agents Have Risk of Losing Clients

After introducing the additional negotiation stage, the final sale price of the lgpusen the
two-stage counterpart of equatich0) is:

N P €N E€p 0L P U Ep VLLOP inN

Yo on ovYn
Y i v I @
The buyerdés payoff in the case when the buyin
that in the case when thelying agent has no risk of losing clients when the buyer bears a
negligible cost of switching to another buying agé@itebuyinga gent 6 s p aytagef i n t

counterpart of equatior2(12) is:
“ 1 p EN Ep BO p BOW |Ep inBap BO
@ Y | &
P > '

@and®are previously defineddd —— and®

Thenthe twoestage counterpart of equatidhi3) is:

Te . . . A G n &Y . .
T—(5|8Yp3wp3w %o p B @ %o p B W
Ltp 10 ki p BO B @ %0 | ca
” w ” (k)
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We find that after adding a negative term into the stage TILI model equatior2(13), its twe
stage TILI model counterpart given by equatio2.8) is smaller.

Next, we compare the impactofthebug g agent 6 s ri sk of | osing a c¢
marginal payoffs of buying agents in the scenarios with and without risk of losing clients (i.e.,

Tiversusy ). After taking the first derivative in equatioAZ.5) minus the first derivate in

equation A8) we get:

T T

0O ——= ——=
W W
, \ . . o LEp
| Y Bwp B w %o p B W —&)Bw%ow
| B D% "
—T'Q)Y |
o P n
) F'w
The strictly positive outcome inequatiohnd ) i mpl i es t hat the buying
clients decreases the buying agentaleviatenthe gi n al

interest misalignments between buyers and buying agents. This is consistent with the finding in
the onestage TILI negotiation.

SA 2.2.2 Multi-stage TILI Negotiation

We denotaras the number of offers proposed by each buyer and seller. In thestagéiTILI
negotiation, the negotiation ends without a deal if the buyer rejeais tbffer, r} . We name

thea offer, ) , which is proposed by the seller, as thkeit-or-leaveit offer in the multi
stage TILI negotiationThere ar&ga ¢ possible outcomes in the mudtiage TILI negotiation:

Case 1: IfY 1 , the buyer accepts the asking price and purchases the house with a final sale
price offy 1) . The associated probabilityfisi £€6cx0ip Q p & . (Outcome 1)

Case 2: IfY 1 , the buyer rejects the asking price and proposes an offgr tlased on the
advice of thebuyingagent.

Case 2a: IfY N , the seller accepts) and sells the house with a final sale pric@ of
R . The associated probabilityfisi €60 icé® & p 0 . (Outcome 2)

Case 2b: IfY N , the seller rejects) and proposes a new counteroffer gf .

Case 2b1: IfY n , the buyer accepts) and purchases the house with a final sale price of
A 1 . The associated probabilityfisi ¢éadicd®@ €0 p 1 .(Outcome 3)

Case 2b2: IfY n , the buyer rejects) and proposes a counteroffer of .

Case 2b2a: Ity N , the seller accepts) and sells the house with a final sale pric@ of
R . The associated probabilityfisi €66k icc®0 £0 1 p 0 . (Outcome 4)
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Case 2b2b: IfY n , the seller rejects) and proposes a new counteroffer 9f .

Case2b2bltf Y n , the buyer accepts) and purchses the house with a final sale price
offf 1N . The associated probabilityfisi €600 iCd®p &0 10 p 1 .(Outcome 5)

Case 2b2b2: Ity n , the buyer rejects) and proposes another new counterofferrpf

~

e

Case 2b2Y%é 23 the skllier accepts the previous counteroffer, denotayl @and
sells the house with a final sale pricelof 1) . The associated probability is
Ni €608 CHd &0 ivia» 1 p 0O .(Outcome )

Case2 b 2 b élf2Yb : 1, the seller rejects) and proposes a new counteroffer pf.

Case2 b2 b é K1 :n,thebuyeraccept§ and purchases the house with a final sale
price offy 1) . The associated probabilityrisi €066 i ¢&L 08 ¢ap

Evivia 1 0 p 1 .(Outcome 2+1)

Case2 b2 b é KEWY2: 1 ,the buyerrejects) and the negotiation is ended without a deal.
The associated probabilityisi €60 ic&x M8 cay, &0 i 0 i 8&» 1 01 .(Outcome
21+2)

SA2.2.2.1 Multistage TILI Negotiation When Buying Agents Have NasR of Losing Clients

After introducing additional negotiation stages, the final sale price of HQfsen the multi
stage counterpart of equatichd) is:

h p &n €p 0 n &0 p 1 AN

E €0i0180 i p 0 N
eoioviax 1 0 p 1N
Y n o Yn
Y oon Y Q¢ o phg ey L @ T

We assume a constant vatghat makesf) @Y ,andp @ —. Thus,® is the®in the
onestage and the twstage negotiations. To compare the rrstiige negotiation with the one
stageandthetwst age negotiations, we focus om t
orw.
Then,0 B — , N wYandt he buyer d6s pstagecdulterparhof t h

equation 2.4) is:

128

h e

e

bu

mu |



ae .,

“ Y p €N €p B WY €p 1 NBO
E 810180 I p 0 ABO
eluvisg I 0p i ko Qo
- Y @
W — !
P v P
To simplify the presentation of the above results, we défirre %0 TL
Then the multistage counterpart of equatichy) is:
T .. a® p A .
s EY p B — %o EP I Nw?
E ¢01i80 i P U NO?Z
oisg 1 0p i oz I @ ¢

We find thatafter adding positive terms into the estage TILI model equatior26), and the
two-stage TILI model equation @A3), its multistage TILI model counterpart is given by

equation (£.12) is greater. We summarize that | Ol GEOACA— W ¢ i 0 ©®'QQ
— £ &0 0600

Thebuyingagent 6 s p a y-stdgd counterpart bf equatiahi) is:i
) L ad .
| p en ep B —— Q&

Ep I NBoO eI LViI 80 i p U NBo
o1& I 0vp it nNRRo O
® Al | @0
p Y ’

Then,the multistage counterpart of equatidhg) is:

o~ o~

re . a® P o @ C
— | & p B — —%o | €p 1 N w2
Tm ” ” ”
E | 40180 i p 0 Rnw?
ld0ois8 1 0p i N2 @t
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We findthat after adding negative terms into the-stege TILI model equatior2@), and the
two-stage TILI model equation @5), its multistage TILI model counterpart is given by

equation (&.13) is smaller. We summarizethat- | O1 GROACA— 00 ¢i 0 ®QQ
— € ¢ Qi 0 0QQ
SA2.2.2.2 Multi-stage TILI Negotiation When Buying Agents Have the Risk of Losing Clients

After introducing multiple stages of negotiations, the final sale price of i@fsein the mult
stage counterpart of equatichl(0) is:

N p €n €p 0 p UL N €p LO p I N

E ¢p 0 p O 8p DOIVIBO 1 p 0 N
EP UL p U 8p LOIVIB8O T UV pP U N
Y oon o yn
Y o[ Y Q¢ dodd pheres I @ v
The buyerdés payoff in the case when the buyin

that in the case when the buying agent has no risk of losing clients when the buyer bears a
negligible cost of switching to another buying agent.
We assume a constant valtiethat makesry QY ,and— "Q p. Thus,Q is theQin the

onestage and the twstage negotiations. To compare the rrstiige negotiation with thene
stageandthetwost age negotiations, we focus om the bu
or Q.

Sincegj QY QOY,o Q—andd /i € Y o

Buyingagent 6 s p ay-stdgé counterpart bf equatichi(2) is:
“ | p &R Ep BA p BO QY
| ¢p 1 R E | &p U 8p VDIVDIB8L O p O N
| €p U 8 p VDIVIB80L UL OV Pp LN BOWp B
o )
P Y - ¢
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@andmare previously defined® and®

Then, the multstage counterpart of equatidhi(3) is:

Te . . N o .
m—|erBoopBw - %o p B W -

%od)p Bd)

| ¢p i E | &p O 8p DIOVLB8L U p 0 N
8

gp 0 8p LIOOBO U 0 p O A

p " “ p N o) o
~000 -~ o00 I
(b/wp B @ wB W %o W @ X

” ”

We find that after adding negative terms into the-stage TILI modekquation 2.13), and the
two-stage TILI model equation @&8), its multistage TILI model counterpart is given by

equation (£.17) is smaller. We summarize that— | O1 GEOACA— 600 £€1 60 ©'QQ
— £ & Qi 01QQ

Next, we compare the impact of the buying agen
marginal payoffs of the buying agent in scenarios with and without the risk of losing clients (i.e.,

0 Tversusy  TI). After taking the first derivativin equation A2.5) minus the first derivative

in equation A2.8) we get:

ol
Tw Tw
| &Y B wp B %o p B W
| &¢p 1 R E | &p U 8p DIOOD80 O p U N
L &tp L 8 p 010080U0pt‘)r‘]l3(1)%od)—p&)
| B D% . "
—‘F—w
p i n E p O 8p DIOODB8O U p 0 N
p U 8p LIODLB8O L U p UL N
T e g
The strictly positive outcome inequatiohd1 8) i mpl i es t hat the buying
l osing clients decreases the buypricygleviatgge nt 6 s m

the interest misalignments between buyers and buying agents. This is consistent with the findings
in the onestage TILI negotiations.
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In sum, introducing more negotiation stages and giving both sellers and buyers more
opportunities to ngotiate (increase the numberdincreases the probability of interest
alignments betweebuyingagents and buyers.

Proposition A2.1: Additional rounds in the negotiation increase the probability of interest
alignments betweebuyingagents and buyers, and thereby increase the efficiency of the fixed
percentage commission system (FPCS).

Proposition A2.2: Additional rounds in the negation decrease tHmlyyingpagent 6 s 1 ncent i
being selfinterested.
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Supplementary Appendix2.3 (SA2.3)1 Simulation Results (Linear plot)
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Supplementary Appendix2.4 (SA2.4)
SA 2.4. Predicted Selling and AskingPrices for a House

We estimate the predicted selling price of hduse, based on its characteristi@sunder the
market conditions for a certain forward sortation area (FSA) based on the first three digits of the
Canadian postal code in a given month and year when the house gets sold or a listing expires,
whichever comes first. We use a tstep Heckman $ection model (Heckman, 1979) because
final sale prices are missing for expired properties@rdinary Least Square (OLS) estimations
would be biased due to the incidental truncation of the sample. We calculate the inverse Mill ratio
(IMR) using the outpufrom a firststep Probit model used to estimate the probability of a house
being sold by taking the ratio of the probability density function (PDF) to the cumulative
distribution function (CDF) of the distribution. In the second and final step, we setesinal
sale price on the houseds characteristics, m
coefficients from the hedonic OLS and the Heckman selection models are similar, the predicted

values from the Heckman selection model are used ifolle&ving sections othis essay

The two equations in the Heckman selection model are:
00 aYE aQ | @ O O O T I @ X
a e I T _ o O O O - ¢ Y

whereO 6 & "Yéista®Dinary outcome variable, which equals one if the house is sold and zero if
the house is expired. is the IMR from the probit modeAQ.17). & & represents the natural
log of the final sale gice, and th& s are the characteristics of hous® ,"O , and’O

are fixed effects for year, month, and forward sortation area, respectively.

The empirical results reported in Col. 1 and 2 of SA Taldlendicate that the final sale price
of a singlefamily house is significantly and positively correlated with property features such as
the building and lot sizes, number of bedrooms and battsoaummber of garages, and driveways,
and the dummy for the existence of the irregular lot size, and negatively affected by building age
and the dummy for the existence of an air conditioner, an electronic baseboard, and the irregular

building size.
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Thenwee st i mate the expected asking price of
the market conditions when the house becomes listed on the market. Due to a serious
heteroskedasticity problem associated with the OLS model, we use the flexible gastisjliare
(FGLS) model proposed by Rutherford et al. (2005). We estimate the degree of over@iting,
for each house by the error term of the asking price model (Anglin, Rutherford, and Springer, 2003,
Rutherford et al., 2005).

The equations of thFGLS asking price model and the degree of overpriéng,Dare:
a & | | _ | @ O O NI ¢ w

T a & a & lgg 1

whered & represents the natural log of the last asking price of houstndard errors are

clustered at the FSA level.

The results reported in Col. 3 and 4 of SA Tdbleexhibit similar relationships between the
predicted lastaisking prices and house characteristics for the two estimation approaches; namely,
an OLS model with standard errors clustered at the FSA level, and the FGLS model adjusted to
account for heteroskedasticity. As was the case for the final sale price ptatesklast asking

price has the same directional correlations with similar covariates.

[SA Table 2.1 about here.]
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Supplementary Appendix2.5 (SA2.5)1 Robustness Checks
SA 25.1 Robustness Check 1: Sample Selection Biases Tests

In this section, we check the possibility of sample selection biases in the results reported in
Table 2.2 because the final sale price is only observable for sold houses. We undertake the
Heckman twestep selection model (Heckman, 1979). In the first steprun a probit regression
for the probability of a house being sold in the full sample of both expired and sold houses. Then,
we calculate the inverse Mills ratio (IMR) bgking the ratio of the probability density function
(PDF) to the cumulative distution function (CDF) of the distribution. In the second step, we run

an OLS regression of our baseline model, controlling for the IMR from the first step.

In SA Table2.2, the results show that coefficients DumSRAIn the Heckman twstage
selection mdels (Columns 1, 3, and 5) are consistent with those coefficients in our baseline

models (Columns 2, 4, and 6), supporting the robustness of our results reported &2l able

[SA Table 2.2 about here.]

SA 25.2 RobustnessCheck 2: Omitted Variable Biases Tests

In this section, we check the possibility of omitted variable biases in our main models due to
missing important variables. Therefore, we undertake a test based on Oster (2019). Based on the
idea introduced by Osté2019), we find the identified set for each of the two proxies for buying
agentés prediction accuracy, and each of the t
of their respective coefficients. The identified set is in the range betweesttmated coefficient

of our main models arid’ , which is derived using the following formula:
(I D T R s 1¢& p

In equation .21, andY are the estimated coefficient and thesdriare value of the main

model] and’ are the estimated coefficient and thediare value of the univariant regression
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model for each buying agentdos type prefegty wi t h

We calculate thevaluedf based on three approaches: Bel l o0\
Y GQgdvip, Mi an and Suf iYos &Qe®RMp) and thd rost o f
conservative value oY p, respectively. Wha is equal to 1, this implies that the omitted

variables and the included variables have the same level of influence on making the coefficient for
the testing variable have a value of zero. If we find no zero included in the identified set, we
concludethat the omitted variables do not drive our main results; otherwise, our main results are

subject to omitted variable biases (Altonji et al., 2005).

In SA Table2.3, results show that except fBv%SuccessSaleall four identified sets are
based on the flerent values ofY  for each testing variable do not include zero, supporting the

robustness of our main models.

[SA Table 2.3 about here.]

SA 2.5.3 Robustness Check 3: Propensity Score Matching Sample (PSM)

We use propensity score matching (PSM) to match houses bought by buyers who also sign a
Sell erdés representative agreement ( SRA) with
similar attibutes but bought by buyers who do not sign an SRA with buying agents (Control group).
Our PSM samples consist of 4,294 observations for sold listings, including 2,147 treated listings
and 2,147 control listings. Next, we repeat the empirical analyske whpacts of signing an SRA
on transaction outcomes in termsSRtoLastAP Results reported in Column 2 in SA TaBlé
are consistent with the findings reported in Table Due to the limited observations, we do not

include the listing agent and thaying agent fixed effects in the regression.

