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Abstract 

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

 

Yanting Wu, Ph.D 

Concordia University, 2022 

 

This thesis consists of three essays. The first essay (chapter 2) investigates 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 losing clients for buying agents, which helps mitigate the conflict of 

interest between buying agents and their clients. Both the buying agentôs prediction accuracy 

regarding their clientôs reservation prices and the level of tolerance given by the buyer to the 

buying agent affect the binding force. Results from simulations and empirical analyses using house 

transactions in Canada support our modelôs predictions.  

The second essay (chapter 3) investigates the impact of complaints against agents on agentsô 

incentives in housing transactions. Our model shows that complaints incentivize an agent to exert 

greater efforts and mitigate the conflict of interest due to their concern for reputation and future 

career. It also shows that the reputation recovery benefits and the commission 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 houseôs sale price and negative impacts on other 

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

The third essay (chapter 4) investigates the effect of recurrent list-price reductions on housing 

transactions. Recurrent list-price reductions of a house may signal the impatience of sellers to 

conclude a sell transaction more quickly, leading to more visits and a higher likelihood of being 

sold (positive signal), but may also signal that the listing is problematic and thus harder to sell 

without a list-price reduction, leading to a lower likelihood of being sold (negative signal). This 

essay investigates which signal prevails using a joint frailty model which accounts for the inter-

dependence among recurrent list-price reductions and the association between the recurrent 
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reductions and the sold event. The results show time-varying negative impacts of list-price 

reductions on the likelihood of a house sale, supporting the dominance of the negative signaling 

effects of recurrent list-price reductions.  
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CHAPTER ONE 

1. INTRODUCTION  

Selling and buying a house are one of the most significant financial transactions that a family 

unit can undertake. Although there was a slight drop after the financial crisis, house prices have 

increased dramatically in the last decades. Due to the information asymmetry between sellers and 

buyers and the lack of knowledge about the housing market, both sellers and buyers hire 

professionals to assist them in a house transaction and sellers pay professionals commissions based 

on the final transaction prices. Based on the setting of the commission system, both listing agents, 

who represent the seller, and buying agents, who represent the buyer, have an incentive to act not 

in the best interest of their principals, thus, creating agency problems between sellers (buyers) and 

listing agents (buying agents). In this three-essay thesis, essay 1 (chapter 2) investigates the agency 

issue between buyers and buying agents under the fixed percentage commission system and essay 

2 (chapter 3) studies the complaint against listing agents and how complaints can mitigate the 

conflict of interest between sellers and listing agents.  

Essay 1 studies the conflict of interest between buyers and buying agents under the fixed 

percentage commission system. Because buying agentsô commissions are a predetermined portion 

of the final sale price, buying agents have incentives to induce buyers to buy a house at a higher 

price, which conflicts with the best interests of buyers. We use a model to replicate the negotiation 

between buyers and sellers and assume that because buyerôs representative agreement (BRA) is 

not mandatory, buyers can walk away with limited cost if they detect self-interested activities of 

buying agents. Our model generates two major predictions. First, although buying agents have 

incentives to be self-interested and misguide home buyers by suggesting a higher offer, the fixed 

percentage commission system (FPCS) 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 agentôs incentive to behave self-interested. Second and more 

importantly, agent heterogeneity determines the level of the buying agentôs risk of losing clients. 

We differentiate buying agents based on their prediction accuracy level regarding their clientsô 

reservation prices and the level of tolerance given by the buyer to the buying agent.  

We next conduct simulations and empirical analyses to examine the impact of buying agentôs 

risk of losing clients on transaction outcomes (Proposition 1) and the extent to which different 
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levels of prediction accuracy and tolerance are bound by the no-contract constraint under the FPCS 

(Proposition 2). Results from 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 

complaints against agents on agentsô incentives in housing transactions. Because information 

about agentsô complaints is usually publicly available, we conjecture 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. We construct a simple 

dynamic model to examine the impact of complaints against agents on that agentôs incentives when 

advising sellers. Our model generates three major predictions. First, complaints against agents 

induce agents to exert additional efforts to sell houses high. Second, the positive impacts of agentsô 

complaints on the house sale prices are strengthened by the increase in benefits from exerting 

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 conduct empirical analyses by using house 

transactions in the province of Quebec, Canada, and agentsô complaint records published on 

Société québécoise d'information juridique (SOQUIJ). Empirical results support our model 

predictions. 

Since the sellers have limited access to the pool of the buyers, they use the list price of the 

house to communicate with potential buyers. Thus, 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 the third essay (chapter 4), we investigate the signalling effects of recurrent list-price 

reductions and their price implications on housing transactions. 

Essay 3 uses the joint frailty model, which considers the interdependence among each recurrent 

list-price reductions and the dependence between recurrent list-price reductions and the terminal 

sold event, to study the signaling effect of the list-price reduction on the likelihood of a house sale. 

We deem the signal as being positive if potential buyers interpret the recurrent list-price reductions 

for a house as an indicator of the sellerôs impatience to sell more quickly by moving the list price 
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closer or even below fair market value. In contrast, we deem the signal as being negative if 

potential buyers interpret the recurrent list-price reductions for a house as an indicator that the 

listing is problematic (e.g., a lemon house) due to the houseôs unobservable attributes. Our 

empirical results from using house transactions in the province of Quebec, Canada, support the 

dominance of the negative signals. This indicates that houses that experience list-price reductions 

are less likely to get sold after considering the positive association among recurrent list-price 

reductions and sold event through unobservable heterogeneity among sellers. We also find that the 

impact of the list-price reductions on the likelihood of a house sale is time-varying: the 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 a house as being a 

ñlemonò house when they see an early list-price reduction and are more likely to perceive a seller 

as being impatient when they see a late list-price reduction. 
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CHAPTER TWO  

Conflicts of Interest and Agent Heterogeneity in Buyer Brokerage 

 

2.1 INTRODUCTION  

Although a contract between the buyer and the buyerôs agent (i.e., the ñBuyerôs Representative 

Agreementò or ñBRAò) is not mandatory in the housing market, the buying agent still has fiduciary 

duties to the buyer, creating a principal-agent relationship between the buyer and the buying 

agent.1 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 laws.2 Among the 

four anticompetitive practices, three were about misrepresentations or other misconduct by the 

buying agent. 

Most of the existing literature focuses on seller brokerage because the principal-agent 

relationship between the seller and the sellerôs agent is clearly specified in a mandatory binding 

contract. However, relative to the extensive literature on seller brokerage,3,4 limited studies focus 

on buyer brokerage, except, for example, Yavas and Colwell (1999), Sahin, Sirmans, and Yavas 

(2013), and Hayunga and Munneke (2019). 

This essay focuses 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 Strange, 2015, for a survey). The 

commission is then split between the sellerôs agent (also called the listing agent) and the buyerôs 

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

 
1 For example, for our sample of house sales in the province of Quebec, Canada, a real estate license holder who is not bound by a 
brokerage contract represents the party who has requested the holder act as an intermediary and must protect and promote the 

interests of the party represented (Real Estate Brokerage Act, Chapter C-73.2, r.1 s.14 & s.15). More examples and details are 

provided in the Supplementary Appendix 2.1 (SA 2.1). 
2 ñAccording to the complaint, NARôs anticompetitive rules, policies, and practices include: (i) prohibiting MLSs that are affiliated 

with NAR from disclosing to prospective buyers the commission that the buyer broker will earn; (ii) allowing buyer brokers to 
misrepresent to buyers that a buyer brokerôs services are free; (iii) enabling buyer brokers to filter MLS listings based on the level 
of buyer broker commissions offered; and (iv) limiting access to the lockboxes that provide licensed brokers with access to homes 
for sale to brokers who work for a NAR-affiliated MLS.ò 
https://www.justice.gov/opa/pr/justice-department-files-antitrust-case-and-simultaneous-settlement-requiring-national (Accessed 

February 20, 2021). 
3 For example, the exclusive right-to-sell listing agreement. 
4 To illustrate, Rutherford et al. (2005), Levitt and Syverson (2008), and Allen et al. (2015) find that agent-owned houses are sold 
at a premium compared to non-agent-owned houses while having similar listing times. 

https://www.justice.gov/opa/pr/justice-department-files-antitrust-case-and-simultaneous-settlement-requiring-national
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and buying agent), the buyer is the only 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 agentsô incentive problems and their implications on transaction 

outcomes. We start with a model to replicate the negotiation process between sellers and buyers, 

where a buyer considers the buying agentôs advice on a proposed offer.5 As the buyer can work 

with different buying agents, the buying agent receives nothing if the buyer walks away.6 Thus, 

the absence of a binding contract creates the risk of losing clients for buying agents. This risk 

implicitly binds the buying agentôs self-interested activities (subsequently referred to as the ñno-

contract constraintò or ñwalk-away constraintò) and helps induce lower purchase prices which 

benefit the buyer.  

Our model generates two major predictions (propositions). First, although buying agents have 

incentives to be self-interested and misguide home buyers by suggesting a higher offer, the FPCS 

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 

agentôs incentive to behave self-interested. Second and more importantly, agent heterogeneity 

determines the level of the buying agentôs risk of losing clients. We differentiate buying agents 

based on their prediction accuracy level regarding their clientsô reservation prices. In addition, we 

examine the level of tolerance 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 accuracy level and 

receives a higher tolerance level is more likely to act self-interested, 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 dataset of house transactions in the province of Quebec, Canada. Our simulation 

results show that the buying agentôs risk of losing clients created by the no-contract constraint 

 
5 Our model focuses on the negotiation stage for two reasons. First, the growth of Fintech platforms such as Realtor, Trulia, and 
Zillow diminish a buying agentôs role in the search and matching stage (particularly information provision) by providing buyers 

with free access to listings with detailed property information. Thus, relative to buyer search, the negotiation stage becomes 
relatively more important in the home buying process for buyers. For example, Williams (2018) focuses on buyersô search. In his 
model, the buyerôs agent plays a rather limited role. 
6 In a related studying focusing on the seller and the sellerôs agent, Daneshvary and Clauretie (2013) suggest that a seller agent 

change is due to a principal-agent incentive incompatibility problem (e.g., conflict with respect to list and acceptable transaction 
prices and/or the levels of efforts). 
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mitigates the conflict of interest between buying agents and home buyers. More importantly, the 

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 impact of buying agentôs risk of losing clients on 

transaction outcomes (Proposition 2.1) and the extent to which different levels of prediction 

accuracy and tolerance are bound by the no-contract constraint under FPCS (Proposition 2.2). 

Given the important role of asking price in negotiation (Han and Strange, 2016), our outcome 

variable is measured by the ratio of the final sale price to the last asking price. Consistent with 

Proposition 2.1, our empirical results suggest that buyers who simultaneously sign a sellerôs 

representative agreement (SRA) pay more relative to the last asking price, given the completion 

of a sale. Consistent with Proposition 2.2, we find that buyers who work with buying agents with 

a higher prediction accuracy (proxied by buying agentsô experience and success rate) and who 

show a higher tolerance level to the buying agents (proxied by buyersô demographic characteristics) 

end up with less favorable outcomes. We also examine various binding forces, including 

information asymmetry, agent incentives, and collusion opportunities. With respect to information 

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 houses, old-age houses, 

high-value houses, and first-time listed houses. In addition, 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 same firm.  

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 investigate the 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 to the agentôs search effort level and search intensity, assuming a constant negotiating price. 

Our model differs from these studies in that we focus on the negotiation process. Specifically, we 

model a buying agentôs behavior on the proposed offer price while assuming a constant search 

time for a house. Furthermore, our model extends Yavas and Colwell (1999) who propose a more 
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efficient but not widely used commission system.7 While Yavas and Colwell focus on the time-to-

sell dimension of the agency issue assuming that the negotiated price is given, we focus on price 

determination during the negotiation stage. We argue that the lack of a buyerôs representative 

agreement between buying agents and buyers creates no-contract constraints on the buying agentôs 

self-interest 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 thus enhances the 

efficacy of the widely used FPCS.  

Recent empirical studies find that agents purchase 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 brokerage by examining 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 agency problems 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 problems 

between households and their mortgage brokers who often receive commissions from lenders 

(Robles-Garcia, 2019). Studies in the insurance industry claim that insurance brokers, acting as 

expert advisors for clients, receive commissions from insurance companies based on the premiums 

paid by the insured, distorting insurance brokersô service and creating conflicts of interest between 

brokers and those insured (Focht et al., 2013). Our study suggests that the lack of binding contracts 

between brokers and clients creates no-contract constraints on brokersô behaviors, which may 

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

The remainder of the essay is organized as follows. In Section 2.2, we review the institutional 

background of the real estate brokerage system. In Section 2.3, we model the negotiation stage 

under the FPCS when the buying agents have and do not have risk of losing clients. In Section 2.4, 

we describe the data used in the simulations and empirical analyses. In Section 2.5, we conduct 

 
7 Yavas and Colwell (1999) introduce a more efficient commission system where the seller pays the listing agent a fixed percentage 
of a predetermined fixed amount of commission and the buying agent receives the rest of the predetermined total commission. 
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simulations to understand the implications of the model. In Section 2.6 we present and discuss the 

empirical hypotheses and results. Section 2.7 concludes the essay. 

 

2.2 INSTITUTIONAL BACKGROUND  

Real estate agents assist buyers 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-sell listing agreement (or a sellerôs representative agreement), under which the listing 

agent earns a sales commission whether the seller, listing agent, or buying agent finds the final 

buyer. If another cooperative agent, usually called the buying agent or buyerôs broker, is involved 

in the transaction, the sale commission is split between 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 agents is 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 buyerôs representative agreement (BRA), between buyers and their buying 

agents is not mandatory.8   

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 buying 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 away, 

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 buyer (e.g., Alberta, 

Canada, and Illinois). In our study, buying agents in Quebec (named ñselling brokersò) are legally 

considered to be representatives of buyers and have fiduciary duties to buyers even in the absence 

of written contracts.9  Therefore, the buying agent (or the cooperating agent) is not always 

 
8 Supplementary Appendix 2.1 (SA 2.1) summarizes the requirements of a BRA and the cost for buyers to walk away from the 
relationship with their buying agents in some areas in North America as examples. 
9 The situation is similar in Manitoba, Canada, and Texas. 
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characterized as a sub-agent of the listing agent because there is no contract to identify the buying 

agentôs fiduciary duties to the buyer and the buying agent is compensated by home sellers. Because 

of the ýduciary duty between the buying agents and the home buyers in Quebec, the results in this 

essay should serve as a lower bound of the e ects because the potential consequences of 

committing a ýduciary breach would, to a certain degree, deter the buying agents from acting 

against the interest of their clients. In 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 the absence 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 their compensation 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 construct a simple model to replicate the activities of buyers, sellers, and 

their agents in a one-stage take-it-or-leave-it (TILI) negotiation under the FPCS. In the 

Supplementary Appendix 2.2 (SA 2.2), we extend the model to two-stage and multi-stage TILI 

negotiations and find qualitatively similar results.10  

In our model, the buying agent suggests offer prices to maximize her payoffs in the negotiation 

stage. Our model has two important assumptions. First, compared with the cost of time and 

pressure from selling 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 the buyer.11 Thus, our model focuses 

on the buying agentôs suggested offer price assuming that the buyerôs search time is given. Second, 

compared with the buying agent who visits many properties more than once, buyers have less 

access to the information about the market for listed houses and particular properties.12 This is 

 
10 In addition, we find a better alignment of interests between the buyer and the buying agent with more negotiation rounds between 
the buyer and the seller. 
11 If there are many comparable houses available for sale, the buyerôs cost from losing a chance on the property that they really 

would have liked to get is relatively low. Thus, buyers might not be willing to pay a high price to buy fast. In addition, under normal 
market conditions, buyers are expected to behave rationally so that they are less likely to ñover-payò. Our model does not address 
negotiations in a bidding war market (see Han and Strange, 2014). 
12  Buyers can access information about the market for listed houses through local real estate brochures and online real estate 
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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 as marketing 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., Yavas, 1992, and Allen et al., 2015). 

Let S and B denote seller and buyer, whose reservation price for house i is Ὑ  and Ὑ , 

respectively.13 The buyerôs reservation price,  Ὑ , is the perceived value of the house after visiting 

it. We assume that each buyer-seller pair only participates 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 and the seller, denoted by ὃ, ὃ  ɴὃȟὃ , ὃ ὃ , 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 each partyôs reservation price. We also assume that there 

are positive gains from reaching an agreement for any buyer-seller pair, Ὑ Ὑ . In other words, 

the probability of a successful negotiation is positive to ensure that modeling is meaningful. Lastly, 

we assume that signing a buyerôs representative agreement (BRA) between buyers and their buying 

agents is not mandatory.14 In this case, if a buying agent suggests an offer price higher than the 

buyerôs reservation price Ὑ  plus a tolerance range, denoted by •, that is set by the buyer for the 

buying agent, the buyer would not accept the suggested price and would cease the relationship 

with that buying agent. The tolerance range depends on the buyerôs attributes and her relations 

with the buying agent. We denote the tolerance given by the buyer to the buying agent by • and 

•  ɴ•ȟ• , with • •, where subscripts Ὤ and ὰ refer to a high and low tolerance level given 

by the buyer to the buying agent. 

 
platforms (e.g., Realtor.com and Zillow) but they do not have access to the type of information that a buying agent can obtain 
inhouse or through their connections. The knowledge gap between a buyer and buying agent for a specific property narrows 
somewhat as the buyer approaches the formulation and making of a purchase offer. Buyers can access information about the market 
for listed houses through local real estate brochures and online real estate platforms (e.g., Realtor.com and Zillow). 
13 The reservation price is based on the valuation for the house and the present value of the future cost if the deal is not accepted. 
14 The buyer can bind with the buying agent contractually and pay the buying agent the commission for searching for a house. In 
our study, we focus on cases where BRAs are not mandatory because we investigate the effects of the buying agentôs concern for 
losing clients caused by the no-contract constraint on the buying agentôs behavior. 
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The buying agent does not know the buyer and sellerôs reservation prices, Ὑ  and Ὑ , but forms 

predictions, denoted as Ὑ  and Ὑ , which follow a log-normal distribution. We assume the median 

of each log-normal distribution equals the true value of the reservation price  Ὑ  and Ὑ . Therefore, 

the probability that an agentôs predicted reservation price falls above or below the true reservation 

price would be the same. The mean (‘) of the variableôs natural logarithm is the same for buying 

agents with high and low prediction accuracy, where ‘ ὰὲὙ Ƞ ‘ ὰὲὙ . We use „ to 

denote the standard deviation of the logarithm of the predicted reservation price and conjecture 

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

„ . 

There are three possible outcomes in the one-stage take-it-or-leave-it (TILI) negotiation under 

our assumptions: 

Case 1: If Ὑ ὴ, the buyer accepts the asking price and pays a final sale price of ὴ ὴ. 

The associated probability is ὴὶέὦὅὥίὩρ ρ ὲ. (Outcome 1) 

Case 2: If  Ὑ ὴ, the buyer rejects the asking price and proposes an offer of ὴ based on the 

suggestion of the buying agent.  

Case 2a: If Ὑ ὴ, the seller accepts ὴ and receives a final sale price of ὴ ὴ. The 

associated probability is ὴὶέὦὅὥίὩςὥ ὲρ ύ . (Outcome 2) 

Case 2b: If Ὑ ὴ, the seller rejects ὴ and the negotiation is ended without a deal. The 

associated probability is ὴὶέὦὅὥίὩςὦ ὲύ. (Outcome 3) 

The buying agent risks losing the buyer if she suggests too high of an offer that results in the 

buyer walking away. If ὴ Ὑ •ȟ   the suggested offer price exceeds the price range set by 

the buyer, so that the buying agent receives nothing. The associated probability is 

ὴὶέὦὰέίὩ έὪ ὧὰὭὩὲὸὴὶέὦ ὴ Ὑ •  ὺ . The parameters ὲ, ύ, and ὺ are the 

probabilities of Case 1, Case 2a, and Case 2b, respectively. These parameters can be estimated for 

an actual house transaction. 
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2.3.1 One-stage TILI Negotiation When Buying Agents Have No Risk of Losing Clients 

We first examine the buyerôs and the buying agentôs payoffs in the negotiation when buying 

agents have no risk of losing clients. This scenario happens when the buyer signs a buyerôs 

representative agreement with the buying agent. In this case, the buying agent does not have 

concern for losing clients and her behavior is not bound by the no-contract (ñwalk-awayò) 

constraint, leaving only the interest misalignment between the buyer and the buying agent.  

Buyerôs payoff: 

“ Ὑ ὴ Ὧὸ                                                                    ςȢρ 

where Ὧ is the unit cost of purchasing a house and ὸ is the cumulative time the buyer has spent 

from initiating the search to negotiating the sale price.15 Our model assumes that the searching cost 

(kt) is constant for all buyers and focuses on the proposed offer price.16 The final sale price of 

house Ὥ, ὴ, is: 

ὴ ρ ὲ ὴ  ὲρ ύ ὴ                                                           ςȢς 

Ὑ ὴ Ὑ    

In equation (2.2), ὲ is the probability of Ὑ ὴ  and ύ is the probability of ὴ Ὑ . ύ is a 

decreasing and convex function of ὴ: ύᴂ π, and ύᴂᴂ π, indicating that the probability of 

ὴ Ὑ  increases with a decrease of ὴ. The increasing rate is greater when ὴ gets closer to Ὑ , 

which is the buying agentôs predicted value of the sellerôs reservation price Ὑ . 

To illustrate the relationship between the proposed offer price and the predicted reservation 

price, we assume a constant value ὧ which makes ὴ ὧὙ . Based on equation (2), ρ ὧ

Ὑ Ὑϳ . Then:  

 
15 The associated unit cost of purchasing a house, k, includes the searching cost, the visiting cost, and opportunity cost such as rents 
for the current house. 
16 We also extend our model to incorporate the impact of time cost. Specifically, we assume heterogenous (or different) time costs 

(i.e., kt) for buyers. We assume that the buyerôs time cost has a positive impact on her reservation price (Ὑ) and proposed offer 
price. Unreported results for an extended model with heterogenous time cost for buyers confirm that the buyerôs optimal offer price 
is the buyerôs predicted reservation price of the seller. 
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ύ ὴὶέὦὴ Ὑ ὴὶέὦὧὙ Ὑ ɮ
ὰὲὙ ὰὲὙ ὰὲὧ

„

 ɮ
ὰὲὧ

„
        ςȢσ 

Replacing ὴ in equation (2.1) by equation (2.2) and replacing  ύ in equation (2.2) by equation 

(2.3), we get: 

“ Ὑ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
 ὧὙ Ὧὸ                                ςȢτ 

ρ ὧ
Ὑ

Ὑ
                                                                                 

Then:  

‬“

‬ὧ
ὲὙ ρ ɮ

ὰὲὧ

„

ρ

„
‰

ὰὲὧ

„
π                                       ςȢυ 

From the perspective of the buyer, ὧᶻ ρ, so that the buyer should propose a low offer price 

and the optimal offer price should be equal to the buyerôs predicted reservation price of the seller, 

ὴ
ᶻ
Ὑ .  

Buying agentôs payoff: 

“ ‌ὴ Ὂ                                                                        ςȢφ 

Ὑ ὴ Ὑ  

where ‌ is the predetermined fixed commission rate split to the buying agent and Ὂ is the total 

cost associated with the service. Ὑ  andὙ  are the buying agentôs predicted value for the sellerôs 

reservation price Ὑ  and for the buyerôs reservation price Ὑ , respectively. 

Replacing ὴ in equation (2.6) by equation (2.2) and replacing  ύ in equation (2.6) by equation 

(2.3), we get: 

“ ‌ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
ὧὙ Ὂ                             ςȢχ 
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ρ ὧ  
Ὑ

Ὑ
                                                                             

Then:  

‬“

‬ὧ
‌ὲὙ ρ ɮ

ὰὲὧ

„

ρ

„
‰

ὰὲὧ

„
 π                                     ςȢψ 

From the perspective of the buying agent,  ὧᶻz , 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 

agentôs predicted reservation price of the buyer, ὴ
ᶻz

Ὑ . 

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 risk-neutral buying agent would never suggest an optimal offer 

price that aligns with the buyerôs best interest. If we assume positive gains from the negotiation, 

Ὑ Ὑ , that are known by all participants, then Ὑ Ὑ  and ὴ
ᶻz

ὴ
ᶻ
. The FPCS binds the 

interest of the buying agent with those of the seller and the listing agent so that the buyerôs interests 

are not optimized in the housing transaction. 

2.3.2 One-stage TILI Negotiation When Buying Agents Have the Risk of Losing Clients 

We now examine the buyerôs and buying agentôs payoffs when buying agents have the risk of 

losing clients. This scenario happens when the buyer does not sign a buyerôs representative 

agreement with the buying agent. In this case, the buying agent has concern for losing clients and 

her behavior is bound by the no-contract (ñwalk-awayò) constraint. 

Buyerôs payoff:  

The buyerôs payoff, in this 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.17 

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

 
17 Even when we include switching costs in the buyerôs payoff function, the buyerôs optimal offer price stays the same with and 

without a binding contract because the switching cost is independent of the offer parameter ὧ. Unlike the high switching cost for a 
seller due to the signed exclusive right-to-sell agreement, switching to another buying agent or buying agent group is less costly 
for a buyer, especially compared to the cost for the buyer to stay with an unfaithful agent in a brokerage market with many buying 
agents. 
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optimal offer price should be equal to the buyerôs predicted reservation price of the seller, ὴ
ᶻ

Ὑ . 

Buying agentôs payoff: 

“ ‌ὴᴂ Ὂ                                                                     ςȢω 

ὴᴂ ρ ὲὴ ὲρ ὺ ρ ύὴ                                      ςȢρπ 

Ὑ ὴ Ὑ  

where ὺ is the probability of losing the buyer (i.e., the buyer leaves for another buying agent). ὺ 

is an increasing and convex function of ὴ: ὺᴂ π, and ὺᴂᴂ π, indicating that the probability of 

ὴ Ὑ • increases with an increase of ὴ. The increasing rate is greater when ὴ gets closer 

to Ὑ . 

To illustrate the relationship between the proposed offer price and the predicted reservation 

price, we assume a constant value Ὤ to make ὴ ὬὙ .  Based on equation (2.2), Ὤ ρ. 

Since ὴ ὬὙ ὧὙ , Ὤ ὧ . Then:  

ὺ ὴὶέὦὴ Ὑ • ὴὶέὦὬὙ  Ὑ • ɮ
ὰὲὬὙ ὰὲὙ •

„

ɮ

ụ
Ụ
Ụ
Ụ
ợὰὲὧ

Ὑ

Ὑ
Ὑ ὰὲὙ •

„

Ứ
ủ
ủ
ủ
Ủ

                                                                                                            ςȢρρ 

Replacing ὴᴂ in equation (2.9) by equation (2.10) and replacing  ὺ in equation (2.10) by 

equation (2.11), we get: 

“ ‌

ừ
Ử
Ừ

Ử
ứ

ρ ὲὴ ὲ

ừ
Ử
Ừ

Ử
ứ

ρ ɮ

ụ
Ụ
Ụ
Ụ
ợὰὲὧ

Ὑ

Ὑ
Ὑ ὰὲὙ •

„

Ứ
ủ
ủ
ủ
Ủ

ữ
Ử
Ữ

Ử
ử

ρ ɮ
ὰὲὧ

„
ὧὙ

ữ
Ử
Ữ

Ử
ử

 

Ὂ                                                                                                                                               ςȢρς 
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ρ ὧ  
Ὑ

Ὑ
                                                                                       

To simplify the presentation of the results, we define ὢ  and ὣ

. 

Then:  

‬“

‬ὧ
‌ὲὙ ρ ɮ

ὰὲὧ

„

ρ

„
‰

ὰὲὧ

„

‌ὲὙ ɮὣ ρ ɮὢ
ρ

„
‰ὣ ρ ɮὢ

ρ

„
ɮὣ‰ὢ  

                    ςȢρσ 

To compare the impact of the buying agentôs risk of losing the client, we examine the 

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

losing clients (i.e., ὺ π versus ὺ π). We subtract equation (2.13) from equation (2.8) and get: 

Ὃ
‬“

‬ὧ

‬“

‬ὧ
‌ὲὙ ɮὣ ρ ɮὢ

ρ

„
‰ὣ ρ ɮὢ

ρ

„
ɮὣ‰ὢ

π   ςȢρτ 

where ὧ is equal to the offer price suggested by the agent divided by the buying agentôs prediction 

of the sellerôs reservation price, and should be larger in the scenario where the buying agent has 

no risk of losing the client which eliminates the potential loss in payoff from a client buying the 

property using a different buying agent. Equation (2.14) yields a strictly 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 presence of the risk of losing the client decreases the buying agentôs 

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 the function of 

ὣ, 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 without a buyerôs representative agreement, a risk-neutral buying 

agentôs incentive of being self-interested is likely to be alleviated due to her concern of losing 

clients, which mitigates, at least to a certain extent, the misalignment of interests between buyers 

and buying agents. 

Proposition 2.1: Buying agentôs concern of losing clients due to a no 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).  

2.3.3 Prediction Accuracy, Tolerance Level, and Binding Force of Buying Agentôs Concern for 

Losing Clients  

The predictions resulting from equation (2.14) depend on the functions of ὢ and ὣ, and the 

standard deviations of the predictions of the reservation prices for both parties, „  and „ . The 

functions of ὢ and ὣ also vary at different „ and •, given the value of ὴ. We identify the 

probability of losing clients, ὺ, as the cost of being self-interested. We take the first-order partial 

derivative of equation (2.11) respect to „  and •, respectively, to get: 

‬ὺ

‬„
‰ὣ

ὰὲὙ • ὰὲὬὙ

„
π                                     ςȢρυ 

‬ὺ

‬•
‰ὣ

ρ

„ Ὑ •
 π                                                      ςȢρφ 

Given „ „  and • •, and holding all else constant, the buying agentôs risk of losing 

a client in the case of not signing a buyerôs representative agreement with the buyer is lower when 

the buying agentôs prediction accuracy is high (i.e., ὃ ὃ ) and when the buyer gives a high 

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

Taking the partial derivative of equation (2.14) yields: 

‬Ὃ

‬ὺ
‌ὲὙ ρ ɮὢ

‌ὲὙ

„
‰ὢ π                                     ςȢρχ 

Given ὺȿὃ ὃȟ• • ὺȿὃ ὃȟ• • , Ὃȿὃ ὃȟ• •

Ὃȿὃ ὃȟ• • , 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 to be self-interested due 

to their low risk of losing clients.  

Proposition 2.2A: Without binding contracts between buyers and buying agents, the binding force 

of the agentôs concern of losing clients is weaker when the buying agent has high prediction 

accuracy.  

Proposition 2.2B: Without binding contracts between buyers and buying agents, the binding force 

of the agentôs concern of losing clients is weaker when the buying agent has a high level of 

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 illogical observations (i.e., 

building size exceeds lot size) and non-armôs length transactions (i.e., selling price, or original or 

last asking price lower than $10,000), our sample consists of 1,459,449 listings, including 864,502 

sold listings and 594,947 expired listings. 

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 last asking prices, selling prices, the agent code 

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

We identify each agent by a unique agent code and use that code to gather the listing and 

purchasing records of that agent. Therefore, 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 agentôs success ratio as a listing agent. Like most MLS data, our data do not 

include demographic characteristics specific to each buyer, seller, and their agents. We use the 

classifier Namsor to classify their gender, race, and ethnicity.18 Namsor has developed a name-

 
18 We thank Elian Carsenat for generously providing us credits to run the names on https://namsor.app/. Similar name-matching 

algorithms have been used in prior studies on home buyers (e.g., Li, Sheng, and Zhang (2020)) and financial advisors (e.g., Law 

https://namsor.app/
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checking technology that uses big data and machine-learning tools to classify 

names by gender, race (White, Black, Hispanic, and Asian), and ethnicity (e.g., French, British, 

Italian, Jewish, Chinese, etc.). We also construct a set of proxies for demographic attributes, 

including education, age, marital status, and immigration 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 years in 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 sold records 

where buyer information could not be inferred, we have 90,080 sold records with the buyerôs 

demographic characteristics to test the impact of the tolerance level.19 After eliminating missing 

values for control variables, we have 330,200 sold observations for testing proposition 2.2A. We 

use repeat sales to test propositions 2.1 and 2.2B, which further reduces our sample size to less 

than 60,000 observations.  

As shown in Table 2.1, 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% of transactions have 

buyers and buying agents from the same ethnicity and 54% of transactions have buyers and buying 

agents from the same race.20 Buyers of 4.0% of the transactions also use their buying agents to 

assist them to sell their houses in which they sign a sellerôs representative agreement (SRA). More 

than 75% of the single-family 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 only one listing agent and one buying agent, consistent with an assumption in our model (Panel 

D).  

 

[Table 2.1 about here.] 

 
and Zuo (2022)).  
19 Since the information for the buyer of each transaction is not available, we identify the buyer of each transaction by assuming 

that the seller of each listing is the buyer of the most recent transaction. 
20 In our sample, the percentage of same-ethnicity transactions is higher than the percentage of same-race transactions because most 

of the immigrants in the province of Quebec are from France, which include both white and black.  
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2.5 SIMULATION  

To initially examine our modelôs predictions, we simulate the activities of buyers, sellers, and 

their agents in a one-stage take-it-or-leave-it (TILI) negotiation. Our goal is to show whether the 

buying agentôs concern for risks of losing clients without signing a BRA imposes an implicit 

constraint on her activities in suggesting an offer price and how sensitive the binding power of that 

constraint is to changes in the buying agentôs prediction accuracy regarding the buyerôs reservation 

price (ὃ) and to changes in the level of tolerance (•) given by the buyer to the buying agent. 

In the simulation, we randomly draw 10,000 values for the buyerôs reservation price (Ὑ ), the 

sellerôs reservation price (Ὑ ), the asking price of the house (ὴ), the buying agentôs prediction of 

the buyerôs reservation price (Ὑ), and the buying agentôs prediction of the sellerôs reservation 

price (Ὑ ). Based on those values, we simulate the TILI negotiation stage and record the buying 

agentôs proposed offer prices (ὴ), the offer price parameters (ὧ ὥὲὨ Ὤ), and the buying agentôs 

payoffs (“ ). 

Based on the assumptions in section 2.3, we conduct the following simulation steps: 

Step1: We randomly draw Ὑ  and Ὑ  based on their distributions in our full sample: 

ὰὲὙͯ́ ρςȢςφȟπȢυχ  and ὰὲὙͯ́ ρςȢσωȟπȢυψ where 12.26 (12.39) and 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.21,22 In this round, only the pair of Ὑ  and Ὑ  that satisfies Ὑ Ὑ  are kept because a 

negotiation is successful only if Ὑ Ὑ .  

Step 2: We randomly draw ὴ  based on its distribution in our full sample:  

ὰὲὴͯ́ ρςȢσχȟπȢυψ where 12.37 and 0.58 are the mean and the standard deviation of the last 

asking prices in our dataset. In our dataset, less than 5% of the houses are sold at a sale price above 

the asking price, indicating that more than 95% of the buyerôs reservation prices are lower than 

the asking prices of the houses. We adjust the distribution of the asking price accordingly: 

ὰὲὴͯ́ ρςȢσχὰὲὙ ρρȢσωφȟπȢυψ, so that there is at least a 95% chance that the asking 

 
21 We report summary statistics for our full sample, which includes both sold and expired listings, in Appendix 2.2. 
22 We also draw the sellerôs reservation price using alternative distributions based on the last asking prices or the sellerôs prior 
purchase prices to draw and find similar results (unreported but available upon request). 
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price is above the buyerôs reservation price. 11.396 is the 5th percentile of the non-adjusted normal 

distribution of the asking price (́ρςȢσχȟπȢυψ). In this round, only ὴ that satisfies ὴ Ὑ  is 

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

Step3: We randomly draw Ὑ  and Ὑ  based on their distributions in our full sample: 

ὰὲὙͯ́ ὰὲὙȟ„  and ὰὲὙͯ́ ὰὲὙȟ„  where „  and „  are the standard deviations of 

the buying agentôs prediction which reflect her prediction accuracy level: the lower the standard 

deviation, the higher the accuracy level (ὃ). As a starting point, we assume that an agent has the 

same standard deviation for predicting both the buyerôs and sellerôs reservation prices („ „

πȢυπ).23 Only the pair of Ὑ  and Ὑ  that satisfies Ὑ Ὑ  is kept in each iteration, guaranteeing 

a positive probability for a successful negotiation.  

Step 4: Following steps 1-3, we simulate the payoffs for each participant with and without a 

binding contract between the buyer and buying agent.  

2.5.1 Scenario When Buying Agents Have No Risk of Losing Clients 

In this scenario we randomly draw the offer price parameter, ὧ, based on a uniform distribution: 

ὧͯὟρȟὙȾὙ . Then we calculate the offer price ὴ ὧ Ὑ . In the negotiation stage, the buyer 

accepts the asking price if ὴ Ὑ , and the payoff for the buying agent is “ ‌ ὴ. We set 

up the commission rate split to the buying agent as ‌ πȢπςυ, which is the mean of commission 

rate splits in our sample. If ὴ Ὑ , the buyer proposes the offer price ὴ suggested by the buying 

agent. If  ὴ Ὑ , the seller accepts the offer price ὴ, and the payoff for the buying agent is 

“ ‌ ὴ. If  ὴ Ὑ ὥὲὨ ὴ Ὑ , the seller rejects the offer price ὴ, and the payoff for 

the buying agent is “ π.  

2.5.2 Scenario When Buying Agents Have the Risk of Losing Clients 

In this scenario we randomly draw the offer price parameter, Ὤ, based on a uniform distribution: 

Ὤͯ ὟὙȾὙȟρ. We then convert the simulated Ὤ to ὧ (ὧ Ὤ ὙȾὙ ) to compare with the 

previous (no risk of losing clients) scenario, so that the offer price ὴ ὧ Ὑ .  

 
23 Please see Panel C in Figure 2.1 for the impact of accuracy level (A), measured by „, on the binding power of the risk of losing 
clients. A lower „ indicates a higher accuracy level. 
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In the negotiation stage, the buyer accepts the asking price if ὴ Ὑ , and the payoff for the 

buying agent is “ ‌ ὴ. If ὴ Ὑ , the buyer proposes the offer price suggested by the 

buying agent. If ὴ Ὑ • Ὑ , the buyer rejects the buying agentôs suggested offer price and 

engages with other buying agents. In this case, the payoff for the buying agent is “ π.  If  ὴ

Ὑ • Ὑ, the buyer accepts the buying agentôs suggestion and proposes an offer with price 

ὴ. As an initial examination, we set the level of tolerance given by the buyer to the buying agent 

to be 10% (• ρπϷ) in the base case.24 If  ὴ Ὑ , the seller accepts the offer price ὴ, and the 

payoff for the buying agent is “ ‌ ὴ. If ὴ Ὑȟὴ Ὑ • ὙȟὥὲὨ ὴ Ὑ , the 

seller rejects the offer price ὴ, and the payoff for the buying agent is “ π.  

Step 5: We plot the relationship between the offer parameter, ὧ, and the payoff of the buying 

agent, “ . We also show the differences in payoffs between two scenarios with different levels of 

tolerance (•) and prediction accuracy (ὃ) 

Figure 2.1 graphically displays the simulation results. In Panel A of Figure 2.1, we plot the 

payoff of the buying agent, “  under (1) a scenario without the risk of losing clients (i.e., ñwith 

contract)ò and (2) a scenario with the risk of losing clients (i.e., ñwithout contractò). We show the 

quadratic plot of the base-case relationship between ὧ (offer price parameter) and “  (buying 

agentôs payoff) for both scenarios where  • ρπϷȟ„ „ πȢυπȟ‌ πȢπςυȟὥὲὨ ύ π.25 

The offer price parameter (ὧ) on the X-axis is bound between 1 and ὙȾὙ . Panel A of Figure 1 

indicates that when the buyer and the buying agentôs relationship is bound by a BRA contract 

which leads to the no risk of losing clients (see the dash line, ñwith contractò), the buying agent 

achieves higher payoffs by proposing a higher offer price to the buyer, 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 agentôs payoff increases with increases in the proposed offer price (see the solid line, 

ñwithout contractò) but at a lower increasing rate compared with that in the ñwith contractò 

scenario. In SA 2.3, we show that our simulation results of linear plots are consistent with 

Proposition 2.1. 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, 

 
24 Please see Panel B in Figure 2.1 for the impact of the tolerance level (•) on the binding power of the risk of losing clients. 
25 Linear plots of the relationship between ὧ and “  under the two scenarios also are reported in the Supplementary Appendix 2.3 
(SA 2.3). 
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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). In SA 2.3, we plot a 3D graph for 

varying the accuracy level and the tolerance level simultaneously. The global minimum where the 

non-binding contract case converges to the binding contract case is achieved at the maximum 

levels of accuracy (i.e., the minimum of „ ) and 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 buying agentôs risk of losing clients affects 

transaction outcomes given conflicts of interests between buyers and their buying agents in the 

absence of a buyerôs representative agreement (BRA). After estimating the predicted buying and 

asking prices for properties, we show that transactions undertaken by buying agents who have a 

low risk of losing clients have less favorable transaction outcomes for buyers in terms of the ratio 

of the final sale price to the last asking price. Next, we examine how the buying agentôs prediction 

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, alternative criteria for determination of buying 

agentôs prediction accuracy level, market size subsamples, and a system of simultaneous equations 

model.  

2.6.1 Proposition 2.1: The Relation between Signing a Sellerôs Representative Agreement (SRA) 

and Transaction Outcome 

Proposition 2.1 predicts that a high risk of losing clients helps mitigate the misalignment of 

interest, resulting in a more favorable outcome for the buyer. Due to lack of data on contractual 

relationships between buyers and buying agents, we are unable to directly test proposition 2.1. 

Instead, we test Proposition 2.1 using the variation of buying agentôs risk of losing clients (ɜ). 

