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Abstract

This paper presents novel evidence of the effects of bidders’ behavioral biases, and
sellers’ strategic responses, on the outcome of high-stakes auctions. We exploit the in-
troduction of laws deterring “underquoting” in real estate auction listings as a natural
experiment. Underquoting consists of advertising downward-biased listing prices, to con-
vey distorted signals on sellers’ reservation values and increase auction participation. The
laws reduce the bias between auction listing prices and market valuations by 60%, and lead
to a relative drop in auction sales prices between 2% and 6%. We conduct further tests
exploiting bidding data and listing-level heterogeneity, and provide evidence consistent
with higher auctions participation inducing overbidding through informational herding.
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1 Introduction

Auctions are a common mechanism used in the sale of both financial and real assets, and a

broad literature in economics and finance has focused on studying the optimal strategies of

auction bidders and sellers. Theory models typically assume that all participants have common

knowledge of the information structure of the auction and are rational utility maximizers. While

this is an ideal benchmark for the behavior of sophisticated participants, there is evidence that

individual bidders might be affected by behavioral biases.1

Moreover, a growing literature shows that social interactions between economic agents may

impact individual biases, leading either to corrections or amplifications, as discussed by Hir-

shleifer (2020).2 Thus, rather than delivering the efficient allocation of the assets for sale, the

competitive interactions between bidders in the auction process may instead amplify the impact

of behavioral biases on prices. In particular, unsophisticated bidders may engage in overbid-

ding when they misinterpret the information content of other participants’ bids, or when they

engage in contests with other participants driven by “auction fever”, a term used to describe

subjective preferences for winning a bidding challenge.3 Sophisticated sellers and auctioneers

who are aware of bidders’ limited rationality and of the effects of social interactions may then

engage in strategies that allow them to extract higher prices (Malmendier and Szeidl, 2020).

In this paper, we exploit a unique natural experiment in which regulators imposed sanctions

on a strategy specifically aimed at taking advantage of biased bidders in real estate auctions.

This allows us to identify the strategic behavior of sellers and the effects on market prices

and bidders’ behavior in a high-stakes environment. Moreover, it allows us to show how well-

targeted policy interventions can curtail behavioral effects driven by social interactions, impact

market outcomes, and redistribute welfare across different groups of market participants.

1See for example Cammack (1991) and Clayton and Ravid (2002) for evidence of rational behavior by
sophisticated investors, and Simonsohn and Ariely (2008), Malmendier and Lee (2011), Lacetera et al. (2016),
and Camerer, Nunnari, and Palfrey (2016) for evidence of behavioral biases.

2See the empirical evidence in Duflo and Saez (2003), Heimer and Simon (2015), Rantala (2019) and
D’Acunto, Rossi, and Weber (2020).

3See Heyman, Orhun, and Ariely (2004), Ericson and Fuster (2014) and Malmendier and Lee (2011).
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Our setting consists of the introduction of “underquoting” laws, which deterred the practice

of using low listing prices to convey distorted (downward-biased) signals on reservation prices.

We show that the introduction of the laws better aligns listing prices with market values, reduces

bidding competition, and ultimately leads to a relative drop in auction sales prices between 2%

and 6%. The magnitude of this effect is economically significant, and has important implications

for our understanding of house price formation, since auctions are common, especially during

housing booms, in several countries.4

The government interventions explored in this study took place during the recent house

price boom, separately in the two largest Australian markets: the states of New South Wales

(January 2016) and Victoria (May 2017), in which auction sales account for 15% and 30%

of annual transactions.5 In these states real estate auctions follow an open-outcry ascending

price scheme (English auction), are publicly held in front of the property, and are typically

advertised by real estate agents with an initial listing price. The aim of the new laws is

to address “underquoting”, i.e. the practice of posting listing prices substantially below fair

market values, in order to artificially increase the number of auction participants. The laws

compel sellers and real estate agents to benchmark listing prices against recent sales prices from

comparable transactions, unless a seller is in possess of information (from private negotiation

or bank assessments) justifying a lower valuation for her property.

It is hard to reconcile the strategic use of underquoting with the predictions of standard

auction theory models with rational agents. In these models, both for the case of private

and common value auctions, sellers do not have an incentive to provide distorted signals on

their reservation values to bidders.6 However, research in behavioral economics has highlighted

4Countries in which house sales auctions are common include Australia, Norway, Singapore, Sweden and
the United Kingdom. Non-foreclosure auctions accounted for up to 16% of US house sales at the top of the
housing boom, in 2005 (Han and Strange, 2014). Foreclosure auctions are instead common in downturns, and
their effects on local housing markets have been studied by Campbell, Giglio, and Pathak (2011), Anenberg
and Kung (2014) and Ramcharan (2020).

5During the period of our study, the total value of the housing stock in these markets was roughly equal to
5 trillion US dollars, or one sixth of the US housing stock.

6See the results in Myerson (1981), Riley and Samuelson (1981), Milgrom and Weber (1982) and Goeree and
Offerman (2002).

2



mechanisms through which the increase in participation by bidders with ex-ante low valuations,

induced by a signal of a lower reservation price, may, quite surprisingly, increase the likelihood

of bidding contests and overbidding, thus ultimately increasing expected sales prices.

Two mechanisms, based on interactions between participants during the bidding contest,

can explain these outcomes. First, since real estate properties are assets with a common value

component, bidders face a challenging signal-extraction process when forming their valuations,

and when updating them during the bidding contest. Therefore, bidders might be prone to

mistakes in their inference. In particular, when bidders face both high uncertainty on valuations

and overestimate the information content of other participants’ bids, they may ignore their ex-

ante views on the value of the auctioned asset, and have their views swayed by the bids of other

participants (Simonsohn and Ariely, 2008), along similar lines as what has been described for

informational herding and cascades (Welch, 1992, Banerjee, 1992 and Bikchandani, Hirshleifer,

and Welch, 1993).7 Second, bidders joining the auction with a low view on the value of the asset

might be unable to commit to dropping out of the bidding contest when prices exceed their

valuation. This is generically called “auction-fever”, and can be driven by the subjective utility

from winning a bidding contest or by quasi-endowment effects (Malmendier and Lee, 2011

and Ericson and Fuster, 2014). When multiple bidders with these non-standard preferences

interact in the bidding contest, their interaction can lead to substantial overbidding above the

“objective” valuations of the asset.

We start our analysis by establishing that sellers use underquoting as a strategic device.

We compare listing prices and market values in real estate auctions ahead of the introduction

of the laws. Consistent with the spirit of the reforms and with common practice in the market,

we construct a proxy for the fair market value of a listed property that is equal to the average

price across a set of comparable sales taking place in the previous three months. In both New

South Wales and Victoria, we find that in the year preceding the implementation of the reform,

7Note that this behavior is distinct, and in fact opposite, with respect to k -level thinking, or other biases that
would instead induce over-reliance on one’s private information and prior beliefs (see Camerer, Loewenstein,
and Weber, 1989, Camerer, Ho, and Chong, 2004, and Eyster and Rabin, 2005).
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listed prices for auctioned properties are on average 10% below the prices of comparable sales.

Even when comparing auction listings against similar houses listed for regular sales, we still

find that listing prices are on average 5-6% lower for auctions.

To identify whether sellers’ behavior has a strategic motivation, we take advantage of the

introduction of the underquoting laws. On one hand, if low listing prices genuinely reflect

sellers’ views, there shall not be any change in behavior due to the laws. On the other hand,

sellers and real estate agents using underquoting as a strategic device will no longer be able to

justify the low listing prices, and thus will have to change their behavior. We indeed find that

the introduction of the laws reduces the extent of underquoting in the data. In New South

Wales, during the year following the reform, auction listing prices increase with respect to

comparable sales prices by 6.3% (2.7% more than the increase for regular sales), thus reducing

average underquoting by approximately 60%. In Victoria, the increase is 4.3% for auctions,

reducing underquoting by 40%, while there is virtually no increase in listing prices with respect

to comparables prices for regular sales.