[SA Table 2.4 about here]

SA 25.4 Robustness Check 4: Selection Bias Check for the Likelihood of Signing an SRA

In this section, we check the endogeneity of signing an SRA ardRtod astARcaused by
unobservable terms that impact both the likelihood of signing an SRA and an agent buying a house
high. We follow Adams et al. (2009) and use the tistages least sque (3SLS) instrumental
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variable method. In the first stage, we run a probit model for the binary variable of signing an SRA,
which equals one if a house is bought by a buyer who signs an SRA with the buying agent
simultaneously. In the second stage, watude the fitted value of the firstage model and rerun

the probit model in the first stage. In the third stage, we include the fitted value of the-sexpnd
probit model and regress the OLS model in T&de Adams et al. (2009) argue that this ¢ire
stages procedure takes care of the model misspecification in the first stage of -8tagsvo
procedure.

Results reported in Columns 3 and 4 in Tabfeshow that coefficients fdDumSRAIN the
threestage least square (3SLS) model are consistenttmoe coefficients for the original OLS

models in Tabl@.2, supporting the robustness of our main findings to this potential selection bias.

SA 25.5 Robustness Check 5: Unobservable Brokerage Firm, Listing Agent, and Property
Attributes

In this sectiopnwe conduct several robustness checks to assess the impacts of unobservable
timei nvariant attributes of the sellerds broker
brokerage firm fixed effects. For example, the reputation of the brokerage firhich does not
change frequently over the years, would possil
check the robustness of our main models by controlling for the impacts of unobservable time
invariant attributes of listing agents suchtheir education and gender, by including the listing
agent fixed effect. Lastly, we consider the impact of unobservableriaeant attributes of the
property such as the front and back views of the house, on our main results by including property
fixed effects (35,494 dummies) in our baseline models. We only check the impact of the prior
fixed effects for the prediction accuracy of buying agents because of the limited number of

observations for the sample used to test the effect of the tolerance level

In SA Table2.5, the coefficients for the prediction accuracy proxies for buying agents exhibit
supportive results in most Col umns. Except f
average ratio of successful sales in the prior 5 yéar¥%SuccessSalesm Column 6, where the

coefficient is positive but insignificant after controlling for the property fixed effects. All other
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coefficients of the prediction accuracy proxies for buying agents are significantly positive. In sum,

we concludehat our main results are robust.

[SA Table 2.5 about here.]

SA 2.5.6 Robustness Check 6: Agent Heterogeneity in Bargaining Performance

Since we differentiate buying agents by their prediction accuracies regarding the reservation
prices of buyers,ourman r esults may be driven by the buy
bargaining behaviors. For example, a buying agent who has a high prediction accuracy but has
unfavorable outcomes for the buyer may have actually acted faithfully but just had worse
bargainingperformancewhich resulted in her buyer buying the house at a high price. Therefore,
we control for the effect of the buying agent
contr ol uses the current b uce iamaglistirgpgenttarid s ap a s t
buying agent, respectively. We calculate the exponential weighted average ratio of the final sale
price to the last asking price of all transactions the buying agent was involved in as a listing agent
(AvPastSPtoLAPLPand as buying agentAvPastSPtoLAPB)respectively, in the prior 5 years.

One | imitation of these proxies is that these
also their selinterested level. Our theoretical model assumes that the intefdstsng agents

with sellers are aligned while those between buying agents with buyers are not aligned.

The most striking result in SA Table 6 is that buying agents who had a better bargaining
performance in the past (a higher AvPastSPtoLAPLA) whengets listing agents where their
interests are expected to be aligned with sellers had a worse bargaining performance (a higher
SPtoLastARin transactions where their interests are expected to be aligned with buyers. All four
coefficients are positive argignificant at the 0.01 level (see Columiig)ll When we control for
the past bargaining performance of the current buying agent, we find that all four coefficients for
our proxies for the buying agent 6 sthe@Ollaél.ct i on
These results suggest that while the buying agent for the current house transaction acted faithfully
when acting as the listing agent for a seller in past house transactions such does not carry over to
t hat agent 6 s b e hthevhuyng agenh mthe duyerifon the carsent house

transaction. These results also suggest that the effect of further accounting for buying agent type
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for a current house transaction is lowered when one has already accounted for the past performance

of the buying agent as a buying agent.

[SA Table 2.6 about here.]

SA 25.7 Robustness Check 7: Alternative Outcomes and Alternative Proxies for Agent
Types

In this section, we check the robustness of the results in TaBlesd2.3 when the outcome
variables are the natural log of the final sale price and the ratio of the final sale price to the original
asking price, respectively. We test the stabilitpair r esul t s when each buy]
accuracy proxy is estimated by the exponential weighted average in the prior 3 years and in the
prior year, respectively. We also use two alt
a g e nt Gasnugh average lumber of transactions in the prior 5 yAa#sl (ansactionsand
the past (annual) average market share of the buying agent based on purchase amount in the same
region in the prior 5 yeardAyMkt%BuyAnjt Consistent with our main resultpefficients for
each buying agentds prediction accuracy proxy
Table2.7.

[SA Table 2.7 about here.]

SA 25.8 Robustness Check 8: Financial Centers, Major Cities, and Regions with Most
Listings

In this setion, we check the robustness of our results in Tal3eéy running our models
using the Montreal subample versus the ndvontreal subsample, the largest 6 cities sséample
versus the notargest 6 cities subample based on the population in eadi, @nd the top 5
regions and the netop 5 regions based on the number of listings in each region. Consistent with
our results in Tabl@.3, most of the coefficients for each ssdmmple reported in SA TabB8 are
positive and significant. Some coeffinis (e.g., coefficients fdbumSameEthnicitin Panels A

and B) are positive but insignificant due to the small sample size.

[SA Table 2.8 about here.]
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SA 25.9 Robustness Check 9: System of Simultaneous Equations Model

As argued by Turnbull and Dombrow (2006), Waller and Jubran (2012), and Turnbull and
Waller (2018), amongst others, the listing time on the market and the selling price of houses are
simultaneously determined. Therefore, in this section, we check thamessi®f our results in
Table2.3 by considering reverse causality between the listing time and the outcome variable in
the main model, which is the ratio of the final sale price to the last asking Ppflced(¢ 0 i 6 0 0

The simultaneous equationea
YOO ¢ D Qi Dodagow F B O®OOI0MEW G "YE & Qi Wit &odw

T 0O@EE Ol £0E 0B GOO QI Qi 0 QI

0 Qi OMARIG@EDI GO QI M o VB i O T
'c& ¢
a 0w T "YOOEDQIiToadEd®O 10w adYE Qi Wi LW

1 D O@EE & 01 £€BE 0 DI OOO QI Qi 60 Q0
0 Qi OTROBVIMBD@I GO Qi (M o Qi O i
'cq& o

I TOW isthe natural log of listindayson the market® O () for housd. 0 QE"@Q ¢ i QO W
ando ¢ & n ‘@ cai@dhe listing density and competition variables that are used to make the system
of simultaneous equations identified. For hoysee define competing hougas the one having
the same number of bedroomsg tame property type, and is located in the samearp area

(FSA). We also define the overlapping period on the market for competing houses as:
0 3Q aQi QOQERDI QORWD ¢ ¢ HdE VEHINE QAR !¢ T

The end date is the date when the house was sold or the date when the house was delisted.
Because our data specify the creation time, the sale time, and the expiration time based on clock

time there is no need to add an extra day to the overlapping period.
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Since the distance information between two houses is not available, we roughly calculate the
competition variable and the listing density variable using the following formulas:

6¢an@o o 4Q l¢® v
0 Qi O0VE N Qow— ' & o

A

In SA Table2.9, the reported coefficients for theyingagent 6 s predi cti on a
and the tolerancéevel proxies on the ratio of the final sale price to the last asking price
(YO 0 £ O ¢ aré copsistent with the coefficients in TaBle. Also, consistent with previous
studies (Turnbull and Dombrow, 2006; Waller and Jubran, 2012; and TuamoluWaller, 2018;
etc.), the listing time on market €O U 0) has a significantly negative impact®® 6 ¢ 0 i 0 6 0
As expected, the positive and significant coefficient for listing densif@2{( 0 Q¢ "Q@nfpbes Q0 w
that houses $0 in competitive environments yield highigfd o ¢ 0 & Basedl dn the theory of
the spatial competition effect and the shopping externality effect from Turnbull and Dombrow
(2006), our results show that in terms6b 0 ¢ 0 ¢theshappig externality effect more than
offsets the spatial competition effect so that the net effect is an increase in the ratio of the final sale

price to the last asking price.

In the time on market equatiotr €O 0 0), the negative and significant coefénts for the
ratio of the final sale price to the last asking prid&@(o ¢ 0 ¢ indicat® that houses being sold
at a low final sale price given the same last asking price are sold slower, consistent with the
literature (Belkin, Hempel, and Meavey, 1976; and Turnbull and Dombrow, 2006). This
suggests that sellers are educated by the market over time and decrease their reservation prices
over time and sell their houses at a lower price. The coefficient for the competition variable
(6 ¢ & idONIS positive and significant, which indicates that in terms of the listing time, spatial
competition more than offsets the shopping externality effect so that the net effect is an increase

in the time on market.

[SA Table 2.9 about here.]
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SA Table 2.1: Predicted Sale Price and Predicted Original Asking Price, 1992017

Dependent 'V Ln(SP) Ln(LAP)
Met hodol ogy HeckmarOLS Fl exGLlb3 OL S
(1) (2) (3) (4)
I ntercept 10.8528 10.7970 10.7118 10.8899
(260.25 (288.009 (135.46 (325.76
FIl oor Si ze 0.0005* 0.0004* 0.0005* 0.0004*
(199.92 (43.61) (37.30) (47.34)
Fl oor Si ze Sq -0.0000* -0.0000F* -0.0000* 0. 0000F*
(k126.35)(24.58) -18.49) (26.83)
Lot Si ze 0.0000* 0.0000* -0. 0000 O0.0000*
(86.82) (11.36) (0. 48) (17.14)
Lot Si zeSq -0.0000* -0.0000F* 0.0000 -0.0000*
(57.47) (8.84) (1.65) ((14.009)
#Tot al Bedr oo 0.0246* 0.0256* 0.0362* 0.0211*
(61.23) (14.01) (13.80) (11.39)
#Tot al Bat hro 0.0943* 0.0883* 0.1081* 0.1008*
(140.56 (24.16) (23.09) (21.24)
Age -0.0057* -0.0056* -0.0050* -0.0048*
((320.52)(38.97) -k16. 24) (33.52)
#Dri veway 0.0076* 0.0070¢* -0.0018 0.0073*
(38.91) (9.15) (k1. 83) (10.59)
#Gar age 0.0587* 0.0515* 0.0596* 0. 0573*
(101.99 (29.75) (23.09) (34.98)
DumForcedAir -0.0071* -0.0086* 0.0339* -0.0065*
(6. 91) (2. 83) (5.38) (2. 04)
DumEIl eBase -0.0275* -0.0314* -0.0421* -0.0364*
((30.08) (13.82) -14.17) (16.87)
Duml rr Buil di -0.0048* -0.0012 0.0043 -0.0022
(-5.72) (0. 77) (1.64) (k1. 48)
Dumlrr Lot 0.0129* 0.0103* 0.0080* 0.0156*
(16.65) (5.93) (3.17) (8.09)
Year / Mont h F Yes Yes Yes Yes
Region or FS FSA FSA Regi on FSA
Buil ding Typ Yes Yes Yes Yes
Property Typ Yes Yes Yes Yes
Observations 942,458 579, 060 942,458 942, 458
Rsquared N/ A 0.8378 0.7682 0.8151
Lambda -0.1991* N/ A N/ A N/ A
SE clustered N o FSA Lev FSA Lev FSA Lev
NotesCol umn 1 and Col umhHe2c krmeamo rSe |l reecd U lotns nfdrda
pr ediodthieonsal e price of the house, respedathfielvet
gener al |l east square mdadeledibdthi@gn acd @ls&i magld
variabl es ar e doef itrheed sidey nAmp@lemdlée xt He year, mor
Ar ea) fixed effects in Columns 1, 2, and 4 an
the critical statistics in the paremhtihesakl W
the Heckman Selection model The fufbhmesyi maue

province
** * 5@t | evel

l i sted

0 nR2 Ot th7e pMWeLrSi addu.r i Shtga tt iBsetl i@ #wiatr he
wiltOh wi*t,h a&nd at
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SA Table 2.2: Robustness Check: Sample Selection Biases Tests, Heckman Selection Model,
20052017

Dependent SPtolLast AP

(1) (2) (3) (4) (5) (6)
DumSRA 0.004¢{0.004¢t0.003"0.003"0.003¢0.003¢

(3.91:(3.92(3.40;(3.39;(3.30.,(3.31;
I MR -0.022 -0.017 -0.016

(-3.98) (-56.15) 4. 39)
Mai n Contr Yes Yes Yes Yes Yes Yes
House Char at Yes Yes Yes Yes Yes Yes
Listing Ager Yes Yes Yes Yes Yes Yes
Year / Mont h/F Yes Yes Yes Yes Yes Yes
Buying Agent N o No Yes Yes Yes Yes
Listing Ager No N o N o N o Yes Yes
Observatio 53,87:53,87:53,87:53,87:53,87.:53,87:
Rsquared 0.177:0.174°0.335.0.334:0.440{0.440¢«

NotesThis table reports results from Heckman sce
buying agentds rDuwrRS)ROAfo nl d shien gr ad li ioe notfs t(haes kfiinmg
(SPtolLast@®l umns 1, 3, and 5 include the invers
t he-sttw@ Heckman selection model . Col umns 2, 4
for houeei gthiacsactl isting agent characteristics
effects. Mai n cdarhdeo ot solareatib&b lsdee e\l habd rei a2b |
i n Appendi xesls\V¥ey r & lherathauiens i n the parentheses.

and timenydédald evels. The estimatio-hamampl Bsufes
during -2thlk7 2@0er5 od. Statisti @as ewidtemosiegn iwf it ha rf
and at 10% |l evel with *.