Specifically, we measure this variation using transactions in which the buyer and the buying agent 

also sign the sellerôs representative agreement (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 owners can end 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 and is less likely to walk away from the agent 

if the agent also sells the buyerôs existing house under an SRA during the same period. In other 

words, if a buying agent signs a sellerôs representative agreement with a buyer, he or she has a 

lower risk of losing clients (lower ὺ for the buying agent) compared 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 agentôs differential risk of losing clients and run the following ordinary least square (OLS) 

model: 

Ὓὖὸέὒὥίὸὃὖ‌ ‍ὈόάὛὙὃ ‌ ὓὥὭὲ ὅέὲὸὶέὰί

ὌέόίὩί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί ὒὭίὸὭὲὫ ὃὫὩὲὸί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί

 ὝέὴὄὶέὯὩὶὥὫὩὊὭὶάὊ Ὂ

 Ὂ  Ὂ  Ὂ     ‏

ςȢρψ 

The outcome variable, Ὓὖὸέὒὥίὸὃὖ, is the ratio of a houseôs final sale price to its last asking 

price for transaction i sold in quarter t. Our test variable, ὈόάὛὙὃ, is the SRA dummy, which 

equals one if the buyer has signed an SRA for the sale of her current house with the buying agent 

when purchasing house i at time t. We expect that the presence of an SRA between the buyer and 

the buying agent reduces the no-contract binding constraint on the buying agentôs behavior, 

resulting in a worse outcome (i.e., a higher purchase price compared to the last asking price) for 

the buyer.  

We follow prior studies and include a set of standard controls for housing characteristics, time 

on the market, the number of agents, agentôs listing inventory, agent attributes, degree of 

overpricing, and contract duration.26 ὓὥὭὲ ὅέὲὸὶέὰί include ὰὲὓὕὓ , which indicates the 

 
26 The standard controls include house characteristics, time on the market, listing agentôs attributes, and listing officeôs attributes 
(e.g., Barwick et al., 2017; Turnbull and Waller, 2018). In addition to the standard controls, Lin et al. (2017) also include the 
duration of the listing contract between sellers and listing agents. Anglin and Springer (2003) and Rutherford et al. (2005) include 
the degree of overpricing for houses. Buccianeri and Minson (2013) include the predicted value in addition to the general controls.     
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natural log of listing months on the market. ΠὒὭίὸὭὲὫὃὫὩὲὸί and ὒὃὄόίώὲὩίί represent the 

number of listing agents involved in transaction i and the number of active listings of the listing 

agent involved in transaction i during the contract period leading up to the house purchase. 

Similarly, ΠὄόώὭὲὫὃὫὩὲὸί and ὄὃὄόίώὲὩίί represent the number of buying agents involved 

in transaction i and the number of active purchases of the buying agent with purchase dates within 

180 days after the purchase date of transaction i. We use 180 days because the average pre-

purchase period is about half a year and we expect that buying agents will share their efforts among 

potential deals with overlapping pre-purchase periods. ΠὃὧὸὭὺὩὣὶί is the buying agentôs number 

of active years from 1994, the first year of our data. Ὀὕὖ is the degree of overpricing based on 

the last asking price as measured by the flexible general least square (FGLS) model.27 

ὅέὲὸὶὥὧὸὈόὶὥὸὭέὲ is the duration of the selling contract between listing agents and sellers. 

ὈόάὖὶὭὧὩὍὲὧ, ὈόάὖὶὭὧὩὈὩὧ, and ὈόάὟὶὦὥὲ are dummy variables for asking price increase, 

asking price decrease, and urban, respectively. ὈόάὈόὥὰὃὫὩὲὸ is the dummy variable for a dual-

agent situation which equals one when the listing agent and the buying agent are the same person; 

otherwise, it is equal to zero. ὌέόίὩᴂί ὧὬὥὶὥὧὸὩὶὭίὸὭὧί include the houseôs size, age, number of 

bedrooms and bathrooms, number of driveways and garages, and building type and property type. 

ὒὭίὸὭὲὫ ὥὫὩὲὸᴂί ὧὬὥὶὥὧὸὩὶὭίὸὭὧί include listing agentsô active years, past transaction volumes, 

and successful sales rates. ὝέὴὄὶέὯὩὶὥὫὩὊὭὶά indicates whether the listing agent and the buying 

agent are from a top 6 brokerage firm.28 Ὂ , Ὂ , Ὂ , Ὂ , and Ὂ  

are the listing agent, the buying agent, year, month, and region fixed effects. The standard errors 

are clustered at the FSA and year-month level. Appendix 2.1 illustrates the definitions of the key 

variables. Table 2.1 summarizes the descriptive statistics of our main variables. 

Table 2.2 summarizes the results. Consistent with proposition 2.1, the positive coefficients for 

DumSRA indicate that, under the fixed percentage commission system (FPCS), transactions with 

buying agents who simultaneously have signed SRAs with the buyers are associated with a higher 

ratio of the final sale price to the last asking price (SPtoLastAP). 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, a house purchased by a buyer who also signs an SRA with the 

 
27  We report the estimation model and results for the predicted asking price and the degree of overpricing (Ὀὕὖ ) in the 
Supplementary Appendix 2.4 (SA 2.4). 
28 Top 6 brokerage firms include RE/MAX, Royal Lepage, Sutton, VIA Capital, Proprio Direct, and Century 21. 
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buying agent (DumSRA=1) is significantly associated with a 0.29% higher SPtoLastAP (Column 

4). This represents an additional final sale price of $782 (=0.29%×$269,600) when evaluated at 

the average last 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) that buying agents who have a low risk of losing clients 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 who switched 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% and a 50-50 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 market (Ln(MOM)) and 

transacted by dual-agents (DumDualAgent) are bought at a lower price related to the last asking 

price. In contrast, overpriced listings (DOP), listings locate in an urban area (DumUrban), and 

listings experiencing asking-price revisions (DumPriceInc and DumPriceDec) are bought at a 

higher price related to the last asking price.  

We conduct a battery of robustness checks. First, replacing SPtoLastAP with the final sale 

price (lnSP) or the ratio of the final sale price to the original asking price (SPtoOriginalAP) yields 

consistent results. Second, we conduct the two-step 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, we use propensity 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 use the three-stages least square (3SLS) instrumental 

variable method to check the endogeneity of signing an SRA and the SPtoLastSP caused by 

unobservable terms that impact both the likelihood of signing an SRA and an agent buying a house 

high. Details and supportive results of these robustness checks are reported in section 2.5 of the 

supplementary appendix (SA 2.5).  
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2.6.2 Proposition 2.2: The Relation between Prediction Accuracy and Tolerance and the 

Transaction Outcome 

Proposition 2.2 predicts that the buyer pays more if the buying agent is better able to predict 

the buyerôs reservation price and if the buyer has given a high level of tolerance to the agent. 

Following the model specification in the previous section, we run the following ordinary least 

square (OLS) model: 

Ὓὖὸέὒὥίὸὃὖ‎ ‫ὃὧὧόὶὥὧώ ὴὶέὼώ‫ ὝέὰὩὶὥὲὧὩ ὴὶέὼώ

‎ὓὥὭὲ ὅέὲὸὶέὰίὌέόίὩᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

ὒὭίὸὭὲὫ ὃὫὩὲὸᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  Ὂ  Ὂ Ὂ ‐    

ςȢρχ 

Following prior studies on differences in agentsô abilities and experiences (e.g., Agarwal et al., 

2019, Turnbull et al., 2021), we first differentiate the buying agentôs prediction accuracy 

(ὃὧὧόὶὥὧώ ὴὶέὼώ) based on two criteria: the annual average number of purchases the buying 

agent was involved in the prior 5 years (Av#Purchases) and the average success ratio of the listings 

that the buying agent was involved in the prior 5 years (Av%SuccessSales).29 Av#Purchases is the 

exponential weighted average number of purchases that the buying agent was involved in during 

the prior 5 years.30 We use exponential weighted averages to emphasize the importance of 

activities in recent years on determining the type of buying agents. Similarly, Av%SuccessSales is 

the exponential weighted average of the success ratio of listings the buying agent was involved in 

the prior 5 years. 

Next, we differentiate the tolerance level (ὝέὰὩὶὥὲὧὩ ὴὶέὼώ) based on demographic 

characteristics of the buyer and the buying agents. Motivated by recent studies on the importance 

of race, and ethnicity in housing market outcomes (e.g., Agarwal, Choi, He, and Sing, 2019; 

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

 
29 We focus on the agentôs success ratio from the sell side because we do not observe the cases where a buying agent loses her 
client. Also, the buying agents are not recorded in the expired listings. Nevertheless, we could still construct a proxy based on the 
agentôs success rate as a listing agent assuming an agent who has a high success rate on the sell side is more likely to have a high 
success rate on the buy side. We conjecture that a buying agent with a high success rate on the sell side is more successful in dealing 

with other agents and buyers, and thus, can predict a buyerôs reservation price more accurately. In our sample, 93.5% of buying 
agents also act as listing agents. 
30 We calculate the annual average number of house purchases that the buying agent was involved in at the transaction date of the 
subject transaction. If the agent only works for 4 years, we consider the average over the prior 4 years. 
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race or same-ethnicity agents due to potential search frictions from social networks. Based on the 

identified race and ethnicity, we create the same ethnicity dummy (DumSameEthnicity) (the same 

race dummy, DumSameRace), which equals one if the buyer and the buying agent are from the 

same ethnicity (race).  

ὓὥὭὲ ὅέὲὸὶέὰί include ὰὲὓὕὓ, ΠὒὭίὸὭὲὫὃὫὩὲὸί, ΠὛὩὰὰὭὲὫὃὫὩὲὸί, ὒὃὄόίώὲὩίί, 

ὄὃὄόίώὲὩίί, ΠὃὧὸὭὺὩὣὶί, ὈὩὫὶὩὩὕὺὩὶὴὶὭὧὭὲὫ, ὅέὲὸὶὥὧὸὈόὶὥὸὭέὲ,ὈόάὖὶὭὧὩὍὲὧ, 

ὈόάὖὶὭὧὩὈὩὧ, ὈόάὟὶὦὥὲ, and ὈόάὈόὥὰὃὫὩὲὸ. ὌέόίὩᴂί ὧὬὥὶὥὧὸὩὶὭίὸὭὧί include the 

houseôs size, age, number of bedrooms and bathrooms, number of driveways and garages, and 

building type and property type. ὒὭίὸὭὲὫ ὥὫὩὲὸᴂί ὧὬὥὶὥὧὸὩὶὭίὸὭὧί include listing agentsô active 

years, past transaction volumes, and successful sales rates. Ὂ , Ὂ , and Ὂ  are year, 

month, and region fixed effects. The standard errors are clustered at the FSA and the year-month 

level. 

Consistent with Proposition 2.2A, coefficients reported in Table 2.3 indicate that under the 

fixed percentage commission system (FPCS), buying agents who have high expertise in past 

purchases (Av#Purchases) and sell past listings more successfully (Av%SuccessSales) are 

significantly associated with a higher ratio of the final sale price to the last asking price 

(SPtoLastAP). This implies that buyers who are served by a buying agent with a higher prediction 

accuracy regarding the buyerôs reservation price pay more relative to the last asking price, given 

the completion of a sale. In terms of economic significance, for example, a one-standard-deviation 

increase in Av%SuccessSales increases SPtoLastAP by 0.1071% (=0.0055×19.48%) (Column 2) 

or 0.1052% (=0.0054×19.48%) (Columns 6 and 8), which represents an increase in the final sale 

price of $289 (=0.1071%×$269,600) or $284 (=0.1052%×$269,600) when evaluated at the 

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

Consistent with Proposition 2.2B, houses purchased by buyers who are served by buying agents 

from the same ethnicity (DumSameEthnicity = 1) or from the same race (DumSameRace = 1) are 

significantly associated with a higher ratio of the final sale price to the last asking price 

(SPtoLastAP). This implies that buyers who give their buying agents a higher tolerance level pay 

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 

(DumSameEthnicity = 1) pay a 0.13% (Column 6) premium relative to the last asking price, which 
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represents an increase in the final sale price of $350 (=0.13%×$269,600) when evaluated at the 

average last asking price in our sample. These results are consistent with our model predictions 

that buying agents who have a high prediction accuracy regarding buyerôs reservation prices and 

receive a high tolerance level from buyers have incentives to induce higher purchase prices.  

[Table 2.3 about here.] 

In addition to the same-race and same-ethnicity relationships between the buyer and the buying 

agent, we use the demographics of the buyer to estimate how it affects the tolerance given to buying 

agents. We conjecture that a buyer would rely more on the buying agentôs suggestion on offer 

prices (i.e., showing a higher level of tolerance) if the buyer is a female, low-educated, single, 

newcomer, or young buyer (e.g., Pavlov and Somerville, 2020; Bottan and Perez-Truglia, 2020; 

Goldsmith-Pinkham and Shue, 2022). In Table 2.4, the gender dummy variable, DumFemaleBuyer, 

is equal to one when the buyer is a female based on Namesorôs classification; otherwise, it is equal 

to zero. As we do not have other direct proxies for the buyerôs demographic characteristics, we use 

census attributes based on the location of the house purchased. All the census attributes are 

collected at the municipality level from the Census 2001, which is prior to our sample period. 

ProbUniversityBuyer is the percentage of residents who hold a university degree. ProbSingleBuyer 

is the percentage of residents who are single. ProbNewcomer is the percentage of residents who 

were moving to the municipality from another province or territory in the prior year. The buyer-

age dummy variable, DumYoungBuyer, is equal to one when the median age of the municipality 

is below the sample median (38.6) in all municipalities in the province of Quebec; otherwise, it is 

equal to zero. 

In Table 2.4, except for the coefficients for the likelihood of the buyer being a newcomer 

(ProbNewcomer), all coefficients for our tolerance proxies are significant and support our 

conjectures. Significant and positive coefficients for DumFemaleBuyer, ProbSingleBuyer, and 

DumYoungBuyer indicate that female, single, and younger buyers pay more relative to the last 

asking price (SPtoLastAP), given the completion of a sale. Highly educated buyers 

(ProbUniversityBuyer) pay less relative to the last asking price (SPtoLastAP). In terms of 

economic significance, Columns 1 and 2 show that female buyers pay a 0.50% premium, which 

represents an increase in the final sale price of $1,348 (=0.50%×$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 

Appendix 2.5 (SA 2.5). First, we follow the approach in Oster (2019) to check for omitted variable 

biases. Second, we control for the listing agent and the buying agent brokerage firm fixed effects, 

the listing agent fixed effects, and the property fixed effects, respectively. Third, we control for 

the buying agentôs past performance as proxied by their past SPtoLastAP as the listing agent and 

the buying agent, respectively. Then, we examine the stability of our main results by using 

alternative outcome variables, including the natural log of the final sale price (lnSP) and the ratio 

of the final sale price to the initial asking price (SPtoOriginalAP), and alternative proxies of agent 

heterogeneity.31 We also conduct several sub-sample tests: the Montreal region, which is the 

financial center in the province of Quebec, versus the other 16 regions in Quebec, the Big-Six (i.e., 

six cities with the greatest population) versus Non-Big-Six, the Top5 regions (i.e., the five regions 

with the most listings) versus the Non-Top5 regions. Last, we use a three-stage least squares model 

to mitigate any concerns about reversal causality between the SPtoLastAP and 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 Proposition 2.2 that buying agents who have a high prediction accuracy 

regarding buyerôs reservation prices and receive a high tolerance level from buyers have an 

incentive to induce higher sale prices. 

2.6.3 Additional Analyses for Buying Agentôs Prediction Accuracy 

The results 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 buyer. In this section, we further 

study the different impacts of a buying agentôs prediction accuracy (Proposition 2.2A) on the ratio 

of a houseôs final sale price to its last asking price (SPtoLastAP) that can arise from information 

asymmetry, agent incentives, and collusion opportunities. We use the same two measures of the 

 
31 Alternative agent heterogeneity proxies include the annual average number of purchases the buying agents was involved in the 

prior 3 years (Av#Purchases3Yrs) and in the prior year (Av#Purchases1Yr), the annual average ratio of successful sales in the prior 
3 years (Av%SuccessSales3Yrs) and in the prior year (Av%SuccessSales1Yr), the annual average number of transactions (both 
listings and purchases) the buying agent was involved in the prior 5 years (Av#Transactions), and the annual average market share 
based on purchase amounts in the prior 5 years (AvMkt%BuyAmt). 
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buying agentôs prediction accuracy (e.g., Av#Purchases and Av%SuccessSales) used earlier in 

Tables 2.3 and 2.4.32 

2.6.3.1 Information Asymmetry 

When information about market conditions and the market value of a house is limited, it is 

more difficult for the buying agent to predict the buyerôs and the sellerôs reservation prices. In 

other words, „ and „ are higher in a market with high information asymmetry, which strengthens 

the impact of the buying agentôs risk of losing clients and results in a better outcome for the buyer. 

However, buying agents who are better able to predict reservation prices are more likely to 

differentiate themselves from 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-

time house listing, and the houseôs age and value. We expect that the level of information 

asymmetry is higher among atypical houses, first-time listed houses, old houses, and high-value 

houses. Our first proxy, DumATPY, is equal to one when a houseôs atypicality index is in the top 

five percentile in its region. The atypical index is calculated as the aggregated value of the 

difference between the houseôs characteristics and the sample mean of each characteristic 

following prior studies (e.g., Haurin, 1988; Glower, Haurin, and Hendershott, 1998; Haurin et al., 

2013; Bar-Isaac and Gavazza, 2015). Our second proxy, the first-time listing dummy variable 

(Dum1stListing) is equal to one when the house is the first time to be listed on the market since 

January 1994; otherwise, it is equal to zero. Third, the age dummy variable, DumOldAge, is equal 

to one when the houseôs age is in the top five percentiles in its region in a given year; otherwise, 

it is equal to zero. Lastly, the value dummy, DumHighVal, is equal to one when the houseôs 

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

In Panels A1 and A2 of Table 2.5, we include InfoAsymmetry (one of the four proxies for 

information asymmetry) and their interactions with the two proxies for prediction accuracy used 

in Tables 2.3 and 2.4. We follow the model specification in Columns 1 and 2 of Table 2.3 and 

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

 
32 We are not able to perform these additional analyses for Proposition 1 because a very small fraction of transactions is those where 

both the buyer and the buying agent signed the sellerôs representative agreement (SRA) and the information asymmetry attributes. 
For example, only 88 observations have DumSRA=1 and DumATYP=1. 
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InfoAsymmetry indicate that transactions of atypical houses, old houses, high-value houses, and 

first-time listed houses are associated with a lower final sale price to the last asking price 

(SPtoLastAP). Except for the coefficient for the interaction term between Av#Purchases and 

DumOldAge, the coefficients for the interaction terms between Av#Purchases and the information 

asymmetry proxies for atypical houses, high-value houses, and first-time listings are significant 

and positive, indicating that the buying agentôs prediction accuracy has stronger effects on 

transaction outcomes in markets with high information asymmetry. In terms of the buying agentôs 

past listing success ratio (Av%SuccessSales) in Panel A2, all coefficients for interaction terms are 

positive but only the coefficient for the interaction term with Dum1stListing is significant. These 

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

pays much more when the information asymmetry is high, given the completion of a sale. For 

example, Column 4 in Panel A2 indicates that a one-standard-deviation increase in 

Av%SuccessSales is associated with an additional 0.037% (=0.0019×19.48%) increase in 

SPtoLastAP for first-time listed houses, which represents an additional increase in the final sale 

price of $100 (=0.037%×$269,600) when evaluated at the average last asking price in our sample. 

[Table 2.5 about here.] 

2.6.3.2 Agent Incentives 

In this section, we examine how the impact of the buying agentôs prediction accuracy level on 

transaction outcomes is moderated by commission rate splits and the fixed amount commission 

system (FACS). We include the commission dummy variable (DumHighCom), the FACS dummy 

variable (DumFixedCom), and their interaction terms with the prediction accuracy proxies for 

buying agents, respectively. DumHighCom is equal to one for commission rate splits to buying 

agents above 2.5% (the 75 percentiles of the commission rate split in our sample); and equal to 

zero otherwise. DumFixedCom is equal to one if agents in the transactions are compensated using 

the FACS, and equals zero otherwise. 

Results are summarized in columns 1 and 2, Panels B1 and B2 of Table 2.5. Similar to Panel 

A, we include Incentive and their interactions with proxies for prediction accuracy. In column 1, 

the negative coefficients for DumHighCom are consistent with the previous finding that impatient 

sellers who offer higher commissions will accept lower sale prices to sell faster (Barwick and 

Wong, 2019). In column 2, the positive coefficients for DumFixedCom indicate a higher average 
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ratio of the final sale price to the last asking price (SPtoLastAP) when agents receive a constant 

amount of commission under the FACS. This finding is consistent with the findings in Sahin et al. 

(2013).33 

Turning to the interaction terms, the significant and positive coefficient for the interaction term 

between Av%SuccessSales and DumHighCom indicates that buying agents with a high past listing 

success rate 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 one-standard-deviation increase in 

Av%SuccessSales is associated with an additional 0.1091% (=0.0056×19.48%) increase in 

SPtoLastAP for listings with commission-rate splits greater than 2.5% to buying agents, which 

represents an additional increase in the final sale price of $294 (=0.1091%×$269,600) when 

evaluated at the average last asking price in our sample. However, the moderating effects of 

DumFixedCom on the impact of buying agentôs prediction accuracy on transaction outcomes are 

not significant.  

2.6.3.3 Collusion Opportunities 

Prior literature suggests that agents have a greater opportunity to collude with the listing 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, 2015; etc.). Similar situations may occur in intra-firm 

transactions (when the buying agent and the listing agent work for the same brokerage firm). In 

this section, we examine the impact of collusion opportunities. We conjecture that in intra-office 

transactions (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 intra-firm transactions (when the buying agent and the listing agent work for the same 

brokerage firm). We therefore include the intra-office dummy (DumIntraOffice) and the intra-firm 

dummy (DumIntraFirm), and their interaction terms with the prediction accuracy proxies for 

buying agents, respectively. DumIntraOffice equals one for an intra-office transaction, and equals 

zero otherwise. DumIntraFirm equals one for an intra-firm transaction, and equals zero otherwise. 

 
33 The alternative commission system applied in Sahin et al. (2013) was introduced by Yavas and Colwell (1999), which is not the 

same as the FACS in this essay. Under their alternative commission system, the seller pays the listing agent a fixed percentage of a 
predetermined fixed amount of commission and the buying agent receives the rest of the predetermined total commission. 
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We also add a control for dual-agent transactions (when the buying agent and the listing agent are 

the same person) in our model. 

Results are summarized in columns 3 and 4, Panels B1 and B2 of Table 2.5. The negative 

coefficients for the intra-office dummy and the intra-firm dummy indicate favorable outcomes to 

the buyer but unfavorable outcomes to the seller, consistent with the prior literature. In addition, 

the positive coefficients for the interaction terms of the prediction accuracy proxies and 

DumIntraOffice (or DumIntraFirm) suggest that the buyer pays much more relative to the last 

asking price when the buying agent has a higher prediction accuracy regarding the buyerôs 

reservation price and when the buying agent and the listing agent come from the same office (or 

the same firm).  

2.6.4 Additional Analyses for Buying Agentôs Tolerance Level 

 In this section, we study any moderating effects on the different impacts of a buying agentôs 

tolerance level (Proposition 2.2B) on the ratio of a houseôs final sale price to its last asking price 

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

collusion opportunities used in Section 2.6.3. In the interests of brevity, we report the effects of 

any moderating effects from our transaction-specific measures of buying agentôs tolerance level 

(DumSameEthnicity and DumSameRace) in Table 2.5 and for the noisier census- (aggregate)-

based measures of buying agentôs tolerance level (DumFemaleBuyer, ProbUniversityBuyer, 

ProbSingleBuyer, ProbNewcomer, and DumYoungBuyer) in SA Table 2.10.  

 Before examining the moderating effects, we observe that our previously reported results 

between our measures of a buying agentôs tolerance level and SPtoLastAP remain intact with the 

addition of the potentially moderating variables in both Table 2.5 and SA Table 2.10. Based on 

the interaction terms reported in Table 2.5, we find a positive and significant moderating effect of 

two proxies of information asymmetry (DumSameEthnicity in Panel A3 and DumSameRace in 

Pane A4) on the positive and significant relation between our transaction-specific measures of 

buying agentôs tolerance level (DumSameEthnicity and DumSameRace) and SPtoLastAP.34 In 

contrast and not unexpectedly, we find no significant moderating effects of the proxies for buying 

 
34 We are unable to perform the analysis for the first-time listing dummy variable (Dum1stListing). This is because we track buyers 

using repeat sales. By construction, DumSameEthnicity and DumSameRace are available only in repeat listings (i.e., the second 
listing for the same house). However, Dum1stListing tracks the first sale of a repeat pair because the dummy variable equals one 
when the house is the first time it was listed on the market. 
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agentôs incentives (Panel B3) and collusion opportunities (Panel B4) on the positive and significant 

relation between our transaction-specific measures of buying agentôs tolerance level and 

SPtoLastAP. Similarly, we find little evidence of significant moderating effects of our three types 

of potential moderators on the significant relations between our census-specific measures of 

buying agentôs tolerance level and SPtoLastAP. 

 

2.7 CONCLUSION 

Unlike home sellers, home buyers have an obvious directional conflict of interest with their 

agents regarding the final sale prices under the fixed percentage commission system (FPCS). This 

essay uses a model to examine if the efficiency and fairness of the FPCS for buyers is enhanced 

when a non-contractual relationship exists between buyers and their buying agents (i.e., no-

contract constraint). We show that this no-contract constraint could potentially align the buying 

agentôs interests with those of buyers under the FPCS (Proposition 2.1). We also introduce agent 

heterogeneity which plays an important role in determining the strength of the no-contract 

constraint. Buying agents who are able to make more accurate predictions on reservation prices 

and who are able to have more inþuence on buyers have lower probabilities of losing clients and 

higher incentives for being self-interested (Proposition 2.2). Our simulation results and empirical 

analyses support both Propositions 2.1 and 2.2. 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 comprehensive data. First, one could 

directly test the efficiency of the FPCS with non-contract bounds (Proposition 2.1) using data on 

contractual relationships between buyers and buying agents (indicating who signs a binding 

contract with the buying agent and who does not). Second, one could empirically examine 

selection and survivorship biases by using only complete transactions given access to data on 

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

Complaints Against Agents and Agentôs Incentives: Evidence from Housing Transactions 

 

3.1 INTRODUCTION  

Real estate agents assist sellers in searching, matching, and negotiating in most housing 

transactions.35 The relationships between sellers and the sellerôs agent (also called the listing agent) 

are usually bound by an exclusive right-to-sell listing agreement, under which switching to other 

listing agents is costly for sellers. The literature that studies the principal-agent relationship 

between the seller and the listing agent shows the existence 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 since 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 quicker transaction. This generates conflicts 

of interests between sellers and their agents.36 Thus, 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 relationship and find that competition among listing agents (e.g., Fisher and Yavas, 2010) 

and agentôs concern for customer referrals (e.g., Shi and Tapia, 2016) mitigate the conflict of 

interests between sellers and listing agents. To contribute to this scarce literature, this essay 

examines whether seller complaints play a role in enhancing the Complaint Recipientôs (agentôs) 

incentive to exert first-best level efforts, and thus help to alleviate the agency problems in the 

seller-agent 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 the aggregate level and use 

 
35 The National Association of Realtors (NAR)ôs annual report shows that 89% of houses in the United States are listed by real 
estate agents during the year of 2020. 
36 To illustrate, Rutherford et al. (2005), Levitt and Syverson (2008), and Allen et al. (2015) find that agent-owned houses are sold 
at a premium compared to non-agent-owned houses while having similar listing times. 
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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 are less favorable for listings that are listed by listing 

agents with public complaint records. As a result, this essay expects 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 Shy (2012), this essay constructs a simple dynamic model to examine 

the impact of complaints against agents on that agentôs incentives when advising sellers. Our 

model implies that complaints against agents induce agents to exert additional efforts to sell houses 

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 other transaction outcomes in terms of the 

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

This essay also conducts empirical analyses to examine the impact of complaints against listing 

agents on housing transaction outcomes in terms of final sale prices, the likelihood of a house sale, 

and the listing time on the market. Our study uses an event-study methodology to examine when 

an agent receives notice of the complaint against him or her and when the public notices the 

complaint against the agent. Since we conjecture that such agents are motivated by complaints 

against them, we refer to them as the ñcomplaint-motivated agentsò. We examine this motivation 

effect in three periods: agent notice period, which is a period between the agent notice date and 

the public notice date; public notice period, which is a period of two years after the public notice 

date; and post-complaint period, which is a period of three years after the public notice period. 

Only complaint-motivated agents know of the complaint in 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 post-complaint period. 

Our empirical results suggest that houses sold by complaint-motivated agents end up with 

higher sale prices than other houses. This implies that complaint-motivated 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 when 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. Given information 

asymmetry, houses sold by complaint-motivated agents end up with even higher final sale prices 

in transactions of atypical houses and high-value houses. We also find that houses sold by 

complaint-motivated agents face less favorable sale prices when these agents receive severe 

complaint sanctions and when these agents receive low commission rates.  

Our empirical results also suggest that houses listed by complaint-motived agents during the 

public notice and post-complaint periods are less likely to 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.37 This implies that, although complaint-motivated agents exert additional efforts 

to improve their performance 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 created by complaint-

motivated agents have a lower underpricing level, are associated with longer selling contracts (i.e., 

sellersô representative agreements), and are more likely to get asking prices reduced in the agent 

notice and the public notice periods than in the post-complaint 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 conflict of interest and pricing implications 

theoretically and empirically. Our model is closely related to Shyôs model (2012) which studies 

the agentôs incentives to recommend a high selling price to a seller and the conflict of interest 

between sellers and real estate agents. We extend Shyôs model and focus on the role of the 

complaints against agents in dealing with incentive problems. This essay also extends Shi and 

Tapia (2016) who study the disciplining effect of an agentôs concern for referrals. Both papers are 

 
37 These results are robust to the use of simultaneous equations (3SLS) to consider any reverse causality between the sale price and 
the listing time. 
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based on the reputation mechanism, but this essay studies an agentôs concern for the consequences 

of complaints, which have more direct impacts on an agentôs reputation and future career. 

Our study also contributes to the literature that studies agent gender (e.g., 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 complaint against agents differ between female and male agents and 

among white, black, and Asian agents.  

This essay also has important policy implications for regulatory frameworks dealing with real 

estate brokerage complaints. Given the complicated process of filling a complaint against real 

estate brokers and the incentive effects of complaints on agentôs efforts, policy makers should 

seriously consider simplifying the complaint filling process and complaint resolution, and provide 

for better public disclosure of complaints against real estate agents. 

The remainder of the essay is organized as follows. In section 3.2, we develop a conceptual 

framework to explore how complaints against agents discipline their behaviors and impact 

transaction outcomes. In section 3.3, we describe our data source and summary statistics. In section 

3.4, we present and discuss our empirical analyses. Section 3.5 includes robustness checks and 

additional analyses on agentôs gender and race. Section 3.6 concludes the essay. 

 

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 selling contract (i.e., sellerôs representative agreement or 

SRA) with a fixed contract duration T. We assume that the commission rate for the listing agent, 

which is denoted by ‰, is determined by the seller and the final sale price is determined (or heavily 

influenced) by the listing agent.38 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 ὦ , while the buyers who value the house low only accept to buy the house at 

 
38 In North America, the seller also needs to pay the commission for the buyerôs agent. To simplify the calculation, we assume the  

same commission rate (‰ for the buyerôs agent. Thus, the total commission paid by the seller is ς‰ of the final sale price.  
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a maximum price of ὦ, where ὦ ὦ π. We assume that there are ‍ high-valuation buyers in 

the large pool of potential buyers. 

To simplify the model, we assume that for each period ὸȟὸ  ρȟςȟȢȢȢȟὝ, only one buyer arrives, 

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 denoted as ὴ. The final price is determined or 

heavily influenced by the listing agent and equals either ὦ , a price only high-valuation buyers 

would accept, or ὦ, a price which both types of buyers would accept. If the buyer rejects the price 

ὴ ὦ  at period ὸ, the seller and the agent both have no payoff during this period. A potential sale 

is possible in the subsequent period ὸ ρ at the waiting cost of ὅ and ὅ for sellers and agents, 

respectively.39 Thus, the sellerôs expected profit without considering the time value of money is 

similar to Eq 1 in Shy (2012) and is as follows: 

Ὁ“ ὴ ὦ ρ ς‰ὦ ρ ‍ ὅ                                      σȢρ 

where В ρ ‍ ὅ is the accumulated waiting cost which approximately equals ρ ‍ὅ ‍ϳ  

if the contract duration T is long enough.  

Since the listing agent determines or heavily influences the selling price, we introduce the agentôs 

effort, which is denoted by Ὡ, and expect the agentôs effort to enhance the buyerôs valuation.40 The 

listing agent does not need to exert any effort Ὡ π for ὴ ὦ because both types of buyers 

accept ὦ. The listing agent could exert effort of Ὡ Ὡ π at a cost of ‏Ὡ ςϳ ‏ π to enhance 

the high-valuation buyerôs willingness to pay the higher price and ask a price of ὴ ὦ ὦ Ὡ. 

So, the sellerôs expected profit as a function of price ὴ at each period t is 

Ὁ“

ρ ς‰ὦ                                                ὭὪ ὴ ὦ                  

ρ ς‰ ὦ Ὡ
ρ ‍ὅ

‍
            ὭὪ ὴ ὦ ὦ Ὡ

                               σȢς 

 
39 For example, waiting costs for a seller who has purchased another house or has committed to a rental include mortgage interest 
expenses, property taxes, and house insurance costs for the unsold house and the rent for the rental house. Waiting costs for an 

agent include advertising fees for listing the house on the local media, and the opportunity cost of time spent showing the house to 
potential buyers. 
40 For example, listing agents could enhance the buyerôs willingness to pay by better decorating the house, hiring a professional 
photographer, and committing to intensive advertising and open houses, etc. 
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The agentôs expected profit as a function of price ὴ at each period t is  

Ὁ“

‰ὦ                                                           ὭὪ ὴ ὦ ὥὲὨ Ὡ π          

‰ὦ Ὡ
ρ ‍ὅ

‍
  
Ὡ‏

ς‍
        ὭὪ ὴ ὦ Ὡ ὥὲὨ Ὡ π   

              σȢσ 

Taking the first derivative of the second row in equation (3.3) with respect to the agentôs effort 

Ὡ and setting it equal to zero, we get the following optimal effort which maximizes the agentôs 

profit at a high price: 

ὩǶ
‍‰

‏
                                                                             σȢτ 

We substitute for the agentôs level of effort in equation (3.2) using equation (3.4) and find that 

the seller would prefer a high price if  

ρ ς‰
‍‰

‏

ρ ‍ὅ

‍
                                                     σȢυ 

After substituting for the agentôs level of effort in equation (3.3) using equation (3.4), we find 

that the listing agent would prefer a high price if  

‍‰

ς‏

ρ ‍ὅ

‍
                                                          σȢφ 

We compare the left-hand sides of equations (3.5) and (3.6) and find 

‍‰

ς‏
ρ ς‰

‍‰

‏
          ὭὪὪ ‰ τπϷ                                  σȢχ 

Thus, when the sellerôs waiting cost is equal to or lower than the agentôs waiting cost, that is 

ὅ ὅ, it is less likely for a listing agent to prefer a high price as the seller does unless the 

commission rate is higher than 40%, which is unrealistic in a housing transaction. In other words, 

when ὅ ὅ, it is unrealistic to make the following relationship true: 

ὖὶέὦὴ ὦ ὖὶέὦὴ ὦ    ὭὪὪ ‰ τπϷ                            σȢψ 

where ὴ and ὴ are prices that simultaneously make agents and sellers better off.  
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When ὅ ὅ 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 incentive to convince the seller to sell high when they 

have huge gaps in their waiting costs. Specifically: 

ὖὶέὦὴ ὦ ὖὶέὦὴ ὦ    ὭὪὪ 
ὅ

ὅ

ςρ ς‰

‰
                            σȢω 

where φςȢφχ if we assume the commission rate paid by the seller for the listing agentôs 

service is 3%, or ‰ σϷ. 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 final sale price. This supports the existence 

of a conflict of interest between sellers and listing agents. 

3.2.1 Complaints Against Real Estate Agents 

This section extends Shyôs model (2012) and the above discussion by including the negative 

impact of complaints against real estate agents on their current listings and on their future business. 

This section also considers the positive impact of extra service efforts by agents with complaints 

to recover their reputations and credibility. We expect complaints against agents diminish the 

listing agentôs credibility and reduce a buyerôs valuation for the house. Thus, the new fraction of 

high-valuation buyers in this scenario, which is denoted by ‍ᴂ, is now smaller: ‍ᴂ ‍. Based on 

the reputation mechanism mentioned by Shi and Tapia (2016), an agentôs concern for reputation 

and future career would induce her to exert more efforts to serve the current client by selling the 

house at a high price in the above discussion. We assume that if the agent exerts effort (Ὡᴂ π) 

and selects a high price (ὴ ὦ ὦ Ὡᴂ), the expected loss from the complaintôs negative 

impacts on her future business would be partially reduced. However, if the agent exerts no effort 

(Ὡᴂ π) and selects a low price (ὴ ὦ), the expected loss would not be reduced. 

So, the sellerôs expected profit as a function of price ὴ at each period t is 

Ὁ“ᴂ

ρ ς‰ὦ                                                  ὭὪ ὴ ὦ                    

ρ ς‰ ὦ Ὡᴂ
ρ ‍ ὅ

‍
            ὭὪ ὴ ὦ ὦ Ὡᴂ

                          σȢρπ 

The agentôs expected profit considering the expected losses in future business as a function of 

price ὴ at each period t is  
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Ὁ“ᴂ

‰ὦ ‗‰ὄ                                                                                  ὭὪ ὴ ὦ ὥὲὨ Ὡ π          

‰ὦ Ὡᴂ
ρ ‍ ὅ

‍
  
Ὡ‏

ς‍
‗‰ὄ  ‗‰ὄὫὩᴂ    ὭὪ ὴ ὦ Ὡᴂ ὥὲὨ Ὡᴂ π   

    σȢρρ 

where ‗‰ὄ is the present value of expected losses in future business. ‗ represents the discount 

factor and ὄ is the average house sale price for future lost listings. ὫὩᴂ  is a function which shows 

the relationship between the agentôs effort and its impact on recovering the agentôs reputation 

where ὫὩᴂ <1, indicating that agents could not benefit from the complaints against them. To 

simplify the following, we assume that ὫὩᴂ ὫὩᴂ  (linear function).41  

Taking the first derivative of the second row in equation (3.11) with respect to the agentôs 

effort Ὡᴂ and setting it equal to zero, we get the following optimal effort which maximizes the 

agentôs profit at a high price: 

Ὡᴂ
‍‰

‏
ρ ‗ὄὫ                                                             σȢρς 

  

We substitute the level of the agentôs effort in equation (3.10) by equation (3.12) and let ὃ ‗ὄὫ. 

We find that the seller would prefer a high price if  

ρ ς‰
‍‰

‏
ρ ὃ

ρ ‍ ὅ

‍
                                                     σȢρσ 

Next, we substitute the level of the agentôs effort in equation (3.11) by equation (3.12) and find 

that the listing agent would prefer a high price if  

‍ᴂ‰

ς‏
ρ ὃ

ρ ‍ᴂὅ

‍ᴂ
                                                          σȢρτ 

Thus, when the sellerôs waiting cost is equal to or lower than the agentôs waiting cost, that is 

ὅ ὅ, a listing agent prefers a high price as does the seller if the reputation recovery benefit 

from exerting efforts is great enough. 

 
41 Results are consistent when we assume ὫὩᴂ is a concave function, which indicates that the higher the agentôs efforts, the better 
are the reputation recovery effects, but the marginal impact of each unit of additional effort is decreasing. 
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ὖὶέὦὴ ὦ ὖὶέὦὴ ὦ    ὭὪὪ  ὃ
ς υ‰

‰
                            σȢρυ 

In inequality (3.15), ὃ φρȢφχ when calculated using a commission rate of 3% (‰ σϷ). If 

we assume a discount factor ‗ πȢω and an average house sale price of future lost listings ὄ

Ατππȟπππ, then to obtain ὃ φρȢφχ requires that the recovering coefficient Ὣ πȢπςϷ. This 

implies that the agentôs effort would at least help the agent reduce future losses by $2 for every 

$10,000 of losses caused by complaints against her. This is realistic. 

When ὅ ὅ 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:  

ὖὶέὦὴ ὦ ὖὶέὦὴ ὦ    ὭὪὪ 
ὅ

ὅ

ςρ ς‰

‰ρ ὃ
                     σȢρφ 

where 
Ȣ

 if we assume that the commission rate paid by the seller for the listing agentôs 

service is 3%, or ‰ σϷ. Based on the above discussion for inequality (3.15), the condition in 

equation (3.16) is only valid when Ὣ πȢπςϷ, which indicates that the agentôs effort has a minor 

impact on recovering the agentôs reputation. So, when dealing with an impatient seller, listing 

agents are more likely to have the same target as the seller, which is to sell the house fast at the 

cost of selling low. 

In sum, it is 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 (ὅ ὅ) 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 high due to their concerns for reputation and future career. 

3.2.2 Mitigation Impacts among Different Housing Transactions 

The predictions resulting from inequality (3.15) depend on the values of ὃ and ‰. In other 

words, the level of benefits by exerting more effort 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 values of ὃ and ‰ 

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 lower waiting costs (ὅ ὅ).  

In inequality (3.15), the higher the value of ὃ, the more likely that the condition for ὖὶέὦὴ

ὦ ὖὶέὦὴ ὦ  is satisfied, given that the commission rate ‰ is constant. In contrast, given 

the constant value of ὃ, the lower the commission rate ‰, 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 are strengthened by the benefits 

accruing to agents from greater complaint-induced efforts and are weakened by lower commission 

rates. 

Proposition 3.2: Higher levels of benefits for an agentôs recovery of reputation by exerting 

efforts and selling houses high strengthen the mitigation effect of complaints against agents 

on the conflicts of interest between sellers and listing agents (3.2A) while a lower commission 

rate weakens that mitigation effect (3.2B). 