We also develop an alternative set of estimates which relies only on the sample of auction

listings. We compare the change in underquoting around the reform date in the state that is

introducing the reform against the change in the state that is not. When comparing auction

listings around the reform date in New South Wales, we find that underquoting decreases

on average by 4.2% more in New South Wales than for contemporaneous auction listings in

Victoria, and around the Victoria reform date we find that underquoting decreases 5.5% more

in Victoria than in New South Wales. Moreover, the decrease in the extent of underquoting in

the data takes place without any substantial changes in the characteristics of properties listed

for auctions.8

We then turn our focus to the effect of the reforms on auction outcomes. If underquoting is

indeed a device that leads to overbidding and higher sales prices, we should observe a relative

8For both New South Wales and Victoria we compare the distribution of number of bedrooms, bathrooms,
size and other characteristics in the year before and the year after the introduction of the laws, and find that
the distributions are virtually identical.
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drop in auction sales prices after the introduction of the laws. Indeed, when comparing auction

sales prices against regular sales prices, we find a relative drop of approximately 2% for New

South Wales and 6.1% in Victoria. When comparing auction outcomes across states, we find a

3% relative drop in New South Wales and a 1.4% drop in Victoria. Moreover, we provide direct

evidence that the reduction of the extent of underquoting decreases auction sales prices by

altering bidders’ behavior. Using detailed data on individual bids for auctions held in Victoria,

we show that the reform reduces bidding competition at auction sales, both in terms of the

number of submitted bids and of auctions duration. Overall, our results are consistent with

the conjecture that auction sellers use underquoting to take advantage of herding or “auction

fever”, and that removing underquoting actually reduces the surplus that sellers are able to

extract from auction sales.

Our final set of results focuses on disentangling the behavioral mechanisms at play in the

data, and, in particular, the role of informational herding. First, under the assumption that

bidders’ behavior is at least in part driven by herding, we would expect the reforms to have

stronger effects when inference on property values is more challenging and uncertain.9 This is

the case when it is harder to identify comparable sales. We use a measure of how “atypical” a

dwelling is compared to the other properties in the same postcode10 as a proxy for the difficulty

of finding comparables. We then show that the relative drop in sales prices in the year after

the reforms is stronger for more atypical properties, which is consistent with the predictions

of the herding mechanism. Second, since we argue that bidders herd by overweighting the

information content of other participants’ bids, we construct a test based on bidding data

to provide direct evidence of this channel. When bidders are not prone to herding, a large

price increment between two consecutive bids should reduce the probability of further bidding,

or in other words, increase the probability that the auction ends. This is because the large

9Indeed, in Bikchandani, Hirshleifer, and Welch (1993) information cascades are more likely when individuals
have different signal precisions.

10A dwelling is more “atypical” if its characteristics are farther apart from the average characteristics of the
other dwellings in the same postcode. This atypicality measure was first introduced by Glower, Haurin, and
Hendershott (1998).
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increase in the bid amount is likely to push the highest bid above the valuations of many

participants. However, when bidders are prone to herding, a large jump in bid amounts might

instead sway bidders’ valuations upwards, and thus increase the likelihood of further bidding

and competition among participants. Consistent with the latter prediction, we show that in

the data large jumps in the highest bid amount increase the likelihood of further bidding. We

also show that the introduction of the reform in Victoria substantially reduces the frequency of

large jumps in bid amounts during auctions, thus decreasing the frequency of herding-induced

bidding. Combined, these facts pin down a key mechanism through which the introduction of

the reforms has affected bidders’ behavior, and cooled competition in auction sales.

The findings in the paper are robust to a variety of further tests, such as using shorter

estimation windows around reform dates and dropping from the data listings posted in the

month in which each reform was introduced. While in all our specifications we control for a rich

set of property characteristics, and we show that the distribution of observable characteristics of

properties listed for auction is unchanged around the reform dates, we also use the methodology

developed by Oster (2019) to assess the extent to which our results are sensitive to unobservables

bias. The results of this test suggest that it is highly unlikely that the decrease of auction prices

after the reforms can be attributed to changes in unobservables. The sensitivity of prices to

these unobservables would need to be 5 (in New South Wales) to 10 (in Victoria) times larger

than the sensitivity to the observable controls, which include number of bedrooms, size and

listing prices, and explain more than 90% of the variation in sales prices in the data.

Our paper contributes to the literature studying behavioral biases that arise in social inter-

actions and competitive contests. Previous evidence focuses on saving (Duflo and Saez, 2003),

investment (Heimer and Simon, 2015 and Rantala, 2019) and consumption (D’Acunto, Rossi,

and Weber, 2020) decisions. More specifically, we provide novel evidence for the housing mar-

ket and high-stakes auctions. Bailey et al. (2018) and Bailey et al. (2019) present evidence

of how peer effects can spread through social networks, influencing home buying and leverage
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decisions.11 Our work does not focus on network connections, but rather highlights effects that

arise from limited rationality and bidders’ interactions in a competitive bidding process.

Moreover, our work provides a novel contribution by documenting the effectiveness of a

policy intervention aimed at curtailing the ability of sellers to exploit bidders’ limited rationality

and the biases induced by social interactions. The magnitude of the effects on auction sales

prices shows that this type of policy can have a substantial impact, shifting welfare from sellers

to buyers and cooling the market. This is a departure from previous research, that has instead

focused on polices aimed at cooling housing markets through limits to leverage and transaction

taxes (and on the unintended consequences of these policies, see for example De Fusco, Johnson,

and Mondragon, 2019 and Han et al., 2020). The analysis of the welfare implications of the

policy, while an intriguing question, is beyond the scope of our study, especially due to the

challenges presented by the task of constructing welfare criteria in the presence of market

participants with distorted beliefs or non-standard preferences (Brunnermeier, Simsek, and

Xiong, 2014).12

The rest of the paper proceeds as follows. Section 2 describes the underquoting laws, the

institutional background in New South Wales and Victoria, and our dataset. Section 3 develops

the hypotheses that we then set out to test in the data. Section 4 presents results on sellers’

underquoting behavior before and after the reforms while Section 5 presents evidence on sales

prices and bidding behavior. Section 6 contains further analysis aimed at dispelling concerns on

confounding effects, and further robustness tests. Section 7 contains our concluding remarks.

11Previous work has documented that home buying and mortgage decisions are affected by biases, such as
limited attention (Gurun, Matvos, and Seru, 2016, Bhutta, Fuster, and Hizmo, 2020, Andersen et al., 2020) and
over-extrapolation (Agarwal, Hu, and Huang, 2016, Armona, Fuster, and Zafar, 2019).

12Moreover, there can be unintended consequences from some of the provisions of the laws. For example,
encouraging comparables valuation may lead to price stickiness, or to the propagation of valuation errors (see
Murfin and Pratt, 2019).
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2 Institutional Background and Data

This Section describes the provisions of the underquoting laws, the conventions for real estate

auctions in Australia, and the main datasets used in our analysis.

2.1 Underquoting Laws

The Underquoting Laws are reforms brought about by a vocal debate concerning “underquot-

ing” in real estate auctions listings in Australia. To provide a graphical summary of the intensity

of this debate, Figure 1 displays the time-series of the number of news articles in the local press

of New South Wales and Victoria containing the word “underquoting”. The number of news

articles displays a sharp increase –hovering above 30 articles per quarter– in the year before

the introduction of the local underquoting law in each state. The argument made by the press

and regulators was that the real estate agents employed by sellers were listing dwellings to be

sold via auctions at prices far below fair market values, with the aim of artificially increasing

competition among buyers.13

In response, the government of New South Wales issued the first underquoting law, which

became effective on January 1st 2016.14 This law applies to residential property sales only, and

requires real estate agents to ensure that listing prices are aligned with market values or sellers

valuations. The specific requirement is that listing prices should be informed by the selling

prices of comparables, by feedback from potential buyers or by recent property valuations and

assessments. The law also changed the format of listing prices. Before the law, a common

practice in New South Wales was to list wide price ranges for houses for sale, or to provide

vague indications, such as a lower bound (for example $800,000 and above). The law specifically

imposes that sellers, or their real estate agents, shall report either a single price or a tight range,

13See the statements on the motivation and objectives of the underquoting laws published by the New
South Wales Fair Trading Commission at https://www.fairtrading.nsw.gov.au/about-fair-trading/legislation-
and-publications/changes-to-legislation/underquoting-reforms.