146



SA Table2.3: Robustness Check: Omitted Variable Biases Tests

Dependent SPtolLast AP
(1) (2) (3) (4) (5) (6)
UncontrContro Bell ow Mian Mo s t I ncl
Mi guel Sufi rconserv Zero
(2009) Y case
Y CRY Y p
Y Y Y
Panel A: Signing a Sellerbds Representative A
[0.001[]0.00:[0.001¢
DumSRA 0.00390.002¢0.002€0.002¢0.0029]NoO
(4.04) (2. 83)
Y 0.00030.442:
Y 0.883¢€0.972{1.0000
Observatio 53,374
Panel B: Average number of purchases
Av#Pur chas [0.00C[O.00CC[O0O.000O0:
-0. 00030.000:0.000€0.000¢0.0020]NO
(6. 29) (5.25)
Y 0.0042 0. 188!
Y 0.372¢c0.410¢1.0000
Observatio 330, 20
Panel C.:. Average ratio of success sales
Av %Success [0. 008 [0.011[0. 0589
0.01990.005!0.005E5E0.005t0.0055]Yes
(8.43) (7.51)
Y 0.00810.188"
Y 0.36940.407:1.0000
Observatio 330, 20
Panel D: Same ethnicity dummy
DumSameEt h [0.001[0.00:[]0.001¢
0.00030.001:0.00240.002¢0.0063]NO
(0.46) (3.30)
Y 0.00000. 175¢
Y 0.351€0.386¢1.0000
Observatio 53, 208
Panel E: Same race dummy
DumSameRac [0.00C[O.00C[O0O.000O0¢
0.00070.000¢0.000€C0.000¢0.0013]
(1.98) (2.39)
Y 0.00010. 175"
Y 0.35120.386:1.0000 No

Observatio 53,208

NotTeh:i s table reports the Oster (2019) bounds for ou
3in t hesgmmy Qur deped®Peotl avdlAiPabl mai 8 r OaenSRBRAn A PARp
(Pan®@ilv %Bu,cc dPadfiadiemS)ame E( Ranel DS aamg 8Pamnedll | Evari abl
in Appendi xeslsGoyl utmme 1lmand Col umn 2 in each panel il

model , respectivel y. Column 3 in each panel represe
d=dnd =migiy(Y, 21lumnCdl in each panel represents the Os
ofi=dnd =mic&Y Y, 1). Column 5 in each panel represent

ofi=dnMd =1.
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SA Table 2.4: Robustness Checks: Propensity Score Matching Sample aneS8age Least
Squares Model, 20082017

Dependent Va SPtolLast AP
(1) (2) (3) (4)
Ful | SaPSM Sam3SLS 3SLS
DumSRA 0.0029*0.0028*0.0031*0.0029°*~
(2.83) (2.20) (3.25) (2.87)
Fitted3SLS 0.1280*0.1199
(1.87) (1.52)
Main Control Yes Yes Yes Yes
House Charac Yes Yes Yes Yes
Ot her LA Cha Yes Yes Yes Yes
Year/ Mont h/ R Yes Yes Yes Yes
Agent FE Yes N o N o Yes
Observations 53,374 4,294 51,690 51,508
Rsguared 0.4421 0.1685 0.3345 0.4412

NotedThis table trteepogt salt e®OuiSt mo fl edfm( tCrodsudngey mio d ¢
propensity scoret masdalgiesg Isec&@8phISé&.gmande | that te
SRA (DumSRA) wbihfeitntad rsatlieo pafi c @h o wS EtagsLtia .sat DIl nugnr
results of the baseline modelt hien mbalkell e uz,i n@o It uhr
3 and 4 report results of the 3SLS models and-i
stages procedure. Al columns controbk, fandhgpeasa
region fixed effects. Main controbdthc thes shdhygen va
are defined in App@odumnd dfanthedmanal ude | i st
We r epovral utehse ith t he parent heses. St anthantdhete
estimation sampl es f-foamially hmhouseds liinctlaud-201%67T thig
Statistics wi tlhevseilgnairfei cdeemcoe eadt WIi% h ***  at 59
|l evel. with
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SA Table 2.5: Robustness check: Unobservable Brokerage Firm, Listing Agent, and
Property Attributes, 2005 - 2017

Dependent Va SPtolLast AP

(1) (2) (3) (4) (5) (6)
Av#Pur chase: 0.0001 0.0000 0.0001

(4.22) (2.84) (1.88)
Av %Success S« 0.0031 0.0023 0.0008

(6.47) (4.97) (0. 83)

Mai n Contr ol Yes Yes Yes Yes Yes Yes
House Char at Yes Yes Yes Yes Yes Yes
Listing Agent Yes Yes Yes Yes Yes Yes
Year / Mont h/ | Yes Yes Yes Yes Yes Yes
Brokerage Fi Yes Yes Yes Yes N o N o
Listing Agel N o No Yes Yes N o N o
Property FE N o N o N o N o Yes Yes
Observation: 329,75 329,75 326,88326,88 74,518 74,518
Rsquared 0.21500.21500.27150.2716 0.59910.5991

NotedThis table reports robustness checks for the ba
| evievi# Plur a hdvs%®SuccegsoBatbedse ratio of the f iSihPalo Lgaaslteddp
and 2 check thienuaobaatvbhbbketbme firm attributes by

firrmefd ef fects. Columns 3 -amdadi amtecki sthiengnabhbertr va
firm fixed effects and the I|isting agent nfviaxeéeanef fpe
byn¢oolling for property fixed effect. &hr telpesrsnaitien ni
include top br oker abguemTfoiprBm yd wnmgrBPwdkZ o mlgies € is n g Br okeel r var
Al'l vaei defésneadr ofn Apepxegidayjer ekt i mati on -sSamipl eshcwyes
on the MLS da0lhgpdrhieco®RDI0OWe sr e mornthet parent heses bas
and -pemtrh Steavteilsst.i cs with significance at 1% | evel a
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SA Table 2.6: Robustness Check: Agent Heterogeneity and Sale Price to Last Asking Price
Ratio with Controls for Past Bargaining Performance, 20052017

Dependent SPtolLast AP
(1) (2) (3) (4)
Av#Purchas 0.00012** 0.0001**
(3.78) (3.90)
Av%Success 0.0052** 0.0051*+*
(6.59) (6.09)
AvPast SPto 0.0023**0. 0037**
(5.98) (7.69)
AvPast SPto 0.0017**0.0018**
(4.94) (5.04)
HseChar act Yes Yes Yes Yes
Mai n Contr Yes Yes Yes Yes
Listing Ag Yes Yes Yes Yes
Year / Mont h/F Yes Yes Yes Yes
Observatio 326,809 305,497 303,203 282,624
Rsquared 0. 1892 0.1903 0. 1875 0.1887
NotedThis table reports results from O&pS edeigcrteisc

on the ratio of the fina3Ptsocal)es tpgv®indea otl d i nige flo
bargaining perfor maArnPas taSPtUySiBBA magent a(nd 2
(AvPast SPt o(L@a¥LW3 and 4) , respectively. All col
characteristics, and year, mont h, antdhceoengq ir o
Tablod 3 hesshadyln vari abli esAppendeke shsvdbyf r telpevratalteis
parentheses based on standar dmoenrtrhorise vcelluss.t eT heed
all model sfiam¢ll yddosiiseg! ¢ i st e d2 Ooler/rtipoed . MLSS ad u rsit
at 1% | evel are denoted with *** —at 5% | evel
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20052017

SA Table2.7: Robustness Check: PerformancandAgent 6 s Pr edi ct
Panel A: Fi nal Sale Price
Dependent |l nSP
(1) (2) (3) (4) (5)
DumSRA 0.0030
(2.72)
Av#Purchas 0.0002 0.0002
(4.69) (4.73)
Av%Success 0.0059 0.0058
(4. 25) (4. 48)
DumSameEt h 0.00120.00114
(2.88) (3.25)
DumSameRac 0.0011210.00112
(3.44) (3.39)
Main Contr Yes Yes Yes Yes Yes
House Char Yes Yes Yes Yes Yes
Li sAgegt C Yes Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes Yes
Agent FE Yes N o No N o N o
Observatioc 53,37457,68353,20861, 28656, 396
Rsquared 0.99490.99260.99230.99260.99214
Panel B: Sale Price to Original Asking Pr
Dependent SPtoOriginal AP
(1) (2) (3) (4) (5)
DumSRA 0.0031
(2. 84)
Av#Purchas 0.0002 0.0002
(3.54) (3.66)
Av%Success 0.0063 0.0065
(4. 46) (4. 75)
DumSameEth 0.00120.00114
(2.68) (3.10)
DumSameRac 0.00090.00009
(2.33) (2.16)
Main Contr Yes Yes Yes Yes Yes
House Char Yes Yes Yes Yes Yes
Listing Ag Yes Yes Yes Yes Yes
Year/ Mont h/ Yes Yes Yes Yes Yes
Agent FE Yes N o N o N o N o
Observatioc 53,37457,68353,20861, 28656, 396
Rsquared 0.61170.41980.41950.42000. 4198

Panel C:

Buying Agent

Pr ediycetairo PAvAa cawrea c y

Dependent

SPtolLast AP

(1) (2) (3) (4)
Av#Purchas 0.0002*"° 0.0002*"
(4.54) (4.54)
Av %Success: 0.0045*" 0.0046*"
(4.93) (5.12)
DumSameEth O0.0011*°0.0012¢*"°
(2.93) (2.95)

on
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DumSameRac 0.00120*"0.0010*"
(3.41) (3.28)
MaiContr ol Yes Yes Yes Yes
House Char Ye s Yes Yes Yes
Listing Ag Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes
Observatioa 57,683 56, 309 61, 286 59,770
Rsquared 0.1762 0.1760 0.1750 0.1750
Panel D: BByedigcApgent Accuryegr wAdthi Wirtiioas
Dependent SPtolLast AP
(1) (2) (3) (4)
Av#Purchas 0.0001*"° 0.00012*"
(4.12) (3.97)
Av%Success 0.0036*"° 0.0036*"
(3.80) (3.99)
DumSameEth 0.0011*°0.0013*"
(2.96) (3.19)
DumSameRac 0.00120*"0.0010*"
(3.42) (3.31)
Mai n Contr Yes Yes Yes Yes
House Char Yes Yes Yes Yes
Listing Ag Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes
Observatioa 57, 683 54, 107 61, 286 57, 389
Rsquared 0.1760 0. 1764 0.1749 0. 1752
Panel E: Additional Prediction Accuracy P
Dependent SPtolLast AP
(1) (2) (3) (4)
Av#Transac 0.00012*"° 0.00012*"
(2.95) (2.93)
Av Mkt %Buy A 0.1190*"° o0.1172*"*
(2.19) (2.10)
DumSameEth 0.0012*"0.0013*"
(2.97) (3.14)
DumSameRac 0.0010*"0.001121*"
(3.36) (3.69)
Main Contr« Yes Yes Yes Yes
House Char Yes Yes Yes Yes
Li sAgegt C Yes Yes Yes Yes
Year/ Mont h/ Yes Yes Yes Yes

Observatioa 57, 43 49, 858 61, 023 52,861
75

Rsquared 0.1 0.1751 0.1748 0.1737

NotesThe panel s 1 hreetshuil st st aobfl er orbeupsarnte a1t c b eme k &
agentds prediction accurachk amodxBesepaor t hree dals
test the impact of buying agentds prediction ¢
(l nsPand on the ratio of the fiSP&b OsAdPh & nrpesipceec t
C and D report ressthas fepemt DU iingg eagtend®rs pr
which is measured by the annual average number
rabfosuccess dgJ&IR&EEe afs# Ruer cphrairsfysydSWrcsc e s saSadl eisn3
ONB e &Arv #Pur c haandtle %85 c c e s)s.SaHaensellYFrE reports resu
the i mpact of buyi ny, awhinahbsi 9 rmeaad scuri eodh bayc ctuhrea
(both Ilistings and purchases) a buyAviigraqosmrRTi
annual average mar ket share bas edAo Nkt Bod) u.y WAt rh
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main controltshmmi @ tcloentg arhe vals it aded Iaplinln Madelks

characteristics, Lda isd i ynegga ra,g emma n tchh,a rAalclkd ew a gsilt @ i
in Appendi xedsVdef rtelpewvratiautatse ith t he parent heses
the FSA amantthel ¢gvealrs. The estimati ohamialmpl| Rsu
t he MLS duc¥r2i0ng/ tpheer i 200d05 St ati stics with signif
wi t h ** and at 10% | evel with *
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SA Table 2.8: Robustness Check: Financial Centers, Largest Six Cities, and Top Five Regions with Masitings, 20052017

SPtoLast AP

Vari ab

F

Dependent

Panel

NodMontreal

Montreal

nanci

A:

(6) (7) (8)

(5)

(2) (3) (4)

(1)

000

000
(4.

00(

00

Av#Purchases

33

(4.

29

(1.

(1.

004

(3.

005

(3.

005
001 0.

(2.

00

(1.

Av %SuccessSal es

80

70

0. 001

00

(1.

00

0.

DumSameEt hni ci ty

38

01 (3.

(3.

(1.

000 0. 000

0.

002

002 0.

0.

DumSame Race

74
56
180

(2.92 (2.

94 55,

38

(2.06 (2.

261 5,
185 0.

33 51,
181 0.

827 52,42 48,
0.

952 4,

254 4,

5 ’

Observations
Rsquared

Panel

181 0.

182 0.

179

179 0.

185 0.

0.

Largest

B:

Noharge<€itbies

x Cit

Si

Largest

(2)

(Popul ati on)

(6) (7) (8)

(5)

(4)

(3)

(1)

000

(4.

000

(4.

000

(2.

000

(2.

Av#Purchases

15

15

40

30

005

(4.

005

(3.

001 0.

004

(2.

003

(1.

000 O.

Av %SuccessSal es

12

99

01

61

001

0.

000

0.

DumSameEt hni city

44

09 (3.

(3.

31

32 (0.

(0.

001

001 0.

0.

000

001 0.

0.

DumSame Race

(3.22 (3.19
36
176
Regi c
(8)

64 52,

88

(1.12 (0.

563 9,
182 0.

18 48,

15 45,
178 0.

49,

028
178

100 8,
177 0.

533 7,

8 ’

Observations
Rsquared

Panel

177 0.
Fi ve
(7)

177 0.

0.

180 0.

0.

No-top

(6)

Regi or

Fi ve

(3)

Top

(2)

Fi ve

Top
Listings)

C:

(5)

(1) (4)

of
Av#Pur chases

( #

000

000

(2.

000

(3.

000

(3.

98

(2.

82

43

44

002

(1.

002

(1.

001 0.

006

005

(4.

001 0.

Av %SuccessSal es

11

39

48

10

001

0.

001
57 (2.

0.

DumSameEt hni ci ty

57

52 (1.

(1.

91

(2.

000 0.0O0O

0.

001

001 0.

0.

DumSameRace

69

85 (0.

(0.

40

48 (3.

(3.
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Observations 44,33 40,64 47,2043, 18 13,3512,56 14,08 13, 21
Rsqguared 0.161 0. 162 0.1600.161 0.213 0.2100.2120.2009
Main Control Var Yes Yes Yes Yes Yes Yes Yes Yes
House Characteri Yes Yes Yes Yes Yes Yes Yes Yes
Listing Agent Ch Yes Yes Yes Yes Yes Yes Yes Yes
Year/ Mont h/ Regi o

FE for Montreal Yes Yes Yes Yes Yes Yes Yes Yes
NotesThe panels of thtikeLtSablegresepoonsr éoul eaachrembsampl e that test the i

the | ast SastkoOlWasptPaPonel (A report subwemplld saribnttiddaeNdisunbseaempl s, respecti ve
Six Ci-sampl sulbased on t helar gegptul it a m@il @inads ¢ ek dNtoinvel y. Panel C -s@aplog tilse
their number ofTdp sRiiveg sReagnpdb g sh es efNsomme ct i vel y. Unr ¢ pnearit re dc amati rno Ic ownd rritod ést sm

Al'l variables are defaé sy groer tAvppleanedsi xi nl tolfe tphaer emmatitne ses based onAmosnttahn dlaer
full estimation sampl damidry dlolusmaedelns Qurebleedproivedlé& bestedwoBhabieghtlL §
are denoted with *** at 5% |l evel with **| and at 10% | evel wi th *.
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SA Table 2.9: Robustness Check: System of Simultaneous Equation Model, 262817

Dependent Va SPtoLalLn(DOJ SPtoLalLn(DO SPtolLa Ln(DOl!) SPtolLalLn(DOI
(1) (2) (3) (4) (5) (6) (7) (8)
Av#Purchases 0.0001 0.0001
(3.83) (3.86)
Av %SuccessSa 0.0040 0.0039
(5.27) (5. 43)
DumSameEt hni 0.0008 0.00009
(2.93) (3.22)
DumSameRace 0.0006 0.0006
(2.42) (2.28)
SPtolLast AP -14. 82 -15. 08 -14. 95 -15. 31
(-21. 45 (21. 214 (22.30 (22.1¢
L nD(O M) -0.0218 -0.0210 -0.0218 -0.0211
-30. 21 (-28. 29" (k31.28) -29. 34"
ListingDensi 0.0000O0 0.0000O0 0.0000O0 0.0000
(6.27) (6.31) (6. 75) (6. 86)
Competition 0. 000 0. 000 0.000( 0.0001
(24. 2 (23.9 (25. 0: (24. 6!
Main Control Yes Yes Yes Yes Yes Yes Yes Yes
House Charac Yes Yes Yes Yes Yes Yes Yes Yes
Listing Agent Yes Yes Yes Yes Yes Yes Yes Yes
Year/ Mont h/ R Yes Yes Yes Yes Yes Yes Yes Yes
Observations 57,68357, 68 53,20853,20. 61,286 61, 28t 56, 396 56, 39
Rsqguared 0.06300. 351 0.07380.341. 0.0612 0.349° 0.0717 0. 337