3.2.3 Impact on the Likelihood of a House Sale and Listing Time 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 buyers, high-valuation buyers vs 

low-valuation buyers, with a fraction of ‍ and ρ ‍, respectively. 

When there is no complaint against the listing agent, the expected number of periods for selling 

the house high at ὴ ὦ ὦ Ὡ is 

ὉὝ ‍Ͻρ ‍ρ ‍Ͻς  ‍ρ ‍ Ͻσ ‍ρ ‍ Ͻτ Ễ ‍ρ ‍ Ͻὸ

‍ ρ ‍ Ͻὸ

ρ

‍
                                                                                           σȢρχ 
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Equation (3.17) 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 duration, which is denoted by T, the house 

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

ὖὶέὦὛέὰὨὖὶέὦὉὝ Ὕ  ὖὶέὦ
ρ

‍
Ὕ                              σȢρψ 

When there are complaints against the listing agent, less buyers would value the house high 

due to the negative impact of the complaint on the listing agentôs reputation and credibility. The 

fraction of high-valuation buyers becomes ‍ȭ, where ‍ȭ ‍. So, the total number of periods it 

takes to sell the house high is greater when there 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 sale (3.3A) 

and increase the houseôs listing time on the market before being sold (3.3B) when it is priced 

high.  

 

3.3. DATA AND SUMMARY STATISTICS  

Our initial sample consists of 976,872 listing records (both sold and expired) of single-family 

houses listed on the local Multiple Listing Service (MLS), consisting of 17 regions in the province 

of Quebec, Canada, between January 2005 and December 2017.42 Our data include a specific agent 

code for each listing agent in each listing record. We also observe agentôs names and brokerage 

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 check the validity 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 

québécoise d'information juridique (SOQUIJ), which posts the discipline hearing decisions for 

 
42 We thank the Greater Montreal Real Estate Board (Chambre Immobili¯re du Grand Montr®al) for providing the transaction data. 
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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 agentôs record on OACIQ and SOQUIJ to determine if 

that agent has complaints. In case of duplicate agent names, we manually match agentôs 

information (i.e., agentôs updated photos and contact information) on OACIQ with the listing 

records. In the matching process, we also observe the gender and race of the agent by 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 active up-to-

date or suspended or revoked their licenses within the last two years, all agents in our sample are 

active until the end of our sample period.43 Finally, our sample consists of 10,038 agents, including 

528 agents who have received complaints. 

We combine the hand-collected data on complaints against real estate agents, agentsô gender, 

and agentsô race with listing records. Based on the complaint-related dates, which are the complaint 

filing date, the guilty plea date, the guilty hearing date, the guilty documentation date, the sanction 

hearing date, and the sanction documentation date for each complaint, we identify two important 

dates for each complaint: the agent notice date and the public notice date.44 The agent notice date 

is the date when the agent knows about the complaint. In general, the agent notice date should be 

close to the complaint filing date.45 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 the sanction hearing date if the complaint filing date is missing.46 The 

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 documentation date 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 agent-only-notice-period 

dummy (DumAgentNotice), which equals one if the listing was sold during the period between the 

agent notice date and the public notice date; the public-notice-period dummy (DumPublicNotice), 

 
43 We updated our agentôs records on October 2021. 
44 The complaint filing date is the date when the complainant files the complaint; the guilty plea date is the date when the defendant 
pleads guilty; the guilty hearing date is the date when the hearing for the guilty decision takes place; the guilty documentation date 
is the date when the guilty decision becomes public; the sanction hearing date is the date when the hearing for the sanction decision 
takes place; and the sanction documentation date is the date when the sanction decision becomes public. 
45 In the robustness check, we also identify the agent notice date based on the median duration (284 days) between the known 
complaint filing date and the public notice date. 
46 A complaint is missing the guilty plea date if the agent does not tell if he or she pleads guilty or not guilty before the hearing and 
is missing the guilty hearing date if there is no specific hearing for a guilty decision. 
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which equals one if the listing was sold within two years after the public notice date; the post-

impact-period dummy (DumPostComplaint), 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 public-notice period and the post-complaint period because 

real estate broker licenses are usually renewed every two years and continuing education cycles 

are two years. We conjecture that a two-year period is long enough for the at-fault agent to correct 

her mistakes and for the public to start to ñforgiveò the at-fault agent. We also create corresponding 

three period dummy variables (i.e., DumAgentNoticeCre, DumPublicNoticeCre, and 

DumPostComplaintCre) based on the creation time for each listing. We exclude listings that are 

handled by multiple listing agents and do not consider the double impacts of period-overlapping 

complaints.47 Figure 3.1 defines the two complaint-related dates and the three complaint-related 

periods graphically. 

Our data also include property characteristics such as house size, age, 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 dates. After deleting incomplete, missing, and illogical data (e.g., the building 

size exceeds the lot size) and non-armôs length transactions (i.e., selling prices, original asking 

prices, or last asking prices are lower than $10,000), our final sample consists of 485,889 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. Table 3.1 summarizes the 

descriptive statistics of our variables from both listing and agent perspectives. Panels A to D are 

based on listing-level data. Panel A summarizes the property characteristics. For example, it shows 

that a typical single-family house has a building size (lot size) of 1,030 (7,440) square feet, three 

bedrooms, one bathroom, 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 sold (created) during 

the post-complaint period. Panel C summarizes the transaction outcomes and shows that 54% of 

 
47 For example, if an agent receives two complaints during the same period, which is rare in our sample and are combined as one 
complaint in most cases, we do not consider the impact of the second complaint separately. 
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listings in our sample get sold successfully. A typical single-family house is sold at $220,000 and 

takes 1.74 months to get sold. Panel D reports statistics for other important control variables. 

Panel E summarizes the complaint-level 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 defendant. 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 available dates when the 

complaint filing date is missing (please see our results in the test of robustness section later in the 

essay). Panel F summarizes the agent-level data. Among the total 10,038 agents, 528 agents 

receive at least one complaint by the end of our 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% of 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 Table 3.1 about here] 

 

3.4. EMPIRICAL ANALYSES  

In this section, we discuss the results of our empirical analyses. 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 from information 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 examine the impacts of the complaint 

against the agent on the agentôs listing activities such as the listingôs degree of overpricing. 
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3.4.1 Relation between Complaint Against Agent and House Sale Price 

When the complaint against the agent goes public, the agentôs reputation and credibility might 

deteriorate because complaints against agents create a negative signal regarding the agentôs 

professionalism and loyalty which are usually unobservable by the market. Thus, complaints 

against agents are highly likely to negatively impact an agentôs future performance. However, 

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, an agent 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 during the three 

complaint-related periods, namely, the agent-notice period, the public-notice period, and the post-

complaint period, are different from those of houses sold during other periods. The specific 

ordinary least square (OLS) model estimated is: 

ὒὲὛὖ ‍ ‍ὈόάὃὫὩὲὸὔέὸὭὧὩ  ‍ὈόάὖόὦὰὭὧὔέὸὭὧὩ  ‍ὈόάὖέίὸὅέάὴὰὥὭὲὸ 

 ♫ ὓὥὭὲ ὅέὲὸὶέὰί  ὌέόίὩί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

 ὕὸὬὩὶ ὒὭίὸὭὲὫ ὃὫὩὲὸί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί Ὂ Ὂ  Ὂ ‐ 

σȢρω  

ὒὲὛὖ is the dependent variable, which is the natural log of the final sale price for listing i. As 

defined in the Data section (Section 3.3), our key testing variables are the three complaint-related 

period dummy variables: the agent-notice period dummy (ὈόάὃὫὩὲὸὔέὸὭὧὩ), the public-notice 

period dummy ( ὈόάὖόὦὰὭὧὔέὸὭὧὩ ), and the post-complaint period dummy 

(ὈόάὖέίὸὅέάὴὰὥὭὲὸ), based on the sold time of each listing.  

We follow prior studies and include a set of standard controls for housing characteristics, 

listing agentôs characteristics, listing attributes, and listing sold time and locations.48 Main controls 

include the dummy variable, ὈόάὊὩάὥὰὩ, which equals one if house i is listed by a female agent 

and zero otherwise, and the category variable, ὙὥὧὩ, which equals one if house i is listed by a 

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

 
48 Unreported housing characteristics include housesô floor and lot sizes, number of bedrooms, number of bathrooms, garages, and 
driveways, housesô heating system, housesô building and property types. 
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the natural log of listing months on the market for house i. Ὀὕὖ is the degree of overpricing for 

house i based on the predicted original asking price as measured by the flexible general least 

squares (FGLS) model.49 ὅέὲὸὶὥὧὸὈόὶὥὸὭέὲ is the duration of the selling contract between 

listing agents and sellers. ὈόάὖὶὭὧὩὍὲὧ, ὈόάὖὶὭὧὩὈὩὧ, ὈόάὈόὥὰὃὫὩὲὸ, and 

ὈόάὝέὴὒὭίὸὭὲὫὄὶέὯὩὶὥὫὩ are dummy variables that indicate whether a listing experiences 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 brokerage firm.50 Following 

Kryzanowski et al. (2021), we also include other listing agentôs characteristics such as listing 

agentôs active years, past transaction volumes, successful sales rate, and listing agentôs busyness, 

which is measured by the number of listings of the listing agent during the selling contract period. 

Ὂ , Ὂ , and Ὂ  are year, month, and region fixed effects. ‐ represents the standard 

error and is clustered at the forward sortation area (FSA) level. To deal with a potential inference 

bias because the decrease in confidence intervals 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 c, 

respectively, when drawing inferences throughout. 

Coefficients reported in Table 3.2 indicate that listings sold during the three complaint-related 

periods are sold at significantly higher prices compared to listings sold during other periods. 

Regarding the range of economic significances over the model results reported in Columns 1 to 4 

in Table 3.2, listings sold during the agent-notice period (ὈόάὃὫὩὲὸὔέὸὭὧὩ ρ) experience 

from 3.85% (=exp(0.03773)-1, Column 1) to 4.71% (=exp(0.04599)-1, 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 public-notice period (ὈόάὖόὦὰὭὧὔέὸὭὧὩρ) experience 5.01% 

(=exp(0.04886)-1, Column 3), or 5.13% (=exp(0.04999)-1, Column 4) higher sale prices, which 

represents $12,802.05 or $13,108.69 in additional final sale prices. Listings sold during the post-

complaint period (ὈόάὖέίὸὅέάὴὰὥὭὲὸ ρ) experience 3.57% (=exp(0.03508)-1, Column 4) 

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

 
49 Anglin et al. (2003) and Rutherford et al. (2005) introduce the approach to calculate the degree of overpricing. We report the 

estimation model and results for the predicted original asking price and the degree of overpricing (Ὀὕὖ) in SA 3.1. 
50 Top 6 listing brokerage firms include RE/MAX, Royal Lepage, Sutton, VIA Capital, Proprio Direct, and Century 21.  



52 
 

agents may exert additional effort to sell a house high when they become aware of the complaint 

against them. Standardized coefficients for the three complaint-related periods in Column 5 imply 

that the impacts of complaints against agents on the agentôs incentive to exert additional effort are 

stronger when the complaint 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 complaint but becomes weaker when the public starts to forgive the ñat-faultò agents. This 

finding is consistent with the first proposition in our model (Proposition 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 variable (ὈόάὊὩάὥὰὩ) in Columns 2, 3, and 4 are positive 

and significant at the 10% significance level. This indicates that listings sold by female agents 

experience a relatively higher sale 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 agents.51 This also supports findings from other literature in financial 

economics (e.g., Liu et al., 2014), which studies the impact of agentôs gender on their performance 

and finds female agents outperform male agents. Coefficients for the agentôs race (ὙὥὧὩ) indicate 

that black agents have inferior performance in terms 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 not 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 time (ὒὲὓὕὓ), listings 

with long-term selling contracts (ὅέὲὸὶὥὧὸὈόὶὥὸὭέὲ), and listings transacted by dual-agents 

(ὈόάὈόὥὰὃὫὩὲὸρ) receive lower final sale prices but Overpriced listings (Ὀὕὖ) are sold at 

higher prices. Increases in asking prices (ὈόάὖὶὭὧὩὍὲὧρ) lead to higher sale prices while 

decreases in asking prices (ὈόάὖὶὭὧὩὈὩὧρ) lead to lower sale prices. Interestingly, listings 

listed by listing agents from top listing brokerage firms (ὈόάὝέὴὒὭίὸὭὲὫὄὶέὯὩὶὥὫὩρ) are 

 
51 Seagraves and Gallimore (2013) also find that sellers with greater concerns about sale prices are more likely to choose female 
agents. 
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not sold at higher 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 in top listing brokerages.52 

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 sanctions, and commission 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 agentôs incentive to exert additional effort. We use the complaint fine amount 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 splits to buying 

agents to estimate the listing agentôs incentive and expect that listing agents who receive lower 

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) is more uncertain about a houseôs real value. Thus, we expect that high levels 

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 of information asymmetry based on two parameters: houseôs atypicality index 

and houseôs value. We conjecture that the level of information asymmetries associated with an 

atypical house and a high-value house are higher than that associated with the rest of houses 

because of limited comparability for evaluating house value. We construct two dummy variables: 

ὈόάὃὝὣὖ and ὈόάὌὭὫὬὠὥὰόὩ. ὈόάὃὝὣὖ is the atypical dummy, which equals one if a 

houseôs atypicality index is in the top five percentile in its region in a given year and equals zero 

otherwise. A houseôs atypical index is calculated as the aggregated value of the difference between 

the houseôs characteristics and the sample mean of each characteristic.53 ὈόάὌὭὫὬὠὥὰόὩ is the 

 
52  Various studies find that collusion between listing agents and buying agents lead to unfavorable outcomes for sellers (e.g., 
Gardiner, Heiser, Kallberg, and Liu, 2007; Brastow and Waller, 2013; Kadiyali, Prince, Simon, 2014; Johnson, Lin, Xie, 2015; etc). 
53 We follow Haurin (1998), Glower et al. (1998), and Bar-Issac and Gavazza (2015) to calculate the house atypicality index. 



54 
 

dummy variable for house value, which equals one if the houseôs hedonic price predicted by the 

OLS model is in the top 5 percentile in its region in a given year and equals zero otherwise.54 We 

include the information asymmetry dummy variable and its interaction terms with three complaint 

related period dummy variables in our baseline models.  

In Columns 1 and 2 of Table 3.3, coefficients for the interaction terms between the public 

notice period dummy (DumPublicNotice) and the information asymmetry proxies and between the 

post-complaint period dummy (DumPostComplaint) and 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 result in more 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 period (ὈόάὖόὦὰὭὧὔέὸὭὧὩ

ὈόάὃὝὣὖ ρ) experience an additional 21.58% (=exp(0.19541)-1) higher final sale price than 

normal houses (ὈόάὃὝὣὖπ) do during the same period (ὈόάὖόὦὰὭὧὔέὸὭὧὩρ). This 

represents an additional $56,684.62 higher final sale price based on the average final sale price 

($255,530) in our sample. This finding is consistent with our second proposition (Proposition 

3.2A), which argues that higher benefits for recovering an agentôs reputation by exerting increased 

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 high following a severe complaint as reflected in a severe penalty (i.e., a high fine amount 

or a license suspension). Thus, severe complaint sanctions might attenuate an agentôs incentive to 

exert greater efforts and the success of those greater efforts might be less 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 based on the severity of the filed charges and can anticipate the penalty 

 
54 We report the estimation model and results for the house hedonic prices in SA 3.1. 
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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 broker's license (i.e., 

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 dummy (DumSuspended), 

which equals one if the complaint leads to a license suspension (i.e., the suspension length is 

positive) and equals zero otherwise. We include each sanction variable, ὊὭὲὩ or ὈόάὛόίὴὩὲὨὩὨ, 

and its interaction terms with the three complaint-related-period dummy variables in Table 3.3. 

Since a fine 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 complaint-related periods. We set the interaction term between post-complaint period 

dummy and the license suspension dummy (DumPostComplaint×DumSuspensed) as the base.  

In Column 3 in Table 3.3, negative coefficients for the interaction terms between the fine dollar 

amount and the agent notice period and the public notice period dummy variables indicate that the 

impact of concerns for reputation on agentôs incentive to successfully sell houses high is weaker 

when the agent receives severe penalties. For example, the coefficients for the interaction terms, 

ὈόάὃὫὩὲὸὔέὸὭὧὩὊὭὲὩ and ὈόάὖόὦὰὭὧὔέὸὭὧὩὊὭὲὩ, reported in Column 3 show that for 

listings sold during the agent notice period (or during the public notice period), a one-standard 

deviation increase in the fine amount ($1,530.60) from its mean ($478.24) decreases the natural 

log of the final sale price by an additional 0.30% (=-

0.01308×ln[(478.24+1+1530.60)/(478.24+1)]/ln(478.24+1)) (or an additional 0.29%). This 

represents a $9,725.39 (exp[1.003×ln(255530)]-255530) (or a $9,395.33) 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 Table 3.3 show 

that listings sold during complaint periods have lower sale prices when the license of the agent has 

been suspended by the court, which will (or does) lead to a severe impact on these agentsô clients. 

This is consistent with our expectation that it is difficult in the short run for listing agents to recover 

their reputations 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 percentage commission 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 buyerôs agent) favors listings with high-commission splits (Barwick et al., 2017). Thus, 

high-commission splits create incentives for buyerôs agents. However, since listing agents keep 

the rest of a sale commission, we expect that high commission splits to buying agents attenuate 

the incentives for the sellerôs agents (i.e., listing agents). In this section, we examine how the 

impact of complaints against listing agents on the house sale price are moderated by commission 

splits. We include a commission dummy variable, ὈόάὌὭὫὬὅέάά, which 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 related period dummy variables.  

In Column 5 of Table 3.3, the significant and negative coefficients for all interaction terms 

between the commission dummy variables and three complaint-related-period dummy variables 

indicate that listings sold during the complaint-related periods have less favorable transaction 

outcomes for sellers in terms of the final sale price when such listings split higher sale commissions 

to buyerôs agents. For example, Column 5 shows that listings with splits of 2.5% and above 

commission rates to buyerôs agents and sold during the public notice period (ὈόάὖόὦὰὭὧὔέὸὭὧὩ

ὈόάὌὭὫὬὅέάάρ) experience a 7.33% lower final sale price than listings with splits less than 

2.5% commission rates (ὈόάὌὭὫὬὅέάάπ) and sold during the complaint period 

(ὈόάὖὩὶὭέὨρ). 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 potential negative impacts created by complaints against them, consistent with our 

second proposition (Proposition 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 determined by the bargaining 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 agent, reducing the number of visits, including less buyers who would 
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value the house high due to the negative impacts of the complaint on the agentôs credibility. The 

net result would be a reduction in the probability of a house sale. Although listing agents are 

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 of a complaint against an agent, that listing agent 

would exert additional effort to sell their listings but the positive effect from the listing agentôs 

effort might be offset by the negative effect from the listing agentôs publicly available complaint. 

We use the following logit regression model to study the relationship between three complaint-

related-period dummies and the likelihood of a house sale. 

ὒὲ
ὈόάὛέὰὨρ

ὈόάὛέὰὨπ

‎ ‎ὈόάὃὫὩὲὸὔέὸὭὧὩὅὶὩ  ‎ὈόάὖόὦὰὭὧὔέὸὭὧὩὅὶὩ 

 ‎ὈόάὖέίὸὅέάὴὰὥὭὲὸὅὶὩ  ‎ὓὥὭὲ ὅέὲὸὶέὰί 

 ὌέόίὩί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  ὕὸὬὩὶ ὒὭίὸὭὲὫ ὃὫὩὲὸί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

Ὂ Ὂ  Ὂ ‭ 

σȢςπ  

ὈόάὛέὰὨ represents the sold dummy variable, which equals one if house i gets sold before 

the expiration of the selling contract and equals zero otherwise. Three complaint-related-period 

dummy variables are ὈόάὃὫὩὲὸὔέὸὭὧὩὅὶὩ, ὈόάὃὫὩὲὸὔέὸὭὧὩὅὶὩ, and 

ὈόάὖέίὸὅέάὴὰὥὭὲὸὅὶὩ, which identify whether house i is listed during the agent notice, the 

public notice, or post-complaint period, respectively. These three complaint related period 

dummies are based on the creation time of each listing. Like our assessments in section 3.4.1, we 

control for the listing agentôs gender and race, past trading volumes and performance, busyness, 

and active years in the logit model. Main controls also include degree of overpricing, duration of 

the contract between seller and listing agents, and dummies for whether the listing experiences 

asking price changes and the listing is for agents from the top 6 listing brokerage firms. Ὂ , 

Ὂ , and Ὂ  are year, month, and region fixed effects.  

Table 3.4 reports the coefficients and marginal effects at the mean for the logistic regression 

models. Significant and negative coefficients for the public notice period dummy 
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(ὈόάὖόὦὰὭὧὔέὸὭὧὩὅὶὩ) in Columns 3 and 5 and for the post-complaint period dummy 

(ὈόάὖέίὸὅέάὴὰὥὭὲὸὅὶὩ) in Column 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 created during 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 weaker for listings that are created during the post-complaint period. This is 

consistent with our prior conjecture that the public starts to forgive an ñat-faultò agent as the time 

passes. These results imply that after receiving complaints against them, listing agents 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 probability of house sales are reduced significantly due to the negative 

impact of the complaint on the agentôs credibility. This finding supports our third proposition 

(Proposition 3.3A). 

[Table 3.4 about here] 

Insignificant coefficients for the gender dummy (ὈόάὊὩάὥὰὩρ) show that listings created 

by female agents are not significantly different from listings created by male agents in terms of the 

likelihood of a house sale. Coefficients for agentôs race indicate that white agents have superior 

performance 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 agents on transaction 

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 market, but such improvements would not persist 

or would even deteriorate when complaints against agents first become available publicly. Also, 

due to the trade-off theory between the sale price and the selling time of a house, it is difficult for 

an agent to sell a house fast and high at the same time.55 We use the following Cox-proportional 

 
55 Turnbull and Dombrow (2006), Waller and Jubran (2012), and Turnbull and Waller (2018), amongst others, argue that the listing 

time on the market and the selling price of houses are simultaneously determined. We use simultaneous equations (3SLS) to check 
the reverse causality between the sale price and the selling time in the robustness section. 
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hazard model to examine the impact of the three complaint-related-period dummies on the house 

listing time on the market: 

—ὸ — ὸὩὼὴ‫ὈόάὖόὦὰὭὧὔέὸὭὧὩὅὶὩ  ‫ὈόάὃὫὩὲὸὔέὸὭὧὩὅὶὩ 

 ‫ὈόάὖέίὸὅέάὴὰὥὭὲὸὅὶὩ  ‫ ὓὥὭὲ ὅέὲὸὶέὰί 

 ὌέόίὩί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  ὕὸὬὩὶ ὒὭίὸὭὲὫ ὃὫὩὲὸί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

Ὂ Ὂ  Ὂ †  

σȢςρ 

— ὸ is the baseline hazard function for the sold event (ὈόάὛέὰὨ). All other variables are 

defined as in equation (3.19). Significant and negative coefficients for ὈόάὃὫὩὲὸὔέὸὭὧὩὅὶὩ 

and ὈόάὖέίὸὅέάὴὰὥὭὲὸὅὶὩ in Columns 3 and 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 complaint against the listing agents on the listing time on the market 

is weaker for listings that are created during the post-complaint periods. These results are 

consistent with findings in section 4.3 and support our third proposition (Proposition 3.3B). 

[Table 3.5 about here] 

Consistent with the findings in section 3.4.3, the coefficients for gender dummies 

(ὈόάὊὩάὥὰὩ) show that listings listed by female and male agents are not significantly different 

in terms of the listing time on the market. Coefficients 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.  

3.4.5 Relation between a Complaint Against an Agent and the Listing Agentôs Other Activities  

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 

complaint-related periods. This restriction also excludes listing agents who become inactive due 

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

during all three-complaint-related periods. Table 3.6 lists listing attributes, such as the degree of 

overpricing of the initial 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 complaint-related period. Comparisons of the listing 

attributes among the three groups show that initial asking prices for listings created during the 

post-complaint period are significantly lower (i.e., underpriced). A plausible explanation is that 

agents with complaints during the 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 agent and the public 

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 performance, prefer 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 

repriced lower 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 when the complaints 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 to deal with selection 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 the known complaint filing date and the public notice date to determine the 

agent notice date. Lastly, we extend our study by examine the moderating effect of agentôs gender 

and race on the impact of complaints against agents on the housing transaction outcome in terms 

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 

complaint-related periods (Treated group) with listings with similar attributes but not sold or 

created by listing agents who have received complaints against them (Control group). 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 listings. 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 in Table 3.7 are 

consistent with the findings reported in Tables 3.2, 3.4, and 3.5. 

[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 against the agent 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) instrumental variable 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 complaint-related periods. In the second stage, we include the fitted value of the first-stage 

model and rerun the probit model in the first stage. In the third stage, we include the fitted value 

of the second-stage probit model and regress the OLS model in Column 4 in Table 3.2. Adams et 

al. (2009) argue that this three-stage procedure takes care of the model misspecification in the first 

stage of the two-stage 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 Heckman two-step selection model 

(Heckman, 1979). In the first step, we run a probit regression for the binary variable of a house 

sale (DumSold) 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 (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 the first step. 

Results in Table 3.8 show that coefficients for all complaint-related period dummies in the 

three-stage least square (3SLS) model (Columns 1 and 2) and the Heckman two-stage selection 

model (Columns 3 and 4) are consistent with those coefficients for the original OLS models 
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(Column 4 in Table 3.2), 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 Table 3.2 by considering reverse 

causality between the listing time before a house sale and the sale price of the house. The 

simultaneous equations are: 

ὒὲὛὖ† ”ὒὲὈὕὓ ‎ὈόάὃὫὩὲὸὔέὸὭὧὩ‎ὈόάὖόὦὰὭὧὔέὸὭὧὩ

‎ὈόάὖέίὸὅέάὴὰὥὭὲὸ‎ὒὭίὸὭὲὫὈὩὲίὭὸώВ‫ ὓὥὭὲ ὅέὲὸὶέὰί

ὌέόίὩᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  ὒὭίὸὭὲὫ ὃὫὩὲὸ̄ί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

 Ὂ  Ὂ Ὂ ‭ σȢςς 

ὒὲὈὕὓ  † ″ὒὲὛὖ‎ᴂὈόάὃὫὩὲὸὔέὸὭὧὩ

‎ᴂὈόάὖόὦὰὭὧὔέὸὭὧὩ  ‎ᴂὈόάὖέίὸὅέάὴὰὥὭὲὸ‎ὅέάὴὩὸὭὸὭέὲ

‫ ὓὥὭὲ ὅέὲὸὶέὰίὌέόίὩᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

 ὒὭίὸὭὲὫ ὃὫὩὲὸ̄ί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  Ὂ  Ὂ Ὂ

‭ σȢςσ 

,ÎὈὕὓ  is the natural log of listing days on the market (Ὀὕὓ) for house i. ὒὭίὸὭὲὫὈὩὲίὭὸώ 

and ὅέάὴὩὸὭὸὭέὲ are the listing density and competition variables that are used to make the 

system of simultaneous equations identified. For house i, we define competing house j as 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: 

ὕὭȟὮ άὭὲὧὶὩὥὸὭέὲ ὨὥὸὩȟὧὶὩὥὸὭέὲ ὨὥὸὩ άὥὼὩὲὨ ὨὥὸὩȟὩὲὨ ὨὥὸὩ     σȢςτ 

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 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:  

 ὅέάὴὩὸὭὸὭέὲ ВὕὭȟὮ                                                              σȢςυ  

 ὒὭίὸὭὲὫὈὩὲίὭὸώ
В ȟ

                                                             σȢςφ 

In Table 3.9, the reported coefficients for the complaint-related-period dummies on the natural 

log of the final sale price (ὒὲὛὖ) are consistent with the coefficients in Table 3.2 but the coefficient 

for the listing time on market (ὒὲ Ὀὕὓ) is not significant. The negative and significant 

coefficient for listing density (ὒὭίὸὭὲὫὈὩὲίὭὸώ) implies that houses sold in competitive 

environments yield lower ὒὲὛὖ. Based on the theory of the spatial competition effect and the 

shopping externality effect from Turnbull and Dombrow (2006), our results show that in terms of 

ὒὲὛὖ, the 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 equation (ὒὲ Ὀὕὓ), the significant and negative coefficient for the 

post-complaint-period dummy indicates that given the house being sold at a certain sale price, 

listings created during the post-complaint period are sold faster. The insignificant coefficient for 

the public-notice-period dummy implies that although considering the trade-off between the sale 

price and listing time, agentôs extra efforts induced by their concerns for reputation have little 

impact on selling a house faster during the public-notice period. The positive and significant 

coefficients for the ὒὲὛὖ indicate 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 supports the trade-off between the final sale price and the listing time on the market 

before a sale. The coefficient for the competition variable (ὅέάὴὩὸὭὸὭέὲ) is 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.  

[Table 3.9 about here] 

3.5.3 Agentôs Notice Date based on the Complaint Filing Date 

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 complaint filing 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 should become 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, which is the earliest 

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. Next, we 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 the agent-notice 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 complaint. This can be 

expected to weaken the effect of the complaint on transaction outcomes only during the agent 

notice period. Nevertheless, the results reported in Table 3.10 are consistent with the findings 

reported in Tables 3.2, 3.4, and 3.5 for the method initially used to determine the agent notice date. 

[Table 3.10 about here] 

3.5.4 Agentôs Gender and Race and Complaints  

In this section, we extend our study by examining the moderating effects of an agentôs gender 

and race on the impacts of the complaints 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 transactions differs 

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 likelihood of a house 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 interaction terms of the agentôs gender dummy (DumFemale) or the 
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agentôs race indicators (Race) and three complaint related period dummy variables in the baseline 

OLS models, logit models, and Cox-proportional hazard models.  

In Column 1 of Table 3.11, the significant and positive coefficients for the interaction terms 

between the gender dummy and the public notice period and the post-complaint 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 

agents have more incentives to exert additional efforts to recover their reputations by selling a 

house high. In Column 2 of Table 3.11, the significant and negative coefficient for the interaction 

terms between the gender dummy and the public notice period shows that 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 dummy and the post-complaint-period 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 exert more additional efforts to recover their reputation or at-fault female agents are 

easier to be re-accepted (forgiven) by the public than at-fault male agents. Column 3 for the listing 

time on the market shows similar results as Column 2 for the likelihood of a house sale. 

[Table 3.11 about here] 

In terms of the agentôs race, Column 1 of Table 3.12 shows that at-fault Asian agents have 

inferior transaction outcomes in terms of the final sale price during the agent notice period and the 

post-complaint period, but at-fault 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 complaint-related period 

dummy variable show that although listings created by black agents are less likely to get sold and 

take longer time to get sold, at-fault black agents have superior performance than white and Asian 

agents in terms of the likelihood of a house sale and the listing time on the market in all complaint-

related periods. A plausible explanation is that ñat-faultò black agents exert greater efforts on 

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 

sellers. This essay formulates 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 to price a house high 

in order to recover their reputation and future career (Proposition 3.1). We also show that the 

impact of complaints on agentôs incentives is stronger in a market with a high level of information 

asymmetry, in which real estate agents receive greater benefits from exerting additional effort. 

However, the impact is weaker if the complaint results in severe sanctions because of their severe 

negative impacts on the agentôs reputation and credibility. The impact is also weaker for 

transactions where the listing agent receives a smaller portion of the final sale price due to a lower 

commission rate split for the listing agent (Proposition 3.2). Lastly, we show that complaints 

against agents have negative impacts on the probability of a house sale and a houseôs listing time 

on the market (Proposition 3.3). 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 several ways. 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, in which buyerôs agents have an obvious directional conflict of interest with 

buyers 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 final sale price.     

 

  



67 
 

CHAPTER FOUR 

Signaling Effects of Recurrent List-price 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 on the market, the seller must set the list price and disclose all the known 

house-related 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. Therefore, an offer 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 price and the 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; 

Benjamin et 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, 1978; Arnold, 1999; Anglin et al., 2003, Han 

and Strange, 2016; Österling, 2016). 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). Andersen 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) find that precise versus round 

asking prices lead to higher (lower) counteroffers in a buyerôs (sellerôs) market for real estate 

properties. 

Lazear (1986) and Wit and Klaauw (2013) argue that the level of the list price is not exogenous, 

as some market characteristics 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 (2016) argue that sellers 

strategically set the list price. For example, Beracha and Seiler (2013) study the rounded-price, 

just-below-price, and precise-price list-price strategies and recommend the use of the just-below-

price strategy because it generates higher net yields than other list-price strategies. Instead of 



68 
 

examining the signaling effects of the level of the list price, some literature studies the signaling 

effects of list-price revisions, generally reductions, on housing transactions (Knight, 2002; Merlo 

and Ortalo-Magné, 2004; Wit and Klaauw, 2013; Khezr, 2015; Gorden and Winkler, 2017). For 

example, Knight (2002) shows that increasing the size of a list-price reduction increases the listing 

time on the market and decreases the sold price. Wit and Klaauw (2013) claim that list-price 

reductions increase the likelihood of house sales. Gorden and Winkler (2017) argue that list-price 

reductions significantly increase the likelihood of house sales but decrease net sold prices, when 

the listing time on the market is 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 essay focuses on the effect of recurrent list-price revisions. 

Many housing transactions experience more than one list-price reduction event. In the 

Canadian province of Quebec, around 12.5% of listed single-family houses exhibit more than one 

list-price revision during the period 2008-2017.56 Compared to the first list-price revision and the 

difference between the initial list price and the list price prevailing at the time of the sale 

(subsequently referred as the ñlast list price or LLPò), the dynamic process of recurrent list-price 

revisions, generally reductions, reveals more unobservable information about the seller and the 

house. Recurrent list-price 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 

recurrent list-price reductions for a house as an indicator of the sellerôs impatience to sell more 

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 the recurrent list-price reductions for a house 

as an indicator that the listing is problematic (e.g., a lemon house) due to the houseôs unobservable 

attributes. We expect that although buyers receive a signal from a sellerôs list-price reduction 

activities, they are not able to anticipate (i) whether a future list-price reduction will occur; and (ii) 

the level and timing of any list-price reductions if they subsequently occur because of the temporal 

uncertainty caused by changes in the housing market, the level of list prices 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 of a negative signal is to reduce house visits from potential buyers for a house that 

 
56 This statistic is based on the listing records of single-family houses listed on the local Multiple Listing Service from the Greater 
Montreal Real Estate Board (Chambre Immoiliere du Grand Montreal). 
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is perceived as a lemon. Thus, the two signals would have different effects from list-price 

reductions on the likelihood of a house sale: positive signals from list-price reductions increase the 

likelihood of a house sale and negative signals from list-price 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 behind the list-price reductions of sellers.  

Most of the literature studies the impact of list-price reductions by using the ordinary least 

squares (OLS) model and the standard survival analysis model which treat the list-price reduction 

event as a time-invariant covariate (Knight, 2002; Khezr, 2015; Gorden and Winkler, 2017). Wit 

and Klaauw (2013) treat the list-price reduction event as a time-varying covariate and use a 

continuous-time duration model to estimate the impact of the first list-price reduction on the 

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 positive and negative signals, one needs to use 

an empirical methodology that accounts for (i) the association between the recurrent list-price 

reduction rate and the sold rate, and (ii) the inter-dependence among recurrent list-price reductions. 

For a sold event, recurrent list-price 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 recurrent list-price reduction events, the sale of a house is an 

informative censoring event that prevents the house from further reducing its list price. Also, some 

unobservable heterogeneity of sellers and listings, such as the sellerôs impatience and the 

unobservable mispricing of the list price, affect both the dynamic process of the recurrent list-price 

reduction and the sold process. For 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. Over-priced listings of unsold houses are more likely to get list 

prices reduced repeatedly and are less likely to get sold. In addition, recurrent list-price reduction 

events are inter-dependent. For example, a new recurrent list-price reduction event depends on the 

history of recurrent list-price reductions and the size and timing of each list-price reduction. 

Associations between recurrent list-price reductions and house sales and among recurrent list-price 

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 associations to provide a superior 
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test of the net effect of the two opposing signals from list-price reductions on the likelihood of a 

house sale.  

A study close to ours is by Merlo, Ortalo-Magné, and Rust (2015) who use a nonstationary, 

finite-horizon, dynamic model and data for 780 sold listings in England to study the home selling 

problem and find that the list price is sticky (list-price revisions are infrequent as only 8 listings 

had three or more revisions). Possible reasons for the high degree of list-price stickiness in their 

sample are (i) the accurate sellerôs ex-ante prediction of the value of the house, (ii) the role of the 

list price as a starting point in a negotiation, and (iii) the inelastic negative relationship between 

the list price and the arrival rate of offers. Their sample suffers from a potential selection bias since 

it excludes unsold listings which are more likely to have list-price reductions. Thus, our study 

examines recurrent list-price reductions for both sold and unsold (expired) listings. 

To compare the difference between not considering and considering the inter-dependence 

among recurrent list-price reductions and the dependence between the recurrent list-price 

reductions and the sold event, this essay uses both the Cox model and the joint frailty model 

(Rondeau et al., 2007) to investigate the signaling effects of recurrent list-price reductions on the 

likelihood of a house sale. Results of the Cox model support the prior literature that a list-price 

reduction increases the likelihood of a house sale unlike the results of the joint frailty model 

reported herein that support the dominance of negative signaling effects, indicating that list-price 

reduction events decrease the likelihood of a house sale. Results of the joint frailty model also 

imply that the recurrent list-price 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 list-price reductions. This supports the efficacy of the joint 

frailty model that considers the dependence between the recurrent list-price reductions and the sold 

event, and highlights the biases encountered with the use of the OLS model and the standard 

survival analysis model for house sales and for recurrent list-price reductions. 

Time-varying duration dependence parameters are examined in housing markets. For example, 

Agnello et al. (2015) study housing booms and busts considering change-points in duration 

dependence. We also consider the different impacts of successive list-price reductions on the 

likelihood of house sale and the listing time on the market. Time-varying coefficients for the list-

price reductions in the joint frailty model show that early list-price reductions have stronger 
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negative impacts on the probability of a house sale than late list-price reductions. 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 more likely to perceive the listing as being problematic when 

they observe early list-price reductions. Although the dominance power of the negative signaling 

effects diminishes as the listing time on the market progresses, a list-price reduction always affects 

the likelihood of a house sale negatively.  

We further analyze the implications of recurrent list-price reductions on the ratio of the sold 

price to the last list price (SPtoLLP). Salant (1991) argues that sellers incorporate incomplete 

information about the market into the initial list price and Read (1988) notes that a sellerôs 

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 market. Merlo et al. (2015) argue 

that list-price reductions by sellers are motivated by macro shocks and over-time learnings from 

the market and not from a lack of buyers. Thus, this essay conjectures that a list-price reduction 

itself signals fairer pricing as the initial list price, which incorporates imperfect information, 

incorporates new information and converges towards the fair market value of a house. We find 

that a list-price reduction itself, not the size of the list-price reduction, results in a higher SPtoLLP. 

We also find that increases in the number of list-price reductions, holding the list-price 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 list-price reductions on SPtoLLP.  

This essay makes 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 house sales. We also investigate how the list-price reduction(s) 

itself, and the size of reductions, impact listing-sale performance in terms of narrowing the gap 

between the sold price and the last list price as embodied in a higher SPtoLLP. 

In addition, the new findings reported in this essay highlight the importance of considering the 

dependence between recurrent list-price reductions and the sold event and the interdependency 

among recurrent list-price reductions. This essay also provides possible explanations for its 

findings that differ from the literature about the effect of list-price reductions on the likelihood of 

a house sale. We treat the sold event as the semi-competing risk on the occurrence of a further list-
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price reduction event and use the joint frailty 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 events 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 information related to each 

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 event and provides evidence in support of their 

positive dependences (Li, Lesperance, 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 of traffic 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 frailty model can 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.57 

The remainder of this essay is organized as follows. In section 4.2, we develop the hypotheses. 

In section 4.3, we describe the empirical models, including the joint frailty model and its 

parameterization. In section 4.4, we describe the sample and data used in the empirical analyses. 

In section 4.5, we present and discuss the empirical results. Section 4.6 concludes the essay. 

 

4.2 CONCEPTUAL FRAMEWORK AND HYPOTHESES  

When a house is initially listed on the market, the seller is required to fully disclose 

house-related material information. Since the buyer is less informed than the seller about the 

houseôs attributes, the buyer needs to visit the house to detect the houseôs attributes that are not 

disclosed in the listing. Unlike retail products, houses without visits have little likelihood of being 

 
57 We are currently using the joint frailty model to examine this issue. 
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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 process between house sellers and buyers by examining what factors affect the buyerôs 

choice to visit a house.58 Let S and B denote the seller and the buyer. Let Ὑ  represent the sellerôs 

reservation price, which is the lowest price the seller is willing to accept to sell the house. Ὑ  is 

unobservable for the buyer and is set by the seller based on the houseôs attributes, market 

conditions (Mkt), the sellerôs original purchase price (ὖ  and time of purchase, and the sellerôs 

characteristics such as financial constraints (F). The houseôs attributes consist of the observable 

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

from the listing (ὢ ) that can only be partially detected by the buyer during a house 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 listing but are detectable by the buyer. The sellerôs characteristics such as 

financial constraints are unobservable by the buyer. Let Ὑ  represent the buyerôs reservation price, 

which is the highest price the buyer is willing to offer to buy the house. Ὑ  is unobservable by the 

seller and is set by the buyer based on the houseôs observable attributes (ὢ ), market conditions 

(Mkt), and the buyerôs characteristics such as their financial resources or budgets (B). Market 

conditions (Mkt) are observable for both the buyer and the seller. The seller sets the initial list 

price ὖ , ὖ Ὑ , which provides a signal of the houseôs unobservable attributes (ὢ ) and the 

sellerôs reservation price to the buyer (Yavas and Yang, 1995). We now assume that the houseôs 

observable attributes match the buyerôs search preference. To decide whether to visit the house or 

not, the buyer first predicts the sellerôs reservation price (Ὑ ) based on the initial list price, the 

houseôs observable attributes, and market conditions: Ὑ Ὢὖ ȟὢȟὓὯὸ. Then the buyer 

compares Ὑ  with Ὑ . The buyer only visits the house if Ὑ Ὑ .  