14Detailed information on the law is available from the New South Wales Fair Trading Commission at
www.fairtrading.nsw.gov.au.
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of at most 10%.

A similar law became effective in the state of Victoria on May 1st 2017. In addition to the

provisions of the New South Wales law, the underquoting regulation in Victoria specifically

prescribes that sellers and real estate agents should provide along with the listing a Statement

of Information (SOI). Figure 2 displays a sample of the form SOI. The form must include an

indicative selling price (which has to match the asked price in the listing) for the property, as

well as the price of three recently sold comparable dwellings, and the median house price in the

postcode in which the listed property is located. To be considered comparable, properties must

be “[...] of a similar standard or condition to the property for sale, sold in the last six months,

and be within two kilometers of the property for sale” if the property for sale is located in a

main metropolitan area. Both reforms took place during a housing market boom, and in the

three years prior to the reform, house prices increased by about 30% in both states.

Penalties for non-compliance with the law can be severe. In New South Wales they can be as

large as 22,000 Australian Dollars (approximately 15,200 U.S. Dollars, based on the exchange

rate as of December 2019), while in Victoria they can be as high as 31,000 Australian Dollars

(approximately 21,400 U.S. Dollars).

2.2 Auction Rules

Auctions in New South Wales and Victoria typically follow an open-outcry ascending price

scheme (English auction) and are conducted by an agent of the listing firm in front of the

property. A seller can set a reservation price (the lowest price at which she is willing to sell)

anytime up to (and including) the day of the auction. This price does not have to be publicly

disclosed to the bidders, but only to the auctioneer. Before opening the bidding, the auctioneer

states whether the auction is subject to a reservation price, and whether there will be “vendor”

bids.15 As the bidding process reaches the reservation price, the auctioneer will ask the seller

15These are bids from the seller, who is legally allowed to make a bid on the property either to get bidding
started or if the auction stalls. These bids can take place only if the auction fails to reach the reservation price,
and must be disclosed as “vendor” bids by the auctioneer.
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if she is willing to sell at the highest bid. If so, the property is officially “on the market” and

offered to the highest bidder. When the winning bid does not meet the reservation price, the

property is either passed in for private negotiation (i.e. the highest bidder has the right to

privately negotiate with the seller; if a price can’t be agreed upon, the agent may open up

negotiations with other buyers) or withdrawn from auction. In the latter case, the seller has to

pay the auction’s marketing expenses and the auctioneer’s fee, but not the agent’s commission.

2.3 Data

Our main dataset contains information on house listings and corresponding sales collected

by Corelogic over the period from January 2015 through December 2018. Table 1 presents

summary statistics for the states of New South Wales and Victoria and for the periods ranging

from one year before, to one year after the introduction of the local underquoting law (from

January 2015 to January 2017 for New South Wales and from May 2016 to May 2018 for

Victoria). The Table reports statistics both for the entire samples and separately for the

subsamples of properties listed the year before and the year after each law went into action.

In both states, most of the sample consists of single family residences (83% in New South

Wales and 91% in Victoria). While most homes are sold through regular sales, auctions repre-

sent a sizable fraction of sales: they account for 16% of house sales in New South Wales and

27% in Victoria. There aren’t substantial changes in listing characteristics when comparing

the full sample, the period before and the period after the introduction of the laws, both when

considering the mean, median and standard deviation across listed properties. More detailed

evidence of this fact is provided in Section 4.3. Prices are steadily growing over time in both

states. In the year before the introduction of the laws, the mean listed price is 595,000 Aus-

tralian Dollars (AUD) in New South Wales, and AUD 541,000 in Victoria. The year after, the

mean listed prices are AUD 644,000 and AUD 652,000 AUD.

To further investigate the impact of the reforms on bidders’ behavior, we also obtained data
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on individual auction bids from BidTracker, a property-technology company that records bids

in house auction sales. This dataset covers 7,000 auctions sales taking place in the state of

Victoria before and after the local underquoting law went into effect, and provides extensive

information on the unfolding of each individual auction.16 First, we observe the offered price

for each bid. Second, since the bids are time-stamped, we can recover the sequence of bids

and the time elapsed between consecutive bids. Third, since the auctioneer is aware of the

seller’s reservation price, there is a flag in the data identifying bids below the reservation price.

Finally, we observe the characteristic of the auctioned property, such as property type (house

or apartment unit), number of bedrooms, number of bathrooms, number of parking spots and

location (postcode).

3 Hypotheses and Economic Mechanisms

There is a rich literature in auction theory that explores optimal strategies for sellers and

bidders. The literature typically relies on the assumptions that auction sellers and bidders have

common knowledge of the distribution of valuations and pursue value maximizing strategies.17

For what concerns information on reservation prices,18 Milgrom and Weber (1982) show that

for both private and common value auctions it is in the best interest of the seller to disclose

her true reservation price.

On the other hand, research in behavioral economics has argued that auction sellers might

have incentives to provide downward-biased signals on reservation values to attract a larger pool

16The relatively small number of auctions covered by the dataset may raise concerns about how representa-
tive this sample is of the broader real estate auctions market. Table A.1 displays a comparison between the
characteristics of the auctioned properties in the BidTracker data and in the comprehensive sample of listings
available from Corelogic. The mean and median number of bedrooms, bathrooms and parking spots are virtu-
ally the same across the two datasets. While the mean and median sales prices are approximately 20% larger
in BidTracker the dispersion of prices in BidTracker is large, and comparable to the one in the Corelogic data.

17In auctions with a common value component, it is assumed that bidders rationally update their beliefs
conditional on other participants’ bids. In our context, real estate properties are assets that have both a private
and a common value component.

18In the context of real estate auctions, the listing price posted by sellers can be interpreted as a signal on
the reservation value for the property.

11



of auction participants and this way increase expected sales prices. This is at first surprising,

since this strategy will mainly attract bidders with low valuations. However, behavioral biases

may induce bidding patterns that are inconsistent with ex-ante valuations. These mechanisms

are different from the “winner’s curse”, which consists of bidders in common value auctions not

internalizing that the auction winner is the bidder with the highest signal on common value

(Kagel and Levin, 1986). Rather, the behavioral mechanisms operate through the competitive

interactions between participants during the bidding process.

A first mechanism operates through information and inference. Bidders face a challenging

signal-extraction process when forming their valuations, and when updating them during the

bidding contest. This is because houses are assets with a common value component, and

bidders may face high uncertainty in their own valuation of the common component, and lack

knowledge about the precision of the information available to other participants.

Then, some of the least informed auction participants may misinterpret or overweight the

information content of their competitors’ bids.19 A chain of increasing bids, or jumps in the

highest bid, may lead to extreme shifts in the views on common values of these participants,

making them more likely to enter into bidding contests. This behavior is similar to infor-

mational herding and cascades, whose theoretical foundations have been developed by Welch

(1992), Banerjee (1992) and Bikchandani, Hirshleifer, and Welch (1993). Moreover, when un-

informed bidders join the contest, further bidding up prices, their behavior can itself trigger

further herding, this way propagating overbidding among other bidders, through the competi-

tive interaction in the auction.

Lower listing prices affect the likelihood of herding in two ways. First, they lower the bar

for initial bids, so that the bidding process can be started more easily (see Simonsohn and

Ariely, 2008 for evidence from eBay auctions). Second, they increase the pool of participants,

potentially attracting more bidders prone to herding. Bidders prone to herding might not be

19Since Deutsch and Gerard (1995), an extensive literature in psychology has shown that individuals are more
susceptible to informational social influences in their decision-making when uncertainty about the correctness
of their own judgment is higher.
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willing ex-ante to join an auction with high reservation value, due to their uncertainty on the

asset valuation. However, they will be more likely to join auctions with low reservation values,

and may then have their beliefs shifted by the bidding process. Bikchandani, Hirshleifer, and

Welch (1993) provide a direct theoretical foundation for this argument, showing that as the

number of participants increases, the probability of an information cascade approaches one.