NotesThis table reports the results using 3SLS simulttareobtisaehoasieomandf ot
days) . Col umns 1, 3, 5, and 7 whd gdr tt hteh ed erpeSsRullethsh sfvdid | E€lbd epmnisc @ , e duy a téi, o ra,
equation, in whichLn(hQM)e.pendd®@mmyatyiataibdle!l es measure the conceretnrsatrieon heef
of each equation. Unreported main cLonn(tMQ#MD) i s & n#gBAyeisn gidgretnit t5 A B p s yBodeBsuss gnG@Hs
ContractDwmRniiemBlci Oebhdc,DPamDu anltBgmTop Buyi n g Bbnodkea mlgies t i.n guBrroekpeorratgeed mai n
ti me equatLind MOIM)ine 1 iupgMBguesyPrddPE€E s nt r ac tDwmARn iiemMBRrci ,c eDeamUr.Bhh vari abl es axrel

the enms\Vaey contr ol for house characteristics, Il isting agemtndc harmpaoattertihset ic
parentheses. The full -feasniilnmgathi counQeseabmpd epsr cwivrea e sli ikailled per it dhde. MItSa tdiugti ings
denoted with ***, at 5% | evel with **, and at 10% | evel with **=*,
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SATable210: Addi ti onal ADemadgraphie GharéctensticBuy er 0's
Dependent Variabl SPtolLast AP
Panel A: I nf ormati on Asymmetry
(1) (2) (3)
DumATYP DumOl dA DumHi gh
AlDumFemal eBuyer
DumFemal eBuyer 0.0048* 0.0054* 0.0048*
(9.76) (11.85) (9.62)
I nf oAsymmetry -0.0092* 0.0222* -0.0103*
(4. 40) (9.21) (-3.71)
DumFe malle Blunyfed As y mn -0.0008 0.0051* -0.0007
(0. 42) (1.69) (0. 33)
Observations 50, 784 50, 784 50, 784
Rsquared 0.1817 0.1529 0.18114
A2ProbUni versityBuyer
ProbUniversityBuyel -0.0001* -0.0002* -0.0001*
(2.11) (-3.00) (2. 20)
I nf oAsymmetry -0.0075* 0.0213* 0. 0099~
(-3. 24) (8. 65) (-3.20)
ProbUni vel slinfydAgen -0.0001 0.00012 -0. 00005
(1. 28) (0.96) (0. 56)
Observations 51, 274 51, 274 51, 274
Rsquared 0.1779 0.1479 0.1776
A3ProbSingl eBuyer
ProbSingl eBuyer 0.0666* 0.0753* 0.0663*
(4.71) (4.16) (4.63)
I nfoAsymmetry 0.00009 -0.0416* -0.0042
(0.06) (2. 89) (0. 53)
ProbSingl ¢éBiipasymm -0.0311 0.0592 -0.02009
(0. 82) (1.58) (0. 53)
Observati on 51, 277 51, 277 51, 277
Rsquared 0.1800 0.1508 0.1798
A4Pr obNewcomer
ProbNewcomer -0.0332 -0.01448 0.0316
k1. 04) (0. 36) (0. 98)
I nfoAsymmetry -0.0111* 0.0184* 0.0116*
(5. 85) (-k10.72) (4.77)
ProbNewc olrmefro As y mme 0.0255 -0.0516 0.0067
(0. 44) (k1. 00) (0.12)
Observations 51, 276 51, 276 51, 276
Rsquared 0.1775 0.1469 0.1772
AS5Du Mo ubBwgy er
DumYoungBuyer 0.0049* 0.0076* 0.004090*
(4.87) (7.02) (4.86)
I nfoAsymmetry -0.0091* -0.0169* -0.0102*
(5. 05) (-8. 68) (-5.12)
DumYoundBuyyegroAsymm 0.0024 0.0015 0.0019
(0.88) (0.64) (0.62)
Observations 51, 277 51, 277 51, 277
Rsquared 0.1801 0.1535 0.1799
Panel B: Agent I ncentives and Collusion Oppc
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(1) (2) (3) (4)
Il ncentive Coll usion Op
DumHi gh DumFi xe Dumlntr Dumlntr
Bl1DumFemal eBuyer
DumFemal eBuyer 0.0051* 0.0048* 0.0048* 0.00409*
(120.97) (10.78) (9.23) (9.28)
I ncentive/ Coll usi ol -0.0018* 0.0224* -0.0038* -0.0029
(2.01) (4.009) (2. 84) (2. 38)
DumFe malle Bluyceernt i ve -0. 0009 0.0021 0.0005 -0.0003
(-1. 34) (0.36) (0.33) (-0. 24)
Observations 50, 084 50, 784 50, 784 50, 784
Rsquared 0.1844 0.18414 0.18014 0.18014
B2Pr obUni versityBuyer
ProbUniversityBuyel -0.0002* -0.0001* -0.0001* 0. 0002*
(-3.21) (2.21) (-2.60) (2. 66)
Il ncentive/ Coll usi ol -0.0068*0.0314* -0.0068* -0.0067*
(-5.91) (5.38) 4. 70) (6. 39)
ProbUni vel sling&utyiev 0.0003* -0.0005 0.0002* 0.0002¢*
(4.81) (1. 39) (3.00) (3.83)
Observations 50, 559 51,274 51,274 51, 274
Rsquared 0.1811 0.1807 0.1766 0.1766
B3Pr obSingl eBuyer
ProbSingl eBuyer 0.0745* 0.0616* 0.0062* 0.0064F*
(5.67) (4.10) (4.009) (4.29)
Il ncentive/ Coll usi ol 0.0146* 0.0240 -0.0075 0.0019
(2.57) (0.80) k1. 08) (0. 34)
ProbSingleBegeirvel/ ( -0.0438* 0.00009 0.0108 -0.0121
(-3.12) (0.01) (0.63) (-0. 86
Observations 50, 562 51,277 51, 277 51,277
Rsquared 0.1825 0.1826 0.1784 0.1783
B4Pr obNewc omer
Pr obNewcomer -0.0620* 0.0314 -0.0339 -0.0374
-1.79) (-0. 95) -1.01) -1.13)
l ncentive/ Coll usi ol -0.0041*0.0254* -0.0039* -0.0040*
(-5. 60) (7.72) 4. 05) (4. 68)
ProbNewdomemtive/ C 0.1027* -0.0523 0.0279 0.0557*
(3.96) (-0. 25) (0.97) (2.20)
Observations 50,561 51, 276 51, 276 51, 276
Rsquared 0.1805 0.1803 0.1760 0.1760
B5Du MoubBwgy er
DumYoungBuyer 0.0043* 0.0049* 0.0051* 0.0051*
(4.54) (4.97) (5.16) (5.19)
l ncentive/ Coll usi ol -0.0015*0.0278* -0.0023* -0.0021*
(-2.12) (8.99) -1.92) (2. 00)
DumYoundBumyemti ve/ 0.0016 0.0072 -0.0016 -0.0012
(1.39) (1.57) (-1.14) (1. 04)
Observations 50, 562 51, 277 51, 277 51, 277
Rsquared 0.1825 0.1830 0.1787 0.1786
House Characteristi Yes Yes Yes Yes
Mai n Control s Yes Yes Yes Yes
Listing Agent Attri Yes Yes Yes Yes
Year / Mont h/ Region | Yes Yes Yes Yes

158



NotesThis table trioh&Srregmwastséhdmst hemmoder ating effec
incentives, and col | usicem-geampgorretgwrtidt)imesa saum etshe fi rhpe
(Du mF eenBaulyPeero b Uni v e Ps Db $Buo g oBNeeye obhuefio uBhugyyen t he r at
sale price to tSket olLastt We@s lisreg threi cheo uBlerdaAT YaPt y pec a
(DumOl yAgehe hdusmgldygV,akbwneat (i me DimEshlhi €06 i pgoxy i nf
|l ePlanel WA)use the commi ssi on DuanHe ghCaimdst he fheed
system DFRAKEISYedCompr bxuyi hgr aigetwer es ts eill iCod nutmnwe 11 eawnc
We useofifritcrea t Dams at t)a @hnédi ¢iemt rtar aDusmd enttiyoanEsor (mr oxy f
opportunities of buy(l Qgl awgmetHLE iwi tAHaln edotiBomn sa geomtt g
|l isting agent characteristics, and year, tneeontr olany
Tabdl eof tehsesPahybhi mar i abl esndi & de befsnstlyer mp Avpapl eutetse itn t
based on standard errorsnoalthst eved sat Thiee eBESA mand otr
family houses | isted20b7t ptea tMbsht id8g i wmigt  hei RMi0Of5i car
at 5% Il evel with ** and at 10% |l evel with *.
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Table 3.1: Summary Statistics

Obs. MeanMedi25% 75 % SD.
Panel A: House characteristics
Building size (sqft, 437, 11 1.3 0. 1. 0.
Lot size (sqft, thoud464, 17. 7. 5. 15. 32.
Total # of bedrooms 485, 33 3. 3. 4 . 1.3
Total # of bathrooms 485, 1. 1 ( 1. 2. 06
Total # of garages 443, 0. 1. 0. 1. 0.
Total # of driveways 443, 35 4. ( 2. 4 . 21
House age (years) 412, 304 27.C 11. 4. ( 25.
Forced air condition479, O0. 0. 0. 0. 04
El ectronic baseboard479, 05 1. 0. 1. 0.
Il rregul ar building (485, 0.5 0. 0. 1. 0.8
Il rregular |l ot (dummy 485, O0. 0. 0. 1. 0.
Panel B: Compl aint Related Dummy Vari abl es
Agents notice period485, 0.2 0. 0. 0. 0 4
Agenbsi cel cpreeraitoed ti me485, 0.4 O0. 0. 0. 0.6
Public ndqtsioded pemegd 485, 0.00 O. 0. 0. 00
Public ndqtcirecatpeniione485, 0.1(C 0. 0. 0. 01
Posompl ai 6sopdritoce) 485, 0. (C O. 0. 0. 0.
Posobompl ai 6trpatieodi ma85, 0. (C O. 0. 0. 0.
Complaintos file dat 85 0.C 0. 0. 0. 0.
S T A I L
Panel C: Transaction Outcomes
Sale price ($, thous262, 255 220. 160295 191
Log of sale price 262, 12. 1A8. 11. 12. 05
Sold dummy ¢éxpired)d485, 05 1. 0. 1. 0.
Listing time on mar k485, 5. 4 . 1. 6 . 4 .
l i stings)
Log of MOM (all l i stida85, 1. 0. 1. 14
Listing time on mark262, 2.5 0. 3. 3.
l i stings)
Log of MOM (sold list262, 3. 1. 0. 4 . 3.
Panel D: Other Control Variabl es
Original asking pric485,293244 179 339 243
Log of original askir485, 12. 12. 12. 12. 0.
Last asking price ($485,286 239 174 329 235
Log of | ast asking pr485, 12. 12. 12. 12. 0.
Degree of overpricin335, -0.(-0.% -0.1: 0.1 0.9
Contract duration (m485, 7. 6 . 5. 10. 4.
Last AP > Original A485, 0. 0. 0. 0. 0.
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Original AP > Last A485, 0.6 0. 0. 1. 0.
Dualgent transactions261, 04 0. 0. 1. 04
Ag edrstacewhi t é;l ax20si #8485, 1.3 1. 1. 1. 02
Agent gender (dummy, 485, 0.1 O. 0. 1. 0.
Top 6 | isting broker 485, 0.2 1. 1. 1. 0.8
Atypical houses (dum335, O. 0. 0. 0. 0.1
Hi o¢¢tal ue houses (dumn335, O0. 0. 0. 0. 0.1
Commi ssliioth %) at e 471, 2. 2. 2. 2. 0.
Hi gh commi ssion rate471, O0. 0. 0. 0. 0.8
Compl aiamto ufnitnd $) 45, 478 0. 0. 0. 153
Li c esmusse elnesri(gdrdy s ) 45 3. 0. 0. 0. 8 3.

PanEeCompl Atntrddbut es

Duration between com 11 400 293 192 508 332
public notice date

Duration between age 62185 92. 43.223 271
notice dat e

Fiamount ($, thousan 62 2. 2. 0. 3. 2.
License suspension | 62 46. 0. 0. 3141
Panel Agent 6s Attri butes
Vari abl e Ob %
Number of | isting ag 10, 10¢C
Number of agents with coa 52 5.2
Number of agents with on 45 4.5 (85.8C¢C
Number of agents with tw 5 0.5 (10.61
Numbeagenfts with 3 and m 1 0.1 (3.60
Number of female agents 4, 3 4 3.
With Complaints 17 1.7 (4. 02
Wit hout Compl aints 4, ! 41.. (98.9¢
Number of male agents (1 5,1 56 .
With Complaints 35 3.5 (6. 20
Wit hout Compl aints 5, ¢ 53.:. (93.8C¢C
Number of White agents ( 9, ¢ 93.
With Complaints 47 4.7 (5. 02
Wit hout Compl aints 8, ¢ 89. (94.9¢
Number of Bl ack agents ( 33 3.3
Wi tClompl ai nt s 3 0.3 (10. 814
Without Compl aints 29 2.9 (89.1¢
Number of Asian agents ( 28 2.8
With Compl aints 1 0.1 (6. 71
Without Compl aints 26 2.6 (93.2¢

Not EBi s stuantmlag i zes t he rdapart Pawmrdiarryl hdotwastbi scthiacrs
testingCoumpliabhesRel at,e dd &penmd e Maa w saabd @ilsdork dmBauit rc o
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variatblleissting |l evel. Panel E reports agentods at
bet ween January 2005 and December 2017.
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Table 3.2: Complaints Against Agents and House Sale Prices, 2003017

De penvhentabl Ln of Sale Price (L
(1) (2) (3) (4) (5)
Coef. Coef. Coef. Coef. Beta
DumAgent Not i 0.0377 0.0439 0.0452 0.0459 0.005
(1.60) (1.94) (1.97) (1.99)
DumPubl i cNot 0.0488 0.0499 0.010
(2.99) (2.99)
DumPost Compl 0.03500.007
(2.38)
DumFemal e 0.0084 0.0086 0.0086
(1.91) (1.93) (1.94)
Bl ackAgent -0.0223-0.0232-0.0242
((1.61) (1.65) (1.72)
Asi anAgent 0.0263 0.0258 0.0255
(1.26) (1.23) (1.21)
Ln( MOM) 0.0261-0.0234-0.0234-0.0234
((15.35)(-15.17)(-15.17)(-15.15)
DOP 1.0457 1.0426 1.0425 1.04214
(117.0 (118.5 (118.0 (117.7
ContractDur -0.0026-0.0019-0.0019-0.0019
(-5.00) (4.74) (4.87) (4.93)
DumPricelnc 0.0675 0.0679 0.0677 0.0676
(14.67 (15.07 (15.00 (14.89
DumPri ceDec -0.0284-0.0305-0.0305-0.03014
(9.61) (11.46)(11.46)(11.43)
DumbDual Agent -0.0478-0.0454-0.0454-0.04514
(11.72)(11.92)(¢-11.92)(11.91)
DumToplListir -0.0020-0.0044-0.0043-0.0042
(0.26) (0.55) (0.54) (0.53)
HouGlar acter Yes Yes Yes Yes
Ot her LA Ch¢ No Yes Yes Yes
Year/ Mont h/ F Yes Yes Yes Yes
Observation: 186, 3¢186, 32186, 3186, 3¢
Rsqguared 0.865:0.867.:0.867:0.867:
Not Blsi:s table repaoretgs ersess wintss tfersdamn@L $ he i mpac
house sdain&gPprCodeamns 1 and 2 include Duwummkg & rhfe