If Ὑ Ὑ  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 

 
58 Although the bargaining process is also important in a housing transaction, our hypotheses should not be impacted by the choice 
of the bargaining model (i.e., one-stage, two-stage, and multi-stage). In a similar vein, Merlo, Ortalo-Magn® and Rust (2015, p. 

459) ñdo not explicitly model the behavior of buyers and the bargaining game that leads to the sale of a houseò although they 
examine accepted and rejected offers for a somewhat small sample of listings that are subsequently sold. Given that it is beyond 
the scope of this essay, developing a bargaining model with varying bargaining positions and powers of players (i.e., buyers and 
sellers) that are heterogenous in terms of their impatience would be a worthwhile and extremely challenging topic for future research.  
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patient.59 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 reduces ὖ  to ὖ .60 The reduction in the list 

price sends a signal to the market. Buyers with a match to the houseôs observable attributes adjust 

their estimates of the sellerôs reservation price to Ὑ  ὖ ȟὖ ȟὝȟὢȟὓὯὸ, where Ὕ 

denotes the elapsed time between the first list-price reduction and initial listing. We expect Ὑ

Ὑ  and its difference to increase with the size of the list-price reduction (ὖ ὖ ) because a 

large reduction size signals greater sellerôs impatience. Since Ὑ Ὑ , the likelihood of a visit 

by a potential buyer after the list-price reduction is greater than the likelihood before the list-price 

reduction, so that ὴὶέὦὙ Ὑ ὴὶέὦὙ Ὑ . This leads to a higher likelihood of a 

house sale. 

If Ὑ Ὑ  for all potential buyers for the kth listing price and no sold event 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 list-price reduction increases, that is 

ὴὶέὦὙ Ὑ ὴὶέὦὙ Ὑ , which in turn increases the probability of the sale of 

the house. We refer to increases of the likelihood of a house sale caused by list-price reductions as 

the positive signaling effect of the recurrent list-price 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 several list-price reductions. In this 

case, potential buyers whose preferences match the observable attributes of the house would lower 

their reservation prices for the house (Ὑᴂ) correspondingly. Since Ὑᴂ Ὑ , the likelihood of a 

visit by a buyer and the likelihood of a house sale with more historical list-price reductions are 

both smaller. We refer to decreases of the likelihood of a house sale caused by list-price reductions 

 
59 Impatient (motivated) sellers are considered as being very important determinants of initial list prices and any subsequent changes 
in list prices. Among the numerous available examples arranged according to their publication dates are Anglin (2004), Herrin, 
Knight and Sirmans (2004), de Wit and van der Klaauw (2013), Selcuk (2013), Liu and van der Vlist (2019), Seo, Im and Mikelbank 
(2020) and Shen and Ross (2021).  
60 One could question why impatient sellers would not set the initial list price to ensure that the house is sold. We find such an 
explanation in Herrin, Knight and Sirmans (2004, p. 199) who use Lazearôs theoretical model for analyzing the price setting 
behavior of a risk-neutral seller to conclude that a risk-neutral seller has an incentive to potentially extract consumer surplus by 
setting the initial list price above a potential buyerôs reservation price. While this results in no sale, the seller learns about the 

distribution of possible values of the reservation prices of potential buyers, which places the seller in a better position to adjust the 
list price downward toward a potential buyerôs reservation price. Of course, some highly motivated sellers could sell quickly 
without restoring to downward price revisions by setting the initial list price below a potential buyerôs reservation price, and thus 
forego any potential consumer surplus from avoiding this quick sale strategy.  
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as the negative signaling effect of the recurrent list-price reductions. This leads to the following 

two competing hypotheses: 

H4.1A: The positive signaling effect of recurrent list-price reductions dominates so that the 

likelihood of a house sale is positively associated with the occurrence of list-price reductions. 

H4.1B: The negative signaling effect of recurrent list-price reductions dominates so that the 

likelihood of a house sale is negatively associated with the occurrence of list-price reductions. 

Based on the condition that recurrent list-price reductions impact (either positively or 

negatively) the likelihood of a house sale, the timing (T) of the list-price reduction can also provide 

a signal to the buyer about the sellerôs reservation price and patience, and the unobservable 

characteristics of the listing not disclosed by the seller. An early list-price reduction implies the 

listing is likely to be problematic in that the initial list-price is unrealistic or the undisclosed 

attributes of the house are unattractive, so that the seller could not wait to reduce the price. A late 

list-price reduction reveals that the seller was more patient and confident in the houseôs 

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 the sellerôs reservation price. Late first-

time list-price 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 of a list-price 

reduction on the likelihood of a house being sold varies as the listing time on the market progresses. 

This leads to the following hypothesis: 

H4.2: If either H 4.1A or H4.1B are not rejected, the timing of a list-price 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 in normal markets.61 The buyer generally proposes an offer 

price based on updates of both the buyerôs and sellerôs reservation prices. Read (1988) argues that 

the reservation price of a seller slowly converges to the real market price during the listing period 

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 

 
61 In some super-hot markets, for example Vancouver, New York, and Hong Kong, there may exist bidding wars, in which the buyer 
accepts the list price or proposes a higher than list-price offer to compete for the house.  
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value of the house as they sample the market to learn more about relevant market parameters. In 

such cases, the seller generally adjusts the list price of the house downward as the houseôs waiting 

time on the market increases. Merlo et al. (2015) conjecture that since sellers have accurate ex-

ante beliefs about a houseôs value, their decisions to reduce list prices are not driven by the lack of 

buyers but are driven instead by macro shocks or what they have learned through ongoing sampling 

about the value of the house. Holding the list-price drop from the prior 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 reductions as a list-price adjusting process instead of the sellerôs rush to sell. This 

would imply that the sellerôs reservation price has moved closer to the fair market price of the 

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 last list price (LLP), for listings 

with a greater number of list-price reductions.62 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 (SPtoLLP).63 This leads to the following hypothesis: 

H4.3: Holding the level of the aggregate list-price 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 empirical problem in examining the signaling effects of recurrent list-price reductions 

on the occurrence of the sold event by using standard survival analyses is the dependence between 

the recurrent list-price reductions and the sold event. The Cox model for the survival analysis of 

the sold event and the shared frailty model of survival analysis for recurrent list-price reduction 

events may be subject to estimation bias from ignoring the dependence between the sold and the 

recurrent list-price reduction events. The Cox model and the shared frailty model may also be 

subject to estimation bias from simply considering each successive list-price reduction as time-

 
62 This essay focuses on the last list price after recurrent list-price reductions because we examine the buyerôs perception of the 
fair-pricing of the listing with frequent list-price reductions. In a similar vein, Merlo, Ortalo-Magn® and Rust (2015, p. 467) assume 

that the arrival rates and bidding behavior of potential buyers are driven mostly by whether a given home is perceived to be a ñgood 
dealò as reflected by the ratio of the currently observable list price to the buyerôs private valuation for the home at the time of sale. 
63 In the typical case where the sold price does not exceed the listing price, an increase in the offer price associated with a lower 
last list price implies a lower discount from LLP from the perspective of the seller.  
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varying variables in the Cox model and considering the sold event as a time-variant variable. 

Therefore, this essay applies the joint frailty model introduced by Liu et al. (2004) and Rondeau 

et al. (2007) to analyze recurrent list-price reductions and the sold event together to account for 

their dependency through an unobservable frailty term. In the joint frailty model, we consider the 

sold event (Terminal event) as a semi-competing event or as an informative censoring of the 

occurrence of further list-price 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,é, N, ὢ  denotes the recurrent times since the initiation of the listing for the jth recurrent 

list-price reduction event, j = 1,é, ὲ. ὲ is a random variable and is set to the maximum of three 

reductions in our empirical analyses. Ὁ and Ὓ represent the censoring times for each listing by 

expired listing and by sold house, respectively.  A censoring by expiration is considered as being 

a non-informative censoring. We denote Ὕ άὭὲὢȟὉȟὛ  as the event time vector and ‏

Ὅ  as the event indicators, which equal 1 if ὢ  is observed and equal 0 if the listing is expired 

or sold. ὍϽ is the indicator function. We denote Ὕᶻ άὭὲὉȟὛ  as the last follow up time for 

listing i and ‏ᶻ Ὅᶻ  as the censoring indicators, which equal 1 if censoring occurs by a sale 

and equal to 0 if censoring occurs by a listing expiration. Because we are interested in the gap in 

time between two consecutive recurrent reduction events, we denote Ὃ Ὕ Ὕ  as the 

duration between two consecutive list-price reduction events.  

We follow the theory of multivariate counting processes (Andersen et al., 2012; Liu et al., 

2004). Let ὔ
ᶻ
ὸ represent the real number of recurrent reduction events within time t for listing 

i. Because the censoring event prevents the recurrent list-price reduction event from occurring and 

being observed, instead of using ὔ
ᶻ
ὸ we only count the observed number of recurrent events 

within time t so that: ὔ ὸ = ὔ
ᶻ
άὭὲὝᶻȟὸ . Let ὔ

ᶻ
ὸ Ὅ  and ὔ ὸ Ὅᶻ ȟᶻ  be 

the actual sold event indicator and the observed sold event indicator, respectively. ὣὸ Ὅᶻ  

is the ñat-riskò process indicator which equals 1 if the listing is still listed on the market at time t 

and equals 0 otherwise.  

Over the small time interval [t, t+dt], listing iôs real number of recurrent list-price reduction events 

is Ὠὔ
ᶻ
ὸ  ὔ

ᶻ
ὸ Ὠὸ ὔ

ᶻ
ὸ , and listing iôs observed number of recurrent list-price 
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reduction events is Ὠὔ ὸ ὣὸὨὔ
ᶻ
ὸ, and ὲ ὔ Ὕᶻ. The process history for listing i 

up to time t is denoted by: 

ꞈ „ὣὬȟὔ Ὤȟὔ ὬȟὤὬȟπ Ὤ ὸȟόȟὭ ρȟȣȟὔ                     τȢρ  

where ὤ Ὤ is a vector of observed covariates. ό represents the random effects (frailties) that 

affect both the recurrent list-price reduction times and the sold times. ό accounts for the 

unobserved heterogeneity, the inter-recurrence dependencies and the dependency between the 

recurrent reductions and the sold event for the same listing. We assume ό are iid (independent 

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

— — π: ό ɜͯ ȟ . The filtration is the family ꞈ . 

We further assume the continuity of the recurrent and the sold processes. The sold event of a 

listing precludes the occurrence of a new recurrent list-price reduction; but the expired listing event 

does not interrupt the occurrence of new recurrent reductions that 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 recurrent list-price reduction intensity process at time t is: 

ὣὸὶὸὨὸ  ὖὨὔ ὸ ρ   ꞈ                                                       τȢς 

where 

ὶὸὨὸὖὨὔ ᶻὸ ρὤὸȟόȟὛ ὸ                                              τȢσ 

The sold event intensity process at time t is: 

ὣὸ‗ὸὨὸ  ὖὨὔ ὸ ρ   ꞈ                                                    τȢτ 

where 

‗ὸὨὸ ὖὨὔ ᶻὸ ρὤὸȟόȟὛ ὸ                                              τȢυ 
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This essay focuses on the gap time (Ὣ) between two consecutive recurrent list-price reduction 

events. The joint frailty model for the recurrent list-price reduction events and the sold event in 

the gap timescale formulation is: 

ὶ ὸȿό όὶὫὩὼὴ‍ὤὸ όὶ ὸ                       ὶὩὧόὶὶὩὲὸ ὶὩὨόὧὸὭέὲ ὩὺὩὲὸ

‗ὸȿό ό‗ ὸὩὼὴ‍ὤὸ ό‗ὸ                        ὸὩὶάὭὲὥὰ ὩὺὩὲὸ                       
τȢφ

  

ὶὫ and ‗ ὸ 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 or the house remains unsold at the expiration of 

the contract between the seller and their listing agents. ό is a latent variable used to take into 

consideration a subject-specific (in our case, seller-specific) random effect. The parameter ‌ 

determines the direction of the dependence between the processes and its interpretation should be 

based on the significance of the variance of frailties (—). Under the condition that — is significant 

and ‌ π, there is no dependence between the occurrence of the recurrent reductions 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. However, if ‌ π and is significant, the 

recurrent list-price reduction hazard rates and the sold event hazard rates are significantly and 

positively associated. A greater value of ‌ indicates a stronger association of the recurrent events 

and the terminal event (Huang and Liu, 2007; Rondeau et al., 2012; Belot et al., 2014; Liu et al., 

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 i, we observe Ὸ ὝȟὝᶻȟ‏ȟ‏ᶻȟὮ ρȟȢȢȢȟὲ  and we are 

interested in estimating ‚ ὶϽȟ‗ Ͻȟ‍ȟ‍ȟ—ȟ‌. 

4.3.2 Parameterization 

Following Rondeau et al. (2007) and Krɧl et al. (2017), we use the semiparametric penalized 

likelihood approach with baseline hazard functions approximated by M-splines to estimate ‚. In 

the semi-parametric approach, the full log-likelihood is penalized by terms depending on the 

roughness of the functions (OôSullivan, 1988; Joly et al., 1998). The roughness penalty function 
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is calculated by the sum of two squared norms of the second derivative of the recurrent reduction 

hazards and the sold hazards (OôSullivan, 1988). The penalized log-likelihood is as follows. 

ὴὰ‚ ὰ‚ ‖ ὶͼ ὸὨὸ‖ ‗ͼ ὸὨὸ                             τȢχ 

where ‖ and ‖ are the positive smoothing parameters that control the trade-off between the data 

fit and the smoothness of the functions. 

ὰ‚ is the full log-likelihood in the gap timescale which is given by: 

ὰ‚ В В‏ ÌÏÇὶὛ ᶻὰέὫ‗Ὕᶻ‏ ὰέὫῲρ—ϳ ὰέὫ—

ὰέὫ᷿ ό
ᶻ ᶻ ϳ ὩὼὴόВ ᷿ ὨὙ ί ό᷿ ‗ὸὨὸ

ᶻ

Ὠό τȢψ                                         

We estimate our parameters ‚ in R software with the freely available R package frailtypack 

(Krɧl et al., 2017). We manually set up the number of knots, ‖ and ‖, for the estimation model. 

We start with a small number of 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, 

‖ and ‖, we run a shared frailty model for the recurrent list-price reductions and a Cox model 

for the sold event respectively using the cross-validation 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 January 2012 and December 2017 that 

was obtained from the Greater Montreal Real Estate Board (Chambre Immobilere du Grand 

Montreal).64 Our data record the initial list price and the exact date a house was listed on the market, 

 
64 The 11 municipalities cover Baie-d'Urf®, Beaconsfield, Dollard-Des Ormeaux, Dorval, Kirkland, L'Ċle-Bizard/Sainte-Genevi¯ve 
(Montr®al), Lachine (Montr®al), Pierrefonds-Roxboro (Montr®al), Pointe-Claire, Sainte-Anne-de-Bellevue, and Senneville. A map 
is provided in the Supplementary Appendix (SA) as SA Figure A 4.1. 
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the sold price and the exact date the house was sold, and the exact date when the listing for the 

house expired. We also observe the exact dates and the sizes of each list-price revision. 

This essay focuses on listings with a maximum of three list-price 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 listings) increase the list price. Thus, this 

essay focuses on the dynamic process of recurrent list-price reductions, not only on first-time list-

price reductions or the difference between the initial list price and the last list price. 

Our data also include property 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 lot size), 

and non-armôs length transactions (e.g., the sold price, the initial list price, or the last list price is 

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

Appendix 4.1 provides the definitions of the key variables in the models and their descriptions. 

Appendix 4.2 describes the structure of the data. Table 4.1 summarizes the descriptive statistics 

for our main variables. Panel A presents the statistics for the property characteristics in our data. 

On average, houses have almost 4 total bedrooms, 2 total bathrooms, 3 driveways, and 1 garage. 

The lot size of houses on average is 7,359 ft2 and the building size on average is 1,358 ft2. 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 Rutherford et al. (2005) to estimate the 

degree of overpricing (DOP) 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 (flexible-GLS).65 On 

average, houses are underpriced by 0.7% based on the initial list price and are underpriced by 1.7% 

based on the most recent list price. For listings with list-price reductions, the reduction on average 

is 3.8%. This indicates that overpricing is not the only motivator for a seller to drop the list price. 

 
65 We use the flexible-GLS model to predict the log of list price for each house and report results in Supplementary Appendix (SA) 
as SA Table 4.1 Column 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. Regarding list-price reduction events, 35.44% 

(25.38%) of the listings experience at least one (exactly one) list-price reduction event, 10.06% 

(8.11%) of the listings experience at least two (exactly two) list-price reduction events, and 1.96% 

of the listings experience three listing-price reduction events.66 Among listings with at least one 

list-price reduction, 25% of the listings get their first list-price reduction in 27 days, 50% of the 

listings get their first list-price reduction in 48 days, and 75% of the listings get their first list-price 

reduction in 77 days (11 weeks). These statistics are not consistent with Merlo, Ortalo-Magné, and 

Rust (2015) who find that list prices do not change frequently and only get changed after 11 weeks 

from the initial listing. A plausible reason is that sellers might use early-list-price reductions as a 

strategy to attract buyers. This supports the importance of studying recurrent list-price reductions 

and their timing, and the contribution of this essay. Also, this inconsistence may be caused by the 

exclusion of unsold listings in Merlo et al. (2015) since unsold listings are more likely to have list-

price reductions, and by differences in market conditions. 

Panel C presents statistics about variables used in testing the third hypothesis (H4.3). In this 

test, our sample consists of 17,522 listing records of single-family 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 list-price reduction, 7% of the sold listings experience two list-price reductions, and 2% 

of the sold listings experience three list-price reductions. 25% of the listings with at least one list-

price reduction experience a list-price drop greater than 5% from the prior list price. For listings 

which experience list-price drops, the average list-price reduction is 4%. The distributions of the 

list-price reduction sizes for all reductions depicted in Panel A and for the list-price reduction sizes 

from the prior list price in Panel C are similar. This implies that a sellerôs determination on how 

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 dropped the list-price although the likelihood 

of a current list-price drop is related to the occurrence of previous list-price drops. On average, 

listings are underpriced with a degree of overpricing of -4% and are sold with a ratio of sold price 

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

 
66 This essay limits the number of historical recurrent list-price reductions to three for any specific listing as mentioned earlier. 
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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 is used by the seller (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 list-price reduction on the probability of a house sale. In the Cox model, 

we treat the list-price reduction event as a time-invariant covariate. Then, we estimate a standard 

joint frailty model for the recurrent list-price reductions and the sold event, considering the list-

price reduction event as a time-varying covariate whose value can change as the listing time 

progresses and the sold events as the semi-competing risks (informative censoring) for the 

recurrent list-price reductions. To further examine the signaling effects of a list-price reduction on 

the likelihood of a house sale, we also study its time-varying effects. Last, we study how the 

number of past recurrent list-price reductions impact sale outcomes in terms of the ratio of the sold 

price to the last list price.  

4.5.1 Impacts of the List-Price Reduction on the Likelihood of a House Sale (Cox Model) 

We first conduct the following Cox model to examine the impact of the list-price 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. 

          —ὸ — ὸὩὼὴ‫ὔ ὔ •ᴂὢ ‭                                      τȢω 

— ὸ is the baseline hazard function for the sold event. ὔ  is the list-price reduction indicator, 

which equals one when the listing experiences at least one list-price reduction and equals zero if 

otherwise. We further detail the list-price reduction event by using a category variable, ὔ , which 

equals zero when the listing does not experience any list-price reduction and equals one, two, and 

three when the listing experiences exactly one, exactly two, and exactly three list-price reduction 

events, respectively. In the Cox model, our testing observation is on the listing basis and both list-

price reduction indicators (ὔ  and ὔ ) are time-invariant. ὢ includes house attributes, such as 

the total number of bathrooms (#TotalBathRooms); the number of garages (#Garage); the category 
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variables for the total number of bedrooms (CatBed) and for the construction age of the house 

(CatAge); and a dummy variable for the floor size (DumFloorSize), for the lot size (DumLotSize), 

and for the number of driveways (DumDriveway), the degree of overpricing based on the most 

recent list price (DOPRecent) and the category variable for the listing contract duration 

(CatContractDuration). We control for the listing contact duration because: (1) the contract 

duration determines the listing expiry date at which some houses remain unsold; (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 slowly converge 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 the fixed duration of 

listing contracts. Although the end of the listing contract interrupts the occurrence of a new 

recurrent list-price reduction, we assume this censoring is non-informative because the contract 

duration is predetermined. is the time-invariant coefficient for our key testing variable (ὔ ‫  or 

ὔ ). •ᴂ is the corresponding coefficient vector for each control covariate. We also control for year 

and month fixed effects, building type fixed effect, and property type fixed effect. ‭ denotes the 

error term. 

Table 4.2 reports results for the Cox model. In Column 1, the hazard ratio (HR) for our variable 

of interest, DumReduction, is significant and greater than one, which indicates that listings which 

experience at least one list-price reduction event are more likely to get sold than other listings. In 

Column 2, the hazard ratios for the historical number of list-price reduction category variable are 

all greater than one and increase with increases in the number of historical recurrent list-price 

reductions. These results support the dominance of the positive signaling effect in the first 

hypothesis (H4.1A) and findings in the prior literature. They imply the dominance of the positive 

signaling effect of list-price reductions on the probability of a house sale. 

4.5.2 Impacts of the List-Price Reduction on the Likelihood of a House Sale (Joint Frailty Model) 

As we previously argued, the positive correlation between the list-price 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., the sellerôs impatience) affects 

both the recurrent list-price 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 a list-price reduction on the 

likelihood of a house sale, considering the dependence between the list-price reduction process 

and the house sale process. The two equations in the joint frailty model are: 

ὶ ὸȿό όὶὫÅØÐ‍ὤὸ όὶ ὸ                                     ὶὩὧόὶὶὩὲὸ ὶὩὨόὧὸὭέὲ ὩὺὩὲὸ 

‗ὸȿό ό‗ ὸÅØÐ‏ὔ ὸ ὔ ὸ ‍ὤὸ ό‗ὸ   ὸὩὶάὭὲὥὰ ὩὺὩὲὸ                         
 

τȢρπ 

In the Joint frailty model, our testing observation is on an event basis, and we use j to denote 

the j-th (j=1, 2, or 3) list price reduction event for listing i. ὶὫ is the baseline hazard function 

for the recurrent list-price reductions using the gap timescale and ‗ ὸ is the baseline hazard 

function for the terminal event using the calendar timescale. ὔ ὸ and ὔ ὸ represent the list-

price reduction dummy variable and the number of historical recurrent list-price reduction category 

variable, respectively. We treat these two list-price indicators as internal time-varying 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). ὤ ὸ  and ὤ ὸ  

represent the control covariates in both events, including the degree of overpricing based on the 

most recent list price (DOPRecent); the category variable for the reduction size of the most recent 

list-price reduction in the sequence of recurrent reduction events only (CatPreChg); the listing 

contract duration (CatContractDuration); the total number of bathrooms (#TotalBathRooms); the 

number of garages (#Garage); the category variables for the total number of bedrooms (CatBed) 

and for the construction age of the house (CatAge); and the dummy variable for the floor size 

(DumFloorSize), for the lot size (DumLotSize), and for the number of driveways (DumDriveway). 

is the time-invariant coefficient for our key testing variable (ὔ ‏  ὸ or ὔ ὸ ).  ‍ and ‍ are 

the corresponding coefficient vectors for each control covariate in each survival process. ό 

denotes the frailty terms that capture unobservable terms that are shared by the recurrent list-price 

reduction hazard and the sold hazard, and follows a Gamma distribution: ό ɜͯ ȟ . — — π 

is the variance of ό and specifies the dependency between occurrences of the list-price reduction 

events and the sold event and also the interdependence among the list-price reduction events. ‌ 

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

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 time-invariant for each sold/not-sold event for each listing contract. The exception is 

that the list-price reduction covariates (ὔ ὸ and ὔ ὸ) for a specific listing contract differ and 

are not completely independent. We acknowledge that this potentially introduces an endogeneity 

issue since the timing of a list-price 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 instead by the sellerôs desire to sell given a lack of buyer demand and changed market 

conditions.67 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 recurrent list-price reduction rate and the sold rate, and for (ii) 

any inter-dependence among recurrent list-price reductions. 

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

estimate the parameters ‏, ‍, ‍, ὶὫ, ‗ ὸ, —, and ‌. We set the number of knots equal to 12 

(n.knots=12) and the smoothing parameters equal to 32,981 for the recurrent list-price reduction 

events (‖=32,981) and equal to 1,932,918 for the sold events (‖=1,932,918). Smoothing 

parameters are obtained by conducting a shared frailty model for the recurrent list-price reduction 

events and a Cox model for the sold event respectively using the cross-validation method.68  

[Tables 4.3 and 4.4 about here] 

Table 4.3 and Table 4.4 report the results of the standard joint frailty model for the recurrent 

list-price reduction events and corresponding sold event. In Table 4.3, the hazard ratio (HR) for 

the key variable of interest, DumReduction, is significantly different from one and smaller than 

one (=0.5%). This indicates that the sold hazard for listings which experience at least one list-price 

reduction event reduces to 0.5% of the baseline sold hazard. In Table 4.4, the hazard ratios for the 

historical number of list-price reduction category variable, #HistPriceReduction, are all less than 

 
67 Our methodological set-up is somewhat similar to examinations of the effects of repeat acquisitions by the same (serial) acquirer 

in the corporate finance literature using an event study framework where, for example, multiple deals announced by the same firm 
on the same day are excluded (e.g., Golubov, Yawson, & Zhang, 2015) or various samples based on the number, intensity or 
bunchiness of the acquisitions are examined (Morillon, 2021). 
68 Results for the shared frailty model for the recurrent list-price reduction events are available on request. 
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one and decrease with an increase in the number of historical recurrent list-price reductions. These 

results support the dominance of the negative signaling effect in the first hypothesis (H4.1B) 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 the list-price reduction process. They imply the 

dominance of the negative signaling effect of list-price reductions on the probability of a house 

sale.  

In addition, the variances of the frailty term in Tables 4.3 and 4.4, which represent the variation 

between the occurrence of list-price reductions and the occurrence of house sales for sellers, which 

are denoted by —, are 1.091 and 1.122. Both are significant different from zero at the 1% level. 

This shows that unobservable heterogeneity among sellers, such as sellerôs impatience, affect both 

recurrent and terminal events, supporting the inclusion of a frailty term into both processes. Powers 

of the frailty term in Tables 4.3 and 4.4 which indicate the direction of the association between the 

list-price reduction process and the sold process as denoted by ‌ are 2.620 and 2.761. Both are 

significant and different from zero at the 1% level. This indicates that the recurrent list-price 

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 interdependence exists among 

recurrent list-price reductions. The significant dependence between the recurrent list-price 

reductions and the sold event provides further support for the use of the joint frailty model and 

supports our prior concerns about the positive correlation between the list-price reductions and 

house sales that are ignored in the Cox model.  

To confirm the positive association between the recurrent list-price reduction processes and 

the sold process, we follow the procedure of Li et al. (2020) and conduct a validation test of the 

effect of the timing of list-price reductions on the likelihood of a house sale. First, we categorize 

listings into three groups, namely, no-reduction, occasional reduction (only one reduction), and 

frequent reductions (two and three reductions), based on the number of list-price 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 90th day 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 reduction group (probability of sale = 38.8%) and listings in the no-reduction 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 the t test show that 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 in the no-reduction group (mean 

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

recurrent list-price reductions and the occurrence of a house sale. 

Tables 4.3 and 4.4 also show that the degree of overpricing based on the most recent list price 

(DOPRecent) has significant negative effects on the hazard for the recurrent list-price 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 recurrent list-price 

reductions and the sold event. The significant hazard ratios (HR) for the category variable of the 

previous reduction size (CatPreChg) in the recurrent event model show that a large reduction is 

less likely to be followed with further list-price reductions. We also observe that the longer the 

listing contract duration, the less likely for a house to have recurrent list-price reductions and be 

sold. The property characteristics have similar impacts on the likelihoods of the recurrent list-price 

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 between 50 years and 80 years are 

more likely to further 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, such as the degree of overpricing and listing characteristics, are under-

estimated in the Cox model. 

4.5.3 Time-varying Impacts of the List-Price Reductions on the Likelihood of a House Sale  

Since the list-price reduction events may occur at any time during the listing period on the 

market, the signaling effect of the list-price reduction event may vary as the listing time on the 

market progresses. In this section, we examine the time-varying impacts of the list-price reductions 

on the likelihood of a house sale in both models without and with considering the dependence 

between the recurrent list-price reduction rate and the sold rate.  

Panel A in Figure 4.1 illustrates the Kaplan-Meier estimates for the survival function for sale 

of the listing that experiences at least one list-price reduction (dash line) and the listing that never 



89 
 

experiences any list-price reduction (solid line). Panel A shows that the survival curves for repriced 

listings and non-repriced listings intersect at the early stage of the listing process (i.e., around 30 

days after the initial listing). Because 22.67% of list-price reduction events occur within one month 

after houses are initially listed on the market, we should consider the variation for the impact of 

the list-price reductions on the likelihood of a house sale as the listing time on the market passes. 

Because the Kaplan-Meier plot works best for time-invariant variables, we further test the 

existence of the time-varying coefficient for DumReduction by 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 Figure 4.1, reject the proportional hazard assumption, 

supporting the existence of the time-varying coefficient for DumReduction. 

[Figure 4.1 about here] 

Next, we follow Mazroui et al. (2016) and use regression B-spines of order 3 with three interior 

knots to estimate the time-dependent coefficient for DumReduction. Mazroui et al. show that the 

estimation from a quadratic B-splines (order = 3) with a small number of interior knots (interior 

knots = 3) is stable. 

Figure 4.2 shows the time-varying coefficients for the key variable of interest, DumReduction, 

in the Cox model. At the early stage of the listing days on the market, the coefficient is negative, 

which indicates a negative impact of the list-price reduction on the probability of a house sale. The 

negative coefficient for the list-price reduction dummy increases along with the number of listing 

days on the market and becomes positive after two months. At the late stage of the listing process, 

although the coefficient for DumReduction is positive and increasing, the rate of increase is 

significant slower than during the early stage. 

[Figure 4.2 about here] 

Figure 4.3 shows the time-varying coefficients for the key variable of interest, DumReduction, 

in the joint frailty model, which considers the dependence between the recurrent list-price 

reductions and the sold event. We notice that during the whole period of the listing, the coefficient 

for the list-price reduction dummy is negative, which confirms the dominance of the negative 

signaling effect of list-price reductions on the likelihood of a house sale (H4.1B). 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 list-price reduction dummy increases as the listing days on the market progresses. 

At the late stage of the listing process, although the coefficient for DumReduction is increasing, 

the increasing rate is significant slower than that during the early stage. These findings imply that 

the negative signaling effect of the list-price reduction always dominates the positive signaling 

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 late stage while 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 hypothesis (H4.2) that the impact of list-price reductions on the likelihood of 

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

[Figure 4.3 about here] 

4.5.4 The Impact of the Number of Historical Recurrent List-price Reductions on the Gap 

between SP and LLP 

Unlike Gordon and Winkler (2017) who find that list-price reductions have negative impacts 

on the net sold price holding the listing time on the market constant, we study how the list-price 

reductions themselves, the levels of the list-price reductions, and the number of historical recurrent 

list-price reductions impact the sale-to-listing 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 also 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 the list-price reduction is held 

constant. Among two possible metrics, we choose SPtoLLP in preference to SPtoILP as the former 

reflects buyer and seller expectations at the time of sale in SP and LLP 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 not captured 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 prices. As argued in Section 4.2, 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 close the gap between 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 as in the 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 recurrent list-price reductions on the ratio of the 

sold price to the last list price (SPtoLLP).69 We use the sold listings with at least one list-price 

reduction in the west island area in the Great Montreal region during the period between 2008 and 

2017. The specific model estimated is: 

         

Ὓὖὸέὒὒὖ‎ ”ΠὌὭίὸὖὶὭὧὩὙὩὨόὧὸὭέὲ‎ὓὥὭὲὅέὲὸὶέὰί  

  †ὌίὩ ὅὬὥὶὥὧὸὩὶὭίὸὭὧίὊὭὼὩὨ ὉὪὪὩὧὸί ‐                                τȢρρ 

Ὓὖὸέὒὒὖ
Ὓὖ

ὒὒὖ
                                                                     τȢρς 

With regard to the Main Controls in Equation (4.11), AggregateDropi is a continuous variable 

which represents the list-price reduction size from the initial list price to the last list price.70 To 

consider the possible non-monotonic, non-linear relationship between the aggregate reduction size 

and the ratio of the sold price to the last list price, we use a category variable and piecewise 

regressions to control for the aggregate list-price reduction size.71 CatAggDropi equals one when 

the aggregate list-price reduction size (AggregateDropi) is not greater than 2.8% (25th percentile), 

equals two when AggregateDropi is greater than 2.8% but not greater 4.2% (50th percentile), equals 

three when AggregateDropi is greater than 4.2% but not greater than 6.4% (75th percentile), and 

equals four when AggregateDropi is greater than 6.4%. Ln(ILP)i 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 size. DOPLLPi represents the degree of overpricing based on the last list price. 

 
69 We examine the impact of the number of historical recurrent list-price reductions on the ratio of the sold price to the initial list 
price (SPtoILP) and find similar results. Results are reported in SA Table 4.4. 
70  We check the robustness of results by controlling the list-price reduction size from the prior list price to the last list price 
(PriorDropi) and find consistent results. We also use a category variable to identify the prior list-price reduction size based on the 
quartiles of its distribution. CatPriorDropi equals one when the prior list-price reduction size (PriorDropi) is not greater than 2.5% 

(25th percentile), equals two when PriorDropi is greater than 2.5% but not greater 3.4% (50th percentile), equals three when 
PriorDropi is greater than 3.4% but not greater than 4.9% (75th percentile), and equals four when PriorDropi is greater than 4.9%. 
We report results in SA Table 4.5.  
71 Results of piecewise regressions are reported in SA Table 4.6. 



92 
 

We expect that the overpricing degrees of the last list prices have greater impacts on a buyerôs 

decision in bargaining than early reduction events and early list prices. Ln(MOM)i is the log of 

listing months on the market. ContractDurationi is the duration of the listing contract between the 

listing agent and the seller. DumDualAgent is a dummy variable for dual-agency transactions. We 

also control for house 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 city fixed effects, listing 

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

effects.72   

Table 4.5 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 recurrent list-price reductions (#HistPriceReduction 

=3). They show that increases in the number of list-price reductions increases the ratio of the sold 

price relative to the last list price (SPtoLLP), holding the aggregate list-price reduction size 

constant. These findings support the third hypothesis (H4.3) and arguments that sellers effectively 

signal the fair-pricing of listings to the market at the time of sale through recurrent list-price 

reductions. Regarding the range of economic significances over the six model results presented in 

Columns 1 to 6, holding the aggregate list-price reduction size constant, listings with two list-price 

reductions (#HistPriceReduction =2) experience from 0.72% to 0.79% higher SPtoLLP than 

listings with only one list-price reduction (#HistPriceReduction =1). This represents 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 2008-2017 period. Listings with three 

historical list-price reductions experience from 1.73 % to 2.61% higher SPtoLLP than listings with 

only one historical list-price reduction, which represents an additional increase in the sold price of 

from $7,204 to $10,868. We advise caution in drawing further inferences from these values as all 

the increases assume a constant initial list price and aggregate list-price reduction size. 

 
72 Due to the big effect on the goodness of fit values of the regression models after adding listing agent fixed effects, we conduct 

two further tests of robustness and our untabulated results are similar and consistent with the results from our main models. 
Specifically, our main regression model includes the average annual number of houses listed by the listing agent in the prior 5 years 
in the first test, and excludes transactions conducted by listing agents who are possibly working part-time (i.e., listed only 5 or less 
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 list-price reductions.  

[Table 4.5 about here] 

Significant and negative coefficients for the aggregate list-price reduction size 

(AggregateDrop) in Columns 1 to 3 of Table 4.5 and greater negative coefficients for the aggregate 

list-price reduction size in a higher category (e.g., CatAggDrop = 4) in Columns 4 to 6 of Table 

4.5 indicate that the greater the aggregate reduction size, the larger the gap between the sold price 

and the list price after a list-price reduction as captured by a lower SPtoLLP ratio. 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 larger list-price reductions. Consistent with the 

literature, listings with higher initial list prices (Ln(ILP)), longer stays on the market (Ln(MOM)), 

and transacted by dual-agents (DumDualAgent) perform worse in terms of the ratio of the sold 

price to the last list price (SPtoLLP). However, inconsistent with other studies, overpriced listings 

(DOPLLP) and listings with longer listing contract durations (ContractDuration) have 

insignificant impacts or even negative impacts on the ratio of sold price relative to the last list price 

(SPtoLLP). 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 long listing times on the market. 

4.5.5 Robustness Check  

4.5.5.1 Sellerôs Market 

Since the thinness of the housing market and the competition among listings impact the sellerôs 

bargaining power, we are concerned that our main results in Section 4.5.4 may be driven by market 

thinness. Thus, we now test the robustness of our main results reported in Table 4.5 by checking 

their consistency in sellerôs versus non-sellerôs markets. Since we control for year and city fixed 

effects which may absorb most of the significant differences between the two market types, we do 

not expect the results to differ. As the metric for delineating both market types, we use the general 

rule of thumb which defines a sellerôs market as a market with a months-of-inventory (MOI, ratio 

of number of active listings to number of sales) of less than four months.73  

 
73 In general, real estate news related to market thinness use a MOI less than four or five months (25% or 20% in terms of absorption 
rates) to identify a sellerôs market. This essay finds similar results using both measures.  
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Results reported in Table 4.6, which are consistent with the results reported in Table 4.5, 

support the robustness of our earlier results. Holding the aggregate list-price reduction size 

constant, listings with frequent reductions (#HistPriceReduction =3) experience significant higher 

SPtoLLP than listings with less-frequent list-price reductions. Consistent with our expectation, 

differences between the coefficients for the number of historical recurrent list-price reductions 

(#HistPriceReduction) and for the aggregate list-price reduction size (AggregateDrop) 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 the listing-house 

area and the listing-house period from the west island area in the Greater Montreal region during 

the 2012-2017 period to the province of Quebec for the 2008-2017 period. Given the enormity of 

the number of listing-price reductions and to ensure convergence in the computation of the 

parameters of the joint frailty model using the semi-parametric estimation method, we use random 

samples of 1,000 listings, then 5,000, and finally 10,000 listings. Untabulated results show 

significantly negative coefficients for the list-price reduction dummy and each number of historical 

recurrent list-price reductions. Significantly positive variances of the frailty term (Theta, ɗ) and 

power terms (Alpha, Ŭ) also indicate the positive dependence between recurrent list-price 

reductions and the likelihoods of house sales, and the positive inter-dependence between recurrent 

list-price reductions.74 Furthermore, OLS results for the full sample of listings in the province of 

Quebec for the 2008-2017 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 further 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 in Table 4.5 using 

a test based on Oster (2019). Based on the logic introduced by Oster (2019), we find the identified 

set for our key testing variable, the number of historical price reductions (#HistPriceReduction) 

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

 
74 Results for the random samples are available on request. 
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Column 3 of Table 4.5. The identified set is in the range between the estimated coefficient of our 

main models and the ‍ᶻ, which is derived using the following formula: 

‍ᶻ ‍ ‍‏ ‍                                                     τȢρσ 

In equation 4.13, ‍ and Ὑ are the estimated coefficient and the R-square value of the model in 

Column 3 of Table 4.5. ‍ and Ὑ are the estimated coefficient and the R-square value of the 

univariant regression model for #HistPriceReduction without controlling for other variables and 

fixed effects. We calculate the value of Ὑ  based on three approaches: Bellows and Miguelôs 

(2009) value of Ὑ άὭὲςȢπὙȟρ, Mian and Sufiôs (2014) value of Ὑ άὭὲςȢςὙȟρ, 

and the most conservative value of Ὑ ρ, respectively. When ‏ 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 Table 4.2 show 

that all three identified sets that are based on the different values of Ὑ  for historical number of 

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

variable concern.  

4.5.5.4 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 for sold houses. We use the Heckman two-step selection model 

for this test (Heckman, 1979). In the first step, we run 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) by taking the ratio of the probability density function (PDF) to the cumulative 

distribution function (CDF). In the second step, we run the OLS model in Table 5, controlling for 

the IMR from the first step. The results reported in SA Table 3 show that the coefficients for 

#HistPriceReduction in the Heckman two-stage selection models (Columns 1, 3, and 5) are 

consistent with those coefficients in our OLS models in Columns 1 to 3 of Table 5 (Columns 2, 4, 

and 6), supporting the robustness of our results. 

 



96 
 

4.6. CONCLUSION 

This essay applies the joint frailty model to study two conflicting (positive and negative) 

signaling effects of list-price reductions on house sales, considering the dependence between the 

recurrent list-price reductions and house sales, and compares the results from the joint 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 that list-price reductions negatively impact the 

likelihood of house sales, and that the magnitude of the negative impact varies as the listing time 

on the market progresses. This essay also finds that the number of historical list-price reductions 

negatively impacts the bargaining discount size of the buyer from the last list price, supporting the 

fairer-pricing signaling effects of recurrent list-price reductions.  