A second set of mechanisms that could lead to overbidding through competitive interactions

operates through non-standard preferences, rather than information. Some auction partici-

pants, in spite of joining the auction with a low valuation, might be subject to biases in their

preferences for winning the auction, such as “auction-fever” or quasi-endowment effects (see

Heyman, Orhun, and Ariely, 2004 and Ericson and Fuster, 2014). Bidders subject to auction-

fever extract subjective utility from the mere fact of winning the auction (Malmendier and Lee,

2011). Bidders subject to quasi-endowment effects feel as if they already own the object once

they have posted their first bid, and thus would perceive a –subjective– utility loss from losing

the auction. The presence of multiple bidders with these biases can generate overbidding con-

tests, that can lead participants to submit bids substantially above their “objective” valuations

of the property.20 Then, the lower is the signal on reservation value, the lower is the bar for

the initial bids, and the easier it is to get any bidding contest started. Moreover, the larger the

number of participants, the higher the likelihood that there would be multiple bidders affected

by auction-fever or quasi-endowment effects.

The introduction of underquoting laws in New South Wales and Victoria presents an ideal

context for testing the implications of the behavioral theories just discussed. Moreover, it allows

us to study the effects on market outcomes of a novel type of policy intervention, which reduces

the ability of sophisticated market participants to exploit investors’ competitive interactions to

amplify biases and bid up prices. We develop three main formal hypotheses that we test in the

data.

The first hypothesis focuses on the strategies undertaken by auction sellers. To measure

20There is evidence that auctioneers can nudge bidders into these contests, as argued by Lacetera et al. (2016).
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underquoting we construct a proxy for the fair market value of a listed property that, consistent

with the spirit of the reforms, and with common practice in real estate markets, is equal to

the average price across a set of comparable recent sales. Auction listings are “underquoted”

if their listing price is below the estimated fair market value. Underquoting, or any attempt to

signal downward-biased reservation values, shall be present only if auction sellers believe that

they can take advantage of bidder’s behavioral biases. Note that the fact that listing prices are

below market values is not sufficient evidence of underquoting, since it could be the case that

auction sellers’ reservation values are in general below current market values. However, under

this assumption, the reforms should then have no effect on the gap between market values and

listing prices, since sellers would be already reporting what they believe are reasonable listing

prices.21

Hypothesis 1a: If auction sellers were strategically taking advantage of buyers’ behavioral

biases, they would have resorted to underquoting before the reforms.

Hypothesis 1b: If underquoting was driven by sellers’ incentives to take advantage of behav-

ioral biases before the reforms, the extent of underquoting should decrease after the reforms.

The next hypothesis focuses on real outcomes. If behavioral mechanisms are at play, the reforms

will have an effect on auction sales prices. The reduction of the extent of underquoting will

decrease the likelihood of bidding wars induced by either herding or bidders’ non-standard

preferences, and thus reduce prices. On the other hand, the general prediction of rational

models is that a reduction in underquoting, and the increase in listing prices, would either

have no effect on sales prices, or lead to higher prices for sold properties and lower likelihood

of successful sales, since low valuation bidders would not participate to auctions. Moreover,

rational model would predict no effect of the reforms on the intensity of competition among

bidders. All these predictions can be tested by taking advantage of the data on sales prices

available from Corelogic, and the data on bidding behavior available from BidTracker.

21They could justify their behavior with local authorities using private information on their valuation, such
as property assessments, or previous negotiations with prospective buyers.
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Hypothesis 2: If bidders’ behavior is influenced by biased preferences or herding, the reforms

should lead to lower auction sales prices, and decreased competition among bidders during auc-

tions.

Finally, we turn to the mechanisms driving bidders’ behavior, and we construct formal tests

for the informational herding channel, which consists of auction participants overweighting the

information content of others’ bids. First, the likelihood of herding should be influenced by

the quality of the available information on the value of the auctioned asset. This conjecture

is consistent with the theoretical predictions of Bikchandani, Hirshleifer, and Welch (1993),

who show that information cascades are more likely when individuals have different signal

precisions, and that low-precision individuals are more prone to herding by overweighting others’

information. In the case of a real estate property, lack of information from comparable recent

sales will lead to higher uncertainty on the common value component of house values, and will

increase the probability that uninformed bidders misinterpret the information content of their

competitors’ bids. Thus, if herding is at play in the data, the effects of the reforms should be

stronger when considering properties for which it is harder to identify comparable transactions.

Second, overbidding through the information, or herding, channel can be triggered by large

price increments between consecutive bids. In an auction attended by bidders who place little

weight on the information revealed by their competitors’ bids, a large increment in the bid

amount between consecutive bids will substantially decrease the likelihood of further partic-

ipation. This is because the largest is the “jump” between two consecutive bids, the largest

is the group of participants who would find the new highest bid to be above their valuation.

However, if bidders consider the jump in the highest bid as highly informative of the common

value component of the house, then a large jump in between consecutive bids may instead lead

to the opposite outcome. The large increase in the highest bid will be interpreted as a signal

of higher common value for the auctioned house and, after updating their valuations, more

participants might be willing to actively bid in the auction.
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Hypothesis 3a: If the information, or herding, channel is driving bidding wars, the effects of

the reforms in New South Wales and Victoria should be stronger when it is harder to identify

comparable transactions for the auctioned real estate property.

Hypothesis 3b: If the information, or herding, channel is driving bidding wars, large price

increments between consecutive competing bids should increase, rather than reduce, the likelihood

of further bids.

At the core of the behavioral mechanisms that we explore in this paper is the idea that

underquoting affects auction outcomes by inflating the number of auction participants, and thus

increasing the likelihood that interactions between participants during the bidding process may

lead to overbidding. However, if, when deciding whether to attend the auction, buyers were

taking into account the fact that listing prices are systematically downward-biased, the effects

of underquoting on participation would be mute. Thus, real estate agents and auction sellers

appear to be relying on the premise that buyers are not aware of the full extent of underquoting

in the market, and cannot infer it easily. Section B in the Appendix develops a simple learning

framework and shows that the aforementioned premise finds support in the data. It is indeed

challenging and time-consuming for buyers to form precise inference on underquoting using

information from listings and comparables sales.

4 Underquoting and Sellers’ Response to the Laws

This Section focuses on sellers’ strategic behavior before the reforms, and on the sellers’ response

to the introduction of the underquoting laws in New South Wales and Victoria.

4.1 Underquoting Before the Laws

We start by testing in the data Hypothesis 1a, which predicts that if sellers are trying to exploit

buyers’ behavioral biases, they will resort to underquoting by setting auctions listing prices
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below fair market values.

To conduct this test, we develop an ex-ante estimate of the fair market value of listed

properties. As also acknowledged in the text of the underquoting laws, it is common practice

in real estate transactions to benchmark valuations using recent comparable sales. Consistent

with this premise, we construct a measure of the fair market price of a house, at the time it

is listed, based on prices from recent sales of similar properties. In the data, we match each

listing with sales that: (a) took place in the 3 months before the listing was posted online; and

involved dwellings that: (b) were located within one mile radius; (c) had the same number of

bedrooms; (d) had at most one more or one less bathroom; (e) had size within 25 square meters

of the listed property. Across all matched homes, we select the closest 3 –consistent with what

suggested by the Victoria underquoting law– in terms of (following this order) time of sale,

distance, number of bathrooms and size. We then calculate qi for each listing i, which is the

difference between the log of the listing price (Li) and the log of the average sales price of the

top 3 matched comparable sales (Pi,match):

qi = log(Li)− log(Pi,match) (1)

While the criteria for matching comparables described above are the ones we use to calculate

the values of qi in all the empirical analysis in the paper, we have also experimented with

different criteria, and found virtually no change in our results.22

Before the introduction of the underquoting laws, listed prices for properties to be sold at

auctions are on average substantially below the sales prices of comparables. We report summary

statistics of qi from equation (1) in Panel A of Table 2, separately for the year before and after

the reform in each state. In both New South Wales and Victoria, the mean of qi across listings

22Table A.2 in the Appendix reports the distribution (mean, median, standard deviation and quantiles) of
matched prices Pi,match across several different choices of matching criteria. We find that, as long as the criteria
match the closest 3 or 5 sales for each listing, the distribution of Pi,match is robust to the choice of the criteria.
Parameter estimates for regression equations in which qi is the dependent variable are also robust to the choice
of the matching criteria used to construct Pi,match.
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of properties for auction is roughly equal to -10% in the year before the reform.