Column 3 includes

(DumPubl )cNe€oil eenn 4
Dubmost Conrplhaec propltai nt
d hhmmiee petr hatd ar es traenpdoarrtdeidz eidn vtahl euiers nionn
number of

thhhemndpaWwent epoes

for the
(LA)
rates,

t he

and active

characteristics
li-sdli mgs
FSA-momd hy éd ®wvel s.

includes
period

i ncl

The

ude
iom

dummy) .

their

both DubhreA@agreinNa imndodBchcen oppuehclie o «
0 w mAng e s tDNilcotPiudd |, c td
Column 5

estimati o#fi asnampl doub
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|l i sted on the -RID$37dperngdt h&t 2005 tliecvse lwiarhe sdie
at 1% | evel with **| at 5% | evel with *, and ¢
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Table 3.3: Information Asymmetry, Complaint Sanctions, and Commission Rates, 20017

Dependent Vari abl ¢ Ln of Sal Price (LnSP)
Moder at or DumATYP DumHi ghVa Fi ne DumSusperDumHi ghCc
(1) (2) (3) (4) (5)
Dumgdehdti ce 0.03071 0.03077 01 3 2*9*6* 0.1®17 0.04920*
(1.91) (1.91) (3.00) (1p (1.99)
DumPublicNotice 0.03452**0.03456**014 793 0.2DB2* * 0.05552**
(3.66) (3.66) (32 (33 (3.06)
DumPost Compl ai nt 0.01996* 0.02000* 006 433 0. ®pP2* 0.03648*
(2.01) (2.02) (3.16) ( 24.) (2.41)
DumpeMdti cBMloder at o 0.20814 0.20699 -0.01308* 06291 -0.08394*
(1.63) (1.62) (-2.)7 (221 1. 99)
DumPubl iTc Nvotdiecreat o 0.19541 0.19426 -0.01232* 06BH7* -0.07332*
(1. 85) (1.84) (-2.)96 (-31p (3. 03)
DumPost COmMioaiemtat 0.14010 0.13889 (Base) (Bajye -0.04567*
(1.81) (1.80) (2. 08)
Moderator 0.26031**0.26191**-000541* 0 .3@3 -0. 04389+
(4. 24) (4. 26) (2.0 2.)%59 (4. 49)
Observations 186, 340 186, 340 5,802 5,802 183, 357
Rsquared 0.8746 0.8747 0.8991 0.8979 0. 864
Main Control Vari e Yes Yes Yes Yes Yes
House Characteri s Yes Yes Yes Yes Yes
Ot her Agent Char at Yes Yes Yes Yes Yes
Year/ Mont h/ Regi on Yes Yes Yes Yes Yes

Notedhis ritabrlesuletpo
antdhccommi ssion rate
(Col umn

taking the I n of the
measure compl aint
than 2. 5%, t o

as the

tot al
sancti omsmpPuWHi gheCofnhe | hhing h5 .o mmh issh oemqual s

from OLS
oml itthse
l1)-vahd etDuenHs V@ d lu etma @noorxiyh her ana y moled Wil .t $fei ne
findDumdwanipyEe allewdmann d4 )t, h ew hliicche nesgeu asl uss poennes ii of n

characteristics,

regr essiasiy smnitee & diisnnge tahneo U mip aacntd osfu & fheen 9 ind n
itdad pfdfaetysemagf atgleet stosmpd i thh s lagW@e e sd aylpd ke @b a chao)u

Fo(e@al umn 3) ,

one i f th

proxYhéodepberdeommv d sihreehtl werad lerl ad (Lonf &td ddn gseap oer operdir cnea b dn e t& h
control Avlar ¢ abl @mBso wsoaT adbhbado takt.dret i s gi agent

and

sampcloevse r -f aimm ¢ lye hous esoni nt hQu eMleSc duidr 4 thegp & rhieo-aDI0Be sr e pot het parent heses b

FSAnd -mertrdivelSs at i sti cs Owibtlhe vseilg na rfei cdadicobt eeade |wiSHoihtl ¢ v, dasanttt h 10 %% | ev el

Wi
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Table 3.4: Complaints Against Agents and Probability of House Sale, 202017

Dependent DumSol d
(1) (2) (3) (4) (5) (6)
Coef. MEM Coef. MEM Coef. MEM
DumppeMdtCrcee 0. 094€¢0.02:0.08850.021¢0.086:0.02
(1.42) (1.32) (1.29)
DumPubl iCec Mo -0.251°"-0.062 -0.254 -0.06
(6. 75) (6. 83)
DumPost CGme -0.116'-0. 02
(-2.96)
Dume mal e 0.002€¢€0.00(0.00220.000'0.0012¢c0.00¢
(0. 35) (0.27) (0.24)
Bl ackAgent -0.673 0.16 -0.669:-0.165 -0.666 -0.16
((16. 14 (-16. 03 ((15. 96
Asi anAgent -0.358 0.08 -0.355:-0.088 -0.353 -0.08
(9. 48) (9. 39) (9. 35)
DOP -1.454 -0.35 -1.454:-0.357 -1.453 -0.35
(-76. 27 (-76. 23 (-76. 22
ContractDur 0.148C0.03€0.14810.036:0.14810. 03t
(103. ¢ (103. 4 (103. ¢
DumPricelnc -0.888 -0.21 -0.887:-0.217 -0.887 -0.21
(27.26 (27. 25 (27. 24
DumPriceDec -0.309 0.07 -0.308‘-0.075 -0.309 -0.07
(-36. 85 (-36. 82 (-36. 82
DumToplListinO.2124320.03£0.14280.035:0.142€¢0. 03!
(12. 8¢ (12.79 (12. 77
HouGlkar acte Yes Yes Yes
Ot her LA Ch Yes Yes Yes
Year/ Month/ Yes Yes Yes
Observation 335, 5 335, 5 335, 5
PseRdguared 0.170 0.170 0.170
NotEBhlki s tablesudaeporftrom Logit regressions test
the probabili Dym®d.l caCohl ouursnes slal e3,( and 5 repor
report mar gi nal effects at tlhye tnheea na g eCotl su mm
(Dumgent NOgt.i cCooCruemns 3 and 4 incl ude DoucAighe ntt iNeJ t

and the public Dofubéei pB)ot p@elGuwmamsy 5 and 6 ir
per iDuddsgenot Ncc®Chebl i c NotdDudh€s e Comp( talh e¢d Cro®lt ai n
dummAil)l. col uifmmhso ucsoentcrhoadotalcdret i sgi agent characi
region f iWeed epfofradlcutedse itn st.h eT hpea reesnttihneastei on s a
sinfgdmi |l y houses in Quebec {2i041t7e ¢oe cait otsht e cML Svi
0% | evel are davh olteevde Iwishtl ¢ vy, , amstd hat* 1°0% | ev
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Table 3.5: Complaints Against Agents and Time on the Market, 2008017

Dependent MOM
(1) (2) (3) (4) (5) (6)
Coef. Haz. Coef. Haz. Coef. Haz.
DumpeMdtCrcee 0.041t1.042 0.03811.0380.03721.03¢
(1.11) (1.02) (1.00)
DumPubl iCc Mo -0.126 0.881 -0.127 0. 88
(-5.91) (6. 95)
DumPost CGme -0.043 0. 957
(2. 00)
Dumemal e -0.002 0.997 -0.003 0.996 -0.003 0. 909¢
(0. 59) (0. 66) (0. 70)
Bl ackAgent -0.515 0.597 -0.514 0.598 -0.513 0.59¢
((17.85 17.79 (17.77
Asi anAgent -0.287 0.750 -0.286 0.750 -0.286 0.75:
((11. 47 ((11. 42 ((11. 41
DOP -0.876 0.416 -0.876 0.416 -0.876 0. 41¢
((-90. 86 (-90. 84 (-90. 85
ContractDur -0.042 0.958 -0.042 0.958 -0.042 0.95¢
(54. 14 (54.11 (54.10
DumPricelnc -0.737 0.478 -0.737 0.478 -0.737 0.47¢
(-34.03 (-34.01 -34.00
DumPriceDec -0.559 0.571 -0.559 0.571 -0.559 0.57
((109. 7 ((109. 7 ((109. 7
DumTopListinO.13421.143 0.134¢1.144 0.134€1.14:
(19. 7¢ (19. 81 (19.8C¢C
House Chara Yes Yes Yes
Ot he€ChhAact Yes Yes Yes
Year / Mont h/ Yes Yes Ye s
Observation 335, 5(¢C 335, 5¢C 335, 5¢C
Not€&€kis table reports results from Cox propo
against tagerhtousen | i st i M@PNMt.i meo lounmntsh el ,ma3r,k ean
Col umns 2, 4 and 6 report hazard rati os. Cc
(Dumgent NOgt.i cCooCruemns 3 and 4 ien pleud e dbuakighs my hNe t

and the public Dofubeéei pB)ot p@elGuwmamsy 5 and 6 ir
per iDuddsgent NgDuBelCkr ec Not Dudh€s € Co mp( talh exd Cro®lt ai n
dummAil)l. coclomfhmeoluse chaotaltcdreti sgi agent characi
region fiWeed epfofraticutedse ith t he parentheses. The
sinfgdmi |l y houses i n Qureibnegc tihiCed t2e0fBeboart o tsht e cML Swi
0% | evel are da%h olteevde IwiS¥ahtl ¢ vy, , amstd hatt 1°0% | ev
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Table 3.6: T-test for Differences Across Complaint Periods

(1) (2) (3) (4) (5) (6)
Vari abl e Agents noti Public no Posbmpl aint
# of aldglelnt s # of aldleln # of aldlelnt s Di f fi( L 2) Di ffi(L3P) Di ffi(@3})
No . of Li st 1,173 3,726 3,082
DOP -0. 003 -0.007 -0.028 -0.004 -0.021* 0.017*
(0.)38 (-2.)20 (2.2
ContractDur ¢ 8§.691 8. 285 7.910 -0.406* 0. 780 -0.374 *~°
(-2.)12 (-4.)6 (3.)23
DumPricelnc 0.0114 0.020 0.020 0.006 0.007 0.0a
(1)46 (1)61 (0.)25
DumPri ceDec 0.361 0. 336 0.306 -0.024 -0.032*** -0.030**
(k1. 52) (-3.32) (-2.62)
NotTehii s tablsul-tpetf®soft | isting attributes for each pairing dr awnotfircoem pteh
posbmplaint period. The f ut d&mielsy i Imias i id egds amp It @ee ovbLed Gedi Us iipmegy! igo bea | V@G5 é mo rti
Statistics with significance at 0.5% | evel are denhbted with **=x* at 1% |
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Table 3.7: Propensity Score Matching for Listings during Complaint Periods, 2005 2017

Dependent Vari LnSP DumSol d MOM
(1) (2) (3) (4) (5) (6)
Coef. Beta Coef ME M Coef Haz.
Dumg eddti ce(Cr 0.0350.07:0.04210.0100.0212z1.02
(1. 86 (0.60) (0.52)
DumublicNotice 0.0420.07:-0.222 -0.052-0.104 0.90
(2.65 (-5. 02) -4.02)
Dumost Complair 0.0350.07:-0.037 -0.00¢0.03521.03
(1.99 (0. 82) (1.33)
Observations 10, 55 18, 70¢C 18, 70¢C
Rsquared 0.877
PselRdgquared 01848
Main Control Ve Yes Yes Yes
House Characte Yes Yes Yes
Ot her LA Charat Yes Yes Yes
Year/ Mont h/ Regi Yes Yes Yes
Not &bhi s rtepolred s results for propensity score match
regressions (Columns 3 and 4), and Cox proportional
against agent sutocno mehse itmr atnesrancktni ofh o o b a b s & D& ynSo i adé o
on t heM@BirrkeMai(n control variables in Columns 1 and
in Columns 3 and 4t heds &oé uman st Boaadi 8 Aamlleeds amd t’
Statistics with significance at 0.5% | evel are denk

C
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Table 3.8: Robustness Check: 3SLS Model and Heckman Selection Model for
Sample Selection Bias, 2008017

Dependent Va LnSP
(1) (2) (3) (4)
Coef . Bet a Coef . Bet a
DumgehMdti ce 0. 045560.005570.044900.00548
(1.97) (1.92)
DuRubl i cNoti 0.043500.009510.051660.01128
(2.51) (3.09)
DubPost Compl a 0.015100.006480.033430.00712
(2.01) (2.28)
Fitted3SLS 0.25968
(3.55)
I MR 1. 1364¢
(6. 08)
Main Control Yes Yes Yes Yes
House Charac Yes Yes Yes Yes
Ot her LA Cha Yes Yes Yes Yes
Year/ Mont h/ R Yes Yes Yes Yes
Observations 186, 092 186, 340
Rsguared 0.8670 0.8702

NotedsThi s traebdfied orierpebern e | ¢ 8StL S3gmadel and Hectkén
t he i nepoancptl acifnt s a g aidnisntall issatlien @p napdgeeeBsd Isaufmnh dlu s en
value of the medcolnd rmttagee tpCodreSidmc udeever se Mi |
from the probit modelstiep tHRee kiniamns.ts eGod 2upmrb h 4 tib
standardi zed coef fi Ail éntcsol fumdomh oQisset muohdaerl asc.t e r
characteristics, and year, mont h, antdhceoengq ir @
Table 2. Wealreporintiteangarame usd s e ch nadt -mtehalerd Fe
The estimation sampl ef$amot yahbuwmedel § si edd ld7e to
Statistics wOedhl|l evghi r e ada&d ol beevde | wishh hi e vet,, asatd |
|l evel. with
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Table 3.9: Robustness Check: Simultaneous Equations for Reversal Causality

between Sale Price and Listing Time, 2008017

Dependent Va LnSP Ln( DOM)
(1) 2
Dumgehdti ce( 0.04290 0. 0511¢
(6.29) 1. 39)
DuRubl i cNoti 0.04690 0.00102
(12.10) (0.05)
DumRost Compl a 0.03264 0. 0635¢
(8.23) (2. 94)
Ln( DOM) -0.0023:
(0. 84)
LnSP 0.59471
(7.89)
Li stingDensi -0. 0005¢
(66. 96)
Competition 0.000012
(57.64)
Main Control Yes Yes
House Charac Yes Yes
Ot her LA Cha Yes Yes
Year/ Mont h/ R Yes Yes
Observations 18%40 186, 340
Rsguared 0. 867 04233