As the first study to 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 limitations. 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 recurrent list-price reductions and the 

sold event in this essay) 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 tests on these random samples.  
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CHAPTER FIVE  

In the first and the second essays (chapters 2 and 4), we 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 investigates the efficiency of the fixed percentage commission system and 

examines the role of agent heterogeneity in incentive problems and pricing implications in buyer 

brokerage. This essay finds that the lack of a buyerôs representative agreement (BRA) between 

buying agents and buyers creates no-contract constraints on the buying agentôs self-interest 

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 thus enhances 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 upstream firms 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 problems, and the literature that examines the impact 

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 essay also has important policy implications for 

regulatory frameworks dealing with real estate brokerage complaints. By looking at the important 

role of agentsô complaints in incentivizing agents to exert additional efforts in housing transactions, 

policy makers 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 recurrent list-price 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 inter-dependence and dependence among 

recurrent list-price reductions and sold events, our empirical results support the dominance of the 

negative signaling effects of list-price reductions and the time-varying 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. Mean Median 25% 75% S.D. 

Panel A: House characteristics (2005-2017) 

 Building size (sqft, thousands) 330,200 1.11 1.03 0.84 1.25 0.47 

 Electronic baseboard (dummy) 330,200 0.58 1.00 0.00 1.00 0.49 

 Forced air conditioner (dummy) 330,200 0.24 0.00 0.00 0.00 0.43 

 House age at listing sold (years) 330,200 30.81 27.00 12.00 44.00 23.81 

 Irregular building (dummy) 330,200 0.35 0.00 0.00 1.00 0.48 

 Irregular lot (dummy) 330,200 0.32 0.00 0.00 1.00 0.47 

 Last asking price ($, thousands) 330,200 269.60 235.00 179.00 309.00 177.23 

 Log of last asking price  330,200 12.37 12.37 12.10 12.64 0.49 

 Log of original asking price 330,200 12.40 12.39 12.10 12.67 0.49 

 Lot size (sqft, thousands) 330,200 13.95 6.80 5.13 11.50 26.40 

 Original asking price ($, thousands) 330,200 275.96 239.90 180.00 319.00 183.63 

 Total # of bathrooms 330,200 1.50 1.00 1.00 2.00 0.60 

 Total # of bedrooms 330,200 3.40 3.00 3.00 4.00 0.95 

 Total # of garages 330,200 0.65 0.00 0.00 1.00 0.77 

 Total # of driveways 330,200 3.47 3.00 2.00 4.00 2.01 

Panel B: Key testing variables (2005-2017) 

 Av#Purchases  330,200 11.14 8.46 4.73 14.36 9.73 

 Av%SuccessSales (%) 330,200 57.68 58.46 45.83 70.82 19.48 

 DumSameEthnicity 53,208 0.60 1.00 0.00 1.00 0.49 

 DumSameRace 53,208 0.54 1.00 0.00 1.00 0.50 

 DumSRA 53,374 0.04 0.00 0.00 0.00 0.19 

Panel C: Transaction outcomes (2005-2017) 

 LnSP 330,200 12.32 12.32 12.04 12.60 0.50 

 SP ($, in thousands) 330,200 256.62 225.00 170.00 295.50 164.78 

 SPtoLastAP (%) 330,200 95.08 95.98 93.58 97.61 4.30 

 SPtoOriginalAP (%) 330,200 93.00 94.50 90.60 96.97 6.10 

Panel D: Other important variables (2005-2017) 

 #ActiveYrs 330,200 7.13 6.70 3.55 10.18 4.39 

 #BuyingAgents 330,200 1.11 1.00 1.00 1.00 0.35 

 #ListingAgents 330,200 1.35 1.00 1.00 2.00 0.57 

 BABusyness 330,200 23.50 14.00 6.00 30.00 28.16 

 ContractDuration 330,200 7.91 6.60 5.73 10.40 4.08 

 CommissionSplit (%) 330,200 2.41 2.50 2.00 2.50 0.37 

 DOP 330,200 -0.019 -0.006 -0.162 0.134 0.292 

 Dum1stListing 330,200 0.39 0.00 0.00 1.00 0.49 

 DumATYP 330,200 0.035 0.00 0.00 0.00 0.18 

 DumDualAgent 330,200 0.40 0.00 0.00 1.00 0.49 

 DumFemaleBuyer 47,202 0.73 1.00 0.00 1.00 0.44 

 DumFixedCom 330,200 0.02 0.00 0.00 0.00 0.13 

 DumHighCom 330,200 0.16 0.00 0.00 0.00 0.37 

 DumHighVal 330,200 0.035 0.00 0.00 0.00 0.18 

 DumIntraFirm 330,200 0.09 0.00 0.00 0.00 0.29 

 DumIntraOffice 330,200 0.08 0.00 0.00 0.00 0.27 

 DumOldAge 330,200 0.04 0.00 0.00 0.00 0.20 

 DumYoungBuyer 47,658 0.54 1.00 0.00 1.00 0.50 

 DumPriceDec 330,200 0.34 0.00 0.00 1.00 0.47 

 DumPriceInc 330,200 0.01 0.00 0.00 0.00 0.11 
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 DumUrban 330,200 0.79 1.00 1.00 1.00 0.41 

 LABusyness 330,200 23.96 13.00 5.00 30.00 32.01 

 Ln(MOM) 330,200 0.49 0.68 -0.34 1.46 1.29 

 ProbNewcomer (%) 47,658 1.60 0.82 0.45 1.66 2.16 

 ProbSingleBuyer (%) 47,658 38.60 39.60 36.24 41.00 4.04 

 ProbUniversityBuyer (%) 47,658 17.29 13.87 11.12 20.37 10.48 

Notes: This table reports summary statistics for house characteristics, our main testing variables: Agent 

Competition, Prediction Accuracy, and Tolerance Level, dependent variables: Transaction Outcomes, and other 

important variables. All variables are defined in Appendix 1. 
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Table 2.2: Signed Sellerôs Representative Agreement (SRA) and Sale Price to Last Asking 

Price (SPtoLastAP), 2005-2017 

Dependent Variable:  SPtoLastAP 

  (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) 

#ListingAgents   -0.0000 -0.0003 -0.0002 

   (-0.06) (-0.63) (-0.25) 

#BuyingAgents   0.0013* 0.0004 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*** 0.0142*** 0.0171*** 

   (5.02) (5.59) (6.10) 

ContractDuration   -0.0000 0.0001 -0.0001 

   (-0.41) (1.08) (-0.92) 

DumPriceInc   0.0094*** 0.0080*** 0.0079*** 

   (5.10) (4.30) (3.76) 

DumPriceDec   0.0078*** 0.0075*** 0.0080*** 

   (15.81) (14.06) (12.57) 

DumUrban   0.0043** 0.0028*** 0.0022** 

   (2.35) (2.68) (2.05) 

DumDualAgent   -0.0105*** -0.0096*** -0.0096*** 

   (-20.91) (-20.75) (-19.22) 

House Characteristics  No Yes Yes Yes 

Listing Agent Attributes  No Yes Yes Yes 

Top Brokerage Firms  No Yes Yes Yes 

Buying Agent FE  No Yes Yes Yes 

Listing Agent FE  No No No Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations  53,374 53,374 53,374 53,374 

R-squared  0.0335 0.1792 0.3357 0.4421 

Notes: This table reports results from OLS regressions, testing the impact of signing a sellerôs representative 

agreement (DumSRA) on the ratio of the final sale price to the last asking price (SPtoLastAP). All variables are 

defined in Appendix 1. We report the t-values in the parentheses based on standard errors clustered at the FSA and 

the year-month levels. The estimation samples for all models include single-family houses listed on the MLS during 

the 2005-2017 period. Statistics with significance at 1% level are denoted with ***, at 5% level with **, and at 

10% level with *. 
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Table 2.3: Accuracy Level and Tolerance Level and Sale Price to Last Asking Price (SPtoLastAP), 2005-2017 

Dependent Variable  (SPtoLastAP) 

  (1) (2) (3) (4) (5) (6) (7) (8) 

Av#Purchases  0.0001***    0.0002***  0.0002***  

  (5.25)    (4.25)  (4.26)  

Av%SuccessSales   0.0055***    0.0054***  0.0054*** 

   (7.51)    (4.33)  (4.35) 

DumSameEthnicity    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 Control Variables  Yes Yes Yes Yes Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes Yes Yes Yes Yes 

Listing Agents Attributes  Yes Yes Yes Yes Yes Yes Yes Yes 

Top Brokerage Firms  Yes Yes Yes Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes Yes Yes Yes 

Observations  330,200 330,200 53,208 53,208 53,208 53,208 53,208 53,208 

R-squared  0.1885 0.1887 0.1758 0.1757 0.1762 0.1764 0.1761 0.1762 

Notes: This table reports results from OLS regressions, testing the impact of the buying agent prediction accuracy and the tolerance level offered by the buyer on the ratio of the final sale price 

to the last asking price (SPtoLastAP). Columns 1 and 2 include the annual average number of purchases the buying agent was involved in during the prior 5 years (Av#Purchases) and the 

annual average % of successful transactions the buying agent was involved in as a listing agent in the prior 5 years (Av%SuccessSales) as the identifiers of the prediction accuracy of the buying 

agent. Columns 3 and 4 include the same ethnicity dummy (DumSameEthnicity) and the same race dummy (DumSameRace) for buying agents and buyers as the identifiers of the tolerance 

level offered by the buyer. Columns 5 to 8 include both the identifiers of the accuracy level and the tolerance level. Main control variables include Ln(MOM), #ListingAgents, #BuyingAgents, 

#ActiveYrs, LABusyness, BABusyness, DOP, ContractDuraction, DumPriceInc, DumPriceDec, DumUrban, and DumDualAgent. All variables are defined in Appendix 1. All columns control 

for house characteristics, listing agent characteristics, top listing and buying brokerage firms, and year, month, and region fixed effects. We report the t-values in the parentheses based on 

standard errors clustered at the FSA and the year-month levels. The estimation samples for all models include single-family houses listed on the MLS during the 2005-2017 period. Statistics 

with significance at 1% level are denoted with ***, at 5% level with **, and at 10% level with *. 
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Table 2.4: Effect of Buyer Demographics on Sale Price to Last Asking Price (SPtoLastAP), 2005-2017 

Dependent Variable  SPtoLastAP 

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

DumFemaleBuyer  0.0050*** 0.0050***         
  (10.34) (10.25)         
ProbUniversityBuyer    -0.0001** -0.0001**       
    (-2.46) (-2.51)       
ProbSingleBuyer      0.0610*** 0.0608***     
      (4.00) (4.03)     
ProbNewcomer        -0.0042 -0.0047   
        (-0.05) (-0.06)   
DumYoungBuyer          0.0050*** 0.0049*** 
          (5.04) (5.01) 
            

Av#Purchases  0.0001***  0.0001***  0.0001***  0.0001***  0.0001***  
  (3.49)  (3.27)  (3.22)  (3.37)  (3.42)  
Av%SuccessSales   0.0054***  0.0055***  0.0052***  0.0055***  0.0049*** 
   (4.33)  (4.55)  (4.45)  (4.48)  (4.37) 
Main Control Variables  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Listing Agent Attributes  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Top Brokerage Firms  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations  47,202 47,202 47,658 47,658 47,658 47,658 47,658 47,658 47,658 47,658 

R-squared  0.1801 0.1803 0.1763 0.1765 0.1779 0.1781 0.1756 0.1758 0.1783 0.1785 

Notes: This table reports results from OLS regressions, testing the impact of the buying agent prediction accuracy and the tolerance level offered by the buyer on the ratio of the 

final sale price to the last asking price (SPtoLastAP). We use demographic characteristics of the buyer as the identifiers of the tolerance level offered by the buyer. Columns 1 and 

2 include the female dummy of the buyer (DumFemaleBuyer); Columns 3 and 4 include the likelihood of the buyer holding a university degree (ProbUniversityBuyer); Columns 

5 and 6 include the likelihood of the buyer is single; Columns 7 and 8 include the likelihood that the buyer is a new comer (ProbNewcomer); and Columns 9 and 10 include the 

young buyer dummy (DumYoungBuyer). Columns 1,3,5, 7, and 9 include the annual average number of purchases the buying agent was involved in during the prior 5 years 

(Av#Purchases) and Columns 2, 4, 6, 8, and 10 include the annual average % of successful transactions that the buying agent was involved in as a listing agent in the prior 5 years 

(Av%SuccessSales) as the identifiers of the prediction accuracy of the buying agent. All columns control for main control variables in Table 2, house characteristics, listing-agent 

characteristics, top listing and buying brokerage firms, and year, month, and region fixed effects. All variables are defined in Appendix 1. We report the t-values in the parentheses 

based on standard errors clustered at the FSA and the year-month levels. The estimation samples for all models include single-family houses listed on the MLS during the 2005-

2017 period. Statistics with significance at 1% level are denoted with ***, at 5% level with **, and at 10% level with *. 
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Table 2.5: Information Asymmetry, Agent Incentives, and Collusion Opportunities 

Panel A: Information Asymmetry 

Dependent Variable:  SPtoLastAP 

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

  DumATYP DumOldAge DumHighVal Dum1stListing 

Panel A1: Av#Purchases (N = 330,200)  

Av#Purchases  0.0001*** 0.0001*** 0.0001*** 0.0001*** 

  (4.93) (4.96) (5.00) (4.87) 

InfoAsymmetry  -0.0155*** -0.0185*** -0.0155*** -0.0025*** 

  (-10.69) (-17.13) (-10.66) (-9.61) 

Av#Purchases Ĭ InfoAsymmetry  0.0001** 0.00002 0.0001** 0.00003* 

  (2.05) (0.46) (2.03) (1.83) 

R-squared  0.1912 0.1613 0.1912 0.1892 

Panel A2: Av%SuccessSales (N = 330,200) 

Av%SuccessSales  0.0065*** 0.0059*** 0.0054*** 0.0048*** 

  (8.38) (7.79) (7.27) (6.50) 

InfoAsymmetry  -0.0154*** -0.01912*** -0.0160*** -0.0033*** 

  (-6.37) (-11.98)) (-6.86) (-5.97) 

Av%SuccessSales Ĭ InfoAsymmetry  0.0023 0.0018 0.0032 0.0019** 

  (0.73) (0.69) (1.09) (2.44) 

R-squared  0.1915 0.1616 0.1914 0.1894 

Panel A3: DumSameEthnicity (N = 57,683)      

DumSameEthnicity  0.0009** 0.0011** 0.0010***  

  (2.45) (2.46) (2.71)  

InfoAsymmetry  -0.0126*** -0.0184*** -0.0136***  

  (-6.92) (-9.31) (-6.60)  

DumSameEthnicity Ĭ InfoAsymmetry  0.0046** -0.0002 0.0037**  

  (2.56) (-0.06) (1.99)  

R-squared  0.1777 0.1489 0.1775  

Panel A4: DumSameRace (N = 61,286)      

DumSameRace  0.0009*** 0.0011*** 0.0009***  

  (2.94) (3.66) (2.93)  

InfoAsymmetry  -0.0115*** -0.0191*** -0.0142***  

  (-7.04) (-11.75) (-6.81)  

DunSameRaceĬ InfoAsymmetry  0.0026* 0.0019 0.0044**  

  (1.78) (1.01) (2.48)  

R-squared  0.1765 0.1477 0.1765  
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Panel B: Agent Incentives and Collusion Opportunities 

Dependent Variable:  SPtoLastAP 

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

  Incentives Collusion Opportunities 

  DumHighCom DumFixedCom DumIntraOffice DumIntraFirm 

Panel B1: Av#Purchases 

Av#Purchases  0.0001*** 0.0001*** 0.0001*** 0.0001*** 

  (5.05) (5.51) (5.01) (5.13)) 

Incentive/Collusion  -0.0032*** 0.0232*** -0.0045*** -0.0033*** 

  (-3.80) (13.83) (-8.64) (-6.30) 

Av#Purchases Ĭ Incentive/Collusion  0.0001 -0.00004 0.0001*** 0.00004 

  (1.49) (-0.35) (2.85) (1.23) 

Observations  324,505 330,123 330,200 330,200 

R-squared  0.1910 0.1930 0.1890 0.1889 

Panel B2: Av%SuccessSales 

Av%SuccessSales  0.0046*** 0.0055*** 0.0054*** 0.0053*** 

  (8.57) (7.46) (7.48) (7.38) 

Incentive/Collusion  -0.0057*** 0.0202*** -0.0047*** -0.0043*** 

  (-3.53) (6.06) (-5.58) (-5.50) 

Av%SuccessSales Ĭ Incentive/Collusion  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 

R-squared  0.1913 0.1932 0.1892 0.1891 

Panel B3: DumSameEthnicity      

DumSameEthnicity  0.0013*** 0.0011*** 0.0011*** 0.0012*** 

  (3.29) (2.93) (2.95) (3.07) 

Incentive/Collusion  -0.0017** 0.0209*** -0.0046*** -0.0036*** 

  (-2.04) (5.60) (-4.09) (-3.47) 

DumSameEthnicity Ĭ Incentive/Collusion  -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 

R-squared  0.1795 0.1796 0.1764 0.1762 

Panel B4: DumSameRace      

DumSameRace  0.0010*** 0.0011*** 0.0011*** 0.0011*** 

  (3.20) (3.77) (3.78) (3.84) 

Incentive/Collusion  -0.0022*** 0.0244*** -0.0035*** -0.0028 

  (-2.95) (7.25) (-4.12) (-4.00) 

DumSameRace Ĭ Incentive/Collusion  0.0001 -0.0033 -0.0008 -0.0009 

  (0.21) (-0.75) (-0.74) (-1.01) 

Observations  60,471 61,286 61,286 61,286 

R-squared  0.1785 0.1786 0.1752 0.1751 

House Characteristics  Yes Yes Yes Yes 

Main Controls  Yes Yes Yes Yes 

Listing Agent Attributes  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Notes: This table reports results from OLS regressions, testing the moderating effects of information asymmetry, agent 

incentives, and collusion opportunities on the impact of the buying agentôs prediction accuracy (Panels A1, A2, B1, and B2) 

and the tolerance level (Panels A3, A4, B3, and B4) on the ratio of the final sale price to the last asking price (SPtoLastAP). 

We use the houseôs atypicality index (DumATYP), the houseôs age (DumOldAge), the houseôs value (DumHighValue), and the 

first-time listing (Dum1stListing) to proxy information asymmetry level (Panel A). We use the commission rate splits to the 

buying agents (DumHighCom) and the fixed amount commission system (FACS) (DumFixedCom) to proxy for the buying 
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agent's self-interest incentive level (Columns 1 and 2 in Panel B). We use intra-office transactions (DumIntraOffice) and intra-

firm transactions (DumIntraFirm) to proxy for the collusion opportunities of buying agents with listing agents (Columns 3 

and 4 in Panel B). All columns control for house characteristics, listing agent characteristics, and year, month, and region fixed 

effects. Main controls are the same as the control variables in Table 3. All variables are defined in Appendix 1. We report the 

t-values in the parentheses based on standard errors clustered at the FSA and the year-month levels. The estimation samples 

for all models include single-family houses listed on the MLS during the 2005-2017 period. Statistics with significance at 1% 

level are denoted with ***, at 5% level with **, and at 10% level with *. 
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Figure 2.1 ï Simulation Results 

 

Panel A: Quadratic Plot for the Proposition 2.1 
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Panel B: Quadratic Plot for the Proposition 2.2A 

 
 

Panel C: Quadratic Plot for the Proposition 2.2B 
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Appendix 2.1 Variable Definitions 

Variables Definitions 

Panel A: Outcome Variables 

 LnSP Log of Sale Price 

 SP Sale Price 

 SPtoLastAP Ratio of the final sale price to the last asking price 

 SPtoOriginalAP Ratio of the final sale price to the original asking price 

Panel B: Testing Variables 

 
Av#Purchases 

Annual average # of transactions the buying agent was involved in as a 

buying agent in the prior 5 years. 

 
Av%SuccessSales 

Annual average % of successful transactions the buying agent was  involved 

in as a listing agent in the prior 5 years. 

 
DumSameEthnicity 

Same-ethnicity dummy (=1, if the buyer and the buying agent are from the 

same ethnicity; =0, otherwise)  

 
DumSameRace 

 

Same-race dummy (=1, if the buyer and the buying agent are from the same 

race; =0, otherwise) 

 
DumSRA 

Signed sellerôs representative agreement dummy (=1, if the buyer signed an 

SRA with the buying agent during the purchase; =0, otherwise) 

Panel C: Other Important Variables 

 #ActiveYrs # of buying agentôs active years  

 #BuyingAgents # of buying agents involved in the transaction 

 #ListingAgents # of listing agents involved in the transaction 

 
BABusyness 

Buying agent busyness: total # of listings the first buying agent was 

involved in during the period between the house being sold and 180 days 

after the house was being sold 

 
ContractDuration 

Duration of the sellerôs representative agreement between sellers and their 

listing agents 

 CommissionSplit (%) Commission rate split to the buying agent 

 DOP Degree of overpricing (Anglin, 2003 and Rutherford, 2005) 

 
Dum1stListing 

First-time listing dummy (=1, if the house was never listed on the MLS 

since 1994; =0, otherwise) 

 
DumATYP 

Atypical house dummy (=1, if the house's Atypicality index is in the top 5 

percentiles in its region in that year; =0, otherwise) 

 
DumDualAgent 

Dual agent transaction dummy (=1, if transaction has dual agents; =0, 

otherwise) 

 DumFemaleBuyer Buyerôs gender dummy (=1, if the buyer is a female; =0, otherwise) 

 DumFixedCom Duration of the selling contract between the seller and their listing agent 

 
DumHighCom 

High commission rate splits dummy (=1, if the commission rate split to the 

buying agent > 2.5%; =0, otherwise) 

 
DumHighVal 

High-value house dummy (=1, if the house's predicted value is in the top 5 

percentiles of its region in that year; =0, otherwise) 

 
DumIntraFirm 

Intra firm transaction dummy (=1, if the listing agent and the buying agent 

of the transaction are from the same firm; =0, otherwise) 

 
DumIntraOffice 

Intra office transaction dummy (=1, if the listing agent and the buying agent 

of the transaction are from the same office; =0, otherwise) 

 
DumOldAge 

Old-age house dummy (=1, if the house's construction age is in the top 5 

percentiles of its region in that year; =0, otherwise) 

 
DumYoungBuyer 

Buyer-age dummy (=1, when the median age of the municipality is below 

the median of the median age (38.6) in all municipalities in the province of 

Quebec; =0, otherwise) 
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DumPriceDec 

Asking price decrease dummy (=1, if the last asking price is less than the 

original asking price; =0, otherwise) 

 
DumPriceInc 

Asking price increase dummy (=1, if the last asking price is greater than the 

original asking price; =0, otherwise) 

 
DumUrban 

Urban location dummy (=1, if the house is located in the urban area; =0, 

otherwise) 

 
LABusyness 

Listing agent busyness: total # of listings the listing agent was involved in 

during the contract period of the sellerôs representative agreement (SRA) 

 Ln(MOM) Log of listing months on the market 

 
ProbNewcomer (%) 

Likelihood of the buyer being a newcomer, who moved from another 

province or territory in the last year  

 ProbSingleBuyer (%) Likelihood of the buyer being single 

 ProbUniversityBuyer (%) Likelihood of the buyer holding a university degree 

Notes: This table reports definitions of the house characteristics, our main testing variables: Buying Agent 

Heterogeneity, dependent variables: Transaction Outcomes, and main control variables. 
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Appendix 2.2: Summary Statistics for both Sold and Expired Listings, 2005 - 2017 

Variable Obs. Mean Median 25% 75% S.D. 

 Building size (sqft, thousands) 864,893 1.14 1.03 0.83 1.29 0.55 

 Electronic baseboard (dummy) 951,832 0.57 1.00 0.00 1.00 0.50 

 Forced air conditioner (dummy) 951,832 0.24 0.00 0.00 0.00 0.42 

 House age at listing sold/ expired (years) 811,027 30.97 27.00 11.00 44.00 25.60 

 Irregular building (dummy) 963,626 0.34 0.00 0.00 1.00 0.47 

 Irregular lot (dummy) 963,626 0.33 0.00 0.00 1.00 0.47 

 Last asking price ($, thousands) 963,626 281.48 236.00 169.90 325.00 226.18 

 LnSP 509,713 12.26 12.28 11.96 12.58 0.57 

 Log of last asking price  963,626 12.37 12.37 12.04 12.69 0.58 

 Log of original asking price 963,281 12.39 12.39 12.07 12.71 0.58 

 Lot size (sqft, thousands) 923,397 17.86 7.58 5.40 16.49 33.45 

 Original asking price ($, thousands) 963,281 288.58 239.90 174.90 329.90 233.51 

 SP ($, in thousands) 509,713 249.07 215.00 155.90 290.00 180.42 

 Total # of bathrooms 963,626 1.50 1.00 1.00 2.00 0.64 

 Total # of bedrooms 963,626 3.34 3.00 3.00 4.00 1.03 

 Total # of garages 881,933 0.73 1.00 0.00 1.00 0.84 

 Total # of driveways 881,933 3.60 4.00 2.00 4.00 2.19 

Notes: This table reports summary statistics for house characteristics and listing characteristics for both sold and 

expired listings. The variables are defined in Appendix 1. 
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Conflicts of Interest and Agent Heterogeneity in Buyer Brokerage 

Supplementary Appendix (SA) 

 

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

Supplementary Appendix 2.1 (SA 2.1) ï Examples of Buyer Representative Agreement (BRA) in North America 

Province or 

State 

Buyerôs broker or Sellerôs broker 

(Sub-agent) 

BRA mandatory? Buyerôs walk away cost 

Panel A: Canada 

Alberta Buyerôs broker (client) Effective July 1, 2014, Buyer Representation 

Agreements (BRAs) become mandatory in Alberta. 

Costly: If you have signed an exclusive 

agreement and chose to work with other agents, 

you are at risk of owing more than one agent a 

commission when you decide to buy. 

British Columbia  No, BRA is not common in residential transactions, 

but it is growing 

Holdover clause 

Manitoba Buyerôs broker (Assumed Buyer 

Agency) 

Not required between buyer and buyer's agency, but 

permissible 

Free 

Nova Scotia  As of January 1, 2017, the Nova Scotia Real Estate 

Commission requires that all buyers who agree to 

be clients of a real estate brokerage firm must sign a 

BRA in Nova Scotia. 

Similar situation as in Alberta 

Ontario Buyerôs broker Mandatory for the client. Salespeople have a written 

BRA presented for signature prior to an offer being 

presented on behalf of the Buyer. If no agreement is 

signed, the buyer is a customer 

Not free but easy steps to cancel the BRA 

Quebec Buyerôs broker Not mandatory but recommended. Free. 
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Panel B: United States 

California Buyerôs broker (NAP-11 & AAP-11) Not required by law but recommended. BR-11: revocable 

NAP-11 & AAP-11: non-revocable. 

Colorado Buyerôs broker (written agreement) 

Transaction broker (no written 

agreement) 

Mandatory, otherwise there is no agency 

relationship between broker and buyer. Broker acts 

as a transaction broker. 

Costly: An agency contract can be terminated 

by 1. mutual agreement, 2. revocation by the 

principal, 3. death of either party. An agency 

contract may be terminated although the party 

that is terminating the contract may be held 

liable for doing so. 

Connecticut Buyerôs broker (written agreement) 

Sub-agent (no agreement and sellerôs 

written permission) 

Mandatory, otherwise, the agent is the sub-agent 

(with the sellerôs written permission). 

Bound relationship and costly to walk away. 

Florida Buyerôs broker (with BRA) 

Transaction broker (without BRA) 

Not mandatory.  

Illinois Buyerôs broker (written or implied) Disclosure of Buyer/Tenant Designated Agent form 

is required in Illinois (effective in Jan 2010) to 

acknowledge the receipt, but neither non-exclusive 

but paying commission agreement nor exclusive 

buyer representation agreement is mandatory. 

Exclusive-BRA can be canceled by the buyer 

with reasons. If the agent refuses to cancel, the 

client can go through the broker to cancel the 

agency relationship. For other relationships, it 

is easy and costless to walk away. 

Indiana Sub-agency prohibited No  

Texas Buyerôs broker (a relationship 

between a broker and a client can 

legally exist without a written 

document.) 

Not mandatory. A buyer can choose the broker with 

whom the buyer wants to work. 

Buyer representative agreement is a binding 

contract with broker, not individual salesperson. 

No BRA: free. 

BRA is a binding contract, and it is costly to 

walk away. 

Utah  A written agency agreement between a buyer and 

the individual represents is required for the purpose 

of defining the scope of the individual's agency. 
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Supplementary Appendix 2.2 (SA 2.2) 

SA 2.2.1 Two-stage TILI Negotiation 

There are four possible outcomes in the two-stage TILI negotiation: 

Case 1: If Ὑ ὴ , the buyer accepts the asking price and purchases the house with a final sale 

price of ὴ ὴ. The associated probability is ὴὶέὦὅὥίὩρ ρ ὲ. (Outcome 1) 

Case 2: If Ὑ ὴ , the buyer rejects the asking price and proposes an offer of ὴ based on the 

suggestion of the buying agent. 

Case 2a: If Ὑ ὴ, the seller accepts ὴ and sells the house with a final sale price of ὴ ὴ. 

The associated probability is ὴὶέὦὅὥίὩςὥ ὲρ ύ . (Outcome 2) 

Case 2b: If Ὑ ὴ, the seller rejects ὴ and proposes a counteroffer of ὴ . 

Case 2b1: If Ὑ ὴ , the buyer accepts ὴ  and purchases the house with a final sale price of 

ὴ ὴ . The associated probability is ὴὶέὦὅὥίὩςὥρ ὲύρ ὶ. (Outcome 3) 

Case 2b2: If Ὑ ὴ , the buyer rejects ὴ  and the negotiation is ended without a deal. The 

associated probability is ὴὶέὦὅὥίὩςὥς ὲύὶ. (Outcome 4) 

SA 2.2.1.1 Two-stage TILI Negotiation When Buying Agents Have No Risk of Losing Clients 

After introducing the additional negotiating stage, the final sale price of the house Ὥ, ὴ, in the 

two-stage counterpart of equation (2.2) is: 

ὴ ρ ὲὴ ὲρ ύὴ ὲύρ ὶὴ  

Ὑ ὴ ὙȠ  

Ὑ ὴ Ὑ                                                                          !ςȢρ 

The buyerôs payoff in the two-stage counterpart of equation (2.4) is: 

“ Ὑ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
ὧὙ ὲρ ɮ

ὰὲὧ

„
ρ ὶὴ Ὧὸ 

ρ ὧ
Ὑ

Ὑ
                                                                            !ςȢς 

Then the two-stage counterpart of equation (2.5) is: 

‬“

‬ὧ
ὲὙ ρ ɮ

ὰὲὧ

„

ρ

„
‰

ὰὲὧ

„
ὲρ ὶὴ

ρ

„ὧ
‰

ὰὲὧ

„
          !ςȢσ 

We find that after adding a positive term into the one-stage TILI model equation (2.5), its two-

stage TILI model counterpart given by equation (A2.3) is greater. 
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The buying agentôs payoff in the two-stage counterpart of equation (7) is: 

“ ‌ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
ὧὙ ὲρ ɮ

ὰὲὧ

„
ρ ὶὴ Ὂ 

ρ ὧ
Ὑ

Ὑ
                                                                       !ςȢτ 

Then the two-stage counterpart of equation (2.8) is: 

‬“

‬ὧ
‌ὲὙ ρ ɮ

ὰὲὧ
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„
‰

ὰὲὧ

„
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„ὧ
‰

ὰὲὧ

„
         !ςȢυ 

We find that after adding a negative term into the one-stage TILI model equation (2.8), its two-

stage TILI model counterpart given by equation (A2.5) is smaller. 

 

SA 2.2.1.2 Two-stage TILI Negotiation When Buying Agents Have Risk of Losing Clients 

After introducing the additional negotiation stage, the final sale price of the house Ὥ, ὴ , in the 

two-stage counterpart of equation (2.10) is: 

ὴ ρ ὲὴ ὲρ ὺ ρ ύὴ ὲρ ὺύρ ὶὴ 

Ὑ ὴ ὙȠ  

Ὑ ὴ Ὑ                                                                          !ςȢφ 

The buyerôs payoff in the case when the buying agent has a risk of losing clients is the same as 

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. The buying agentôs payoff in the two-stage 

counterpart of equation (2.12) is: 

“ ‌ ρ ὲὴ ὲρ ɮὣ ρ ɮὢ ὧὙ ‌ὲρ ὶὴɮὢ ρ ɮὣ  

ρ  ὧ
Ὑ

Ὑ
                                                                             !ςȢχ 

ὢ and ὣ are previously defined:  ὢ  and ὣ .` 

Then the two-stage counterpart of equation (2.13) is: 

‬“

‬ὧ
 ‌ὲὙ ρ ɮὣ ρ ɮὢ  

‌ὲὙ

„
‰ὣ ρ ɮὢ

‌ὲὙ

„
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 ‌ὲρ ὶὴ
ρ

„ὧ
‰ὢ ρ ɮὣ

ρ

„ὧ
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We find that after adding a negative term into the one-stage TILI model equation (2.13), its two-

stage TILI model counterpart given by equation (A2.8) is smaller. 

Next, we compare the impact of the buying agentôs risk of losing a client by examining the different 

marginal payoffs of buying agents in the scenarios with and without risk of losing clients (i.e., ὺ

π versus ὺ π). After taking the first derivative in equation (A2.5) minus the first derivative in 

equation (A8) we get: 

Ὃ
‬“

‬ὧ

‬“

‬ὧ

‌ὲὙ ɮὣ ρ ɮὢ  
‌ὲὙ

„
‰ὣ ρ ɮὢ

‌ὲρ ὶὴ

„ὧ
ɮὢ‰ὣ

‌ὲɮὣ‰ὢ

„ὧ
ὧὙ ρ ὶὴ

π                                                                   !ω 

The strictly positive outcome in equation (A9) implies that the buying agentôs concern for losing 

clients decreases the buying agentôs marginal payoff from a high offer price, which alleviates the 

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

the one-stage TILI negotiation.   

SA 2.2.2 Multi -stage TILI Negotiation 

We denote ὰ as the number of offers proposed by each buyer and seller. In the multi-stage TILI 

negotiation, the negotiation ends without a deal if the buyer rejects the ὰ  offer, ὴ . We name 

the ὰ  offer, ὴ , which is proposed by the seller, as the take-it-or-leave-it offer in the multi-

stage TILI negotiation. There are ςὰ ς possible outcomes in the multi-stage TILI negotiation: 

Case 1: If Ὑ ὴ , the buyer accepts the asking price and purchases the house with a final sale 

price of ὴ ὴ. The associated probability is ὴὶέὦὅὥίὩρ ρ ὲ. (Outcome 1) 

Case 2: If Ὑ ὴ , the buyer rejects the asking price and proposes an offer of ὴ  based on the 

advice of the buying agent. 

Case 2a: If Ὑ ὴ , the seller accepts ὴ  and sells the house with a final sale price of ὴ

ὴ . The associated probability is ὴὶέὦὅὥίὩςὥ ὲρ ύ . (Outcome 2) 

Case 2b: If Ὑ ὴ , the seller rejects ὴ  and proposes a new counteroffer of ὴ . 

Case 2b1: If Ὑ ὴ , the buyer accepts ὴ  and purchases the house with a final sale price of 

ὴ ὴ . The associated probability is ὴὶέὦὅὥίὩςὥρ ὲύ ρ ὶ . (Outcome 3) 

Case 2b2: If Ὑ ὴ , the buyer rejects ὴ  and proposes a counteroffer of ὴ .  

Case 2b2a: If Ὑ ὴ , the seller accepts ὴ  and sells the house with a final sale price of ὴ

ὴ . The associated probability is ὴὶέὦὅὥίὩςὦςὥ ὲύὶρ ύ . (Outcome 4) 
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Case 2b2b: If Ὑ ὴ , the seller rejects ὴ  and proposes a new counteroffer of ὴ . 

Case2b2b1: If Ὑ ὴ , the buyer accepts ὴ  and purchases the house with a final sale price 

of ὴ ὴ . The associated probability is ὴὶέὦὅὥίὩςὥςὦρ ὲύὶύ ρ ὶ . (Outcome 5) 

Case 2b2b2: If Ὑ ὴ , the buyer rejects ὴ  and proposes another new counteroffer of ὴ .  

ể 

Case 2b2bé2a: If Ὑ ὴ , the seller accepts the previous counteroffer, denoted as ὴ  and 

sells the house with a final sale price of ὴ ὴ . The associated probability is 

ὴὶέὦὅὥίὩςὦςὦȣςὥ ὲύὶύὶȢȢȢύ ὶ ρ ύ . (Outcome 2l) 

Case 2b2bé2b: If Ὑ ὴ , the seller rejects ὴ  and proposes a new counteroffer of ὴ . 

Case 2b2bé2b1: If Ὑ ὴ , the buyer accepts ὴ  and purchases the house with a final sale 

price of ὴ ὴ . The associated probability is ὴὶέὦὅὥίὩ ςὦςὦȣςὦρ

ὲύὶύὶȢȢȢύ ὶ ύ ρ ὶ . (Outcome 2l+1) 

Case 2b2bé2b2: If Ὑ ὴ , the buyer rejects ὴ  and the negotiation is ended without a deal. 

The associated probability is ὴὶέὦὅὥίὩ ςὦςὦȣςὦς ὲύὶύὶȢȢȢύ ὶ ύὶ. (Outcome 

2l+2) 

SA 2.2.2.1 Multi-stage TILI Negotiation When Buying Agents Have No Risk of Losing Clients 

After introducing additional negotiation stages, the final sale price of house Ὥ, ὴ, in the multi-

stage counterpart of equation (2.2) is: 

ὴ ρ ὲὴ ὲρ ύ ὴ ὲύ ρ ὶ ὴ  

Ễ ὲύὶύὶȣύ ὶ ρ ύ ὴ                                                           

ὲύὶύὶȢȢȢύ ὶ ύ ρ ὶ ὴ                                                                 

Ὑ ὴ ὙȠ  

Ὑ ὴ Ὑ   Ὢέὶ ὥὰὰ ὰ ρȟςȟȢȢȢȟὰ                               !ςȢρπ 

We assume a constant value ὧ that makes ὴ ὧὙ , and ρ ὧ . Thus, ὧ is the ὧ in the 

one-stage and the two-stage negotiations. To compare the multi-stage negotiation with the one-

stage and the two-stage negotiations, we focus on the buyerôs choice of the first offer price ὴ  

or ὧ.  

Then, ύ ɮ  , ὴ ὧὙ  and the buyerôs payoff in the multi-stage counterpart of 

equation (2.4) is: 
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“ Ὑ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
ὧὙ ὲρ ὶ ὴ ɮύ  

Ễ ὲὶύὶȣύ ὶ ρ ύ ὴ ɮύ                                                                     

ὲὶύὶȢȢȢύ ὶ ύ ρ ὶ ὴ ɮύ Ὧὸ                                                                 

ρ ὧ
Ὑ

Ὑ
                                                                            !ςȢρρ 

To simplify the presentation of the above results, we define ὧᶻ ‰ π. 

Then the multi-stage counterpart of equation (2.5) is: 

‬“
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ὲὙ ρ ɮ

ὰὲὧ

„

ρ

„
‰

ὰὲὧ

„
ὲρ ὶ ὴ ὧ  z

Ễ ὲὶύὶȣύ ὶ ρ ύ ὴ  ὧᶻ                                                                  

ὲὶύὶȢȢȢύ ὶ ύ ρ ὶ ὴ ὧᶻ                                                          !ςȢρς 

We find that after adding positive terms into the one-stage TILI model equation (2.5), and the 

two-stage TILI model equation (A2.3), its multi-stage TILI model counterpart is given by 

equation (A2.12) is greater. We summarize that ÍÕÌÔÉÓÔÁÇÅ ὸύέ ίὸὥὫὩ

έὲὩίὸὥὫὩ. 

The buying agentôs payoff in the multi-stage counterpart of equation (2.7) is: 

“ ‌ ρ ὲὴ ὲρ ɮ
ὰὲὧ

„
ὧὙ

ὲρ ὶ ὴ ɮύ ȢȢȢὲὶύὶȣύ ὶ ρ ύ ὴ ɮύ
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ρ ὧ
Ὑ

Ὑ
                                                                       !ςȢρσ 

Then, the multi-stage counterpart of equation (2.8) is: 
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ρ
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„
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Ễ ‌ὲὶύὶȣύ ὶ ρ ύ ὴ  ὧᶻ                                                             
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We find that after adding negative terms into the one-stage TILI model equation (2.8), and the 

two-stage TILI model equation (A2.5), its multi-stage TILI model counterpart is given by 

equation (A2.13) is smaller. We summarize that ÍÕÌÔÉÓÔÁÇÅ ὸύέίὸὥὫὩ

έὲὩίὸὥὫὩ.  

SA 2.2.2.2 Multi-stage TILI Negotiation When Buying Agents Have the Risk of Losing Clients 

After introducing multiple stages of negotiations, the final sale price of house Ὥ, ὴ , in the multi-

stage counterpart of equation (2.10) is: 

ὴ ρ ὲὴ ὲρ ὺ ρ ύ ὴ ὲρ ὺ ύ ρ ὶ ὴ  

Ễ ὲρ ὺ ρ ὺ ȣ ρ ὺύὶύὶȣύ ὶ ρ ύ ὴ                        

ὲρ ὺ ρ ὺ ȣ ρ ὺύὶύὶȣύ ὶ ύ ρ ὺ ὴ                             

Ὑ ὴ ὙȠ  

Ὑ ὴ Ὑ  Ὢέὶ ὥὰὰ ὰ ρȟςȟȢȢȢȟὰ                             !ςȢρυ 

The buyerôs payoff in the case when the buying agent has a risk of losing clients is the same as 

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 value Ὤ that makes ὴ ὬὙ , and Ὤ ρ. Thus, Ὤ is the Ὤ in the 

one-stage and the two-stage negotiations. To compare the multi-stage negotiation with the one-

stage and the two-stage negotiations, we focus on the buyerôs choice on the first offer price ὴ  

or  Ὤ.  

Since ὴ ὬὙ ὧὙ , ὧ Ὤ  and ὺ ὴὶέὦὴ Ὑ •

ɮ
 

ɮ . 