A concern when interpreting this preliminary finding is that any difference between listing

prices and comparable sales prices might just be a mechanical effect of rising house prices. In

a booming market, transaction prices might be systematically higher than listing prices, since

they reflect current information on upward-trending demand and market conditions. To this

end, it is instructive to compare auctions against regular sales. The mean of qi for houses sold

through regular sales is equal to 3.15% in New South Wales and 0.86% in Victoria. Thus,

houses to be sold through auctions are listed at a substantial “discount” (13% in New South

Wales and 10% in Victoria) with respect to houses to be sold through regular sales.

Part of the difference between auctions and regular sales could be explained by the different

timing of the listings, or by house characteristics. For instance, auctions might be systematically

more likely to take place during months in which the local housing market is less “hot”, or to

involve certain types of dwellings. To control for these differences, we estimate the following

regression equation, separately for New South Wales and Victoria:

qi = γIi,Auct + BXi + apost + aym + ei (2)

where Ii,Auct is a dummy variable equal to one for houses sold through an auction, Xi

is a vector of hedonic characteristics, including dummies for number of bedrooms, bathrooms,

parking slots, the log of the house size in square meters and dummies equal to one for apartment

units, and houses with a pool. apost and aym are, respectively, a fixed effect for the postcode in

which the house is located and a fixed effect for the year and month in which the house is listed.

Equation (2) is estimated using only listings posted during the year before the introduction of

the underquoting laws, separately for each state, and standard errors are clustered by postcode

and year-month. The coefficient of interest is γ, which captures the average difference in qi

between auction listings and regular sales listings. Results are reported in Table 3. Estimates

of γ are negative, and highly statistically significant: γ̂ is equal to -5% in New South Wales
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and -6% in Victoria. Thus, even when compared against regular sales, and after controlling for

characteristics, listing prices for houses to be sold through auctions appear to be systematically

downward-biased with respect to market values. This is consistent with the predictions of

Hypothesis 1a.

4.2 Response to the Laws

As discussed in Section 3, the results presented so far are not sufficient evidence that sellers’

behavior has a strategic motivation. In fact, it might still be that reservation values are system-

atically below market values. However, if this is the case, the underquoting laws should have no

effect on sellers’ behavior. Thus, as stated in Hypothesis 1b, the introduction of the reforms can

be used to disentangle the motivation behind low listing prices, and to identify sellers’ strategic

motives. We begin our analysis by estimating the following regression equation:

qi = δAfter×Auct (Ii,After × Ii,Auct) + δAfter×NoAuct (Ii,After × Ii,NoAuct) (3)

+ γIi,Auct + BXi + apost + vi

where Ii,After is a dummy variable equal to one in the months following the introduction of the

law and Ii,Auct (Ii,NoAuct) is a dummy equal to one for homes selling at auction (regular sale).

Standard errors are clustered by postcode and year-month, and we will maintain this same

level of clustering for all other regression estimates presented in the rest of the paper, unless

stated otherwise. We estimate equation 3 separately for New South Wales and Victoria, over

the sample of all listings posted from one year before to one year after the introduction of the

underquoting law in each state.23 The coefficients of interest are δAfter×Auct and δAfter×NoAuct,

which capture the average change in underquoting after the reform for auctions and regular

23Respectively, from January 2015 to January 2017 for New South Wales, and from May 2016 to May 2018
for Victoria. We choose a one-year window length before and after the reforms to control for seasonal effects.
In Section 6 we repeat our analysis for both New South Wales and Victoria using a six-months window before
and after the introduction of the laws. Our results are robust to the choice of window length.

19



sales, respectively. We use the same set of controls as in equation 2, so that the coefficients

capture differences across properties located in the same postcode and with the same charac-

teristics. Estimates are reported in the first two columns of Table 4. In New South Wales,

underquoting shrinks (listed prices increase relatively to comparable sales prices) for houses

sold at auction by roughly 6.3% after the reform. The change for houses to be sold through

regular sale is only 3.5%. In Victoria, there is a 4.3% decrease in underquoting for auctions,

while the decrease is only 0.4% for regular sale, which is not statistically significant.

Figure 3 provides a graphical depiction of the evolution of average underquoting in auction

listings, in excess of regular sales, in the months surrounding the introducing of the underquot-

ing reforms in New South Wales and Victoria. In New South Wales, underquoting in auctions

with respect to regular sales contracts sharply immediately after the introduction of the reform,

and remains low during the following six months. However, it then starts increasing again 6

months after the introduction of the reform. On the other hand, Victoria has a substantial

contration of auctions underquoting around the reform, and underquoting seems to settle at a

new, lower, level for the entire following year. As we will also discuss in the next Sections, the

results in the Figure, and across several other tests we run in the paper point at the effects of

the underquoting in reform in Victoria being stronger and more long lived. This is consistent

with the fact that the reform in Victoria went to greater lengths to insure a permanent im-

provement in the quality of the information on house values provided to bidders. In fact, unlike

the law in New South Wales, the law in Victoria also asks that sellers publish a Statement of

Information, directly reporting information on comparable sales to prospective buyers.

To address differences in seasonal patterns that could explain the heterogeneous response of

auctions and regular sales,24 we also include in our specification year-month fixed effects (aym),

24Many studies show that there is substantial seasonality in house prices and liquidity within the year, see
for example Ngai and Tenreyro (2014).
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and estimate the regression equation:

qi = γAfter×Auct (Ii,After × Ii,Auct) + γAuctIi,Auct + BXi + apost + aym + ui (4)

where γAfter×Auct measures the change in underquoting from the year before to the year after

the reform for properties listed for auction, and in excess of the same change for properties listed

for regular sale. With this specification, we are comparing auctions and regular sales with the

same characteristics, located in the same postcode, and listed in the same year and month.

We report estimates in the last two columns of Table 4. In line with our previous results, we

find that after the law there is a relative increase of listed prices for auctions, or a contraction

in underquoting with respect to comparable sales prices, of approximately 3.5% in both New

South Wales and Victoria. Since before the laws listed prices for auctions were “underquoted”

by 6% with respect to properties listed for regular sales (see Table 3), the introduction of the

laws reduce the extent of underquoting by approximately 60%.

This finding is not biased by changes in the composition of listed properties after the in-

troduction of the laws. First, we include a rich set of controls in regression equations 3 and

4, which would capture differences in observable characteristics. Second, as we will discuss in

Section 4.3, the observable characteristics of the properties sold through auctions are virtually

unchanged around the introduction of the underquoting laws, both in New South Wales and

Victoria. Finally, in Section 6 we use the methodology developed by Oster (2019) to pro-

vide a statistical assessment of the potential impact of bias driven by changes in unobservable

characteristics, and find that the bias would need to be unlikely large in order to explain our

results.

We provide a second set of tests for the effects of the reforms on underquoting, by restricting

our sample to houses listed for auction, and comparing the evolution of underquoting across

New South Wales and Victoria around the reform dates. For instance, for New South Wales, in

the year before and the year after the date of the introduction of the local underquoting law,
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we use properties listed for auction in Victoria as a control. We do the opposite for Victoria.