N o t: Bhis tablereports the results using 3SLS simultaneous equations for the natural log the final sale p
house (LnSP) and its listing time on the market (in days) (Ln(DO®).| umn 1 reports |

equation in which UWrhSP daenpde nQGloel nutmnv a2r iraebpl oer tiss
vListing Dertsityp@dCongpetitionvgriBb@d/Mmeasure the concentration of listir
Col umn

the dependent

in neighborhoods and ensure the identification of each equitian. nt ct@lns i n

in Table 2 and
characteristics,
enfThesesti mati on

par
2017 period.
*

main controls

l'isting
sampl efafmot yahbumedel s§sitedl
St at 0% il cesv ewi tahr es idgithioft eeeda had 86 hth & v &

and aéel 1@t he

i n

t he

Adoll uanml u2rrfnai;roeu-

character ivad Bic §
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Table 3.10: Agentods Notice Datei2&sed
Dependent V LnSP DumSol d MOM
(1) (2) (3) (4) (5) (6)
Coef Beta Coef. MEM Coef Haz.
DumgemMmdti ceA(C 033 0.9® 0.3 0. ®0:0.1®@ 2 1.01
(63 (-0 6)2 (6Yy
Dumubli cNotice O5@0-°0Q09 -0.255 -0.06:-0.127 0. 88
(2.)98 (6. 85) -5.96)
Dumost Compl air O0.98 0.0 -0.116 -0.02¢-0.043 0.95
(2. 38 (2. 98) (-2.01)
Observations 186, 3 335, 5¢C 335, 5¢C
Rsquared 0. 67
PselRdgquared 01705
Main Control Ve Yes Yes Yes
House Characte Yes Yes Yes
Ot her LA Charat Yes Yes Yes
Year/ Mont h/ Regi Yes Yes Yes
Not&@bhis table reports results for the alternative
(DumAgent a&NmoduintcAegle nt Nptf ce@r ®AS regressions (Col umns
4) , and CaxXx praemordtinoodel s (Columns 5 and 6), test
transaction outcomesLndPtprmbabf | DomS)e,f daarbd stpir raav ).
Mai n control vaandbPRPesarent el smme 4s those in Tabl
and Columns 5 and 6 are the same axaltukses e ni nShtEathplaat

signi fDdBheeyedt ar e

d 4% olteevde IwiSoiht & ve),, amdtd ha t*

0% | ev
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Table 3.11: Agentdos Gender i20id | mpact s
Dependent Variabl LnSP DumSol d MOM
(1) (2) (3)
DumgehMdti ce(Cre) 0.03754 0.10093 0.0968"*
(1. 48) (1.41) (2.24)
DuPublicNotice(Cr 0.03563 -0.1969* -0.1051
(1.93) (4. 28) (4. 06)
DubPost Compl aint (C 0.01504 -0.2171* -0. 0966
(0.92) (4. 65) (-3. 63)
DumgeMdti ceDCmEd ma 0.03127 -0.0929 -0.2192
(1.36) (0. 60) (2. 55)
DuRubl i ¢ NoltDiuare-(e@ra 0.04461 -0.1757* 0. 0697
(2.97) (2. 26) k1. 53)
DumMost Compll®umfF e @ 0.06250 0.3217* 0.1694"
(3.42) (3.79) (3.67)
DumFemal e 0.006739 0.0010 -0. 0036
(1.66) (0.12) (0. 74)
Observations 186, 340 335,505 335, 50°¢
Rsqguared 0. 867
PselRdgquared 0.1706
Main Control Va Yes Yes Yes
House Character Yes Yes Yes
Ot her Agent Cha Yes Yes Yes
Year/ Mont h/ Regi Yes Yes Yes

NotesThis rteabéekf repemniO& S

proportional

compl aints against
Femal e ageomntmFeamygu@l s one if
contr olAd | v @&roil asbfirose woe t T &H |
and year,
12i0dt7repean owlad WIS ¢ ot

variabéeshe same
ot heérsdadgermt
family houses in

characteristics,
Quebec

agents on

t he

(€ol enmsni dns
hazardtimodeltha@€ompé@mmg &) e ¢ilhepfafce re
housd ismeel e@np.t

|l ogit mo

the Uhsépogt ade

momd wvher -¢

Statistics wDitvh | ivehdanoardléowbhelh et * 54 tl betvier , aa

10% | e V.el wi th

173

of



Co

Tabl 3.12: Agentdos Race d80d7 | mpacts of
Dependent Variabl LnSP DumSol d MOM
(1) (2) (3)
DumgehMdti ce(Cre) 0.4B29 00774 00334
(95p (12 0.)»7
DuPublicNotice(Cr 05M33** -02626* 01321+
3.0 (-6 .)89 (6.7
DubPost Compl aint (C 0.03676 -0.134%6 -00510
2.)39 (-3.)38 (-2.)30
DumgeMdti ckBICaeRAg 0.01029 0. 8033 0.5235
(0.)23 (.00 2.17
DumgeMdt i c eALCiranAg -0. 10849 -0.3497 -0.2003
-1.94) 1. 03) (0. 86)
Dumubl i ¢ NoltBil caec (kQ\rg -0.06787 0. 7086 0.3865"*
-1.)%9 (2.%5 2.)014
DuRubl i c NoltAisd e (n@rg 0.03307 -0.1850 0.0091
(0. 82) (0. 85) (0.05)
DumMost Compli8i ack@ -0.003520.6%M50 0.3932"°
(-0.) 8 2.42 2.)36
DufMost Complilasna0®& -0.108040.1764 0.1394
1. 99) (0.65) (0.76)
Bl ackAgent -0.02268 -0.7091* -0. 5373
k1. 59) -k16.52) (17.94)
Asi anAgent 0.02800 0.3472* -0.2860
1.)32 (-8.)00 (-(11)10
Observations 186, 340 335,505 335, 50¢
Rsqguared 0.8672
PselRdgquared 0.1706
Main Control Va Yes Yes Yes
HouGlaracteri st Yes Yes Yes
Ot her Agent Cha Yes Yes Yes
Year/ Mont h/ Regi Yes Yes Yes

Not esThi s
proportional

nteabeef repmntOs S (€ol emani dns l ogit moe:
hazaredtmnde Itsh e gleom pudmsnt 1t3d) e e itdhi Efafcet rs

compl aints against agents on the housemsadbr tph
Race i rRdairceaetqoural(s one i f the |listing agent i s
agent, and equals three Uhrelpert idtvnaarg reabgeensthre
contvraagli abl es i n TAbll esol2u nmnétocaasmd rcdla o & bleiesrtiisnt
characteristics, and year, mont h,cawndr -t igi dlpe |
Quebec Ilisted on thle?7 MLeS idoud-v aVgel d@rcheep o GtOte par

signi fD&Aheeedt ar e dadh olteevde |wisti il ke ved,, asatd hatt 150
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Figure 3.1: Complaint-related Dates and Periods Défition

Complaint filling date

or

Earliest (guilty plea date,
guilty hearing date,
sanction hearing date)

Earliest (guilty
documentation date,

sanction
documentation date

Agent Notice Public Notice Public Notice Public Notice
Date Date Date + 2 years Date + 5 years
— . - —sr
| I 1 |
| ' |
Agent-only- Public-notice Post-complaint
notice period period period
Note: This figure defi-nelsatéeée dabes mphgem

Notice Dat e, and

t-rher leset @ dnppe niagpd $ ¢ ©@Agpamadi toi
period,campl ®iorstt

period.
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Appendix 3.1: Variable Definitions

Vari abl es Def i ni ti ons
PaneCowpl-ragindt ed Dummy Vari abl es

Agents notic per i ods dbtuchrmiyn  =tlh
DumgehMdt i ce that the agent is advised about

Agents notic per i odc rdeatmgyd g lt
DumgeMdti ceCrperiod that he agent uits tahdev ipsue
advi sed; =0, otherwise)

r
e
n
=0, ot her wi se)
e
t

Agents notice peri ods dbtuthrmiyn =tlh
DumgeMdti ceA that the agent is advised about

date), but the public is not;

Agents notice peri odcrdeatogd 0glt

DumgeMdt i ceCrperiod thatvitskeed adbent itheadomp

complaint file date), but the
DuRublicNoOt i Publ i c n dtuimeng F(dnré!,ddsbl/vd_nglnsth
after the public is advised abc
DuRublicNoOt i Publ i c natuimeng r(dqml,dcb_fse:a/_\nlgtmllsn_t
years after the public is advi:s
DuFﬂostCompIaPOSt compdammy phm;bdbhﬂngrlswt
before five years of the publ i

Post compdammy ¢ bdb eiatfgdirs t
but before five years of the pl
PaneTr&8nsaction OQOutcomes

Dumost CompCa

SP House final sale price

LnSP Natural |l og of SP

DumSol d Sold dwrmy i f the listing is so

MOM Listing months on the market be

Panel C: Main Control Variabl es

DumFemal e Agent gender dummy (=1, if f ems

Bl ackAgent Agent race indicator: Bl ack age¢

Asi anAgent Agent race indicator: Asian age

Ln( MOM) Naturafl MOM

DOP Degree of overpRuthegfpAdg!l 200!

Contract Dur a Duration of the selling contrac
Asking price increase dummy ( =:

DumPricel nc .
ot her wi se)

Asking price decrease dummy ( =!

DumPri ceDec .
ot her wi se)

DumDual Agent Dual agent transaction dummy (=
ot her wi se)
. . Top |listing brokerage fi renhad mtr
DumTOpLIStlntop 6 brokerage firm; =0, ot her
Panelth®r DOmportant Vari abl es
DumATYP Atyplca! ho'use'dummy .(:1,.|f tt
percentile in its region in the
DumHighVaIuenglmlue. house .dummy (.:1, .If t h
percentile of its region in the
Commi ssi on Commi ssion ratiemaggehti ts to the I
. Hi gh commi ssi on rcaotnemidsusmnoyn (r=alt,
DumHi ghComm buying agent > 2.5%; =0, other\
FineAmont The fine amount for a compl aint
Fine Natural | og of the fine amount

176



SuspensionLe The suspension days for a compl

Suspensi on Naturafl ttllbg suspension days for
License suspension dumm =1, i

DumSuspended . _p_ my (
suspension; =0, otherwise)

Not &@€his table reports summary statisticsCdnmnpl
Rel at ed Dummwyd e\paernidaebflteasv s a cabpea®dt mamaescontro
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Supplementary Appendix3.1 (SA3.1)

SA 3.1. Predicted Selling and Asking Prices for a House

We estimate the predicted selling price of hduet "Ybased on its characteristics
@ under the market conditions for a certain forward sortation area (FSA) based on the
first three digits of the Canadian postal code in a given month and year when the house
gets sold or a listing expires, whichever comes first. We use a&tepoHeckman
Sdection model (Heckman, 1979) because final sale prices are missing for expired
properties andrdinary Least Square (OLS) estimations would be biased due to the
incidental truncation of the sample. We calculate the inverse Mill ratio (IMR) using the
outpu from a firststep Probit model used to estimate the probability of a house being
sold by taking the ratio of the probability density function (PDF) to the cumulative
distribution function (CDF) of the distribution. In the second and final step, we segres
the final sale price on the housebds charact
the estimated coefficients from the hedonic OLS and the Heckman selection models are
similar, the predicted values from the Heckman selection model are used in the

appropriate sections of tlessay

The two equations in the Heckman selection model are:
00 aYE aQ | @ O O O ” I @

0¢&"Yo' G 0 "O "O « | o0&

whereO 6 & "Yéisoa®inary outcome variable, which equals one if the house is sold
and zero if the house is expired.is the IMR from the probit model @1).0 £ "Y0
represents the natural log of the final sale price, andthare the characteristics of
housd. O ,"O ,and’O are fixed effects for year, month, and forward sortation

area, respectively.

The empirical results reported in Cbland 2 of SA Tabl8.1 indicate that the final
sale price of a singlamily house is significantly and positively correlated with
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property features such as the building and lot sizes, number of bedrooms and bathrooms,
number of garages and drivewaysd @aine dummy for the existence of the irregular lot
size, and negatively affected by building age and the dummy for the existence of an air

conditioner, an electronic baseboard, and irregular building size.

We estimate the expected asking price ofahousegn t he houseds cha
and the market conditions when the house becomes listed on the market. Due to a
serious heteroskedasticity problem associated with the OLS model, we use the flexible
general least square (FGLS) model proposed by Ruthextaid (2005). We estimate
the degree of overpricing) U Dfor each house by the error term of the asking price

model (Anglin, Rutherford, and Springer, 2003; Rutherford et al., 2005).
The equations of the FGLS asking price model and the degree qirioire,
0'Q"Q QQ0 L Qiargi QOQE Q
DEOUL. . e O O O T I &
T 0£0600&00 | &
whered ¢ 6 r@presents the natural log of the original asking price of HoSsandard
errors are clustered at the FSA level.

The results reported in Col. 3 and 4 of SA Tahle exhibit similar relationships
between the predicted original asking prices and house characteristics for the two
estimation approaches; namely, an OLS model with standard errors clustered at the
FSA level, and the FGLS model adjusted to account for hetenlaskicity. As was the
case for the final sale price, the expected original asking price has the same directional

correlations with similar covariates.

[SA Table 3.1 about here.]
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SA Table3.1: Predicted Sale Price andPredicted Original Asking Price, 19942017

Dependent \ Ln(SP) Ln( AP)
Met hodol ogy HeckmarOLS Fl exGlb3 OL S
(1) (2) (3) (4)
I ntercept 10.8528 10.7970 11.0145 10. 9895
(260. 25 (288.009 (81.84) (200.06
Fl oor Si ze 0.0005* 0.0004* 0.0005* 0.0004*
(199.92 (43.61) (38.84) (53.60)
FIl oor Si zeSq -0.0000* -0.0000* -0.0000* -0.0000F*
((126.35)(24.58) (-18.92) (-28.09)
Lot Si ze 0.0000* 0.0000O0F* -0. 0000 O0.0000*
(86.82) (11.36) (0.17) (16.27)
Lot Si zeSq -0.0000* -0. 0000* 0.0000 -0.0000*
(57.47) (8.84) (1.30) ((13.17)
#Tot al Bedr oo 0.0246* 0.0256* 0.0369* 0.0225*
(61.23) (14.01) (13.40) (11.47)
#Tot al Bat hr o 0.0943* 0.0883* 0.1090* 0.1024+*
(140.56 (24.16) (21.87) (20.55)
Age -0.0057* -0.0056* -0.0046* -0.0045*
(-320.52)(38.97) ((14.72) (32.85)
#Dri veway 0.0076* 0.0070* -0.0010 O0.0092*
(38.91) (9.15) (0. 91) (14. 46)
#Gar age 0.0587* 0.0515* 0.0623* 0.0586*
(101.99 (29.75) (22.89) (37.25)
DumForcedAir -0.0071* -0.0086* 0.0379* -0.0029
(6. 91) (-2. 83) (5.95) (-0.91)
DumEIl eBase -0.0275* -0.0314* -0.0415* -0.0372*
((30.08) (13.182) (-15.63) (26.17)
Duml rr Buil di -0.0048* -0.0012 0.0062* 0.00114
(-5.72) (0. 77) (2.38) (0.99)
Dumlrr Lot 0.0129* 0.0103* 0.0104* 0.0181*
(16.65) (5.93) (4.32) (10.91)
Year / Mont h F Yes Yes Yes Yes
Regi on or FS FSA FSA Regi on FSA
Building Typ Yes Yes Yes Yes
Property Typ Yes Yes Yes Yes
Observations 942,458 579,060 846,265 846, 265
Rsquared N/ A 0.8378 0.80414 0.7525
Lambda -0.1991* N/ A N/ A N/ A
SE clustered N o FSA Lev FSA Lev FSA Lev
Not edodlumnd eport trhiesawk man f $®@imect i on model anc

pricaboaske,
and OLS model
(Forward

Col umn 3.

al | model s
family houses
0% | evel ar e

Sortation
eWec rrietpiocratl
except

for
in

t he

t he

in the

d 8% olteevde IwiSkiht ¢ v}, , asdtd ha t*

respect3idvaenlagyp o rGo | ruemsngeinte ke afigrtuoamn ef | meoxdi
oni garseka lingt iprg cteh eo f
Aslka)2 ., fiaxred 2fdrdttsheé ny Cai

tsht ati stics
Hec kman

house.

parenttfF

Sel ection m
Quebeci npgr otvViRe LIR9 9k rait @dl.t oo st i
1°0 %

| eve
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Table 4.1: Summary Statistics