 

Buying agentôs payoff in the multi-stage counterpart of equation (2.12) is: 

“ ‌ ρ ὲὴ ὲρ ɮὣ ρ ɮὢ ὧὙ

‌ὲρ ὶ ὴ Ễ ‌ὲρ ὺ ȣ ρ ὺὶύὶȣύ ὺ ρ ύ ὴ  

‌ὲρ ὺ ȣ ρ ὺὶύὶȣύ ὺ ύ ρ ὺ ὴ ɮὢ ρ ɮὣ  

ρ ὧ
Ὑ

Ὑ
                                                                            !ςȢρφ 
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ὢ and ὣ are previously defined:  ὢ  and ὣ

.. 

Then, the multi-stage counterpart of equation (2.13) is: 

‬“

‬ὧ
 ‌ὲὙ ρ ɮὣ ρ ɮὢ  

‌ὲὙ

„
‰ὣ ρ ɮὢ

‌ὲὙ

„
‰ὢ ρ ɮὣ  

 ‌ὲρ ὶ ὴ Ễ ‌ὲρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ρ ύ ὴ  

‌ὲρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ύ ρ ὺ ὴ                    

ρ

„ὧ
‰ὢ ρ ɮὣ

ρ

„ὧ
ɮὢ‰ὣ                                                            !ςȢρχ 

We find that after adding negative terms into the one-stage TILI model equation (2.13), and the 

two-stage TILI model equation (A2.8), its multi-stage TILI model counterpart is given by 

equation (A2.17) is smaller. We summarize that ÍÕÌÔÉÓÔÁÇÅ ὸύέίὸὥὫὩ

έὲὩίὸὥὫὩ. 

Next, we compare the impact of the buying agentôs risk of losing a client by examining the different 

marginal payoffs of the buying agent in scenarios with and without the risk of losing clients (i.e., 

ὺ π versus ὺ π). After taking the first derivative in equation (A2.5) minus the first derivative 

in equation (A2.8) we get: 

Ὃ
‬“

‬ὧ

‬“

‬ὧ

‌ὲὙ ɮὣ ρ ɮὢ  
‌ὲὙ

„
‰ὣ ρ ɮὢ

‌ὲρ ὶ ὴ Ễ ‌ὲρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ρ ύ ὴ  

‌ὲρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ύ ρ ὺ ὴ  ɮὢ‰ὣ
ρ

„ὧ
‌ὲɮὣ‰ὢ

„ὧ
ὧὙ

ρ ὶ ὴ Ễ ρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ρ ύ ὴ  

ρ ὺ ȣ ρ ὺὶύὺȣύ ὺ ύ ρ ὺ ὴ  
π                                                                                                                               !ςȢρψ 

The strictly positive outcome in equation (A2.18) implies that the buying agentôs concern for 

losing clients decreases the buying agentôs marginal payoff from a high offer price, alleviating 

the interest misalignments between buyers and buying agents. This is consistent with the findings 

in the one-stage TILI negotiations. 
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In sum, introducing more negotiation stages and giving both sellers and buyers more 

opportunities to negotiate (increase the number of ὰ) increases the probability of interest 

alignments between buying agents and buyers. 

Proposition A2.1: Additional rounds in the negotiation increase the probability of interest 

alignments between buying agents and buyers, and thereby increase the efficiency of the fixed 

percentage commission system (FPCS). 

Proposition A2.2: Additional rounds in the negotiation decrease the buying agentôs incentive of 

being self-interested. 
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Supplementary Appendix 2.3 (SA 2.3) ï Simulation Results (Linear plot)  

 

Panel A: Linear Plot for the Proposition 2.1 
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Panel B: Linear Plot for the Proposition 2.2A 

 
 

Panel C: Linear Plot for the Proposition 2.2B 
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Panel D: 3D Plot for Impacts of the Tolerance Level and Accuracy Level 
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Supplementary Appendix 2.4 (SA 2.4) 

SA 2.4. Predicted Selling and Asking Prices for a House 

We estimate the predicted selling price of house i, ὖ, based on its characteristics ὢ 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 two-step Heckman Selection model (Heckman, 1979) because 

final sale prices are missing for expired properties and Ordinary Least Square (OLS) estimations 

would be biased due to the incidental truncation of the sample. We calculate the inverse Mill ratio 

(IMR) using the output from a first-step 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 regress the final 

sale price on the houseôs characteristics, market conditions, and the IMR. Since 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 following sections of this essay. 

The two equations in the Heckman selection model are: 

ὈόάὛέὰὨ ‌ ‌ὢ Ὂ Ὂ Ὂ ‭                       !ςȢρχ 

ὰὲὖ ‍ ‍‗ ‍ὢ Ὂ Ὂ Ὂ ‐                     !ςȢρψ 

where ὈόάὛέὰὨ is a binary outcome variable, which equals one if the house is sold and zero if 

the house is expired. ‗ is the IMR from the probit model (A2.17). ὰὲὖ  represents the natural 

log of the final sale price, and the ὢs are the characteristics of house i. Ὂ , Ὂ , and Ὂ  

are fixed effects for year, month, and forward sortation area, respectively. 

The empirical results reported in Col. 1 and 2 of SA Table 2.1 indicate that the final sale price 

of a single-family house is significantly and positively correlated with property features such as 

the building and lot sizes, number of bedrooms and bathrooms, number 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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Then we estimate the expected asking price of a house given the houseôs characteristics 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 Rutherford et al. (2005). We estimate the degree of overpricing, Ὀὕὖ, 

for 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 of overpricing, Ὀὕὖ, are: 

ὰὲὖ ‌ ‌‗ ‌ὢ Ὂ Ὂ Ὂ ςȢρω!                          ‫ 

‫  ὰὲὖ ὰὲὖ                                                               !ςȢςπ 

where ὰὲὖ  represents the natural log of the last asking price of house i. Standard errors are 

clustered at the FSA level. 

The results reported in Col. 3 and 4 of SA Table 2.1 exhibit similar relationships between the 

predicted last 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 heteroskedasticity. As was the case for the final sale price, the expected last asking 

price has the same directional correlations with similar covariates. 

 

[SA Table 2.1 about here.] 
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Supplementary Appendix 2.5 (SA 2.5) ï Robustness Checks 

SA 2.5.1 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 two-step selection model (Heckman, 1979). In the first step, we run 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) by taking the ratio of the probability density function 

(PDF) to the cumulative distribution 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 Table 2.2, the results show that coefficients for DumSRA in the Heckman two-stage 

selection models (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 in Table 2.2.   

 

[SA Table 2.2 about here.] 

 

SA 2.5.2 Robustness Check 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 Oster (2019), we find the identified set for each of the two proxies for buying 

agentôs prediction accuracy, and each of the three proxies of tolerance level, and check the stability 

of their respective coefficients. The identified set is in the range between the estimated coefficient 

of our main models and ‍ᶻ, which is derived using the following formula: 

‍ᶻ ‍ ‍‏ ‍                                             !ςȢςρ 

In equation A2.21, ‍ and Ὑ are the estimated coefficient and the R-square value of the main 

model. ‍ and Ὑ are the estimated coefficient and the R-square value of the univariant regression 
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model for each buying agentôs type proxy without controlling for other variables and fixed effects. 

We calculate the value of Ὑ  based on three approaches: Bellows and Miguelôs (2009) value of 

Ὑ άὭὲςȢπὙȟρ, Mian and Sufiôs (2014) value of Ὑ άὭὲςȢςὙȟρ, and the most 

conservative value of Ὑ ρ, respectively. When ‏ 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 main results; otherwise, our main results are 

subject to omitted variable biases (Altonji et al., 2005). 

In SA Table 2.3, results show that except for Av%SuccessSales, all four identified sets are 

based on the different values of Ὑ  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 

Sellerôs representative agreement (SRA) with buying agents (Treated group) with houses with 

similar attributes 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 analyses of the impacts of signing an SRA 

on transaction outcomes in terms of SPtoLastAP. Results reported in Column 2 in SA Table 2.4 

are consistent with the findings reported in Table 2.2. Due to the limited observations, we do not 

include the listing agent and the buying agent fixed effects in the regression. 

[SA Table 2.4 about here] 

 

SA 2.5.4 Robustness Check 4: Selection Bias Check for the Likelihood of Signing an SRA 

In this section, we check the endogeneity of signing an SRA and the SPtoLastAP caused 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 three-stages least square (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, we include the fitted value of the first-stage model and rerun 

the probit model in the first stage. In the third stage, we include the fitted value of the second-stage 

probit model and regress the OLS model in Table 2.2. Adams et al. (2009) argue that this three-

stages procedure takes care of the model misspecification in the first stage of the two-stage 

procedure.   

Results reported in Columns 3 and 4 in Table 2.4 show that coefficients for DumSRA in the 

three-stage least square (3SLS) model are consistent with those coefficients for the original OLS 

models in Table 2.2, supporting the robustness of our main findings to this potential selection bias. 

 

SA 2.5.5 Robustness Check 5: Unobservable Brokerage Firm, Listing Agent, and Property 

Attributes  

In this section, we conduct several robustness checks to assess the impacts of unobservable 

time-invariant attributes of the sellerôs brokerage firm and the buyerôs brokerage firm by including 

brokerage firm fixed effects. For example, the reputation of the brokerage firms, which does not 

change frequently over the years, would possibly affect their agentôs impact on the client. We also 

check the robustness of our main models by controlling for the impacts of unobservable time-

invariant attributes of listing agents such as their education and gender, by including the listing 

agent fixed effect. Lastly, we consider the impact of unobservable time-invariant 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 Table 2.5, the coefficients for the prediction accuracy proxies for buying agents exhibit 

supportive results in most Columns. Except for the coefficient for the buying agentôs annual 

average ratio of successful sales in the prior 5 years (Av%SuccessSales) in 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 conclude that 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, our main results may be driven by the buying agentsô heterogeneity in terms of 

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 

bargaining performance, which resulted in her buyer buying the house at a high price. Therefore, 

we control for the effect of the buying agentôs bargaining performance in our main models. Our 

control uses the current buying agentôs past bargaining performance as a listing agent and as a 

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 

(AvPastSPtoLAPLA) and as a buying agent (AvPastSPtoLAPBA), respectively, in the prior 5 years. 

One limitation of these proxies is that these measures reflect not only the buying agentôs skills but 

also their self-interested level. Our theoretical model assumes that the interests of listing 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) when acting as listing agents where their 

interests are expected to be aligned with sellers had a worse bargaining performance (a higher 

SPtoLastAP) in transactions where their interests are expected to be aligned with buyers. All four 

coefficients are positive and significant at the 0.01 level (see Columns 1ï4). 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 agentôs prediction accuracy are positive and significant at the 0.01 level. 

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 

that agentôs behavior when acting as the buying agent for the buyer for the current 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 2.5.7 Robustness Check 7: Alternative Outcomes and Alternative Proxies for Agent 

Types 

In this section, we check the robustness of the results in Tables 2.2 and 2.3 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 stability of our results when each buying agentôs prediction 

accuracy proxy is estimated by the exponential weighted average in the prior 3 years and in the 

prior year, respectively. We also use two alternative proxies for buying agentôs type, the buying 

agentôs past (annual) average number of transactions in the prior 5 years (Av#Transactions) and 

the past (annual) average market share of the buying agent based on purchase amount in the same 

region in the prior 5 years (AvMkt%BuyAmt). Consistent with our main results, coefficients for 

each buying agentôs prediction accuracy proxy are positive and significant in all panels in SA 

Table 2.7.   

[SA Table 2.7 about here.] 

 

SA 2.5.8 Robustness Check 8: Financial Centers, Major Cities, and Regions with Most 

Listings 

In this section, we check the robustness of our results in Table 2.3 by running our models 

using the Montreal sub-sample versus the non-Montreal sub-sample, the largest 6 cities sub-sample 

versus the non-largest 6 cities sub-sample based on the population in each city, and the top 5 

regions and the non-top 5 regions based on the number of listings in each region. Consistent with 

our results in Table 2.3, most of the coefficients for each sub-sample reported in SA Table 2.8 are 

positive and significant. Some coefficients (e.g., coefficients for DumSameEthnicity in 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 2.5.9 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 the robustness of our results in 

Table 2.3 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 price (Ὓὖὸέὒὥίὸὃὖ). 

The simultaneous equations are: 

Ὓὖὸέὒὥίὸὃὖ† ”ὰὲὈὕὓ ‎ ὃὧὧόὶὥὧώ ὖὶέὼώ‎ ὝέὰὩὶὥὲὧὩ ὖὶέὼώ

‫ ὓὥὭὲ ὅέὲὸὶέὰίὌέόίὩᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

 ὒὭίὸὭὲὫ ὃὫὩὲὸ̄ί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  Ὂ  Ὂ Ὂ ‭ 

 !ςȢςς 

ὰὲὈὕὓ  † ″Ὓὖὸέὒὥίὸὃὖ‎ᴂὃὧὧόὶὥὧώ ὖὶέὼώ‎ᴂὝέὰὩὶὥὲὧὩ ὖὶέὼώ

‫ ὓὥὭὲ ὅέὲὸὶέὰίὌέόίὩᴂί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί 

 ὒὭίὸὭὲὫ ὃὫὩὲὸ̄ί ὅὬὥὶὥὧὸὩὶὭίὸὭὧί  Ὂ  Ὂ Ὂ ‭  

  !ςȢςσ 

ÌÎὈὕὓ  is the natural log of listing days on the market (Ὀὕὓ) for house i. ὒὭίὸὭὲὫὈὩὲίὭὸώ 

and ὅέάὴὩὸὭέὲ are the listing density and competition variables that are used to make the system 

of simultaneous equations identified. For house i, we define competing house j as the one having 

the same number of bedrooms, the same property type, and is located in the same zip-code area 

(FSA). We also define the overlapping period on the market for competing houses as: 

ὕὭȟὮ άὭὲὧὶὩὥὸὭέὲ ὨὥὸὩȟὧὶὩὥὸὭέὲ ὨὥὸὩ άὥὼὩὲὨ ὨὥὸὩȟὩὲὨ ὨὥὸὩ     !ςȢςτ 

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:  

 ὅέάὴὩὸὭέὲ ВὕὭȟὮ                                                         !ςȢςυ   

 ὒὭίὸὭὲὫὈὩὲίὭὸώ
В ȟ

                                                             !ςȢςφ 

In SA Table 2.9, the reported coefficients for the buying agentôs prediction accuracy proxies 

and the tolerance level proxies on the ratio of the final sale price to the last asking price 

(Ὓὖὸέὒὥίὸὃὖ) are consistent with the coefficients in Table 2.2. Also, consistent with previous 

studies (Turnbull and Dombrow, 2006; Waller and Jubran, 2012; and Turnbull and Waller, 2018; 

etc.), the listing time on market (ὰὲ Ὀὕὓ) has a significantly negative impact on Ὓὖὸέὒὥίὸὃὖ. 

As expected, the positive and significant coefficient for listing density (ὒὭίὸὭὲὫὈὩὲίὭὸώ) implies 

that houses sold in competitive environments yield higher Ὓὖὸέὒὥίὸὃὖ. Based on the theory of 

the spatial competition effect and the shopping externality effect from Turnbull and Dombrow 

(2006), our results show that in terms of Ὓὖὸέὒὥίὸὃὖ, the shopping 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 equation (ὰὲ Ὀὕὓ), the negative and significant coefficients for the 

ratio of the final sale price to the last asking price (Ὓὖὸέὒὥίὸὃὖ) indicate 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 McLeavey, 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 

(ὅέάὴὩὸὭὸὭέὲ) is 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, 1994-2017 

Dependent Variables:  Ln(SP)  Ln(LAP) 

Methodology  Heckman OLS  Flexible-GLS OLS 

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

Intercept  10.8528*** 10.7970***   10.7118*** 10.8899*** 

  (260.25) (288.09)  (135.46) (325.76) 

FloorSize  0.0005*** 0.0004***  0.0005*** 0.0004*** 

  (199.92) (43.61)  (37.30) (47.34) 

FloorSizeSq  -0.0000*** -0.0000***  -0.0000*** -0.0000*** 

  (-126.35) (-24.58)  (-18.49) (-26.83) 

LotSize  0.0000*** 0.0000***  -0.0000 0.0000*** 

  (86.82) (11.36)  (-0.48) (17.14) 

LotSizeSq  -0.0000*** -0.0000***  0.0000 -0.0000*** 

  (-57.47) (-8.84)  (1.65) (-14.09) 

#TotalBedrooms  0.0246*** 0.0256***  0.0362*** 0.0211*** 

  (61.23) (14.01)  (13.80) (11.39) 

#TotalBathrooms  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)  (-16.24) (-33.52) 

#Driveway  0.0076*** 0.0070***  -0.0018 0.0073*** 

  (38.91) (9.15)  (-1.83) (10.59) 

#Garage  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) 

DumEleBase  -0.0275*** -0.0314***  -0.0421*** -0.0364*** 

  (-30.08) (-13.82)  (-14.17) (-16.87) 

DumIrrBuilding  -0.0048*** -0.0012  0.0043 -0.0022 

  (-5.72) (-0.77)  (1.64) (-1.48) 

DumIrrLot  0.0129*** 0.0103***  0.0080*** 0.0156*** 

  (16.65) (5.93)  (3.17) (8.09) 

Year/Month FE   Yes Yes   Yes Yes 

Region or FSA FE  FSA FSA   Region FSA   

Building Type FE  Yes Yes  Yes Yes 

Property Type FE  Yes Yes  Yes Yes 

Observations   942,458 579,060   942,458 942,458 

R-squared  N/A 0.8378  0.7682 0.8151 

Lambda  -0.1991*** N/A  N/A N/A 

SE clustered  No FSA Level  FSA Level FSA Level 

Notes: Column 1 and Column 2 report results from the Heckman Selection model and OLS model on the 

prediction of the sale price of the house, respectively. Column 3 and Column 4 report results from the flexible 

general least square model (FGLS) and OLS model on the prediction of the last asking price of the house. All 

variables are defined in Appendix 1 of the main essay. We include the year, month, and FSA (Forward Sortation 

Area) fixed effects in Columns 1, 2, and 4 and the year, month, and region fixed effects in Column 3. We report 

the critical statistics in the parentheses. We cluster the standard errors at the FSA level in all models except for 

the Heckman Selection model. The full estimation samples for all models include single-family houses in Quebec 

province listed on the MLS during the 1994-2017 period. Statistics with significance at 1% level are denoted with 

***, at 5% level with **, and at 10% with *. 
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SA Table 2.2: Robustness Check: Sample Selection Biases Tests, Heckman Selection Model, 

2005-2017 

Dependent Variable:  SPtoLastAP 

  (1) (2) (3) (4) (5) (6) 

DumSRA  0.0048*** 0.0048*** 0.0037*** 0.0037*** 0.0039*** 0.0039*** 

  (3.91) (3.92) (3.40) (3.39) (3.30) (3.31) 

IMR  -0.0224***  -0.0178***  -0.0163***  

  (-3.98)  (-5.15)  (-4.39)  

Main Control Variables  Yes Yes Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes Yes Yes 

Listing Agent Attributes  Yes Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes Yes 

Buying Agent FE  No No Yes Yes Yes Yes 

Listing Agent FE  No No No No Yes Yes 

Observations  53,871 53,871 53,871 53,871 53,871 53,871 

R-squared  0.1771 0.1747 0.3352 0.3341 0.4408 0.4400 

Notes: This table reports results from Heckman selection models and our baseline models that test the impact of 

buying agentôs risk of losing clients (DumSRA) on the ratio of the final sale price to the last asking price 

(SPtoLastAP). Columns 1, 3, and 5 include the inverse Mill ratio (IMR) from the probit model in the first step of 

the two-step Heckman selection model. Columns 2, 4, and 6 are results from baseline models. All columns control 

for house characteristics, listing agent characteristics, and year, month, listing agents and buying agents fixed 

effects. Main controls are the same as the control variables in Table 2 of the main essay. All variables are defined 

in Appendix 1 of the main essay. We report the t-values in the parentheses. Standard errors are clustered at the FSA 

and the year-month levels. The estimation samples for all models include single-family houses listed on the MLS 

during the 2005-2017 period. Statistics with significance at 1% level are denoted with ***, at 5% level with **, 

and at 10% level with *. 
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SA Table 2.3: Robustness Check: Omitted Variable Biases Tests 

Dependent Variable:  SPtoLastAP 

  (1) (2) (3) (4) (5) (6) 

  Uncontrolled Controlled Bellows and 

Miguel 

(2009) 

Ὑ  

 ςὙ Ὑ 

Mian and 

Sufi (2014) 

Ὑ  

 ςȢςὙ 

 Ὑ 

Most 

conservative 

case 

Ὑ  ρ 

Include 

Zeros? 

Panel A: Signing a Sellerôs Representative Agreement 

DumSRA   0.0039*** 0.0029*** 

[0.0019, 

0.0029] 

[0.0017, 

0.0029] 

[0.0016, 

0.0029] No 

  (4.04) (2.83)     

Ὑ   0.0003 0.4421     

Ὑ     0.8839 0.9723 1.0000  

Observations  53,374      

Panel B: Average number of purchases 

Av#Purchases  

-0.0003*** 0.0001*** 

[0.0001, 

0.0006] 

[0.0001, 

0.0006] 

[0.0001, 

0.0020] No 

  (-6.29) (5.25)     

Ὑ   0.0042 0.1885     

Ὑ     0.3729 0.4106 1.0000  

Observations  330,200      

Panel C: Average ratio of success sales 

Av%SuccessSales  

0.0199*** 0.0055*** 

[-0.0088, 

0.0055] 

[-0.0118, 

0.0055] 

[-0.0589, 

0.0055] Yes 

  (8.43) (7.51)     

Ὑ   0.0081 0.1887     

Ὑ     0.3694 0.4071 1.0000  

Observations  330,200      

Panel D: Same ethnicity dummy 

DumSameEthnicity=1  

0.0003 0.0013*** 

[0.0013, 

0.0024] 

[0.0013, 

0.0026] 

[0.0013, 

0.0063] No 

  (0.46) (3.30)     

Ὑ   0.0000 0.1758     

Ὑ     0.3516 0.3868 1.0000  

Observations  53,208      

Panel E: Same race dummy 

DumSameRace=1  

0.0007** 0.0008** 

[0.0008, 

0.0009] 

[0.0008, 

0.0009] 

[0.0008, 

0.0013]  

  (1.98) (2.39)     

Ὑ   0.0001 0.1757     

Ὑ     0.3512 0.3864 1.0000 No 

Observations  53,208      

Note: This table reports the Oster (2019) bounds for our variables of interest in our main (baseline) models (Table 2 and Table 

3 in the main essay). Our dependent variable is SPtoLastAP and our main research variables are DumSRA (Panel A), AvPurchases 

(Panel B), Av%SuccessSales (Panel C), DumSameEthnicity (Panel D), and DumSameRace (Panel E). All variables are defined 

in Appendix 1 of the main essay. Column 1 and Column 2 in each panel illustrate the results from the uncontrolled and controlled 

model, respectively. Column 3 in each panel represents the Oster bounds with the Bellows and Miguel (2009) assumption of 

ŭ=1 and Ὑ  =min(ςὙ Ὑ, 1). Column 4 in each panel represents the Oster bounds with the Mian and Sufi (2014) assumption 

of ŭ=1 and Ὑ =min(ςȢςὙ  Ὑ, 1). Column 5 in each panel represents the Oster bounds with the most extreme assumption 

of ŭ=1 and Ὑ =1. 
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SA Table 2.4: Robustness Checks: Propensity Score Matching Sample and 3-Stage Least 

Squares Model, 2005-2017 

Dependent Variable:  SPtoLastAP 

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

  Full Sample PSM Sample 3SLS 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 Controls  Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes 

Other LA Characteristics  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Agent FE  Yes No No Yes 

Observations  53,374 4,294 51,690 51,508 

R-squared  0.4421 0.1685 0.3345 0.4412 

Notes: This table reports results from the original OLS model (Column 4 in Table 2 of the main essay), model using 

propensity score matching sample, and three-stages least squares (3SLS) model that test the impact of signing an 

SRA (DumSRA) on the ratio of the final sale price to last asking price of a house (SPtoLastAP). Column 1 reports 

results of the baseline model in Table 2, Column 2 reports results of the model using the PSM sample, and Columns 

3 and 4 report results of the 3SLS models and include the fitted value of the second stage probit model in the three-

stages procedure. All columns control for house characteristics, listing agent characteristics, and year, month, and 

region fixed effects. Main controls are the same as the control variables in Table 2 of the main essay. All variables 

are defined in Appendix 1 of the main essay. Columns 1 and 4 include listing agent and buying agent fixed effects. 

We report the t-values in the parentheses. Standard errors are clustered at the FSA and year-month levels. The 

estimation samples for all models include single-family houses listed on the MLS during the 2005-2017 period. 

Statistics with significance at 1% level are denoted with ***, at 5% level with **, at 10% level with *, and at 10% 

level with c. 
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SA Table 2.5: Robustness check: Unobservable Brokerage Firm, Listing Agent, and 

Property Attributes, 2005 - 2017 

Dependent Variable: SPtoLastAP 

  (1) (2) (3) (4) (5) (6) 

Av#Purchases  0.0001***  0.0000***  0.0001*  

  (4.22)  (2.84)  (1.88)  

Av%SuccessSales   0.0031***  0.0023***  0.0008 

   (6.47)  (4.97)  (0.83) 

Main Control Variables  Yes Yes Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes Yes Yes 

Listing Agent Characteristics  Yes Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes Yes 

Brokerage Firm FE  Yes Yes Yes Yes No No 

Listing Agent FE  No No Yes Yes No No 

Property FE  No No No No Yes Yes 

Observations   329,753 329,753 326,885 326,885 74,518 74,518 

R-squared   0.2150 0.2150 0.2715 0.2716 0.5991 0.5991 

Notes: This table reports robustness checks for the baseline model that tests the impact of the buying agentôs prediction accuracy 

level (Av#Purchases and Av%SuccessSales) on the ratio of the final sale price to the last asking price (SPtoLastAP). Columns 1 

and 2 check the unobservable time-invariant brokerage firm attributes by controlling for buying agent and listing agent brokerage 

firm fixed effects. Columns 3 and 4 check the unobservable time-invariant listing agent attributes by controlling for brokerage 

firm fixed effects and the listing agent fixed effect. Columns 5 and 6 check the unobservable time-invariant property attributes 

by controlling for property fixed effect. Unreported main controls are the same as those in Table 3 of the main essay. We further 

include top brokerage firm dummy variables, DumTopBuyingBrokerage, and DumTopListingBrokerage, in Columns 5 and 6. 

All variables are defined in Appendix 1 of the main essay. The estimation samples cover single-family houses in Quebec listed 

on the MLS during the 2005-2017 period. We report t-values in the parentheses based on standard errors clustered at the FSA 

and year-month levels. Statistics with significance at 1% level are denoted with ***, at 5% level with **, at 10% level with *. 
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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, 2005-2017 

Dependent Variable:  SPtoLastAP 

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

Av#Purchases  0.0001***  0.0001***  

  (3.78)  (3.90)  

Av%SuccessSales   0.0052***  0.0051*** 

   (6.59)  (6.09) 

AvPastSPtoLAPBA  0.0023*** 0.0037***   

  (5.98) (7.69)   

AvPastSPtoLAPLA    0.0017*** 0.0018*** 

    (4.94) (5.04) 

      

HseCharacteristics  Yes Yes Yes Yes 

Main Controls  Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations  326,809 305,497 303,203 282,624 

R-squared  0.1892 0.1903 0.1875 0.1887 

Notes: This table reports results from OLS regressions that test the impact of the buying agentôs prediction accuracy 

on the ratio of the final sale price to the last asking price (SPtoLastAP), controlling for the buying agent's past 

bargaining performance as buying agent (AvPastSPtoLAPBA) (Columns 1 and 2) and as listing agent 

(AvPastSPtoLAPLA) (Columns 3 and 4), respectively. All columns control for house characteristics, listing agent 

characteristics, and year, month, and region fixed effects. Main controls are the same as the control variables in 

Table 3 of the main essay. All variables are defined in Appendix 1 of the main essay. We report the t-values in the 

parentheses based on standard errors clustered at the FSA and the year-month levels. The estimation samples for 

all models include single-family houses listed on the MLS during the 2005-2017 period. Statistics with significance 

at 1% level are denoted with ***, at 5% level with **, and at 10% level with *. 
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SA Table 2.7: Robustness Check: Performance and Agentôs Prediction Accuracy Alternates, 

2005-2017 

Panel A: Final Sale Price 

Dependent Variable: lnSP 

  (1) (2) (3) (4) (5) 

DumSRA  0.0030***     

  (2.72)     

Av#Purchases   0.0002***  0.0002***  

   (4.69)  (4.73)  

Av%SuccessSales    0.0059***  0.0058*** 

    (4.25)  (4.48) 

DumSameEthnicity   0.0012*** 0.0014***   

   (2.88) (3.25)   

DumSameRace     0.0011*** 0.0011*** 

     (3.44) (3.39) 

Main Control Variable  Yes Yes Yes Yes Yes 

House Chara.  Yes Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes 

Agent FE  Yes No No No No 

Observations  53,374 57,683 53,208 61,286 56,396 

R-squared  0.9949 0.9926 0.9923 0.9926 0.9924 

Panel B: Sale Price to Original Asking Price 

Dependent Variable: SPtoOriginalAP 

  (1) (2) (3) (4) (5) 

DumSRA  0.0031***     

  (2.84)     

Av#Purchases   0.0002***  0.0002***  

   (3.54)  (3.66)  

Av%SuccessSales    0.0063***  0.0065*** 

    (4.46)  (4.75) 

DumSameEthnicity   0.0012*** 0.0014***   

   (2.68) (3.10)   

DumSameRace     0.0009** 0.0009** 

     (2.33) (2.16) 

Main Control Variable  Yes Yes Yes Yes Yes 

House Chara.  Yes Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes 

Agent FE  Yes No No No No 

Observations  53,374 57,683 53,208 61,286 56,396 

R-squared  0.6117 0.4198 0.4195 0.4200 0.4198 

Panel C: Buying Agent Prediction Accuracy Level with Three-year Average 

Dependent Variable: SPtoLastAP 

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

Av#Purchases3Yrs  0.0002***  0.0002***  

  (4.54)  (4.54)  

Av%SuccessSales3Yrs   0.0045***  0.0046*** 

   (4.93)  (5.12) 

DumSameEthnicity  0.0011*** 0.0012***   

  (2.93) (2.95)   
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DumSameRace    0.0010*** 0.0010*** 

    (3.41) (3.28) 

Main Control Variable  Yes Yes Yes Yes 

House Chara.  Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations   57,683 56,309 61,286 59,770 

R-squared  0.1762 0.1760 0.1750 0.1750 

Panel D: Buying Agent Prediction Accuracy with Prior One-year Activities 

Dependent Variable: SPtoLastAP 

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

Av#Purchases1Yr  0.0001***  0.0001***  

  (4.12)  (3.97)  

Av%SuccessSales1Yr   0.0036***  0.0036*** 

   (3.80)  (3.99) 

DumSameEthnicity  0.0011*** 0.0013***   

  (2.96) (3.19)   

DumSameRace    0.0010*** 0.0010*** 

    (3.42) (3.31) 

Main Control Var.  Yes Yes Yes Yes 

House Chara.  Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations  57,683 54,107 61,286 57,389 

R-squared  0.1760 0.1764 0.1749 0.1752 

Panel E: Additional Prediction Accuracy Proxies 

Dependent Variable: SPtoLastAP 

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

Av#Transactions  0.0001***  0.0001***  

  (2.95)  (2.93)  

AvMkt%BuyAmt   0.1190**  0.1172** 

   (2.19)  (2.10) 

DumSameEthnicity  0.0012*** 0.0013***   

  (2.97) (3.14)   

DumSameRace    0.0010*** 0.0011*** 

    (3.36) (3.69) 

Main Controls Variable  Yes Yes Yes Yes 

House Chara.  Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations  57,438 49,858 61,023 52,861 

R-squared  0.1759 0.1751 0.1748 0.1737 

Notes: The panels in this table report the results of robustness checks for the transaction outcome and buying 

agentôs prediction accuracy proxies in the baseline model. Panels A and B report result from OLS regressions that 

test the impact of buying agentôs prediction accuracy and tolerance level on the natural log of the final sale price 

(lnSP) and on the ratio of the final sale price to the original asking price (SPtoOriginalAP), respectively. Panels 

C and D report results from OLS regressions that test the impact of the buying agentôs prediction accuracy level, 

which is measured by the annual average number of purchases a buying agent was involved in, the annual average 

ratio of success sales in the prior THREE years (Av#Purchases3Yrs and Av%SuccessSales3Yrs) and in the prior 

ONE year (Av#Purchases1Yr and Av%SuccessSales1Yr). Panel E reports results from OLS regressions that test 

the impact of buying agentôs prediction accuracy, which is measured by the annual average number of transactions 

(both listings and purchases) a buying agent was involved in during the prior 5 years (Av#Transactions) and the 

annual average market share based on the purchase amount during the prior 5 years (AvMkt%BuyAmt). Unreported 
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main controls are the same as the main control variables in Table 3 of the main essay. All models control for house 

characteristics, listing agent characteristics, and year, month, and region fixed effects. All variables are defined 

in Appendix 1 of the main essay. We report the t-values in the parentheses based on standard errors clustered at 

the FSA and the year-month levels. The estimation samples for all models include single-family houses listed on 

the MLS during the 2005-2017 period. Statistics with significance at 1% level are denoted with ***, at 5% level 

with **, and at 10% level with *. 

 

  



154 
 

SA Table 2.8: Robustness Check: Financial Centers, Largest Six Cities, and Top Five Regions with Most Listings, 2005-2017 

Dependent Variable:    SPtoLastAP 

Panel A: Financial Centers  Montreal  Non-Montreal 

  (1) (2) (3) (4)  (5) (6) (7) (8) 

Av#Purchases   0.0004*  0.0004*   0.0002***  0.0002***  

  (1.83)  (1.93)   (4.29)  (4.33)  

Av%SuccessSales   0.0049*  0.0055**   0.0050***  0.0049*** 

   (1.88)  (2.25)   (3.70)  (3.80) 

DumSameEthnicity  0.0012 0.0012    0.0012*** 0.0014***   

  (1.02) (1.02)    (3.01) (3.38)   

DumSameRace    0.0021** 0.0025**    0.0009*** 0.0009*** 

    (2.06) (2.38)    (2.92) (2.74) 

Observations   5,254 4,261 5,952 4,827  52,429 48,947 55,334 51,569 

R-squared  0.1850 0.1855 0.1793 0.1797  0.1821 0.1818 0.1814 0.1809 

Panel B: Largest Six Cities 

(Population) Largest Six Cities  Non-Largest Six Cities 

  (1) (2) (3) (4)  (5) (6) (7) (8) 

Av#Purchases   0.0002**  0.0002**   0.0002***  0.0002***  

  (2.30)  (2.40)   (4.15)  (4.15)  

Av%SuccessSales   0.0035  0.0041**   0.0055***  0.0054*** 

   (1.61)  (2.01)   (3.99)  (4.12) 

DumSameEthnicity  0.0002 0.0003    0.0013*** 0.0016***   

  (0.32) (0.31)    (3.09) (3.44)   

DumSameRace    0.0010 0.0008    0.0010*** 0.0010*** 

    (1.12) (0.88)    (3.22) (3.19) 

Observations   8,533 7,563 9,100 8,028  49,150 45,645 52,186 48,368 

R-squared  0.1807 0.1825 0.1773 0.1784  0.1780 0.1779 0.1771 0.1769 

Panel C: Top Five Regions  Top Five Regions  Non-Top Five Regions 

(# of Listings)  (1) (2) (3) (4)  (5) (6) (7) (8) 

Av#Purchases   0.0001***  0.0001***   0.0002***  0.0002***  

  (3.44)  (3.43)   (2.82)  (2.98)  

Av%SuccessSales   0.0059***  0.0061***   0.0028  0.0021 

   (4.10)  (4.48)   (1.39)  (1.11) 

DumSameEthnicity  0.0011** 0.0013***    0.0012 0.0013   

  (2.57) (2.91)    (1.52) (1.57)   

DumSameRace    0.0011*** 0.0012***    0.0006 0.0006 

    (3.48) (3.40)    (0.85) (0.69) 
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Observations   44,330 40,646 47,206 43,184  13,353 12,562 14,080 13,212 

R-squared  0.1615 0.1623 0.1605 0.1610  0.2131 0.2100 0.2124 0.2099 

Main Control Variables  Yes Yes Yes Yes  Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes  Yes Yes Yes Yes 

Listing Agent Characteristics  Yes Yes Yes Yes  Yes Yes Yes Yes 

Year/Month/Region FE (Municipal 

FE for Montreal Subsample)  

 

Yes 

 

Yes 

 

Yes 

 

Yes  

 

Yes 

 

Yes 

 

Yes 

 

Yes 

Notes: The panels of this table report results from the OLS regressions for each subsample that test the impact of buying agent heterogeneity on the ratio of the final sale price to 

the last asking price (SPtoOLastAP). Panel A reports results for the Montreal sub-sample and the Non-Montreal subsample, respectively. Panel B reports results for the Largest 

Six Cities sub-sample based on their population and the Non-Largest Six Cities sub-sample, respectively. Panel C reports results for the Top Five Regions sub-sample based on 

their number of listings and the Non-Top Five Regions sub-sample, respectively. Unreported main controls are the same as the main control variables in Table 3 of the main essay. 