More formally, for each state we estimate the following regression equation:

qi = γAfter×Law (Ii,After × Ii,Law) + BXi + apost + aym + ui (5)

where controls and fixed effects are the same as the ones included in equation 4, the dummy

Ii,After is equal to one for auction sales listed after the introduction of the law, and Ii,Law is a

dummy equal to one for auctions located in the state that is introducing the local underquoting

law. The parameter of interest is γAfter×Law, which captures the average change in underquoting

after the reform in the state that introduced the new law, and with respect to auctions taking

place in the state that is not introducing the law. Estimates from different specifications of

equation 5 are reported in Table 5. The results are in line with the ones presented in Table

3 for the comparison with regular sales within state. After the New South Wales reform, the

magnitude of underquoting for local auction listings decreases on average by 4% more than for

auction listings located in Victoria. In Victoria, the drop after the reform is 5.5% larger than

in New South Wales.

Overall, the different tests presented in this Section provide consistent evidence that auction

sellers reduce underquoting after the laws. This is then consistent with the predictions of

Hypothesis 1b. Combined, the results in this and in the previous Section match what was

expected under the conjecture that sellers were using underquoting as a strategic tool.

4.3 Characteristics of Listed Properties

A different dimension through which the laws may impact sellers’ behavior is by changing their

propensity to list a property for sale through auction, rather than regular sale. If underquoting

indeed allows sellers to extract higher prices (and we will show this is the case in Section 5), then

the reforms reduce the benefits extracted from auction sales, compared to the ones attained by

selling through regular sales. Since auction sales are in general more expensive than regular
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sales,25 the reforms make regular sales comparatively more attractive. However, it is not clear

whether this effect is large enough to significantly change the likelihood that sellers choose

auctions over regular sales.

We show in Section 5 that even after the underquoting laws have gone into action, auction

sales are still able to extract higher prices than regular sales, even though the spread between

the two selling mechanism has become tighter. The fact that auction sales can attain higher

prices, even when the effects of behavioral mechanisms are toned down, is consistent with

the theoretical predictions in Bulow and Klemperer (1996, 2009). There might be a group of

properties for which the trade-off between the benefits and costs of an auction sale would have

been favorable ahead of the laws, but not afterward. However, this specific group of properties

might be very small in the data. Consistent with this intuition, we show in this Section that the

fraction of properties being listed for auction, as well as the composition of listed properties,

remain unchanged around the reform dates.

First, Table 1 shows that the fraction of properties listed for auction in New South Wales

is equal to 16% both in the year before and after the reform. In Victoria the fraction increases

slightly, from 24% to 30%. Second, Figure 4 shows the distribution of property characteristics

for auctions listed in the year before (depicted in red) and the year after (depicted in blue)

the reform. We compare the distribution of number of bedrooms, bathrooms, the fraction of

properties that have car spaces, are an apartment unit, or have a pool, as well as the distribution

of the size (area) of the property. For all characteristics, the distributions are virtually identical

both in New South Wales and Victoria.

While property characteristics remain virtually unchanged, the frequency of auction listings

may still have shifted across locations. Figure A.1 shows a scatter-plot of the fraction of

properties listed for auctions in each postcode –out of all listed properties in the postcode–

25The auction seller bears the additional cost of hiring an auctioneer (usually in the order of AUD 1,000 or
AUD 1,500), and most importantly faces the risk that her house may sit on the market for a long period of
time. Auction listings are usually posted 4 weeks ahead of the scheduled auction sale date. If the auction fails,
or the real estate agent is not able to find a suitable pool of auction participants by the scheduled auction sale
date, the house has to be re-listed for a regular sale.
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plotted against postcode income, separately for the year before (circle-shaped marker) and

the year after (triangle-shaped marker) the reforms. Both in New South Wales and Victoria,

auctions are more frequent in higher income postcodes. However, there is no evidence of a

systematic change in the fraction of auction listings within postcodes, and no evidence of

auctions becoming more or less frequent in high compared to low income areas.26

5 Real Effects of the Laws

This Section studies the effects of the laws on auction outcomes, and uses this evidence to

analyze the impact of bidders’ behavioral biases on auctions, and in particular on sales prices.

First, we test Hypothesis 2, which states that, if sellers were taking advantage of buyers’ limited

rationality and behavioral biases before the reforms, the new laws should have lead to less

frequent bidding wars, and lower sales prices. Second, we provide tests for Hypothesis 3a and

Hypothesis 3b, which identify patterns revealing the presence of herding behavior.

5.1 Sales Prices

Our conjecture is that, by reducing the ability of sellers to take advantage of bidders’ behavioral

biases, the reforms will reduce the likelihood of bidding wars, and lead to a relative decline in

auction sales prices. We first focus on the comparison between auction sales prices and regular

sales prices, by estimating specifications analogous to equations 3 and 4. To control for property

characteristics that may not be spanned by the set of observable features, we include in our

control vector the log of the listing price. Table 6 shows that, when controlling for the full set

of house characteristics, auction sales prices drop by 3.8% after the reform in New South Wales,

26We conduct a formal test in Table A.3. We calculate the fraction of auction listings by postcode in the year
before and the year after the law, which we regress on postcode income, a dummy equal to one in the year after
the reform, and an interaction between the dummy and postcode income. The dummy coefficient captures the
change in the average fraction of auctions across postcodes after the reform, while the interaction term captures
the change in the fraction of auctions that is associated with postcode income. For both New South Wales and
Victoria, both coefficients are not significant. Thus, we fail to reject the null that the reform had no effect on
the frequency of auctions across postcodes.
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while regular sales prices drop only by 1.9%. Even when using the full specification of equation

4, which also includes controls for seasonal differences, we find that auction sales prices drop

1.9% more than regular sales prices. Results are even more striking in Victoria, where there is

no drop in prices in the year after the reform for regular sales, but auction sales prices drop by

5.5%. Using the full specification of equation 4, we find that auction sales prices in Victoria

dropped 6.1% more than regular sales prices.27 The economic magnitude of these effects is

substantial. For instance, in Victoria average annual price growth has been of approximately

5.6% for houses and 4.4% for apartment units over the period from 2005 to 2015, as shown in

Table A.4 in the Appendix.

Figure 5 provides a graphical depiction of the results. After controlling for characteristics

and de-trending the data, the figure shows the quarterly evolution of prices for auctions and

regular sales in the period surrounding the introduction of the underquoting reforms in New

South Wales (top panel) and Victoria (bottom panel). We can see that auction sales earn a price

premium over regular sales in both states. However, in Victoria, the premium sharply contracts

around the reform date, going from 13% two quarters before the reform to approximately 7%

the following quarter, and further decreasing in the following months. In New South Wales, the

auction sales premium drops from 8.5% to approximately 5% around the reform date, but then

starts increasing again in the following months. This is consistent with the results in Table 6,

and with the evidence in Figure 3, which already suggests that the effects of the reform weaken

over time in New South Wales, but not in Victoria.

For our second test, we compare the evolution of auction sales prices across states and

around the reform dates, using a regression specification analogous to equation 5. We restrict

the sample to auction sales only, but, for New South Wales, we use auction sales taking place

in Victoria as a control group, and vice versa for Victoria. Our results are reported in Table

27We find analogous results when considering the difference between sales and listing prices. Panel B of
Table 3 shows summary statistics for the difference between the (log) sale and (log) listing prices, separately
for auctions and regular sales. In both states, the difference is close to zero for regular sales. However, the
difference is large and positive for auctions. It is 13.76% in New South Wales and 14.27% in Victoria before the
reforms. After the reforms, the difference for auctions drops to 7.8% in New South Wales and 6.4% in Victoria.
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7. We find that in the year after the introduction of the local underquoting law, auction sales

prices drop on average by 2.7% more in New South Wales than in Victoria, and by 1.4% more

in Victoria than in New South Wales. Estimates are unchanged whether we include in the

specification only postcode and year-month fixed effects, or both fixed effects and the entire

vector of controls for hedonic characteristics.

Thus, all our results are consistent with the predictions of Hypothesis 2. Section 6 provides

further statistical tests showing that the results are also robust to bias induced by unobservable

house characteristics. Moreover, the distribution of observable characteristics of properties

listed for auction remains unchanged around the reform dates, as shown in Section 4.3.