Panel A: Listing House Chatid@ayteristics (West
Vari abl e Obs. Mean Med. 0.25 0.75 SD
Total # of bedroor 10, 933.93 4.00 3.00 4.00 0.86
Tot al # of bathro+ 10,931.87 2.00 1.00 2.00 0.69
Buildimg size (ft 10,931,3571,2151,0081,621581. 8
Lot &ize (ft 10,937,3586,4265,4408, 2144,608
# of garages 10,931.13 1.00 1.00 2.00 0.70
# of driveways 10,933.08 3.00 2.00 4.00 1.59
House age 10,9340.3841.0026.0053.0018. 98
Contract dwuration 10,935.69 5.83 3.93 6.63 2.29
DOP (Degree of ov: 10,93-0.007-0.007-0.1010.0870.23
deci mal)

DOP (based on LLP, 16,11-0.017-0.015-0.1090.0790. 25
I'LP (Il piriica®l ini $th 10, 93473.8417.0349.0539.0213. 14
LLP (Last Ilist pr 10,93465.1399.9339.9529.0208.5
SP (Sold price in 7,023426.2380.0320.0480.0172.6
Days to {hée efdiurcstti 3, 87458.0148. 0027.0077.0042. 47
Li-stice reduction 5,1880.0380.0320.0240.0480.02
Panel B: Listing ®S2®1tau)s (West I sland 2012
Vari abl e Obs. %

Number of I istings 10, 930 100%

Number of sal es 7,023 64. 25%
Number of | istings with pri3, 874 35.44%
Number of | istings with exe2, 774 25. 38%
Number of |l istings with at 3,874 35.44%
Number of |l istingsedvudcthi @exs886 8.11%

Number of |l istings with at 1, 100 10. 06%
Number of |l istings with exe2l1l4 1. 96%

Panel C: Key Variables for PB®&dtring Hypothesis 3 (
Vari abl e Obs. Mean Med. 0.25 0.75 SD
Ratio of sold pri 3,1540.95 0.96 0.94 0.97 0.03
Ratio of sold pri 3,1540.91 0.92 0.89 0.94 0.05
#Hi st PriceReducti 3,1540.73 1.00 0.00 1.00 0. 44
#Hi st PriceReducti 3,1540.22 0.00 0.00 0.00 O0.42
#Hi st PriceReducti 3,1540.05 0.00 0.00 0.00 O0.21
Sold price (in th 3,154396.8357.7299.7445.5157.38
Last list price ( 3,154416.4374.9314.9469.0169.0
I nitial list pric 3,154439.2389.0329.0490.0183. 3
Ln(lnitial Iist p 3,15412.9312.8712.7013.100. 33
Aggr eg®tre clei steduc 3, 1545. 00 4.20 2.80 6.40 3.20
PriLogti ce reducti 3,1544.00 3.40 2.50 4.90 2.60
Degree of overpri 3,154-0.064-0.061-0.1540.0320.23
deci mal)

Listing time to s 3,1543.35 2.92 1.84 4.44 1.83
Ln( MOM) 3,1541.02 1.07 0.61 1.49 0.65
Contract duration 3,1546.32 6.10 4.77 7.20 2.28
DumbDual Agent (=1) 3,1540.23 0.00 0.00 O0O.00 O0.42
NotedThis table report shosusmremearhya rsatca teirs tsitd s afnoarh dl iihs
on the | ocal MLS in the west island area in the G
A and B) and between January 2008 and December 20
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Table 4.2: Cox Model for the Sold Events, West Island, 20122017

Sold Event
(1) (2)

Hazar (pvalu Hazar pvalu

Rati o Rati o
DumReducti on 1.7767<0.00
#Hi st PriceReducti
=1 1.583<0.00
=2 2.715<0.00
=3 3.916<0.00
DOPRecent 0.597°<0.00 0.613<0.00
Cat ContractDurati
[ 6, 12) 1.088°0. 001 1.090<0.00
> 12 Mths 1.050 0.560 1.0340.6091
CatBed (Base: < ¢
= 4 bedr ooms 1.063°0. 045 1.0590.059
> 4 bedr ooms 0.945 0.169 0.9450. 164
#Total Bat hr ooms 0.904°<0.00 0.900<0.00
DumFl oorSi e (> 1 0.929°0.049 0.9350.070
DumLot Si zed (> 8,2 0.924°0.023 0.9280.030
#Gar ages 0.982 0.424 0.9800. 352
DumDri veway (> 4) 0.87370.005 0.8720.0014
Cat Age(Base: <=1¢
(15, 50] 1.145°<0.00 1.141<0.00
(50, 80] 1.2687°<0.00 1.259<0.00
>80Yr s 1.176°0. 075 1.1610.098
Year/ Mont h FE Yes Ye s
Building Type FE Yes Yes
Propeype FE Yes Yes
# of Sold (Termir 7,023 7,023
# of Listings (Ce 10, 93 10, 93
Observations 10, 93¢ 10, 93
NotesThis table reports results from the (

i mpactproifcd irséducti on
sale and Col umn 2
(categor#yHivaRPriab¢ Redothi cowl umns
(DOPRexeand | isting
tot al
variabl es
and a dummy
of driDewlryisy d waeggar and month fixed
type fixed effects are controll ed
l i stings in tihne tweestGriesaltaenrd Mornetar e al
201 ARl ues for Hazard Ratios (HR)

for

PueRedjidommnw heati &bl
studi esat he eic eppra ectet ofeidst
include t
characteristCaent sacthDua
onfu mibatr hTrootcanisB ajt /h Rblbens nu mb & Ga rQd,g eg aarea
t he Qatthdd fnaurmbtelre od o rosetd@ eotokm
var DamFeo)pp i & el osis Fizme ( f or
effect
for

-fi @ami
regi

indicat
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hypothesis that the Hazard Ratab t bhee¢d @alec«
with a ***, at 5% | evel with a **| and at
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Table 4.3: Price Reduction Dummy: Standard Joint Frailty Model for Recurrent Listing
Reductions and Sold Events, West Island, 20122017

Recurrent I SoEdent s
(1) (2)
Hazar (pvalu Hazar pvalu
Rati o Rati o
DumReducti on 0.005<0.00

Cat PreChg (Base:
Prior reduction 0.3487<0.00

Prior reduction 0.461°<0.00

DOPRecent 0.834°0.010 0.505<0.00
Cat ContractDurati

[ 6, 12) 0.808'<0.00 0.8820.044
> 12 Mt hs 0.593°<0.00 0.507<0.00
CatBed (Base: < ¢

= 4 bedr ooms 0.980 0.641 0.9540.515
> bdedr ooms 0.892°0. 056 0.7590.0009
#Total Bat hr ooms 0.947°0.095 0.8400.001
DumFl oorSi e (> 1 0.885’0.022 0.7930.011
DumLot Si ze? (> 8,2 0.841'<0.00 0.751<0.00
#Gar ages 1.034 0.319 1.0940.126
DumDri veway (> 4) 0.850°70.021 0.7440.016
Cat Age(Base: <=1¢

(15, 50] 1.532°<0.00 2.101<0.00
(50, 80] 1.890°<0.00 3.307<0.00
>80Yr s 1.479°0. 002 1.6820.016
Year/ Mont h FE Yes Yes

Buil ding Type FE No Yes
Property Type FE N o Yes
Frailty Parameter

Theda ( 1.091°P<0.0

Al pba ( 2.620'P<0.0

# of Recurrent Reductior5, 188

# of Sold (Terminal Ever7, 023

# bifstings (Censored EvelO0, 93

Observations 16, 11

NotesThis table reports results from tipei
reductions (Column 1) and for thevanuskl &
price reducti ®OnumRerdhy tvwadrnicdvbalirey i (@ gt icroe ar i &
process. Only Copruimne 1r ddectuircre negvdntsd) i
reduction si zeproifc et hrézagpurce)eii®@bRyos( H icsol umns i
most recemMOPRiesgttapdi tes{(ing characteristi
(Contract Durtahtei otnot al n uTbtea | Baadt ,h IR& b s awmetxe
#Gar)aget he category variabl eCsatfBeerd ftolre ttheet |
of theahdAwseand a dummy vDaurnFa boloer Sfi azrreD @l hold @ Yrs
and for the nuDnbreDr iov.e i@y Coel wanyns 2( (sol d ev
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type fixed effect and the property type f

columns. The full estfiamatiyohi sammilges ¢ ov ¢ehr
Montreal region during tkwealpeeds ofdorbeH aveaern:i
the smallest significance | evel to reject

Statistics with signidédcantcet ad%thev dl% Wwie
l evel with a *.
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Table 4.4: Number of Historical Price Reductions: Standard Joint Frailty Model for
Recurrent Listing Reductions and the Sold Events, West Island, 20122017

RecuRredemntct Sol d Ever
(1) (2)
Hazar (pvalu Hazar pvalu
Rati o Rati o
#Hi st PriceReducti
=1 0.008<0.00
=2 0.001<0.00
=3 0.000<0.00

Cat Pr(eBahsge : no pr
Prior reduction 0.324°<0.00

Prior reduction 0.401°<0.00

DOPRecent 0.840°0.010 0.401<0.00
Cat ContractDurati

[ 6, 12) 0.777°<0.00 0.9350.286
> 12 Mths 0.534°<0.00 0.534<0.00
CatBed (Base: < ¢

= 4 bedr ooms 0.976 0.567 0.9790. 767
> 4 bedr ooms 0.899°0.071 0.7900.033
#Total Bat hr ooms 0.947°0.0090 0.8570.0083
DumFl oor Si e (> 1 0.885°0.019 0. 756 0. 002
DumLot Si ze) (> 8,2 0.830°<0.00 0.704<0.00
#Gar ages 1.042 0.198 1.1440.016
DumDri veway (> 4) 0.850°0.019 0.7550.022
Cat Age( Base: <=1¢

(15, 50] 1.508°<0.00 2.232<0.00
(50, 80] 1.865°<0.00 3.607<0.00
>80Yr s 1.446°0.003 1.9200.002
Year/ Mont h FE Yes Yes
Building Type FE N o Yes
Property Type FE N o Yes
Frailty Parameter

Thedh ( 1.122°P<0.0

Al pha ( 2.761°P<0.0

# Rédcurrent Reductions (5,188
# of Sold (Terminal Ever7, 023
# of Listings (Censored 10, 93
Observations 16, 11
NotesThis table reports results from Itilpeti
reductions (Column 1) and for the house
number of hi stprriiccealr ercewceutrircebgtmBa tlsggbwl ne-h
varying covariate imly h€olhwmrs e lpsrOitceec yrraodew
includes the category variablprifoa rnGakuRore
Both columns include the DDOPRedcfeattide | megti v
such as t he I i stiCognt rcaontl Duwarctahh e duwroatailonnt
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(Fot al Ba),h Rtolobensnu mi#eGrarmfgeiglae agatsedgory var.i
bedr o@anisBe(df or the constiCathAigemaademmy Vv &I
si DamfFl opr St aeDlmto)¥s$izerd for t he Dwmbreiry

Only Column 2 (sold events) includes the
Year and monwtheftcwatdreffedt$sor in both cc
sinfgdmily I istings in the west island arec¢
2012 andR2ukes for Hazard Ratios (Hyeindego
nul | hypothesis that the Hazard Rattitohe sl
denoted with a ***_ at 5% |level with a **
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Table 4.5: Ratio of Sold Price to Last List Price and the Number of Historical Listprice
Reductions, West Island, 2002017

Dependent Ratio of Sold Price to La
(1) (2) (3) (4) (5) (6)

(Ba#Hi st Pri c=elRed

#Hi st Pri cze2F0.007¢€0.007€0.00720.00770.00740.007:
(5.34)(4.19)(2.78)(4.59)(3.78)(3.02)

#Hi st Pri cee3F0.02010.018€0.02610.01850.01720.0241
(6.94)(7.26)(4.42)(7.11)(9.78)(4.67)

AggregateDr -0.177 -0.165 -0.203
(6.34) (4.53) (5.49)
Cat AggDrop

(Base: 1D %,

(2.8% 4.: 0.002 -0.001 -0.000
(1.19) ((1.02) (0.27)

(4.2% 6. ¢ 0.004 -0.003 -0.005
(2.20) ((1.63) (2.42)

> 6. 4% 0.010 -0.009 -0.012
(3.28) (2.45) (2.62)

Ln(1 LP) 0.033 -0.032 -0.030
(2.03) ((1.47) (0. 74)

DOPLLP -0.002 -0.001 0.00070.031C0.031C0.030¢:
(0.23) (0.21) (0.08)(3.00)(1.75)(0.78)

Ln(MOM) -0.006 -0.006 -0.005 -0.006 -0.006 -0.005

(9.85) (6.74) (3.47) (9.35) (5.94) (3.33)
ContractDur ©0.000 0.000C0.000€-0.000 -0.000 0.000E¢
(0.54) (0.03)(1.18)(0.64) (0.06) (1.08)
DumbDual Ager ©.011 -0.012 -0.012 0.011 -0.012 -0.012
(6.32) (6.73) (4.46) (6.63) (7.28) (4.48)

House Chare: Yes Yes Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes Yes Yes
Brokerage | No Yes Yes No Yes Yes
Listing Age N o N o Yes N o N o Yes
Observatior 3,1542,9282,3233,1542,9282, 323
Rsquared 0.1070.2310.4200.1030.2280.417

NoteThisepabdi® results from OLS regressio
recur eantcel irgtHust Ponge Pend uctei crati o of t h
(SPt o)L.LPThi s study examineseoal yl spsidc é nisé |
controls for-ptheeaggdAegggtrieegmitidesDd @l B mabwd A g g
in Col-@mnsCal umns 4 to 6 includel hbpLRBAILIU]
includerphecong | eveDOPOLALR hdel dststliinfgn ¢ M)

the |listing Comttract Duraantditaam dufmmy vari abl
(DumbDual)Ageéntt the regressi onasndi nccolnutdreo | h of uo
city fixed effects. Columns 2 and 5 incl
brokerage firm fixed effects. Columns 3 a
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l i sting agetng. fTike df wiflf est i-fmamii loyn tsraanpg &
island area in the Great Montreal regi on-
values in the parentheses based eonymsiraihd:
Statistics with signifiatdahceatt5%Ww eeel w

with a *.
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Table 4.6: Ratio of Sold Price to Last List Price and the Number of Historical Listprice
ReductionsinSel | er 6 s -sveelrlseursO sNoMar ket 2017 We s t |l sl and

Dependent Ratio of Sold Price to La
(1) (2) (1X 2) (3) (4) (3X 4)

(Base: #HistPric

#Hi st Pric=e2F0.001€0.0084-0.006 0.00010.007¢-0.007

(0.34)(8.19) (0.01)(6.40)

#Hi st Pric=e3F0.019€0.018C0.001€0.02120.01600. 0052
(3.17)(6.67) (5.80)(5.29)

AggregateDr -0.125 -0.169 0.043¢-0.109 -0.157 0.047¢
(2.28) (5.02) ((1.81) (4.47)

House Char ¢ Yes Yes Yes Yes

Mai n Contr ¢ Yes Yes Yes Yes

Year and Ci Yes Yes Yes Yes

Listing Brc N o No Yes Yes

Observatior 590 2,543 528 2,443

Rsquared 0.215 0.095 0.334 0.154

NoteThis table reports results from OLS r
recur rperntcel irggstHust Pohge Renductei crmti o of t hi
(SPtoLIdnl | er 6s markets [colelmes 661l maakdt §
and their diff-e2gne@d) ][.8pAlulmntsheg 1lregr essi

and same main control vari abelgerse sass oQal whor
city fixed effects. Columns 3 and 4 incl
estimation sammlim | gonterannsaichgloms in the
region dur ientgwetehne 2p0elr8i ocadn db -2 ®11des Wenrehper
standard errors clustered at the city 1 e
wi a*h**, at 5% | evel with a **, and at 10%
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Figure 4.1
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Figure 4.2: Time-varying Effect of the List-price Reduction Dummy on the
Likelihood of a House Sale (Cox Model)

Time-varying Effect of the Reduction Dummy an the likelihood of Sale (Cox model)
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Figure 4.3: Time-varying Effect of the List-price Reduction Dummy on the
Likelihood of a House Sale (Joint Frailty Model)
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Appendix 4.1: Variable Definitions

Vari abl es

Definitions

#Dri veways
#Gar ages
#Hi st Price
#Total Bat hi
#Total Bedr «
Age
AggregageDi
Buil dingsSi:

Cat Age

Cat AggDrop

CatBed

Cat Contrac-

Cat PreChg

Cat PriorDr.