All variables are defined in Appendix 1 of the main essay. We report the t-values in the parentheses based on standard errors clustered at the FSA and the year-month levels. The 

full estimation samples for all models include single-family houses in Quebec province listed on the MLS during the 2005-2017 period. Statistics with significance at 1% level 

are denoted with ***, at 5% level with **, and at 10% level with *. 
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SA Table 2.9: Robustness Check: System of Simultaneous Equation Model, 2005-2017 

Dependent Variable:  SPtoLastAP Ln(DOM)  SPtoLastAP Ln(DOM)  SPtoLastAP Ln(DOM)  SPtoLastAP Ln(DOM) 

  (1) (2)  (3) (4)  (5) (6)  (7) (8) 

Av#Purchases   0.0001***      0.0001***     

  (3.83)      (3.86)     

Av%SuccessSales     0.0040***      0.0039***  

     (5.27)      (5.43)  

DumSameEthnicity  0.0008***   0.0009***        

  (2.93)   (3.22)        

DumSameRace        0.0006**   0.0006**  

        (2.42)   (2.28)  

             

SPtoLastAP   -14.821***   -15.082***   -14.950***   -15.318*** 

   (-21.45)   (-21.24)   (-22.30)   (-22.10) 

Ln(DOM)  -0.0218***   -0.0210***   -0.0218***   -0.0211***  

  (-30.21)   (-28.29)   (-31.28)   (-29.34)  

             

ListingDensity  0.0000***   0.0000***   0.0000***   0.0000***  

  (6.27)   (6.31)   (6.75)   (6.86)  

Competition   0.0000***   0.0000***   0.0000***   0.0000*** 

   (24.21)   (23.91)   (25.02)   (24.65) 

Main Control Variables  Yes Yes  Yes Yes  Yes Yes  Yes Yes 

House Characteristics  Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Listing Agent Characteristics  Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Year/Month/Region FE  Yes Yes  Yes Yes  Yes Yes  Yes Yes 

Observations   57,683 57,683  53,208 53,208  61,286 61,286  56,396 56,396 

R-squared  0.0630 0.3512  0.0738 0.3413  0.0612 0.3497  0.0717 0.3376 

Notes: This table reports the results using 3SLS simultaneous equations for the ratio of the final sale price to the last asking price of a house and its listing time on the market (in 

days). Columns 1, 3, 5, and 7 report the results for the price equation, in which the dependent variable is SPtoLastAP, and Columns 2, 4, 6, and 8 report the results for the time 

equation, in which the dependent variable is Ln(DOM). ListingDensity and Competition variables measure the concentration of listings in neighborhoods and ensure the identification 

of each equation. Unreported main control variables for the price equations include Ln(MOM), #ListingAgents, #BuyingAgents, #ActiveYrs, LABusyness, BABusyness, DOP, 

ContractDuration, DumPriceInc, DumPriceDec, DumUrban, DumDualAgent, DumTopBuyingBrokerage, and DumTopListingBrokerage. Unreported main control variables for the 

time equations include Ln(MOM), #ListingAgents, LABusyness, DOP, ContractDuration, DumPriceInc, DumPriceDec, and DumUrban. All variables are defined in Appendix 1 of 

the main essay. We control for house characteristics, listing agent characteristics, and the year, month, region fixed effects in each model and report the critical statistics in the 

parentheses. The full estimation samples cover single-family houses in Quebec province listed on the MLS during the 2005-2017 period. Statistics with 1% level of significance are 

denoted with ***, at 5% level with **, and at 10% level with ***. 
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SA Table 2.10: Additional Analyses for Buyerôs Demographic Characteristics 

Dependent Variable:  SPtoLastAP 

Panel A: Information Asymmetry  

  (1) (2) (3)  

  DumATYP DumOldAge DumHighVal  

A1: DumFemaleBuyer  

DumFemaleBuyer  0.0048*** 0.0054*** 0.0048***  

  (9.76) (11.85) (9.62)  

InfoAsymmetry  -0.0092*** -0.0222*** -0.0103***  

  (-4.40) (-9.21) (-3.71)  

DumFemaleBuyer Ĭ InfoAsymmetry  -0.0008 0.0051* -0.0007  

  (-0.42) (1.69) (-0.33)  

Observations  50,784 50,784 50,784  

R-squared  0.1817 0.1529 0.1814  

A2: ProbUniversityBuyer 

ProbUniversityBuyer  -0.0001** -0.0002** -0.0001**  

  (-2.11) (-3.00) (-2.20)  

InfoAsymmetry  -0.0075*** -0.0213*** -0.0099***  

  (-3.24) (-8.65) (-3.20)  

ProbUniversityBuyer Ĭ InfoAsymmetry  -0.0001 0.0001 -0.00005  

  (-1.28) (0.96) (-0.56)  

Observations  51,274 51,274 51,274  

R-squared  0.1779 0.1479 0.1776  

A3: ProbSingleBuyer      

ProbSingleBuyer  0.0666*** 0.0753*** 0.0663***  

  (4.71) (4.16) (4.63)  

InfoAsymmetry  0.0009 -0.0416*** -0.0042  

  (0.06) (-2.89) (-0.53)  

ProbSingleBuyer Ĭ InfoAsymmetry  -0.0311 0.0592 -0.0209  

  (-0.82) (1.58) (-0.53)  

Observation  51,277 51,277 51,277  

R-squared  0.1800 0.1508 0.1798  

A4: ProbNewcomer      

ProbNewcomer  -0.0332 -0.01448 -0.0316  

  (-1.04) (-0.36) (-0.98)  

InfoAsymmetry  -0.0111*** -0.0184*** -0.0116***  

  (-5.85) (-10.72) (-4.77)  

ProbNewcomer Ĭ InfoAsymmetry  0.0255 -0.0516 0.0067  

  (0.44) (-1.00) (0.12)  

Observations  51,276 51,276 51,276  

R-squared  0.1775 0.1469 0.1772  

A5: DumYoungBuyer      

DumYoungBuyer  0.0049*** 0.0076*** 0.0049***  

  (4.87) (7.02) (4.86)  

InfoAsymmetry  -0.0091*** -0.0169*** -0.0102***  

  (-5.05) (-8.68) (-5.12)  

DumYoungBuyer Ĭ InfoAsymmetry  0.0024 0.0015 0.0019  

  (0.88) (0.64) (0.62)  

Observations  51,277 51,277 51,277  

R-squared  0.1801 0.1535 0.1799  

Panel B: Agent Incentives and Collusion Opportunities  
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  (1) (2) (3) (4) 

  Incentives Collusion Opportunities 

  DumHighCom DumFixedCom DumIntraOffice DumIntraFirm 

B1: DumFemaleBuyer 

DumFemaleBuyer  0.0051*** 0.0048*** 0.0048*** 0.0049*** 

  (10.97) (10.78) (9.23) (9.28) 

Incentive/Collusion  -0.0018** 0.0224*** -0.0038*** -0.0029 

  (-2.01) (4.09) (-2.84) (-2.38) 

DumFemaleBuyer Ĭ Incentive/Collusion  -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 

R-squared  0.1844 0.1844 0.1804 0.1804 

B2: ProbUniversityBuyer 

ProbUniversityBuyer  -0.0002*** -0.0001** -0.0001*** -0.0002*** 

  (-3.21) (-2.21) (-2.60) (-2.66) 

Incentive/Collusion  -0.0068*** 0.0314*** -0.0068*** -0.0067*** 

  (-5.91) (5.38) (-4.70) (-5.39) 

ProbUniversityBuyer Ĭ Incentive/Collusion  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 

R-squared  0.1811 0.1807 0.1766 0.1766 

B3: ProbSingleBuyer      

ProbSingleBuyer  0.0745*** 0.0616*** 0.0062*** 0.0064*** 

  (5.67) (4.10) (4.09) (4.29) 

Incentive/Collusion  0.0146** 0.0240 -0.0075 0.0019 

  (2.57) (0.80) (-1.08) (0.34) 

ProbSingleBuyer Ĭ Incentive/Collusion  -0.0438*** 0.0009 0.0108 -0.0121 

  (-3.12) (0.01) (0.63) (-0.86 

Observations  50,562 51,277 51,277 51,277 

R-squared  0.1825 0.1826 0.1784 0.1783 

B4: ProbNewcomer      

ProbNewcomer  -0.0620* -0.0314 -0.0339 -0.0374 

  (-1.79) (-0.95) (-1.01) (-1.13) 

Incentive/Collusion  -0.0041*** 0.0254*** -0.0039*** -0.0040*** 

  (-5.60) (7.72) (-4.05) (-4.68) 

ProbNewcomer Ĭ Incentive/Collusion  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 

R-squared  0.1805 0.1803 0.1760 0.1760 

B5: DumYoungBuyer      

DumYoungBuyer  0.0043*** 0.0049*** 0.0051*** 0.0051*** 

  (4.54) (4.97) (5.16) (5.19) 

Incentive/Collusion  -0.0015** 0.0278*** -0.0023* -0.0021** 

  (-2.12) (8.99) (-1.92) (-2.00) 

DumYoungBuyer Ĭ Incentive/Collusion  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 

R-squared  0.1825 0.1830 0.1787 0.1786 

House Characteristics  Yes Yes Yes Yes 

Main Controls  Yes Yes Yes Yes 

Listing Agent Attributes  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 
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Notes: This table reports results from the OLS regressions, which test the moderating effects of information asymmetry, agent 

incentives, and collusion opportunities on the impact of census- (aggregate)-based measures of buying agentôs tolerance level 

(DumFemaleBuyer, ProbUniversityBuyer, ProbSingleBuyer, ProbNewcomer, and DumYoungBuyer) on the ratio of the final 

sale price to the last asking price (SPtoLastAP). We use the houseôs atypicality index (DumATYP), the houseôs age 

(DumOldAge), the houseôs value (DumHighValue), and the first-time listing (Dum1stListing) to proxy information asymmetry 

level (Panel A). We use the commission rate splits to the buying agents (DumHighCom) and the fixed amount commission 

system (FACS) (DumFixedCom) to proxy for the buying agent's self-interest incentive level (Columns 1 and 2 in Panel B). 

We use intra-office transactions (DumIntraOffice) and intra-firm transactions (DumIntraFirm) to proxy for the collusion 

opportunities of buying agents with listing agents (Columns 3 and 4 in Panel B). All columns control for house characteristics, 

listing agent characteristics, and year, month, and region fixed effects. Main controls are the same as the control variables in 

Table 4 of the main essay. All variables are defined in Appendix 1 of the main essay. We report the t-values in the parentheses 

based on standard errors clustered at the FSA and the year-month levels. The estimation samples for all models include single-

family houses listed on the MLS during the 2005-2017 period. Statistics with significance at 1% level are denoted with ***, 

at 5% level with **, and at 10% level with *. 
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Table 3.1: Summary Statistics 

 Obs. Mean Median 25% 75% S.D. 

Panel A: House characteristics  

 Building size (sqft, thousands) 437,355 1.14 1.03 0.83 1.29 0.55 

 Lot size (sqft, thousands) 464,789 17.26 7.44 5.32 15.90 32.74 

 Total # of bedrooms 485,889 3.35 3.00 3.00 4.00 1.03 

 Total # of bathrooms 485,889 1.51 1.00 1.00 2.00 0.64 

 Total # of garages 443,858 0.74 1.00 0.00 1.00 0.84 

 Total # of driveways 443,858 3.58 4.00 2.00 4.00 2.19 

 House age (years) 412,596 30.94 27.00 11.00 44.00 25.64 

 Forced air conditioner (dummy) 479,810 0.24 0.00 0.00 0.00 0.43 

 Electronic baseboard (dummy) 479,810 0.56 1.00 0.00 1.00 0.50 

 Irregular building (dummy) 485,889 0.35 0.00 0.00 1.00 0.48 

 Irregular lot (dummy) 485,889 0.33 0.00 0.00 1.00 0.47 

Panel B: Complaint Related Dummy Variables  

 Agents notice period (sold time) 485,889 0.002 0.00 0.00 0.00 0.04 

 Agents notice period (create time) 485,889 0.004 0.00 0.00 0.00 0.06 

 Public notice period (sold time) 485,889 0.007 0.00 0.00 0.00 0.08 

 Public notice period (create time) 485,889 0.013 0.00 0.00 0.00 0.11 

 Post-complaint period (sold time) 485,889 0.007 0.00 0.00 0.00 0.08 

 Post-complaint period (create time) 485,889 0.012 0.00 0.00 0.00 0.11 

 Agents notice period (sold time, based on 
complaintôs file date) 

485,889 0.003 0.00 0.00 0.00 0.05 

 Agents notice period (create time, based on 
complaintôs file date) 

485,889 0.006 0.00 0.00 0.00 0.07 

Panel C: Transaction Outcomes  

 Sale price ($, thousands) 262,672 255.53 220.00 160.00 295.00 191.44 

 Log of sale price 262,672 12.28 12.30 11.98 12.59 0.58 

 Sold dummy (=1, sold; =0, expired) 485,889 0.54 1.00 0.00 1.00 0.50 

 Listing time on market (MOM, months, all 

listings) 

485,889 5.09 4.07 1.62 6.81 4.61 

 Log of MOM (all listings) 485,889 1.10 1.40 0.48 1.92 1.24 

 Listing time on market (MOM, months, sold 

listings) 

262,672 2.75 1.74 0.61 3.83 3.14 

 Log of MOM (sold listings) 262,672 3.16 1.97 0.70 4.33 3.67 

Panel D: Other Control Variables  

 Original asking price ($, thousands) 485,719 293.84 244.90 179.00 339.00 243.07 

 Log of original asking price 485,719 12.41 12.41 12.09 12.73 0.58 

 Last asking price ($, thousands) 485,889 286.65 239.00 174.00 329.00 235.35 

 Log of last asking price 485,889 12.38 12.38 12.07 12.70 0.58 

 Degree of overpricing (DOP) 335,505 -0.004 -0.005 -0.116 0.110 0.29 

 Contract duration (months) 485,889 7.77 6.43 5.13 10.17 4.47 

 Last AP > Original AP (dummy) 485,719 0.02 0.00 0.00 0.00 0.14 
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 Original AP > Last AP (dummy) 485,719 0.36 0.00 0.00 1.00 0.48 

 Dual-agent transactions (dummy) 261,495 0.40 0.00 0.00 1.00 0.49 

 Agentôs race (=1, white; =2, black; =3, Asian) 485,889 1.03 1.00 1.00 1.00 0.22 

 Agent gender (dummy, =1, female) 485,889 0.41 0.00 0.00 1.00 0.49 

 Top 6 listing brokerage (dummy) 485,889 0.82 1.00 1.00 1.00 0.38 

 Atypical houses (dummy) 335,620 0.05 0.00 0.00 0.00 0.21 

 High-value houses (dummy) 335,620 0.05 0.00 0.00 0.00 0.21 

 Commission split rate (%) 471,325 2.41 2.50 2.00 2.50 0.39 

 High commission rate (dummy, =1, >2.5%) 471,325 0.17 0.00 0.00 0.00 0.38 

 Complaint fine amount ($) 45,212 478.24 0.00 0.00 0.00 1530.6 

 License suspension length (days) 45,212 3.56 0.00 0.00 0.00 85.41 

Panel E: Complaintôs Attributes 

 Duration between complaint filing date and 
public notice date 

119 400.09 293.00 192.00 508.00 332.83 

 Duration between agent notice date and public 
notice date 

628 185.46 92.00 43.00 223.50 271.67 

 Fine amount ($, thousand) 628 2.44 2.00 0.60 3.50 2.76 

 License suspension length (days) 628 46.40 0.00 0.00 30 141.82 

Panel F: Agentôs Attributes 

 Variable  Obs  %   

 Number of listing agents  10,038  100%   

 Number of agents with complaints (100%) 528  5.26%   

 Number of agents with only one complaint  453  4.51% (85.80%) 

 Number of agents with two complaints 56  0.56% (10.61%) 

 Number of agents with 3 and more complaints 19  0.19% (3.60%) 

 Number of female agents (100%) 4,332  43.16%   

 With Complaints 174  1.73% (4.02%) 

 Without Complaints 4,158  41.42% (98.98%) 

 Number of male agents (100%) 5,706  56.84%   

 With Complaints 354  3.53% (6.20%) 

 Without Complaints 5,352  53.32% (93.80%) 

 Number of White agents (100%) 9,423  93.87%   

 With Complaints 473  4.71% (5.02%) 

 Without Complaints 8,950  89.16% (94.98%) 

 Number of Black agents (100%) 332  3.30%   

 With Complaints 36  0.36% (10.84%) 

 Without Complaints 296  2.95% (89.16%) 

 Number of Asian agents (100%) 283  2.82%   

 With Complaints 19  0.19% (6.71%) 

 Without Complaints 264  2.63% (93.29%) 

Notes: This table summarizes the data. Panels A to D report summary statistics for house characteristics, our main 

testing variables: Complaint Related Dummy Variables, dependent variables: Transaction Outcomes, other main control 
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variables at listing level. Panel E reports agentôs attributes at agent level. Sample period for our data is during the period 

between January 2005 and December 2017. 
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Table 3.2: Complaints Against Agents and House Sale Prices, 2005 ï 2017 

Dependent Variable  Ln of Sale Price (LnSP) 

  (1) (2) (3) (4) (5) 

  Coef. Coef. Coef. Coef. Beta 

DumAgentNotice  0.03773 0.04393c 0.04524c 0.04599* 0.00562 

  (1.60) (1.94) (1.97) (1.99)  

DumPublicNotice    0.04886*** 0.04999*** 0.01091 

    (2.99) (2.99)  

DumPostComplaint     0.03508* 0.00747 

     (2.38)  

       

DumFemale    0.00849c 0.00861c 0.00868c  

   (1.91) (1.93) (1.94)  

BlackAgent   -0.02237 -0.02323c -0.02425c  

   (-1.61) (-1.65) (-1.72)  

AsianAgent   0.02633 0.02586 0.02553  

   (1.26) (1.23) (1.21)  

Ln(MOM)  -0.02619*** -0.02340*** -0.02341*** -0.02340***  

  (-15.35) (-15.17) (-15.17) (-15.15)  

DOP  1.04573*** 1.04265*** 1.04256*** 1.04245***  

  (117.03) (118.50) (118.01) (117.74)  

ContractDuration  -0.00264*** -0.00196*** -0.00198*** -0.00199***  

  (-5.00) (-4.74) (-4.87) (-4.93)  

DumPriceInc  0.06757*** 0.06795*** 0.06774*** 0.06765***  

  (14.67) (15.07) (15.00) (14.89)  

DumPriceDec  -0.02848*** -0.03051*** -0.03052*** -0.03049***  

  (-9.61) (-11.46) (-11.46) (-11.43)  

DumDualAgent  -0.04781*** -0.04545*** -0.04545*** -0.04545***  

  (-11.72) (-11.92) (-11.92) (-11.91)  

DumTopListingBrokerage  -0.00205 -0.00446 -0.00432 -0.00422  

  (-0.26) (-0.55) (-0.54) (-0.53)  

House Characteristics  Yes Yes Yes Yes  

Other LA Characteristics  No Yes Yes Yes  

Year/Month/Region FE  Yes Yes Yes Yes  

Observations  186,340 186,340 186,340 186,340  

R-squared  0.8653 0.8671 0.8672 0.8672  

Notes: This table reports results from OLS regressions testing the impact of the complaint against an agent on the 

house sale price (LnSP). Columns 1 and 2 include only the agent notice period dummy (DumAgentNotice). 

Column 3 includes both the agent notice period dummy (DumAgentNotice) and the public notice period dummy 

(DumPublicNotice). Column 4 includes dummies for all three periods, DumAgentNotice, DumPublicNotice, and 

DumPostComplaint (the post-complaint period dummy). Column 5 reports the standardized coefficients (betas) 

for the three period dummies that are reported in their non-standardized values in Column 4. Other listing agentsô 

(LA) characteristics include their number of active years, annual average transactions, annual average success 

rates, and active listings on hand. We report the t-values in the parentheses based on standard errors clustered at 

the FSA and year-month levels. The estimation samples for all models include single-family houses in Quebec 
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listed on the MLS during the 2005-2017 period. Statistics with significance at 0.5% level are denoted with ***, 

at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 3.3: Information Asymmetry, Complaint Sanctions, and Commission Rates, 2005-2017 

Dependent Variable:  Ln of Sale Price (LnSP) 

Moderator  DumATYP DumHighValue Fine DumSuspended DumHighComm 

  (1) (2) (3) (4) (5) 

DumAgentNotice  0.03071c 0.03077c 0.13296*** 0.01617 0.04920* 

  (1.91) (1.91) (3.00) (1.10) (1.99) 

DumPublicNotice  0.03452*** 0.03456*** 0.14793*** 0.03212*** 0.05552*** 

  (3.66) (3.66) (5.72) (3.53) (3.06) 

DumPostComplaint  0.01996* 0.02000* 0.06433*** 0.02612** 0.03648* 

  (2.01) (2.02) (3.16) (2.74) (2.41) 

DumAgentNotice Ĭ Moderator  0.20814 0.20699 -0.01308* -0.06291* -0.08394* 

  (1.63) (1.62) (-2.07) (-2.21) (-1.99) 

DumPublicNotice Ĭ Moderator  0.19541c 0.19426c -0.01232** -0.06847*** -0.07332*** 

  (1.85) (1.84) (-2.96) (-3.16) (-3.03) 

DumPostComplaint Ĭ Moderator  0.14010c 0.13889c (Base) (Base) -0.04567* 

  (1.81) (1.80)    (-2.08) 

Moderator  0.26031*** 0.26191*** -0.00541* 0.0383** -0.04389*** 

  (4.24) (4.26) (-2.00) (2.59) (-4.49) 

Observations  186,340 186,340 5,802 5,802 183,357 

R-squared  0.8746 0.8747 0.8991 0.8979 0.86645 

Main Control Variables   Yes Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes Yes 

Other Agent Characteristics  Yes Yes Yes Yes Yes 
Year/Month/Region FE   Yes Yes Yes Yes Yes 
Notes: This table reports results from OLS regressions testing the impact of the information asymmetry level, the fine amount and suspension length associated with complaints, 
and the commission rate splits to buying agents on the different impacts of the complaints against agents on the house sale price. We use the atypical house (DumATYP) 
(Column 1) and the high-value house (DumHighValue) (Column 2) to proxy for the information asymmetry level. We use the fine amount (Fine) (Column 3), transformed by 
taking the ln of the total fine amount +1, and the license suspension dummy (DumSuspended) (Column 4), which equals one if the complaint leads to a license suspension, to 
measure complaint sanctions. We use the high commission dummy (DumHighComm) (Column 5), which equals one if the commission rate split to the buying agent is higher 
than 2.5%, to proxy for the commission rate. The dependent variable for all models is the natural log of the sale price (LnSP). Unreported main control variables are the same 
as the control variables in Table 2. All columns control for house characteristics, other listing agent characteristics, and year, month, and region fixed effects. The estimation 
samples cover single-family houses in Quebec listed on the MLS during the 2005-2017 period. We report t-values in the parentheses based on standard errors clustered at the 

FSA and year-month levels. Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 3.4: Complaints Against Agents and Probability of House Sale, 2005-2017 

Dependent Variable DumSold 

 (1) (2) (3) (4) (5) (6) 

 Coef. MEM Coef. MEM Coef. MEM 
DumAgentNoticeCre 0.0948 0.0231 0.0885 0.0216 0.0863 0.0211 
 (1.42)  (1.32)  (1.29)  
DumPublicNoticeCre   -0.2517*** -0.0625 -0.2548*** -0.0633 
   (-6.75)  (-6.83)  
DumPostComplaintCre     -0.1160*** -0.0287 
     (-2.96)  

DumFemale 0.0028 0.0007 0.0022 0.0005 0.0019 0.0005 
 (0.35)  (0.27)  (0.24)  
BlackAgent -0.6732*** -0.1666 -0.6694*** -0.1657 -0.6669*** -0.1651 
 (-16.14)  (-16.03)  (-15.96)  
AsianAgent -0.3586*** -0.0892 -0.3551*** -0.0883 -0.3539*** -0.0880 
 (-9.48)  (-9.39)  (-9.35)  
DOP -1.4548*** -0.3572 -1.4541*** -0.3570 -1.4538*** -0.3569 
 (-76.27)  (-76.23)  (-76.22)  

ContractDuration 0.1480*** 0.0363 0.1481*** 0.0364 0.1481*** 0.0364 
 (103.45)  (103.48)  (103.49)  
DumPriceInc -0.8880*** -0.2180 -0.8874*** -0.2179 -0.8871*** -0.2178 
 (-27.26)  (-27.25)  (-27.24)  
DumPriceDec -0.3091*** -0.0759 -0.3089*** -0.0758 -0.3090*** -0.0759 
 (-36.85)  (-36.82)  (-36.82)  
DumTopListingBrokerage 0.1432*** 0.0352 0.1428*** 0.0351 0.1426*** 0.0350 
 (12.83)  (12.79)  (12.77)  

House Characteristics  Yes    Yes    Yes   

Other LA Characteristics  Yes    Yes    Yes   

Year/Month/Region FE   Yes    Yes    Yes   

Observations 335,505   335,505   335,505   

Pseudo R-squared  0.1704   0.1705    0.1705   

Notes: This table reports results from Logit regressions testing the impact of the complaints against agents on 
the probability of a house sale (DumSold). Columns 1, 3, and 5 report coefficients and Columns 2, 4, and 6 

report marginal effects at the mean. Columns 1 and 2 include only the agents notice period dummy 
(DumAgentNoticeCre). Columns 3 and 4 include both the agents notice period dummy (DumAgentNoticeCre) 
and the public notice period dummy (DumPublicNoticeCre). Columns 5 and 6 include dummies for all three 
periods, DumAgentNoticeCre, DumPublicNoticeCre, and DumPostComplaintCre (the post-complaint period 
dummy). All columns control for house characteristics, other listing agent characteristics, and year, month, and 
region fixed effects. We report the t-values in the parentheses. The estimation samples for all models include 
single-family houses in Quebec listed on the MLS during the 2005-2017 period. Statistics with significance at 
0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 3.5: Complaints Against Agents and Time on the Market, 2005-2017 

Dependent Variable MOM 

 (1) (2) (3) (4) (5) (6) 

 Coef. Haz. R. Coef. Haz. R. Coef. Haz. R. 
DumAgentNoticeCre 0.0415 1.0424 0.0381 1.0389 0.0373 1.0380 
 (1.11)  (1.02)  (1.00)  
DumPublicNoticeCre   -0.1265*** 0.8812 -0.1275*** 0.8803 
   (-5.91)  (-5.95)  
DumPostComplaintCre     -0.0437* 0.9573 
     (-2.00)  

DumFemale -0.0028 0.9972 -0.0031 0.9969 -0.0033 0.9967 
 (-0.59)  (-0.66)  (-0.70)  
BlackAgent -0.5156*** 0.5972 -0.5140*** 0.5981 -0.5133*** 0.5985 
 (-17.85)  (-17.79)  (-17.77)  
AsianAgent -0.2876*** 0.7500 -0.2864*** 0.7509 -0.2861*** 0.7512 
 (-11.47)  (-11.42)  (-11.41)  

DOP -0.8761*** 0.4164 -0.8760*** 0.4164 -0.8762*** 0.4164 
 (-90.86)  (-90.84)  (-90.85)  

ContractDuration -0.0424*** 0.9585 -0.0424*** 0.9585 -0.0424*** 0.9585 
 (-54.14)  (-54.11)  (-54.10)  
DumPriceInc -0.7378*** 0.4781 -0.7374*** 0.4784 -0.7372*** 0.4785 
 (-34.03)  (-34.01)  (-34.00)  
DumPriceDec -0.5590*** 0.5718 -0.5590*** 0.5718 -0.5591*** 0.5717 
 (-109.73)  (-109.74)  (-109.75)  
DumTopListingBrokerage 0.1343*** 1.1437 0.1346*** 1.1441 0.1346*** 1.1441 
 (19.76)  (19.81)  (19.80)  

House Characteristics  Yes    Yes    Yes   
Other LA Characteristics  Yes    Yes    Yes   
Year/Month/Region FE   Yes    Yes    Yes   
Observations 335,505   335,505   335,505   

Notes: This table reports results from Cox proportional hazard models testing the impact of the complaints 
against agents on the house listing time on the market (MOM). Columns 1, 3, and 5 report coefficients and 
Columns 2, 4, and 6 report hazard ratios. Columns 1 and 2 include only the agents notice period dummy 

(DumAgentNoticeCre). Columns 3 and 4 include both the agents notice period dummy (DumAgentNoticeCre) 
and the public notice period dummy (DumPublicNoticeCre). Columns 5 and 6 include dummies for all three 
periods, DumAgentNoticeCre, DumPublicNoticeCre, and DumPostComplaintCre (the post-complaint period 
dummy). All columns control for house characteristics, other listing agent characteristics, and year, month, and 
region fixed effects. We report the t-values in the parentheses. The estimation samples for all models include 
single-family houses in Quebec listed on the MLS during the 2005-2017 period. Statistics with significance at 
0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 3.6: T-test for Differences Across Complaint Periods 

  (1) (2) (3) (4) (5) (6) 

Variable  Agents notice period 

# of agents = 111 

Public notice period 

# of agents = 111 

Post-complaint period 

# of agents = 111 

 

Diff (2) ï (1) 

 

Diff (3) ï (1) 

 

Diff (3) ï (2) 

No. of Listings  1,173 

 

3,726 

 

3,082 

 

   

 

DOP   -0.003 -0.007 -0.028 -0.004 -0.021* -0.017* 

     (0.38) (-2.20) (2.52) 

ContractDuration  8.691 8.285 7.910 -0.406* -0.780*** -0.374 *** 

     (-2.12) (-4.06) (3.23) 

DumPriceInc  0.014 0.020 0.020 0.006 0.007c 0.001 

     (1.46) (1.61) (0.25) 

DumPriceDec  0.361 0.336 0.306 -0.024 -0.032*** -0.030** 

     (-1.52) (-3.32) (-2.62) 

Note: This table reports results for t-tests of listing attributes for each pairing drawn from the following complaint periods: the agents notice period, the public notice period, and the 

post-complaint period. The full estimation sample covers single-family listings in Quebec listed on the MLS during the 2005-2017 period. We report t-values in the parentheses. 

Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c.  
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Table 3.7: Propensity Score Matching for Listings during Complaint Periods, 2005 ï 2017 

Dependent Variable  LnSP DumSold MOM 

  (1) (2) (3) (4) (5) (6) 

  Coef. Beta Coef. MEM Coef. Haz. R. 

DumAgentNotice(Cre)  0.03556c 0.0732 0.0421 0.0102 0.0212 1.0214 

  (1.86)  (0.60)  (0.52)  

DumPublicNotice(Cre)  0.04234** 0.0739 -0.2224*** -0.0546 -0.1049*** 0.9004 

  (2.65)  (-5.02)  (-4.02)  

DumPostComplaint(Cre)  0.03588* 0.0714 -0.0376 -0.0092 0.0352 1.0359 

  (1.99)  (-0.82)  (1.33)  

Observations  10,556  18,700  18,700  

R-squared  0.8778      

Pseudo R-squared    0.1848    

Main Control Variables  Yes  Yes  Yes  

House Characteristics  Yes  Yes  Yes  
Other LA Characteristics  Yes  Yes  Yes  

Year/Month/Region FE  Yes  Yes  Yes  
Notes: This table reports results for propensity score matched samples from OLS regressions (Columns 1 and 2), logit 

regressions (Columns 3 and 4), and Cox proportional hazard models (Columns 5 and 6), testing the impact of the complaints 
against agents on the transaction outcomes in terms of house sale price (LnSP), probability of house sale (DumSold), and time 
on the market (MOM). Main control variables in Columns 1 and 2 are the same as those in Table 2 and main control variables 
in Columns 3 and 4 and Columns 5 and 6 are the same as those in Table 4 and Table 5. We report the t-values in the parentheses. 
Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with 
c. 
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Table 3.8: Robustness Check: 3SLS Model and Heckman Selection Model for 

Sample Selection Bias, 2005-2017 

Dependent Variable:  LnSP 

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

  Coef. Beta Coef. Beta 

DumAgentNotice  0.04556c 0.00557 0.04490c 0.00548 

  (1.97)  (1.92)  

DumPublicNotice  0.04350* 0.00951 0.05166*** 0.01128 

  (2.51)  (3.09)  

DumPostComplaint  0.01510* 0.00648 0.03343* 0.00712 

  (2.01)  (2.28)  

Fitted3SLS  0.25968***    

  (3.55)    

IMR    -1.13648***  

    (-6.08)  

Main Controls  Yes Yes Yes Yes 

House Characteristics  Yes Yes Yes Yes 

Other LA Characteristics  Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes 

Observations  186,092  186,340  

R-squared  0.8670  0.8702  

Notes: This table reports results from three-stage least square (3SLS) model and Heckman selection model that test 

the impact of complaints against listing agents on final sale prices of houses (LnSP). Column 1 includes the fitted 

value of the second stage probit model in the three-stage procedure. Column 3 includes the inverse Mill ratio (IMR) 

from the probit model in the first step of the two-step Heckman selection model. Columns 2 and 4 report the 

standardized coefficients from OLS models. All columns control for house characteristics, listing agent 

characteristics, and year, month, and region fixed effects. Main controls are the same as the control variables in 

Table 2. We report the t-values in the parentheses. Standard errors are clustered at the FSA and year-month levels. 

The estimation samples for all models include single-family houses listed on the MLS during the 2005-2017 period. 

Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% 

level with c. 
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Table 3.9: Robustness Check: Simultaneous Equations for Reversal Causality 

between Sale Price and Listing Time, 2005-2017 

Dependent Variable:  LnSP Ln(DOM) 

  (1) (2) 
DumAgentNotice(Cre)  0.04290***  -0.05118  

  (6.29)  (-1.39)  

DumPublicNotice(Cre)  0.04690***  0.00102  

  (12.10)  (0.05)  

DumPostComplaint(Cre)  0.03264***  -0.06358***  

  (8.23)  (-2.94)  

Ln(DOM)  -0.00233    

  (-0.84)    

LnSP    0.59471***  

    (7.89)  

ListingDensity  -0.00058***    

  (-66.96)    

Competition    0.00001***  

    (57.64)  

Main Controls  Yes  Yes  

House Characteristics  Yes  Yes  

Other LA Characteristics  Yes  Yes  

Year/Month/Region FE  Yes  Yes  

Observations  186,340  186,340  

R-squared  0.86785  0.4233  
Notes: This table reports the results using 3SLS simultaneous equations for the natural log the final sale price of a 
house (LnSP) and its listing time on the market (in days) (Ln(DOM)). Column 1 reports the results for the price 
equation in which the dependent variable is LnSP and Column 2 reports the results for the time equation in which 
the dependent variable is Ln(DOM). ListingDensity and Competition variables measure the concentration of listings 
in neighborhoods and ensure the identification of each equation. Main controls in Column 1 are the same as those 
in Table 2 and main controls in Column 2 are the same as those in Table 5. All columns control for house 
characteristics, listing agent characteristics, and year, month, and region fixed effects. We report the t-values in the 

parentheses. The estimation samples for all models include single-family houses listed on the MLS during the 2005-
2017 period. Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with 
*, and at 10% level with c. 
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Table 3.10: Agentôs Notice Date based on the Complaint File Date, 2005 ï 2017 

Dependent Variable  LnSP DumSold MOM 

  (1) (2) (3) (4) (5) (6) 

  Coef. Beta Coef. MEM Coef. Haz. R. 

DumAgentNoticeA(CreA)  0.0343c 0.0050 -0.0143 -0.0035 0.0182 1.0184 

  (1.68)  (-0.26)  (0.57)  

DumPublicNotice(Cre)  0.0500*** 00109 -0.2556*** -0.0635 -0.1276*** 0.8802 

  (2.98)  (-6.85)  (-5.96)  

DumPostComplaint(Cre)  0.0351* 0.0075 -0.1167*** -0.0288 -0.0438* 0.9572 

  (2.38)  (-2.98)  (-2.01)  

Observations  186,340  335,505  335,505  

R-squared  0.8672      

Pseudo R-squared    0.1705    

Main Control Variables  Yes  Yes  Yes  

House Characteristics  Yes  Yes  Yes  
Other LA Characteristics  Yes  Yes  Yes  

Year/Month/Region FE  Yes  Yes  Yes  
Notes: This table reports results for the alternative agent notice period when measured by the file date of complaints 

(DumAgentNoticeA and DumAgentNoticeCreA) from OLS regressions (Columns 1 and 2), logit regressions (Columns 3 and 
4), and Cox proportional hazard models (Columns 5 and 6), testing the impact of the complaints against agents on the 
transaction outcomes in terms of house sale price (LnSP), probability of house sale (DumSold), and time on the market (MOM). 
Main control variables in Columns 1 and 2 are the same as those in Table 2 and main control variables in Columns 3 and 4 
and Columns 5 and 6 are the same as those in Table 4 and Table 5. We report the t-values in the parentheses. Statistics with 
significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 3.11: Agentôs Gender and Impacts of Complaints, 2005 ï 2017 

Dependent Variable:  LnSP DumSold MOM 

   (1) (2) (3) 

DumAgentNotice(Cre)  0.03754 0.1093 0.0968* 

  (1.48) (1.41) (2.24) 

DumPublicNotice(Cre)  0.03563c -0.1969*** -0.1051*** 

  (1.93) (-4.28) (-4.06) 

DumPostComplaint(Cre)  0.01504 -0.2171*** -0.0966*** 

  (0.92) (-4.65) (-3.63) 

DumAgentNotice(Cre) Ĭ DumFemale  0.03127 -0.0929 -0.2192* 

  (1.36) (-0.60) (-2.55) 

DumPublicNotice(Cre) Ĭ DumFemale  0.04461*** -0.1757* -0.0697 

  (2.97) (-2.26) (-1.53) 

DumPostComplaint(Cre) Ĭ DumFemale  0.06250*** 0.3217*** 0.1694*** 

  (3.42) (3.79) (3.67) 

DumFemale  0.00739c 0.0010 -0.0036 

  (1.66) (0.12) (-0.74) 

Observations   186,340 335,505 335,505 

R-squared  0.8673   

Pseudo R-squared   0.1706  
Main Control Variables   Yes Yes Yes 

House Characteristics  Yes Yes Yes 

Other Agent Characteristics  Yes Yes Yes 

Year/Month/Region FE   Yes Yes Yes 
Notes: This table reports coefficients from OLS regressions (Column 1), logit models (Column 2), and Cox-
proportional hazard models (Column 3) testing the impact of the agentôs gender on the different impacts of the 
complaints against agents on the house sale price, the likelihood of a house sale, and the listing time on the market. 
Female agent dummy (DumFemale) equals one if the listing agent is a female agent. Unreported main controls 
variables are the same as controls variables in Tables 2, ,4 and 5. All columns control for house characteristics, 

other listing agent characteristics, and year, month, and region fixed effects. The estimation samples cover single-
family houses in Quebec listed on the MLS during the 2005-2017 period. We report t-values in the parentheses. 
Statistics with significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 
10% level with c. 
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Table 3.12: Agentôs Race and Impacts of Complaints, 2005 ï 2017 

Dependent Variable:  LnSP DumSold MOM 

   (1) (2) (3) 

DumAgentNotice(Cre)  0.04829c 0.0774 0.0334 

  (1.96) (1.12) (0.87) 

DumPublicNotice(Cre)  0.05033*** -0.2626*** -0.1321*** 

  (3.00) (-6.89) (-6.07) 

DumPostComplaint(Cre)  0.03676* -0.1346*** -0.0510** 

  (2.39) (-3.38) (-2.30) 

DumAgentNotice(Cre) Ĭ BlackAgent  0.01029 0.8033c 0.5235* 

  (0.23) (1.90) (2.17) 

DumAgentNotice(Cre) Ĭ AsianAgent  -0.10849c -0.3497 -0.2003 

  (-1.94) (-1.03) (-0.86) 

DumPublicNotice(Cre) Ĭ BlackAgent  -0.06787c 0.7086* 0.3865* 

  (-1.69) (2.55) (2.14) 

DumPublicNotice(Cre) Ĭ AsianAgent  0.03307 -0.1850 0.0091 

  (0.82) (-0.85) (0.05) 

DumPostComplaint(Cre) Ĭ BlackAgent  -0.00352 0.6450* 0.3932* 

  (-0.08) (2.42) (2.36) 

DumPostComplaint(Cre) Ĭ AsianAgent  -0.10804* 0.1764 0.1394 

  (-1.99) (0.65) (0.76) 

BlackAgent  -0.02268 -0.7091*** -0.5373*** 

  (-1.59) (-16.52) (17.94) 

AsianAgent  0.02800 -0.3472*** -0.2860*** 

  (1.32) (-8.90) (-11.10) 

Observations   186,340 335,505 335,505 

R-squared  0.8672   

Pseudo R-squared   0.1706  
Main Control Variables   Yes Yes Yes 

House Characteristics  Yes Yes Yes 

Other Agent Characteristics  Yes Yes Yes 

Year/Month/Region FE   Yes Yes Yes 
Notes: This table reports coefficients from OLS regressions (Column 1), logit models (Column 2), and Cox-
proportional hazard models (Column 3) testing the impact of the agentôs race on the different impacts of the 
complaints against agents on the house sale price, the likelihood of a house sale, and the listing time on the market. 
Race indicator (Race) equals one if the listing agent is a white agent, equals two if the listing agent is a black 

agent, and equals three if the listing agent is an Asian agent. Unreported main controls variables are the same as 
control variables in Tables 2, 6, and 7. All columns control for house characteristics, other listing agent 
characteristics, and year, month, and region fixed effects. The estimation samples cover single-family houses in 
Quebec listed on the MLS during the 2005-2017 period. We report t-values in the parentheses. Statistics with 
significance at 0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Figure 3.1: Complaint-related Dates and Periods Definition  

 

 
Note: This figure defines the two important complaint-related dates, Agent Notice Date and Public 

Notice Date, and three important complaint-related periods, Agent-only-notice period, Public-notice 

period, and Post-complaint period. 
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Appendix 3.1: Variable Definitions 

Variables Definitions 

Panel A: Complaint-related Dummy Variables 

 
DumAgentNotice 

Agents notice period dummy (=1, if the listing is sold during the period 

that the agent is advised about the complaint, but the public is not advised; 

=0, otherwise) 

 
DumAgentNoticeCre 

Agents notice period dummy (=1, if the listing is created during the 

period that the agent is advised about the complaint, but the public is not 

advised; =0, otherwise) 

 
DumAgentNoticeA 

Agents notice period dummy (=1, if the listing is sold during the period 

that the agent is advised about the complaint (based on the complaint file 

date), but the public is not; =0, otherwise) 

 
DumAgentNoticeCreA 

Agents notice period dummy (=1, if the listing is created during the 

period that the agent is advised about the complaint (based on the 

complaint file date), but the public is not; =0, otherwise) 

 
DumPublicNotice 

Public notice period dummy (=1, if the listing is sold within the two years 

after the public is advised about the complaint; =0, otherwise)  

 
DumPublicNoticeCre 

Public notice period dummy (=1, if the listing is created within the two 

years after the public is advised about the complaint; =0, otherwise) 

 
DumPostComplaint 

Post complaint period dummy (=1, if the listing is sold after two years but 

before five years of the public notice date; =0, otherwise) 

 
DumPostComplaintCre 

Post complaint period dummy (=1, if the listing is created after two years 

but before five years of the public notice date; =0, otherwise) 

Panel B: Transaction Outcomes 

 SP House final sale price 

 LnSP Natural log of SP 

 DumSold Sold dummy (=1, if the listing is sold; =0, if the listing is expired) 

 MOM Listing months on the market before the listing gets sold or expired 

Panel C: Main Control Variables 

 DumFemale Agent gender dummy (=1, if female listing agent; =0, otherwise)  

 BlackAgent Agent race indicator: Black agent 

 AsianAgent Agent race indicator: Asian agent 

 Ln(MOM) Natural log of MOM 

 DOP Degree of overpricing (Anglin, 2003; Rutherford, 2005) 

 ContractDuration Duration of the selling contract between sellers and their listing agents 

 
DumPriceInc 

Asking price increase dummy (=1, if LastAP > OriginalAP; =0, 

otherwise) 

 
DumPriceDec 

Asking price decrease dummy (=1, if LastAP < OriginalAP; =0, 

otherwise) 

 
DumDualAgent 

Dual agent transaction dummy (=1, if transaction has dual agents; =0, 

otherwise) 

 
DumTopListingBrokerage 

Top listing brokerage firm dummy (=1, if the listing agent attached to a 

top 6 brokerage firm; =0, otherwise) 

Panel D: Other Important Variables 

 
DumATYP 

Atypical house dummy (=1, if the house's Atypicality index is in the top 5 

percentile in its region in that year; =0, otherwise) 

 
DumHighValue 

High-value house dummy (=1, if the house's predicted value is in the top 5 

percentile of its region in that year; =0, otherwise) 

 Commission Commission rate splits to the buying agent 

 
DumHighComm 

High commission rate dummy (=1, if the commission rate splits to the 

buying agent > 2.5%; =0, otherwise) 

 FineAmont The fine amount for a complaint 

 Fine Natural log of the fine amount for a complaint plus one 
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 SuspensionLength The suspension days for a complaint 

 Suspension Natural log of the suspension days for a complaint plus one 

 DumSuspended 
License suspension dummy (=1, if the complaint leads to a license 

suspension; =0, otherwise) 

Notes: This table reports summary statistics for house characteristics, our main testing variables: Complaint 

Related Dummy Variables, dependent variables: Transaction Outcomes, and main control variables. 
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Supplementary Appendix 3.1 (SA 3.1) 

SA 3.1. Predicted Selling and Asking Prices for a House 

We estimate the predicted selling price of house i, ὒὲὛὖ, based on its characteristics 

ὢ 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 two-step Heckman 

Selection model (Heckman, 1979) because final sale prices are missing for expired 

properties and Ordinary Least Square (OLS) estimations would be biased due to the 

incidental truncation of the sample. We calculate the inverse Mill ratio (IMR) using the 

output from a first-step 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 regress 

the final sale price on the houseôs characteristics, market conditions, and the IMR. Since 

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 the essay. 

The two equations in the Heckman selection model are: 

ὈόάὛέὰὨ ‌ ‌ὢ Ὂ Ὂ Ὂ „                       !σȢρ 

ὒὲὛὖ‘ ‘‗ ‘ὢ Ὂ Ὂ Ὂ “                     !σȢς 

where ὈόάὛέὰὨ is a binary outcome variable, which equals one if the house is sold 

and zero if the house is expired. ‗ is the IMR from the probit model (A3.1). ὒὲὛὖ 

represents the natural log of the final sale price, and the ὢs are the characteristics of 

house i. Ὂ , Ὂ , and Ὂ  are fixed effects for year, month, and forward sortation 

area, respectively. 