5.2 Bidding Behavior

In this Section we focus on the effects of the reforms on competition among bidders. Our

conjecture is that the reduction of the extent of underquoting decreases auction sales prices by

reducing the likelihood of bidding wars induced by either herding or biases in preferences. This

conjecture has two clear predictions. First, we should witness a decrease in the intensity of

bidding at the individual auction level after a state introduces underquoting laws. Second, the

underquoting laws should lead to a decrease in bidding activity in particular in the early stages

of an auction. Both when there are herding effects, and when participants have preferences

inducing auction fever, bidding wars will be highly influenced by early bidding activity, and

underquoting strategically increases the likelihood of intense early bidding, due to the lower

staring price.

We can test the two implications described above using data on bidding behavior made

available by BidTracker (see Section 2.3). Since the data on individual bids are entirely from

the state of Victoria, our test is based on within state differences around the reform date:

bi = γAfterIi,After + BXi + apost + ui (6)
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where bi is equal to either the log number of total bids, the log number of bids below the

reservation value (as explained in Section 2.3, in the BidTracker data, the auctioneer flags bids

below reservation), or the log of the duration of the ith auction (measured as the time elapsed

from the first to the last bid). Xi is a vector containing dwelling characteristics (house type,

number of bedrooms, bathrooms and parking spots) and the initial bid amount, which we use

as a proxy for the listing price, while apost is a postcode fixed effect. The coefficient of interest

is γAfter which captures the change in bidding behavior around the reform.

Estimates are displayed in columns 1, 2 and 3 of Table 8, and are based on the entire sample

of BidTracker transactions, covering the time period from May 2016 to May 2018 (one year

before and one year after the reform in Victoria). After the reform, there is a 41% drop in the

number of bids, a 46% drop in the number of bids below reservation, and a 38% drop in the

duration of auctions. These effects are substantial, and between four and eight times larger

than the contraction in the price range of underquoting presented in Section 4. This highlights

how the effect of the reform on prices is the result of a change in bidders’ behavior and in

particular of a drop in the frequency of bids.

To make sure that the findings from the BidTracker data provide insights that can be

extrapolated to the entire universe of auction listings in Victoria, we verify that the effect of

the underquoting reform on sales prices are consistent with the estimates from the broader

Corelogic dataset, discussed in Section 5.1. In column 4 of Table 8 we estimate equation 6,

with dependent variable bi equal to the final sales price. We find that auction sales prices

dropped in the year after the reform by approximately 3.5%, which is roughly consistent with

the estimates based on the Corelogic dataset, and reported in Tables 6 and 7.

5.3 The Mechanism: Information and Herding

We now focus on the mechanism determining bidders behavior, and specifically on disentangling

the role of the information, or herding, channel. A first prediction of this mechanism is that

27



the likelihood of overbidding and the effectiveness of underquoting as a sellers’ strategy should

be higher when there is a larger fraction of uninformed bidders, who might overweight the

information on the common value component conveyed by their competitors’ bids. For real

estate auctions, valuations are more uncertain when identifying comparable sales is harder

(Hypothesys 3a).

Some of the result in the previous Sections already point at the relevance of this channel.

Both the New South Wales and the Victoria reform demand that sellers (or their real estate

agents) to benchmark listing prices against comparable sales prices. However, the law in Vic-

toria additionally demands that sellers publish a Statement of Information, directly providing

information on comparable sales to buyers, and thus easing inference on valuations. There is

some evidence that the impact of the law in Victoria is indeed stronger and more persistent,

even though the evidence is not perfectly uniform across all of our tests.

To more effectively test Hypothesys 3a, we turn to the cross-section of listings within each

state. In the data, we construct a listing-level measure, based on dwelling characteristics,

which captures the difficulty of finding suitable comparables. This is the atypicality measure,

developed by Glower, Haurin, and Hendershott (1998), which estimates the deviation of an

individual property characteristics with respect to the mean characteristics in the postcode

where it is located. Intuitively, it is harder to find comparable sales for properties that are

more atypical. We then estimate the following regression specification:

pi =γAuctIi,Auct + γAuct×Aty (Ii,Auct × Atyi) + γNoAuct×Aty (Ii,NoAuct × Atyi) + γAfter×Auct (Ii,After × Ii,Auct)

+ γAfter×NoAuct×Atyi (Ii,After × Ii,NoAuct × Atyi) + γAfter×Auct×Atyi (Ii,After × Ii,Auct × Atyi)

+ BXi + apost + aym + ui

where pi is the log sales price of the property. Atyi is the atypicality measure capturing

the difficulty of finding comparable sales for listing i. The other variables in the equation

above have the same interpretation as in equation 3. The main coefficient of interest is the
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triple-interaction term γAfter×Auct×Aty, which captures the incremental effect of the reform on

auctions, depending on the quality of the information environment (the atypicality measure).

Table 9 reports our estimates. It is interesting to note that in both Victoria and New South

Wales, before the reforms, higher atypicality leads to lower sales prices for houses sold through

regular sales, but higher sales prices for houses sold through auctions. By combining these

two effects, we find that for the state of Victoria, before the reform, one standard deviation

(41%) higher atypicality translates into approximately 8.4% higher sales prices for auctions

rather than for regular sales, after controlling for house characteristics and location. In New

South Wales, one standard deviation higher atypicality (57%) transaltes into a gap of almost

10.3% between auctions and regular sales. This is consistent with our intuition that, when

sold through auctions, atypical houses may be able to extract higher sales prices thanks to the

higher likelihood of herding effects among bidders.

Crucially, the reforms do indeed affect more strongly auctions of atypical houses, as is

shown by the negative and statistically significant estimates of the triple-interaction coefficient

γAfter×Auct×Aty for both states. In Victoria, one standard deviation higher atypicality translates

after the reforms into an additional 10.5% drop in prices. In New South Wales, the incremental

price drop is approximately 10.2%.

The evidence from Table 9 is consistent with the predictions of Hypothesys 3a. Bidders with

limited information on house valuations and subject to herding appear to have substantially

contributed to bidding wars ahead of the reform, and one of the channels through which the

underquoting laws impacted prices is the reduction of the likelihood of herding.

Our second test focuses on the predictions of Hypothesys 3b. If bidders are overweighting the

information content of other participants’ bids, then large price increments between consecutive

bids should increase the likelihood of further bids, since they will be interpreted as signals of the

higher common value of the auctioned house. To test this hypothesis, we estimate the following
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regression specification, using data on individual bids for auctions in the state of Victoria:

NextBidk,n = γJk,n−1 + ak + uk,n (7)

where NextBidk,n is a dummy equal to one if auction k continues (there are further, higher

bids) after the nthe bid. Jk,n−1 is a dummy equal to one if there has been large price increase,

i.e. a “jump”, in between bid n− 1 and bid n. We define jumps as price increases that exceed

2% of the previous bid (2% is roughly the 95th percentile of the distribution of bid increments in

the data). ak is an auction fixed effect. According to Hypothesys 3b, we would expect estimates

of γ to be positive in the presence of herding.

We report estimates of equation 7 in the first column of panel A of Table 10. To ensure

that our analysis focuses on auctions that were sufficiently competitive, our sample is restricted

to auctions for which BidTracker recorded at least 4 bids. In the second column we include

n, a variable capturing the order of each bid, to control for the fact that bids placed later in

the auction are less likely to be followed by further bids. Both specifications deliver positive

and significant estimates of γ. Following a jump, the probability of at least one additional bid

increases by 6.3% in the first column and by 8.3% in the second column. In the third column

we estimate equation 7 using a logit model, and replacing auction fixed effects with a vector

of controls, including the log of the first bid price and dwelling characteristics (house type,

number of bedrooms, bathrooms, and parking spots). The estimate of γ is again positive and

statistically significant.