ContractDu
DOPLLP
DOPRecent
DumBui |l di n:
DumDri vewa'
DumDual Age|
DumLot Si ze
DumReduct i
DumSol d

I LP

LLP
Ln(Buildin
Ln(LLP)
Lni(ot Si ze)
Ln( MOM)
Lot Si ze
MOM
PriorDrop
SP

SPtol LP
SPtolLLP

Total numbe of driveways

Total numbe of garages

Number of histpricalredcatrtirens | i st
Total numbe of bathrooms

r
r
i
r
Total number of bedr ooms
Construction age of the house
Aggregptecéiseduction size (from the
Building size of the house
Construction age category variable |
=2, if the construction age of the
age of the house between 50 andhdwse

year s)

Aggregpateceiseduction size category
2.8%,; =2, if AggregateDrop is in (2
=4, i f AggregateDrop > 6. 4%)

Tot al number of bedr ooms category
#Total Bedrooms = 4; =3, #Total Bedroao
Contract duration category variable
6 mont hs;ur=a2t,i anf dfhethde | isting cont
=3, if the duration of the Iisting ¢
Reduction size -pfi tbecambegorgceatipbhb
reduction; =1, if the reduction si ze
size of the most recent I|ist price =«
Prioprildetreduction size category va
PriorDrop is in (2.5D%, 3. 4%] ; =3, i
4. 9 %)

Duration of the 1 istnd gt heoinrt rlaicstt ibreg
Degree of overpricing for the | ast |
Degree of overpricing for the most r
Bui |l didnugmnsyi z(e=1, if the buil%dimgOsi o
Tot al number of driveways dummy vari
Dual agent dummy (=1, thetheawbsae}ic

Lot size dummy variable (=13 %06, tdteh
Li-stice reduction dupmicearedbtei ¢rl

Sold dummy ivfartitadblleoysel,i s sold; =0,
I nitial l'ist price for the house
Last |list price for the house

Natur al l og of the building size of
Natur al l og of the | ast Iist price
Natur al l og of the | ot size of the
Natur al l og of MOM

Lot size of the house

Listing months on the market before
Prioprilcdestreduction si ze |(afsrtor itshhe pp
Sold price for the house

Ratio of sold price to initial i st
Ratio of sold price to last |list pri
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Appendix 4.2: Data Structure

To accommodate the dynamic process for thelisiereductions, we organize the data
in the fAcounting processo style which
listing ID. For each listing, we divide the listing time on the market into intervals,
defined by the ending time of the prior event (t$tarid the occurring time of the
current event (tstop). The time variable will be represented by intervals (initial listing
time, 1st listprice reduction event], (1st ligrice reduction event, 2nd lptice
reduction event],..., (3rd ligirice reductio event, sold event or expired time]. We
illustrate four listing scenarios as follows. For example, the seller for listing 1
(ListinglD=1) reduced the ligbrice three times before the house got sold. Listing 1
experienced the first ligirice reduction dér being listed on the market for 70 days,
experienced the second {tice reduction 32 (10R 70) days after the first ligirice
reduction, experienced the third {gtice reduction 81 (188102) days after the second
list-price reduction, and gobkl 98 (2811 183) days after the third ligirice reduction.

ReductSol d
ListirtstarttstoglndicalndicabDumRedu#HistPrici

1 0 70 1 0 0 0
1 70 102 1 0 1 1
1 102 183 1 0 1 2
1 183 281 0 1 1 3
2 0 254 1 0 0 0
2 254 365 0 0 1 1
3 0 75 1 0 0 0
3 75 147 0 1 1 1
4 0 65 0 1 0 0

195

a l



Signaling Effects of Recurrent Listprice Reductions on the Likelihood of House Sales

Supplemental Appendix (SA)

This supplemental appendix provides results dnatreferred to in the main text. It consists of

SA Figure A4.1, SA Table 4.1 through SA Table 4.6.

SA Figure A4.1: Map of the West Island Area in Greater Montreal Region

Sainte-Genevidve  Roxboro

lle-Bizard
Dollard-des-0Qrmeaux

Pierrefonds

Senneville

Pointe-Claire Dorval =

Sainte-Anne-de-Bellevue

Data =ource: Statizfics Canada publication 64-203

Notes: The West Island is an unofficial name given to thescit@vns and boroughs at the

western end of the Island of Montreal in Quebec, Canada.
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SA Table 4.1: Predicted Initial List Price, 19942017

Dependent 'V Ln(l1LP)
Met hodol ogy OL S FI €x S
(1) (2)
I ntercept 10.9895 11. 0145
(200. 06 (81.84)
FIl oor Si ze 0.0004* 0.0005*
(53.60) (38.84)
Fl oor Si ze Sq -0.0000* 0. 0000F*
(-28.09) (18.92)
Lot Si ze 0.0000* -0.0000
(16.27) (0.17)
Lot Si zeSq -0.0000*0.0000
-13.17) (1.30)
#Tot al Bedr oo 0.0225* 0.0369*
(11.47) (13.40)
#Tot al Bat hro 0.1024* 0.1090*
(20.55) (21.87)
Age -0.0045* -0.0046*
((32.85) (14.72)
#Dri veway 0.0092* -0.0010
(14.46) (0.91)
#Gar age 0.0586* 0.0623*
(37.25) (22.89)
DumForcedAir -0.0029 0.0379*
(0. 91) (5.95)
DumEIl eBase -0.0372* -0.0415*
(-26.17) (-15.63)
Duml rr Buil di 0.0014 0.0062*
(0.99) (2.38)
Duml rr Lot 0.0181* 0.0104*
(10.91) (4.32)
Year / Mont h F Yes Yes
Regi on or FS FSA Regi on
Buil ding Typ Yes Yes
Property Typ Yes Yes
Observations 846,265 846, 265
Rsquared 0.80414 0.7525
SE clustered FSA Lev FSA Lev

NotesLol umn 1 and eGallumn f2 orme pOdr¢

gener al |l east square model (FGL
house. We include the year, mo n i
effects in Column 1 and t he Cyoéa
2. We r epartti stthiecst in the parent
at the FSA | evel in all model s.
includfamilngl Bouses in Quebec p

the -2@DB7A4 dperSitati stics

with sign

wi th **x*x at 1% | evel with **| i
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SA Table 4.2: Robustness Check: Omitted Variable Biases Tests

Dependent Sold Price/lLast List Pric
(1) (2) (3) (4) (5) (6)
Uncont Contr Bell ow Mian & Most con | ncl
Mi guel (2014 case Zer a
Y Y Y p
Y Y c]gY Y
. . -0.0010.007[0.007:]0.00°7:¢
AHI stPrice 4 43y(2.780.01630.1812]L9-0073 No
Y 0.000¢€0. 420
Y 0.83960.9236 1.0000
. . 0.005¢€0. 026[]0.026]0.0261
AHi stPrice 4 "66y(4.420.04650.0506].°0-0261 No
Y 0.001¢€0. 420
Y 0.83850.9225 1.0000
Observatio 2,323 2,323
Main Contr No Yes
House Char No Yes
Listing Ag No Yes
Brokerage N o Yes
Year/ Mont h No Yes

NotTehi s table reports the Oster (2019) bounds for

SPt odmd® our main r édHeasn PhiverRiodhwaeoend donraend Col umn 2

from the uncontrolled and controlled model, respect
and Miguel ( 2 00=9d)n'"da s=snuighp(tYf o )JuomfnCall i n each panel re
the Mian and Sufil=Aa2Mdl4&EmMic8¥Ys WmpiL) onCofumn 5 in ea
bounds with the mositdrMtrEmeSthatsiumpi canwieff At silgnl e
at 5% | evel with **| and at 10% | evel wit h *.
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SA Table 4.3: Robustness Check: Sample Selection Biases Test using Heckman Selection

Model
Dependent Sold Price /| Last List F
(1) (2) (3) (4) (5) (6)
Heckmr OLS Heckm OLS Heckm OLS

(Ba#Hi st Pri celRe d

#Hi st Pric=e20.007¢0.007¢'0.007!0.007¢(0.007:0.007:
(5.28)(5.34(4.06.(4.19(2.70.(2.78

#Hi st Pric=e30.020:0.020:0.018!0.018(0.026(0.026:
(6.95 (6.94'(5.23(7.26(5.04(4.42"°

House Char Yes No Yes N o Yes N o
Mai n Contr Yes Yes Yes Yes Yes Yes
Listing Ag Yes Yes Yes Yes Yes Yes
Year/ Mont h/F Yes Yes Yes Yes Yes Yes
Observatio 5,794 3,154 5,794 2,928 5,794 2,323
Rsquared 0.107¢ 0.231: 0.420:
Lambda -0. 043 -0. 049 -0. 055

NotesThis table reports results from Heckman sce
he number of Ihiipsti @rei o ahdi uscté BroimogeR@# uchée onati o
ast |SKtto)lprARCoé¢é u(mns 1, 3, and 5 include the in

—

I

step ofsttelpe Hewd man sel ect idon amod eb . r €wd utmnse 2
columns control for house characteristics, | ist
controls are the same as the contaiedsswadei alep@ls
in the parentheses. Standard errors imon€Chl drar €
estimation sampmel goveanmsachipgbes in the westi ni
period between 2008 and 2017. Statistics with
and at 1% |l evel with *.
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SA Table 4.4: Ratio of Sold Price to Initial List Priceand the Number of Historical List-
price Reductions, West Island, 2002017

Dependent Rati o of Sold Price to In
(1) (2) (3)
(Ba#Hi st Pri c=elRed

#Hi stPricerF0.0071*** 0.0068*** 0.0063**
(5.67) (4. 34) (2.91)
#Hi stPricerF0.0180*** 0.0166*** (0.0233***
(7.30) (7.70) (4.67)
Aggregatel -1.1089*** -1.0954*** -1.1297***
-45.70) (-35. 04) -39.99)
Main Contr Yes Yes Yes
House Char Yes Yes Yes
Year/ MontlF Yes Yes Yes
Brokerage No Yes Yes
Listing Ac No No Yes
Observatic 3,154 2,928 2,323
Rsquared 0.6306 0.6780 0. 7688

NoteThis table reports results from QLStn

recur rpernitc el irsétiu et Po n g e Boend utchtei ornati o of tF

prisket gl.LAMhis study examines only sprlidcd ir

and controls ftpridcdéeder adguteigatgecilmea p(t he r

main controls that are the same contersoslawc
i

I
characteristics, and year, mont h,t iamgd agietn
firm and the buyer agent brokerage firm f
fixed effects and the I|listing agent f-fi axnei
transactions innthdewESsteeatsMamdramaéaregio
2017 We -vaelpoes itihethe parent heses based
yemonth l evel s. Statistics with*st g afeivbed

, and at 10% | evel with a *.
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SA Table 4.5: The Size of the Lisprice Reduction from the Prior List Price

Dependent Rati o of Sold Price to La
(1) (2) (3) (4) (5) (6)
(Ba#Hi st Pri celRe d

#Hi st Pric=e2F0.00240.00270.000€60.00320.00370.0024
(1.66)(1.55)(0.27)(2.47)(2.23)(0.95)
#Hi st Pric=e3F0.01110.010€0.014€0.01250.01220.017°¢
(3.48)(3.44)(2.89)(4.50)(4.57)(3.21)
PriorDrop -0.150 -0.128 -0.198
(2.79) ((1.86) (2.82)
Cat PriorDrc
(Base: [P %,
(2.5 %] 3. ¢ 0.001€¢€0.002¢c0.0083¢2
(1.03)(1.53)(1.87)
(3. 4 %] 4. ¢ -0.002 -0.001 -0.000O0
((1.21) (0.58) (0.31)
> 4. 9% -0.006 -0.004 -0.0014

(2.84) ((1.50) (1. 94)

House Char ¢ Yes Yes Yes Yes Yes Yes
Year / Mont h/ Yes Yes Yes Yes Yes Yes
Brokerage F N o Yes Yes N o Yes Yes
Listing Age N o N o Yes N o N o Yes
Observatior 3,1542,9282,3233,1542,9282, 323
Rsquared 0.1030.2280.4180.1010.2270. 413
NoteThis table reports results from OLS r
recur rperntcel irggstHust Pohge Renductei crmti o of t hi

(SPt oL.LPThi s study examines only smpididce irsd:
control s -prhiec e rri eoPu d toigdni opi ekl @@rattsP rli om D€ o |
46 . Al columns include t hlen(n)alt Ryrrad d wegr pot
mo st recemMiOPRiesEenphécki ¢tingl n(iMEM)drhet Haz¢
dura€oonr dct)Duraatdi drhe dummy vari abDueDlial/

Al the regressions include house charact
Columns 2 and 5 includd rtmheanldi ¢thieng uaygeant
effects. Columns 3 and 6 include the ager
effects. The full estamatyohramamatei convet
Gr eaotntMe al region during the peri ovdal huestsy

parent heses based on standar dmoenrtrho rlse vcelluss
significance at 1&b *lI*ev alt abr¥e*l,chevacdd el tt viil @adh
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SA Table 4.6: Piecewise Regression for the Aggregate L-jstice Reduction Size

Dependent Rati o of Sold PrEPeogltbPIn

(1) (2) (3)

(Ba#Hi st Pri celRe d

#Hi st PriceF0O.0082*** 0.0079*** 0.0076**
(5.18) (4.19) (3.02)
#Hi st PriceF0.0203*** 0.0188*** 0.0264*~**
(7.18) (7.58) (4.47)
Aggregatel
( 0 %, 2.8%] 0.0202 0.0074 -0.1006
(0.13) (0.04) (0. 42)
(2. 8 %2 %] -0. 08614 -0.0799 -0.0918
(0. 96) (0. 73) (0. 58)
(4. 2%, 6. ¢ -0.1167 -0.0986 -0.1662
k1. 82) -1.17) k1. 41)
> 6. 4% -0.1492*** 0.1400** -0.1830**
(3. 96) (2. 84) 2.77)
Main Contr Yes Yes Yes
HouGlkaract Yes Yes Yes
Year/ MontlF Yes Yes Yes
Brokerage No Yes Yes
Listing Ac No No Yes
Observati ¢ 3,154 2,928 2,323
Rsquared 0.6306 0.6780 0.7688

NoteThis table reportgressilons bDihpombei a

g€

(AggregateBddopthe regressions include mai

Columns 1 to 3 in Table 5, house charac
Columns 2 includes the | isting agent br
Columns 3 includes the agent brokerage
estimation sammim | gyowemN § Aic it hlee we st i s

tse
o k
fi
| a

region during the period betaweieers 2 hM0 & hand

standard errors cl usnoertend | atv etl lse Sittay i as
are dena*t*e*d, widtt h5% | evel with a ** and

rt d
atl
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