The empirical results reported in Col. 1 and 2 of SA Table 3.1 indicate that the final 

sale price of a single-family 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 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 irregular building size. 

We estimate the expected asking price of a house given the houseôs characteristics 

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 Rutherford et al. (2005). We estimate 

the degree of overpricing, Ὀὕὖ, for 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 of overpricing, 

ὈὩὫὶὩὩὕὺὩὶὴὶὭὧὭὲὫ, are: 

ὒὲὃὖ• •‗ •ὢ Ὂ Ὂ Ὂ σȢσ!                          ‮ 

‮  ὒὲὃὖὒὲὃὖ                                                              !σȢτ 

where ὒὲὃὖ represents the natural log of the original asking price of house i. Standard 

errors are clustered at the FSA level. 

The results reported in Col. 3 and 4 of SA Table 3.1 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 heteroskedasticity. 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 Table 3.1: Predicted Sale Price and Predicted Original Asking Price, 1994-2017 

Dependent Variables:  Ln(SP)  Ln(AP) 

Methodology  Heckman OLS  Flexible-GLS OLS 

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

Intercept  10.8528*** 10.7970***   11.0145*** 10.9895*** 

  (260.25) (288.09)  (81.84) (200.06) 

FloorSize  0.0005*** 0.0004***  0.0005*** 0.0004*** 

  (199.92) (43.61)  (38.84) (53.60) 

FloorSizeSq  -0.0000*** -0.0000***  -0.0000*** -0.0000*** 

  (-126.35) (-24.58)  (-18.92) (-28.09) 

LotSize  0.0000*** 0.0000***  -0.0000 0.0000*** 

  (86.82) (11.36)  (-0.17) (16.27) 

LotSizeSq  -0.0000*** -0.0000***  0.0000 -0.0000*** 

  (-57.47) (-8.84)  (1.30) (-13.17) 

#TotalBedrooms  0.0246*** 0.0256***  0.0369*** 0.0225*** 

  (61.23) (14.01)  (13.40) (11.47) 

#TotalBathrooms  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) 

#Driveway  0.0076*** 0.0070***  -0.0010 0.0092*** 

  (38.91) (9.15)  (-0.91) (14.46) 

#Garage  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) 

DumEleBase  -0.0275*** -0.0314***  -0.0415*** -0.0372*** 

  (-30.08) (-13.82)  (-15.63) (-26.17) 

DumIrrBuilding  -0.0048*** -0.0012  0.0062* 0.0014 

  (-5.72) (-0.77)  (2.38) (0.99) 

DumIrrLot  0.0129*** 0.0103***  0.0104*** 0.0181*** 

  (16.65) (5.93)  (4.32) (10.91) 

Year/Month FE   Yes Yes   Yes Yes 

Region or FSA FE  FSA FSA   Region FSA   

Building Type FE  Yes Yes  Yes Yes 

Property Type FE  Yes Yes  Yes Yes 

Observations   942,458 579,060   846,265 846,265 

R-squared  N/A 0.8378  0.8044 0.7525 

Lambda  -0.1991*** N/A  N/A N/A 

SE clustered  No FSA Level  FSA Level FSA Level 

Notes: Columns 1 and 2 report results from the Heckman Selection model and OLS model on predicting the sale 

price of a house, respectively. Columns 3 and 4 report results from flexible general least square model (FGLS) 

and OLS model on predicting the original asking price of the house. We include the year, month, and FSA 

(Forward Sortation Area) fixed effects in Columns 1, 2, and 4 and the year, month, and region fixed effects in 

Column 3. We report the critical statistics in the parentheses. We cluster the standard errors at the FSA level in 

all models except for the Heckman Selection model. The full estimation samples for all models include single-

family houses in Quebec province listed on the MLS during the 1994-2017 period. Statistics with significance at 

0.5% level are denoted with ***, at 1% level with **, at 5% level with *, and at 10% level with c. 
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Table 4.1: Summary Statistics 

Panel A: Listing House Characteristics (West Island 2012 ï 2017)  

Variable   Obs. Mean Med. 0.25 0.75 SD 

Total # of bedrooms   10,930 3.93 4.00 3.00 4.00 0.86 

Total # of bathrooms  10,930 1.87 2.00 1.00 2.00 0.69 

Building size (ft2)  10,930 1,357.93 1,215.00 1,008.45 1,621.96 581.89 

Lot size (ft2)  10,930 7,358.73 6,426.52 5,440.00 8,214.00 4,608.71 

# of garages  10,930 1.13 1.00 1.00 2.00 0.70 

# of driveways  10,930 3.08 3.00 2.00 4.00 1.59 

House age  10,930 40.38 41.00 26.00 53.00 18.98 

Contract duration (in months)  10,930 5.69 5.83 3.93 6.63 2.29 

DOP (Degree of overpricing based on ILP, 

decimal) 

 10,930 -0.007 -0.007 -0.101 0.087 0.23 

DOP (based on LLP, decimal)  16,118 -0.017 -0.015 -0.109 0.079 0.25 

ILP (Initial list price in thousands)  10,930 473.81 417.00 349.00 539.00 213.42 

LLP (Last list price in thousands)  10,930 465.16 399.90 339.90 529.00 208.56 

SP (Sold price in thousands)  7,023 426.29 380.00 320.00 480.00 172.64 

Days to the first list-price reduction  3,874 58.01 48.00 27.00 77.00 42.47 

List-price reduction size  5,188 0.038 0.032 0.024 0.048 0.02 

Panel B: Listing Status (West Island 2012 ï 2017) 

Variable Obs.  %  

Number of listings 10,930  100%  

Number of sales 7,023  64.25%  

Number of listings with price reductions   3,874  35.44%  

Number of listings with exactly one price reduction 2,774  25.38%  

Number of listings with at least one price reduction 3,874  35.44%  

Number of listings with exactly two price reductions 886  8.11%  

Number of listings with at least two price reductions 1,100  10.06%  

Number of listings with exactly three price reductions 214  1.96%  

Panel C: Key Variables for Testing Hypothesis 3 (West Island 2008-2017) 

Variable   Obs. Mean Med. 0.25 0.75 SD 

Ratio of sold price to last list price    3,154 0.95 0.96 0.94 0.97 0.03 

Ratio of sold price to initial list price  3,154 0.91 0.92 0.89 0.94 0.05 

#HistPriceReduction =1 (dummy, =1)  3,154 0.73 1.00 0.00 1.00 0.44 

#HistPriceReduction =2 (dummy, =1)  3,154 0.22 0.00 0.00 0.00 0.42 

#HistPriceReduction =3 (dummy, =1)  3,154 0.05 0.00 0.00 0.00 0.21 

Sold price (in thousands)  3,154 396.80 357.75 299.75 445.59 157.84 

Last list price (in thousands)  3,154 416.40 374.90 314.90 469.00 169.06 

Initial list price (in thousands)  3,154 439.23 389.00 329.00 490.00 183.37 

Ln(Initial list price)  3,154 12.93 12.87 12.70 13.10 0.33 

Aggregate List-price reduction size (%)  3,154 5.00 4.20 2.80 6.40 3.20 

Prior List-price reduction size (%)  3,154 4.00 3.40 2.50 4.90 2.60 

Degree of overpricing (last list price, 

decimal) 

 3,154 -0.064 -0.061 -0.154 0.032 0.23 

Listing time to sold (in months)  3,154 3.35 2.92 1.84 4.44 1.83 

Ln(MOM)  3,154 1.02 1.07 0.61 1.49 0.65 

Contract duration (in months)  3,154 6.32 6.10 4.77 7.20 2.28 

DumDualAgent (=1)  3,154 0.23 0.00 0.00 0.00 0.42 

        

Notes: This table reports summary statistics for listing-house characteristics and listing status of single-family houses listed 

on the local MLS in the west island area in the Greater Montreal region between January 2012 and December 2017 (Panels 

A and B) and between January 2008 and December 2017 (Panel C). 
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Table 4.2: Cox Model for the Sold Events, West Island, 2012 ï 2017 

  Sold Event 

  (1)  (2) 

  Hazard 

Ratio 

p-value  Hazard 

Ratio 

p-value 

DumReduction  1.776*** <0.001    

       

#HistPriceReduction (Base: =0)       

=1     1.583*** <0.001 

=2     2.715*** <0.001 

=3     3.916*** <0.001 

       

DOPRecent  0.597*** <0.001  0.613*** <0.001 

CatContractDuration (Base: < 6 Mths)       

[6,12)  1.088*** 0.001  1.090*** <0.001 

> 12 Mths  1.050 0.560  1.034 0.691 

CatBed (Base: < 4 bedrooms)       

= 4 bedrooms  1.063** 0.045  1.059* 0.059 

> 4 bedrooms  0.945 0.169  0.945 0.164 

#TotalBathrooms  0.904*** <0.001  0.900*** <0.001 

DumFloorSize (> 1,620 ft2)  0.929** 0.049  0.935* 0.070 

DumLotSize (> 8,200 ft2)  0.924** 0.023  0.928** 0.030 

#Garages  0.982 0.424  0.980 0.352 

DumDriveway(> 4)  0.873*** 0.005  0.872*** 0.004 

CatAge(Base: <=15Yrs)       

(15,50]  1.145*** <0.001  1.141*** <0.001 

(50,80]  1.268*** <0.001  1.259*** <0.001 

>80Yrs  1.176* 0.075  1.161* 0.098 

Year/Month FE  Yes   Yes  

Building Type FE  Yes   Yes  

Property Type FE  Yes   Yes  

# of Sold (Terminal Events)  7,023   7,023  

# of Listings (Censored Events)  10,930   10,930  

Observations  10,930   10,930  

Notes: This table reports results from the Cox model for the house sold event. Column 1 studies the 

impact of list-price reduction event (dummy variable: DumReduction) on the likelihood of the house 

sale and Column 2 studies the impact of the number of historical recurrent list-price reduction events 

(category variable: #HisPriceReduction). Both columns include the DOP of the most recent list price 

(DOPRecent) and listing characteristics such as the listing contract duration (ContractDuration), the 

total number of bathrooms (#TotalBathRooms), the number of garages (#Garage), the category 

variables for the total number of bedrooms (CatBed), for the construction age of the house (CatAge), 

and a dummy variable for floor size (DumFloorSize), for lot size (DumLotSize), and for the number 

of driveways (DumDriveway). Year and month fixed effects, building type fixed effect, and property 

type fixed effects are controlled for in both Columns. The full estimation sample covers single-family 

listings in the west island area in the Greater Montreal region during the period between 2012 and 

2017. P-values for Hazard Ratios (HR) indicate the smallest significance level to reject the null 
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hypothesis that the Hazard Ratio is equal to one. Statistics with significance at the 1% level are denoted 

with a ***, at 5% level with a **, and at 10% level with a *. 

 

  



184 
 

Table 4.3: Price Reduction Dummy: Standard Joint Frailty Model for Recurrent Listing 

Reductions and Sold Events, West Island, 2012 ï 2017 

  Recurrent Reductions Sold Events 

  (1)  (2) 

  Hazard 

Ratio 

p-value  Hazard 

Ratio 

p-value 

DumReduction     0.005*** <0.001 

       

CatPreChg (Base: no prior change)       

Prior reduction > 5%  0.348*** <0.001    

Prior reduction <= 5%  0.461*** <0.001    

DOPRecent  0.834*** 0.010  0.505*** <0.001 

CatContractDuration (Base: < 6 Mths)       

[6,12)  0.808*** <0.001  0.882** 0.044 

> 12 Mths  0.593*** <0.001  0.507*** <0.001 

CatBed (Base: < 4 bedrooms)       

= 4 bedrooms  0.980 0.641  0.954 0.515 

> 4 bedrooms  0.892* 0.056  0.759*** 0.009 

#TotalBathrooms  0.947* 0.095  0.840*** 0.001 

DumFloorSize (> 1,620 ft2)  0.885** 0.022  0.793** 0.011 

DumLotSize (> 8,200 ft2)  0.841*** <0.001  0.751*** <0.001 

#Garages  1.034 0.319  1.094 0.126 

DumDriveway(> 4)  0.850** 0.021  0.744** 0.016 

CatAge(Base: <=15Yrs)       

(15,50]  1.532*** <0.001  2.101*** <0.001 

(50,80]  1.890*** <0.001  3.307*** <0.001 

>80Yrs  1.479*** 0.002  1.682** 0.016 

Year/Month FE  Yes   Yes  

Building Type FE  No   Yes  

Property Type FE  No   Yes  

Frailty Parameter       

Theta (ɗ)  1.091*** P<0.001    

Alpha (Ŭ)  2.620*** P<0.001    

# of Recurrent Reductions (Recurrent Events) 5,188    

# of Sold (Terminal Events) 7,023    

# of Listings (Censored Events) 10,930    

Observations 16,118    

Notes: This table reports results from the Standard Joint Frailty model for the recurrent list-price 

reductions (Column 1) and for the house sold events (Column 2). The key testing variable is the list-

price reduction dummy variable (DumReduction), which is a time-varying covariate in the house sold 

process. Only Column 1 (recurrent list-price reduction events) includes the category variable for the 

reduction size of the previous list-price reduction (CatPreChg). Both columns include the DOP of the 

most recent list price (DOPRecent) and listing characteristics such as the listing contract duration 

(ContractDuration), the total number of bathrooms (#TotalBathRooms), the number of garages 

(#Garage), the category variables for the total number of bedrooms (CatBed), for the construction age 

of the house (CatAge), and a dummy variable for floor size (DumFloorSize), for lot size (DumLotSize), 

and for the number of driveways (DumDriveway). Only Column 2 (sold events) includes the building 
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type fixed effect and the property type fixed effect. Year and month fixed effects are controlled in both 

columns. The full estimation sample covers single-family listings in the west island area in the Greater 

Montreal region during the period between 2012 and 2017. P-values for Hazard Ratios (HR) indicate 

the smallest significance level to reject the null hypothesis that the Hazard Ratio is equal to one. 

Statistics with significance at the 1% level are denoted with a ***, at 5% level with a **, and at 10% 

level 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, 2012 ï 2017 

  Recurrent Reductions Sold Events 

  (1)  (2) 

  Hazard 

Ratio 

p-value  Hazard 

Ratio 

p-value 

#HistPriceReduction (Base: =0)       

=1     0.0083*** <0.001 

=2     0.0012*** <0.001 

=3     0.0003*** <0.001 

       

CatPreChg (Base: no prior change)       

Prior reduction > 5%  0.324*** <0.001    

Prior reduction <= 5%  0.401*** <0.001    

DOPRecent  0.840*** 0.010  0.401*** <0.001 

CatContractDuration (Base: < 6 Mths)       

[6,12)  0.777*** <0.001  0.935 0.286 

> 12 Mths  0.534*** <0.001  0.534*** <0.001 

CatBed (Base: < 4 bedrooms)       

= 4 bedrooms  0.976 0.567  0.979 0.767 

> 4 bedrooms  0.899* 0.071  0.790** 0.033 

#TotalBathrooms  0.947* 0.090  0.857*** 0.003 

DumFloorSize (> 1,620 ft2)  0.885** 0.019  0.756*** 0.002 

DumLotSize (> 8,200 ft2)  0.830*** <0.001  0.704*** <0.001 

#Garages  1.042 0.198  1.144** 0.016 

DumDriveway(> 4)  0.850** 0.019  0.755** 0.022 

CatAge(Base: <=15Yrs)        

(15,50]  1.508*** <0.001  2.232*** <0.001 

(50,80]  1.865*** <0.001  3.607*** <0.001 

>80Yrs  1.446*** 0.003  1.920*** 0.002 

Year/Month FE  Yes   Yes  

Building Type FE  No   Yes  

Property Type FE  No   Yes  

Frailty Parameter       

Theta (ɗ)  1.122*** P<0.001    

Alpha (Ŭ)  2.761*** P<0.001    

# of Recurrent Reductions (Recurrent Events) 5,188    

# of Sold (Terminal Events) 7,023    

# of Listings (Censored Events) 10,930    

Observations 16,118    

Notes: This table reports results from the Standard Joint Frailty model for the recurrent list-price 

reductions (Column 1) and for the house sold events (Column 2). The key testing variable is the 

number of historical recurrent list-price reductions category variable (DumReduction), which is a time-

varying covariate in the house sold process. Only Column 1 (recurrent list-price reduction events) 

includes the category variable for the reduction size of the previous list-price reduction (CatPreChg). 

Both columns include the DOP of the most recent list price (DOPRecent) and listing characteristics 

such as the listing contract duration (ContractDuration), the total number of bathrooms 



187 
 

(#TotalBathRooms), the number of garages (#Garage), the category variables for the total number of 

bedrooms (CatBed), for the construction age of the house (CatAge), and a dummy variable for floor 

size (DumFloorSize), for lot size (DumLotSize), and for the number of driveways (DumDriveway). 

Only Column 2 (sold events) includes the building type fixed effect and the property type fixed effect. 

Year and month fixed effects are controlled for in both columns. The full estimation sample covers 

single-family listings in the west island area in the Greater Montreal region during the period between 

2012 and 2017. P-values for Hazard Ratios (HR) indicate the smallest significance level to reject the 

null hypothesis that the Hazard Ratio is equal to one. Statistics with significance at the 1% level are 

denoted with a ***, at 5% level with a **, and at 10% level with a *. 
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Table 4.5: Ratio of Sold Price to Last List Price and the Number of Historical List-price 

Reductions, West Island, 2008-2017 

Dependent Variable  Ratio of Sold Price to Last List Price (SPtoLLP) 

  (1) (2) (3) (4) (5) (6) 

(Base: #HistPriceReduction =1)      

#HistPriceReduction =2 0.0079*** 0.0076*** 0.0073** 0.0077*** 0.0074*** 0.0072** 

  (5.34) (4.19) (2.78) (4.59) (3.78) (3.02) 

#HistPriceReduction =3 0.0201*** 0.0186*** 0.0261*** 0.0185*** 0.0173*** 0.0241*** 

  (6.94) (7.26) (4.42) (7.11) (9.78) (4.67) 

        

AggregateDrop  -0.1773*** -0.1651*** -0.2037***    

  (-6.34) (-4.53) (-5.49)    

CatAggDrop        

(Base: (0%, 2.8%])        

(2.8%, 4.2%]     -0.0022 -0.0018 -0.0005 

     (-1.19) (-1.02) (-0.27) 

(4.2%, 6.4%]     -0.0044* -0.0033 -0.0050** 

     (-2.20) (-1.63) (-2.42) 

> 6.4%     -0.0107*** -0.0098** -0.0120** 

     (-3.28) (-2.45) (-2.62) 

Ln(ILP)     -0.0336* -0.0329 -0.0305 

     (-2.03) (-1.47) (-0.74) 

DOPLLP  -0.0021 -0.0015 0.0007 0.0310** 0.0310 0.0303 

  (-0.23) (-0.21) (0.08) (3.00) (1.75) (0.78) 

Ln(MOM)  -0.0065*** -0.0066*** -0.0057*** -0.0066*** -0.0067*** -0.0057*** 

  (-9.85) (-6.74) (-3.47) (-9.35) (-5.94) (-3.33) 

ContractDuration  -0.0002 0.0000 0.0006 -0.0002 -0.0000 0.0006 

  (-0.54) (0.03) (1.18) (-0.64) (-0.06) (1.08) 

DumDualAgent  -0.0110*** -0.0122*** -0.0121*** -0.0110*** -0.0122*** -0.0124*** 

  (-6.32) (-6.73) (-4.46) (-6.63) (-7.28) (-4.48) 

        

House Characteristics  Yes Yes Yes Yes Yes Yes 

Year/Month/City FE  Yes Yes Yes Yes Yes Yes 

Brokerage Firm FE  No Yes Yes No Yes Yes 

Listing Agent FE  No No Yes No No Yes 

Observations  3,154 2,928 2,323 3,154 2,928 2,323 

R-squared  0.1070 0.2313 0.4201 0.1030 0.2289 0.4170 

Note: This table reports results from OLS regressions testing the impact of the number of historical 

recurrent list-price reductions (#HistPriceReduction) on the ratio of the sold price to the last list price 

(SPtoLLP). This study examines only sold listings that experience at least one list-price reduction and 

controls for the aggregate list-price reduction size (AggregateDrop in Columns 1-3 and CatAggDrop 

in Columns 4-6). Columns 4 to 6 include the natural log of the initial list price (ln(ILP)). All columns 

include the overpricing level of the last list price (DOPLLP), the listing time on the market (ln(MOM)), 

the listing contract duration (ContractDuration), and a dummy variable for dual agent transactions 

(DumDualAgent). All the regressions include house characteristics and control for year, month, and 

city fixed effects. Columns 2 and 5 include the listing agent brokerage firm and the buyer agent 

brokerage firm fixed effects. Columns 3 and 6 include the agent brokerage firms fixed effects and the 
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listing agent fixed effects. The full estimation sample covers single-family transactions in the west 

island area in the Great Montreal region during the period between 2008 and 2017. We report the t-

values in the parentheses based on standard errors clustered at the city and the year-month levels. 

Statistics with significance at 1% level are denoted with a ***, at 5% level with a **, and at 10% level 

with a *. 
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Table 4.6: Ratio of Sold Price to Last List Price and the Number of Historical List-price 

Reductions in Sellerôs versus Non-sellerôs Markets, West Island, 2008-2017 

Dependent Variable  Ratio of Sold Price to Last List Price (SPtoLLP) 

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

(Base: #HistPriceReduction=1)      

#HistPriceReduction =2 0.0016 0.0084*** -0.0068 0.0001 0.0078*** -0.0077 

  (0.34) (8.19)  (0.01) (6.40)   

#HistPriceReduction =3 0.0199** 0.0180*** 0.0019 0.0212*** 0.0160*** 0.0052  

  (3.17) (6.67)  (5.80) (5.29)   

AggregateDrop  -0.1253* -0.1692*** 0.0439 -0.1096 -0.1574*** 0.0478 

  (-2.28) (-5.02)  (-1.81) (-4.47)  

        

House Characteristics  Yes Yes  Yes Yes  

Main Controls  Yes Yes  Yes Yes  

Year and City FE  Yes Yes  Yes Yes  

Listing Brokerage FE   No No  Yes Yes  

Observations  590 2,543  528 2,443  

R-squared  0.2154 0.0955  0.3344 0.1548  

Note: This table reports results from OLS regressions testing the impact of the number of historical 

recurrent list-price reductions (#HistPriceReduction) on the ratio of the sold price to the last list price 

(SPtoLLP) in sellerôs markets [columns (1) and (3)] and non-sellerôs markets [columns (2) and (4)] 

and their differences [columns (1)-(2) and (3)-(4)]. All the regressions include house characteristics 

and same main control variables as Columns 1 to 3 in Table 5. All regressions control for year and 

city fixed effects. Columns 3 and 4 include the listing agent brokerage firm fixed effect. The full 

estimation sample covers single-family transactions in the west island area in the Great Montreal 

region during the period between 2008 and 2017. We report the t-values in the parentheses based on 

standard errors clustered at the city level. Statistics with significance at the 1% level are denoted 

with a ***, at 5% level with a **, and at 10% level with a *. 
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Figure 4.1 

tŀƴŜƭ !Υ YŀǇƭŀƴπaŜƛŜǊ /ǳǊǾŜǎ ŦƻǊ ǘƘŜ {ƻƭŘ 9ǾŜƴǘǎ ōŜǘǿŜŜƴ DǊƻǳǇǎ ƻŦ ²ƛǘƘ ŀƴŘ ²ƛǘƘƻǳǘ [ƛǎǘπǇǊƛŎŜ 
wŜŘǳŎǘƛƻƴ 9ǾŜƴǘǎΦ 

 
 
tŀƴŜƭ .Υ {ŎƘƻŜƴŦŜƭŘ wŜǎƛŘǳŀƭ tƭƻǘ ŦƻǊ ǘƘŜ [ƛǎǘπǇǊƛŎŜ wŜŘǳŎǘƛƻƴ 5ǳƳƳȅ 
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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) 

 



193 
 

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 

Variables  Definitions 

 #Driveways  Total number of driveways 

 #Garages  Total number of garages 

 #HistPriceReduction  Number of historical recurrent list-price reductions  

 #TotalBathrooms  Total number of bathrooms 

 #TotalBedrooms  Total number of bedrooms 

 Age  Construction age of the house 

 AggregageDrop  Aggregate list-price reduction size (from the initial list price to the last list price) 

 BuildingSize  Building size of the house  

 

CatAge 

 

 Construction age category variable (=1, if the construction age of the house < 15 years; 

=2, if the construction age of the house between 15 and 50 years; =3, if the construction 

age of the house between 50 and 80 years; =4, if the construction age of the house >80 

years) 

 

CatAggDrop 

 Aggregate list-price reduction size category variable (=1, if AggregateDrop is in (0%, 

2.8%]; =2, if AggregateDrop is in (2.8%, 4.2%]; =3, if AggregateDrop is in (4.2%, 6.4%]; 

=4, if AggregateDrop > 6.4%) 

 
CatBed 

 Total number of bedrooms category variable (=1, #TotalBedrooms < 4; =2, 

#TotalBedrooms = 4; =3, #TotalBedrooms > 4)  

 

CatContractDuration 

 Contract duration category variable (=1, if the duration of the listing contract is less than 

6 months; =2, if the duration of the listing contract is between 6 months and 12 months; 

=3, if the duration of the listing contract is longer than 12 months) 

 

CatPreChg 

 Reduction size of the most recent list-price category variable (=0, if no previous list-price 

reduction; =1, if the reduction size of the most recent list price > 5%; =2, if the reduction 

size of the most recent list price <= 5% but >0) 

 

CatPriorDrop 

 Prior list-price reduction size category variable (=1, if PriorDrop is in (0%, 2.5%]; =2, if 

PriorDrop is in (2.5%, 3.4%]; =3, if PriorDrop is in (3.4%, 4.9%]; =4, if PriorDrop > 

4.9%) 

 ContractDuration  Duration of the listing contract between a seller and their listing agent 

 DOPLLP  Degree of overpricing for the last list price (Anglin, 2003 and Rutherford, 2005) 

 DOPRecent  Degree of overpricing for the most recent list price (Anglin, 2003 and Rutherford, 2005) 

 DumBuildingSize  Building size dummy (=1, if the building size of the house > 1,260 ft2; = 0, otherwise) 

 DumDriveway  Total number of driveways dummy variable (=1, if #Driveways > 4; =0, otherwise) 

 DumDualAgent  Dual agent dummy (=1, the transaction has dual agents; =0, otherwise) 

 DumLotSize  Lot size dummy variable (=1, if the lot size of the house > 8,200 ft2; =0, otherwise) 

 DumReduction  List-price reduction dummy variable (=1, if a list-price reduction occurs; =0, otherwise) 

 DumSold  Sold dummy variable (=1, if the house is sold; =0, if the listing has expired) 

 ILP  Initial list price for the house 

 LLP  Last list price for the house 

 Ln(BuildingSize)  Natural log of the building size of the house 

 Ln(LLP)  Natural log of the last list price 

 Ln(LotSize)  Natural log of the lot size of the house 

 Ln(MOM)  Natural log of MOM 

 LotSize  Lot size of the house 

 MOM  Listing months on the market before the house is sold 

 PriorDrop  Prior list-price reduction size (from the prior list price to the last list price) 

 SP  Sold price for the house 

 SPtoILP  Ratio of sold price to initial list price 

 SPtoLLP  Ratio of sold price to last list price 
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Appendix 4.2: Data Structure 

To accommodate the dynamic process for the list-price reductions, we organize the data 

in the ñcounting processò style which allows multiple rows of observation for each 

listing ID. For each listing, we divide the listing time on the market into intervals, 

defined by the ending time of the prior event (tstart) and the occurring time of the 

current event (tstop). The time variable will be represented by intervals (initial listing 

time, 1st list-price reduction event], (1st list-price reduction event, 2nd list-price 

reduction event],..., (3rd list-price reduction event, sold event or expired time]. We 

illustrate four listing scenarios as follows. For example, the seller for listing 1 

(ListingID=1) reduced the list-price three times before the house got sold. Listing 1 

experienced the first list-price reduction after being listed on the market for 70 days, 

experienced the second list-price reduction 32 (102 ï 70) days after the first list-price 

reduction, experienced the third list-price reduction 81 (183 ï 102) days after the second 

list-price reduction, and got sold 98 (281 ï 183) days after the third list-price reduction.  

   

 

ListingID 

 

tstart 

 

tstop 

Reduction 

Indicator 

Sold 

Indicator 

 

DumReduction 

 

#HistPriceReduction 

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 
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Signaling Effects of Recurrent List-price Reductions on the Likelihood of House Sales 

Supplemental Appendix (SA) 

 

This supplemental appendix provides results that are referred 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 

 

 

Notes: The West Island is an unofficial name given to the cities, towns 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, 1994-2017 

Dependent Variables:   Ln(ILP) 

Methodology   OLS Flex-GLS 

   (1) (2) 

Intercept    10.9895*** 11.0145*** 

   (200.06) (81.84) 

FloorSize   0.0004*** 0.0005*** 

   (53.60) (38.84) 

FloorSizeSq   -0.0000*** -0.0000*** 

   (-28.09) (-18.92) 

LotSize   0.0000*** -0.0000 

   (16.27) (-0.17) 

LotSizeSq   -0.0000*** 0.0000 

   (-13.17) (1.30) 

#TotalBedrooms   0.0225*** 0.0369*** 

   (11.47) (13.40) 

#TotalBathrooms   0.1024*** 0.1090*** 

   (20.55) (21.87) 

Age   -0.0045*** -0.0046*** 

   (-32.85) (-14.72) 

#Driveway   0.0092*** -0.0010 

   (14.46) (-0.91) 

#Garage   0.0586*** 0.0623*** 

   (37.25) (22.89) 

DumForcedAir   -0.0029 0.0379*** 

   (-0.91) (5.95) 

DumEleBase   -0.0372*** -0.0415*** 

   (-26.17) (-15.63) 

DumIrrBuilding   0.0014 0.0062* 

   (0.99) (2.38) 

DumIrrLot   0.0181*** 0.0104*** 

   (10.91) (4.32) 

Year/Month FE     Yes Yes 

Region or FSA FE   FSA Region   

Building Type FE   Yes Yes 

Property Type FE   Yes Yes 

Observations     846,265 846,265 

R-squared   0.8044 0.7525 

SE clustered   FSA Level FSA Level 

Notes: Column 1 and Column 2 report results from OLS model and flexible 

general least square model (FGLS) on predicting the initial list price of the 

house. We include the year, month, and FSA (Forward Sortation Area) fixed 

effects in Column 1 and the year, month, and region fixed effects in Column 

2. We report the t-statistics in the parentheses. We cluster the standard errors 

at the FSA level in all models. The full estimation samples for all models 

include single-family houses in Quebec province listed on the MLS during 

the 1994-2017 period. Statistics with significance at 0.5% level are denoted 

with ***, at 1% level with **, and at 5% with *. 
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SA Table 4.2: Robustness Check: Omitted Variable Biases Tests 

Dependent Variable:  Sold Price/Last List Price (SPtoLLP) 

  (1) (2) (3) (4) (5) (6) 

  Uncontrolled Controlled Bellows & 

Miguel (2009) 

Ὑ  

 ςὙ Ὑ 

Mian & Sufi 

(2014) 

Ὑ  

 ςȢςὙ  Ὑ 

Most conservative 

case 

Ὑ  ρ 

Include 

Zeros? 

#HistPriceReduction= 2  
 -0.0018 0.0073** [0.0073, 

0.0163] 

[0.0073, 

0.1812] 
[0.0073, 0.0198] No 

 (-1.43) (2.78) 

Ὑ   0.0006 0.4201     

Ὑ     0.8396 0.9236 1.0000  

 

#HistPriceReduction= 3  
 0.0056 

(1.66) 

0.0261*** 

(4.42) 

[0.0261, 

0.0465] 

[0.0261, 

0.0506] 
[0.0261, 0.0544] No 

 

Ὑ   0.0016 0.4201     

Ὑ     0.8385 0.9225 1.0000  

Observations  2,323 2,323     

Main Control Variables  No Yes     

House Characteristics  No Yes     

Listing Agent FE  No Yes     

Brokerage Firm FE  No Yes     

Year/Month/Region FE  No Yes     

Note: This table reports the Oster (2019) bounds for our variables of interest in the OLS model. Our dependent variable is 

SPtoLLP and our main research variables are #HistPriceReduction. Column 1 and Column 2 in each panel illustrate the results 

from the uncontrolled and controlled model, respectively. Column 3 in each panel represents the Oster bounds with the Bellows 

and Miguel (2009) assumption of ŭ=1 and Ὑ  =min(ςὙ Ὑ, 1). Column 4 in each panel represents the Oster bounds with 

the Mian and Sufi (2014) assumption of ŭ=1 and Ὑ =min(ςȢςὙ  Ὑ, 1). Column 5 in each panel represents the Oster 

bounds with the most extreme assumption of ŭ=1 and Ὑ =1. Statistics with significance at 1% level are denoted with ***, 

at 5% level with **, and at 10% level with *. 
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SA Table 4.3: Robustness Check: Sample Selection Biases Test using Heckman Selection 

Model  

Dependent Variable:  Sold Price / Last List Price (SPtoLLP) 

  (1) (2) (3) (4) (5) (6) 

  Heckman OLS Heckman OLS Heckman OLS 

(Base: #HistPriceReduction =1)      

#HistPriceReduction =2 0.0079*** 0.0079*** 0.0075*** 0.0076*** 0.0072*** 0.0073** 

  (5.28) (5.34) (4.06) (4.19) (2.70) (2.78) 

#HistPriceReduction =3 0.0201*** 0.0201*** 0.0185*** 0.0186*** 0.0260*** 0.0261*** 

  (6.95) (6.94) (5.23) (7.26) (5.04) (4.42) 

House Characteristics  Yes No Yes No Yes No 

Main Controls  Yes Yes Yes Yes Yes Yes 

Listing Agent Chara.  Yes Yes Yes Yes Yes Yes 

Year/Month/Region FE  Yes Yes Yes Yes Yes Yes 

Observations  5,794 3,154 5,794 2,928 5,794 2,323 

R-squared   0.1070  0.2313  0.4201 

Lambda  -0.0435***  -0.0492**  -0.0551*  

Notes: This table reports results from Heckman selection models and our baseline models that test the impact of 

the number of historical recurrent list-price reductions (#HistPriceReduction) on the ratio of the sold price to the 

last list price (SPtoLLP). Columns 1, 3, and 5 include the inverse Mill ratio (IMR) from the probit model in the first 

step of the two-step Heckman selection model. Columns 2, 4, and 6 report results from baseline models. All 

columns control for house characteristics, listing agent characteristics, and year, month, and city fixed effects. Main 

controls are the same as the control variables in Columns 1 to 3 in Table 5 of the main essay. We report the t-values 

in the parentheses. Standard errors in Column 2, 4, 6 are clustered at the city and the year-month levels. The full 

estimation sample covers single-family transactions in the west island area in the Great Montreal region during the 

period between 2008 and 2017. Statistics with significance at 1% level are denoted with ***, at 5% level with **, 

and at 1% level with *. 
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SA Table 4.4: Ratio of Sold Price to Initial List Price and the Number of Historical List -

price Reductions, West Island, 2008-2017 

Dependent Variable  Ratio of Sold Price to Initial List Price (SPtoILP) 

  (1) (2) (3) 

(Base: #HistPriceReduction =1)      

#HistPriceReduction =2 0.0071*** 0.0068*** 0.0063** 

  (5.67) (4.34) (2.91) 

#HistPriceReduction =3 0.0180*** 0.0166*** 0.0233*** 

  (7.30) (7.70) (4.67) 

        

AggregateDrop  -1.1089*** -1.0954*** -1.1297*** 

  (-45.70) (-35.04) (-39.99) 

        

Main Controls  Yes Yes Yes 

House Characteristics  Yes Yes Yes 

Year/Month/City FE  Yes Yes Yes 

Brokerage Firm FE  No Yes Yes 

Listing Agent FE  No No Yes 

Observations  3,154 2,928 2,323 

R-squared  0.6306 0.6780 0.7688 

Note: This table reports results from OLS regressions testing the impact of the number of historical 
recurrent list-price reductions (#HistPriceReduction) on the ratio of the sold price to the initial list 

price (SPtoILP). This study examines only sold listings that experience at least one list-price reduction 

and controls for the aggregate list-price reduction size (AggregateDrop). All the regressions include 

main controls that are the same control variables in Columns 1 to 3 in Table 5 of the main essay, house 

characteristics, and year, month, and city fixed effects. Columns 2 includes the listing agent brokerage 

firm and the buyer agent brokerage firm fixed effects. Columns 3 includes the agent brokerage firms 

fixed effects and the listing agent fixed effects. The full estimation sample covers single-family 

transactions in the west island area in the Great Montreal region during the period between 2008 and 

2017. We report the t-values in the parentheses based on standard errors clustered at the city and the 

year-month levels. Statistics with significance at 1% level are denoted with a ***, at 5% level with a 

**, and at 10% level with a *. 

   



201 
 

SA Table 4.5: The Size of the List-price Reduction from the Prior List Price 

Dependent Variable  Ratio of Sold Price to Last List Price (SPtoLLP) 

  (1) (2) (3) (4) (5) (6) 

(Base: #HistPriceReduction =1)      

#HistPriceReduction =2 0.0024 0.0027 0.0006 0.0034** 0.0037* 0.0024 

  (1.66) (1.55) (0.27) (2.47) (2.23) (0.95) 

#HistPriceReduction =3 0.0111*** 0.0106*** 0.0146** 0.0125*** 0.0123*** 0.0178** 

  (3.48) (3.44) (2.89) (4.50) (4.57) (3.21) 

PriorDrop  -0.1507** -0.1280* -0.1987**    

  (-2.79) (-1.86) (-2.82)    

CatPriorDrop        

(Base: (0%, 2.5%])        

(2.5%, 3.4%]     0.0018 0.0029 0.0032* 

     (1.03) (1.53) (1.87) 

(3.4%, 4.9%]     -0.0022 -0.0010 -0.0008 

     (-1.21) (-0.58) (-0.31) 

> 4.9%     -0.0060** -0.0040 -0.0048* 

     (-2.84) (-1.50) (-1.94) 

        

House Characteristics  Yes Yes Yes Yes Yes Yes 

Year/Month/City FE  Yes Yes Yes Yes Yes Yes 

Brokerage Firm FE  No Yes Yes No Yes Yes 

Listing Agent FE  No No Yes No No Yes 

Observations  3,154 2,928 2,323 3,154 2,928 2,323 

R-squared  0.1039 0.2285 0.4185 0.1015 0.2274 0.4135 

Note: This table reports results from OLS regressions testing the impact of the number of historical 

recurrent list-price reductions (#HistPriceReduction) on the ratio of the sold price to the last list price 

(SPtoLLP). This study examines only sold listings that experience at least one list-price reduction and 

controls the prior list-price reduction size (PriorDrop) in Columns 1-3 and CatPriorDrop in Columns 

4-6. All columns include the natural log of the initial list price (ln(ILP)), the overpricing level of the 

most recent list price (DOPRecent), the listing time on the market (ln(MOM)), the listing contract 

duration (ContractDuration), and the dummy variable for dual agent transactions (DumDualAgent). 

All the regressions include house characteristics and control for year, month, and city fixed effects. 

Columns 2 and 5 include the listing agent brokerage firm and the buyer agent brokerage firm fixed 
effects. Columns 3 and 6 include the agent brokerage firms fixed effects and the listing agent fixed 

effects. The full estimation sample covers single-family transactions in the west island area in the 

Great Montreal region during the period between 2008 and 2017. We report the t-values in the 

parentheses based on standard errors clustered at the city and the year-month levels. Statistics with 

significance at 1% level are denoted with a ***, at 5% level with a **, and at 10% level with a *. 

 

  



202 
 

SA Table 4.6: Piecewise Regression for the Aggregate List-price Reduction Size 

Dependent Variable  Ratio of Sold Price to Initial List Price (SPtoILP) 

  (1) (2) (3) 

(Base: #HistPriceReduction =1)      

#HistPriceReduction =2 0.0082*** 0.0079*** 0.0076** 

  (5.18) (4.19) (3.02) 

#HistPriceReduction =3 0.0203*** 0.0188*** 0.0264*** 

  (7.18) (7.58) (4.47) 

        

AggregateDrop     

(0%, 2.8%]  0.0202 0.0074 -0.1006 

  (0.13) (0.04) (-0.42) 

(2.8%, 4.2%]  -0.0864 -0.0799 -0.0918 

  (-0.96) (-0.73) (-0.58) 

(4.2%, 6.4%]  -0.1167 -0.0986 -0.1662 

  (-1.82) (-1.17) (-1.41) 

> 6.4%  -0.1492*** -0.1400** -0.1830** 

  (-3.96) (-2.84) (-2.77) 

        

Main Controls  Yes Yes Yes 

House Characteristics  Yes Yes Yes 

Year/Month/City FE  Yes Yes Yes 

Brokerage Firm FE  No Yes Yes 

Listing Agent FE  No No Yes 

Observations  3,154 2,928 2,323 

R-squared  0.6306 0.6780 0.7688 

Note: This table reports results from piecewise regressions of the aggregate list-price reduction size 
(AggregateDrop). All the regressions include main controls that are the same as control variables in 

Columns 1 to 3 in Table 5, house characteristics, and control for year, month, and city fixed effects. 

Columns 2 includes the listing agent brokerage firm and the buyer agent brokerage firm fixed effects. 

Columns 3 includes the agent brokerage firms fixed effects and the listing agent fixed effect. The full 

estimation sample covers single-family transactions in the west island area in the Great Montreal 

region during the period between 2008 and 2017. We report the t-values in the parentheses based on 

standard errors clustered at the city and the year-month levels. Statistics with significance at 1% level 

are denoted with a ***, at 5% level with a **, and at 10% level with a *. 

 

 