These results also provide further insights on the mechanism through which the reforms

affect auction outcomes. Reducing the likelihood of jumps in bid amounts decreases the fre-

quency of herding patterns, and bidding wars. If by limiting underquoting, the laws reduce

the likelihood of jumps in bid amounts, then our analysis pins down the entire chain of effects

induced by the law. Panel B of Table 10 shows that the reform indeed reduces the likelihood
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of jumps between consecutive bids. We estimate:

Ji = γafterIi,After + BXi + apost + ui (8)

where Ji is a dummy equal to one if there was at least one jump in auction i. Ii,after is a dummy

equal to one for auctions taking place after the reform in Victoria, Xi is a vector of controls,

including the first bidding price, number of bedrooms, bathrooms and parking spots, and the

house type (apartment or house). We consider three different measure of jumps: a 2% or larger

increase with respect to the previous bid (the same definition used in equation 7), an AUD

25,000 increment and an AUD 50,000 increment. We find that estimates of γafter are negative

and statistically significant for all the different definitions of Ji.

6 Additional Tests

This Section performs several additional tests aimed at corroborating the robustness of our find-

ings. We first show that our results are robust to the choice of estimation windows around the

reform dates. We then assess the potential role of unobservables-induced bias in our estimates

using the methodology developed by Oster (2019).

6.1 Confounding Effects

Our main results are based on listings posted over the period from one-year before each law to

one year after. While this window accounts for seasonal effects in the housing market, it also

overlaps with the introduction of other housing market reforms at the state and federal level.

For what concerns New South Wales, the one-year post-underquoting law window overlaps with

a set of provisions targeting foreign buyers.28 For what concerns Victoria, the one-year post

28These provisions were put in place between June and July 2016, and increased stamp duties (registration
fees) for foreigners by 4% in New South Wales, plus an additional fee of AUD 5,000 for properties sold at a
price below AUD 1,000,000 and AUD 10,000 for properties sold at a price above the threshold.
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reform window overlaps with the period of the works of the Royal Commission into Misconduct

in the Banking, Superannuation and Financial Services Industry,29 and with two other reforms

targeting real estate investors.30

Thus, we repeat the core of our analysis on a shorter time window spanning the period

from six months before to six months after the introduction of each underquoting law. This

approach removes any overlap with other reforms in New South Wales, since the shorter window

ends right before the introduction of the provisions against foreign buyers and the pre-reform

window does not contain any other reforms. In the case of Victoria, the shorter sample excludes

the works of the Royal Commission, but still partially overlaps with the reforms targeting real

estate investors. Results are reported in Tables A.5 and A.6 in the Appendix. For both New

South Wales and Victoria, we find that our estimates remain largely unchanged when switching

from one-year to six-months windows. The laws still lead to a decrease in underquoting and

in sales prices for auctions in both states. Evidence of a drop in prices is not statistically

significant for New South Wales.

We then show that our findings are not driven by patterns taking place specifically in the

month immediately following the introduction of the laws. Tables A.7 and A.8 report estimates

based on a one-year window sample around the reforms, but after excluding the month of the

reform in each state. All estimates for New South Wales and Victoria are virtually unchanged

with respect to the ones reported in the previous Sections.

6.2 Unobservable Bias in Property Characteristics

While we carefully control for location, seasonal effects and house characteristics across all of

the empirical exercises in the paper, a potential concern with our findings is that part of the

results might be explained by unobervable differences, not absorbed by our controls. Note

29The commission was formed in December 2017, but its hearings started only in March 2018.
30The first one consisted of a limit on the total amount of mortgage lending that could be issued in the form

of interest only loans, and was implemented in March 2017. The second one was the abolition of stamp duties
for houses sold at a price below AUD 650,000, and went into action in July 2017.
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that, in order to affect our findings, unobservables would have to be systematically different

for properties listed before and after reform dates, and would have to change differently across

auctions and regular sales, or across auctions in the state that is undertaking the reform and in

the one that is not. We believe this is unlikely, especially since we have shown in Section 5 that

the distributions of the observable characteristics and locations of properties remain unchanged

before and after the reforms, both in New South Wales and in Victoria.

Nonetheless, to directly assess the potential effects of unobservables bias on our findings, we

use a methodology that quantifies how large the effect of unobservables would need to be, in

order to shrink our estimates of the effects of the reforms to zero. This approach is developed by

Oster (2019), who shows that the bias induced by unobservables is proportional to three factors.

The first one is the change in coefficient estimates when comparing a “short” regression, with

only a limited set of controls, and a “long” regression with all available controls. The second

one is the ratio of the difference between the maximum feasible R-square for the regression

and the estimated R-square in the long regression, over the difference between the R-squares

in the long and short regression. The third one is the ratio of the sensitivity of the outcome to

unobservable characteristics over the sensitivity to observable characteristics, δ.31

We apply this setup to the regression equations that estimate changes in underquoting and

sales prices around the reforms, using the regression specification in equation 4. In particular,

the coefficient of interest is the interaction between the “after” reform period dummy and a

dummy equal to one for auctions. The “short” regression consists of a specification including

as controls only a dummy equal to one for auctions, along with postcode and year-month

fixed effects, while the “long” regression also contains the full vector of controls for house

31More formally,

β∗ − β̂ ≈ δ
(
β̂ − β◦

) Rmax − R̂
R̂−R◦

Where β∗ is an unbiased estimator of the population value of β, β◦ and R◦ are the regression coefficient and
the R-square estimates from the short regression, and β̂ and R̂ are the coefficient and the R-square estimates
from the long regression. Rmax is the maximum feasible R-square for the regression. This exact relationship
holds under restrictive assumptions, but Oster (2019) shows that the key intuition can be generalized. We use
her general framework and code to carry out our calculations.
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characteristics.

Table A.9 reports estimates of the value of δ for which unobservables-induced bias would

drive the coefficient of interest to zero, under the assumption that the maximum achievable

R-square (Rmax) is 1. For the underquoting results in New South Wales, the value of δ is -0.6.

This means that including controls strengthens our results, and that unobservable bias would

have to counteract the effect of including observable controls. Moreover, to bring the coefficient

measuring the response of auctions after the reform to zero, unobservable variation would need

to have an effect on underquoting which is at least equal to 60% of the effect of including

observable controls. The results are even stronger for Victoria, where δ is 1.94, meaning that

to bring the estimate of the coefficient of interest to zero, unobservable variation would need to

have an effect of underquoting which is almost twice as large as the one for observable variation,

which is unlikely, since observable variation includes key variables such as number of bedrooms,

bathrooms and size. When we turn to the effects on sales prices, we find that the coefficient

of interest is extremely robust, both in New South Wales and Victoria. The estimates of δ

suggest that to bring the effect on auction sales prices after the reform to zero, unobservable

characteristics would need to have an effect on sales prices which is -4.7 times (in New South

Wales) and -10.8 times (in Victoria) the one for observables (note also that both coefficients are

negative, which implies that including more observable controls strengthens our results). This

is highly unlikely, since observable controls already include some of the main characteristics

that determine house prices, and the R-squares of the long regressions are above 90%.

7 Conclusions

The Australian states of New South Wales and Victoria have introduced laws aimed at reducing

the extent of “underquoting” in real estate auctions. This practice consists of posting listing

prices substantially below market values, and local regulators have argued that it has been used

to convey downward-biased signals on reservation prices.
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We exploit the policy interventions to study the effects of behavioral biases in real estate

auctions, and to investigate how competitive interactions among bidders may lead to the am-

plification of biases and to real effects on sales prices. Auction theory models, in which all

participants have common knowledge of the information structure and act as rational utility

maximizers, predict that sellers have no incentive to provide biased biased signals on reservation

values to prospective bidders.

However, sellers may have an incentive to advertise low listing prices and increase participa-

tion by bidders with ex-ante low valuations when some of the bidders are prone to behavioral

biases, which may in turn induce overbidding during the auction. First, bidders with uncertain

valuations who overweight the informativeness of others’ bids might be subject to informa-

tional herding. Second, bidders could be unable to commit to dropping out from a bidding

competition when the price exceeds their valuation, due to subjective preferences for winning

the auction (“auction-fever”) or quasi-endowment effects. The likelihood of overbidding due to

herding or auction-fever will in general increase with the number of auction participants.

We show that, before the reforms, sellers indeed post listing prices substantially below

comparable sales values. Moreover, after the reforms are introduced, we find that listing prices

become better aligned with comparable sales prices. According to the conjectured behavioral

mechanisms, the increase in listing prices, by reducing the number of participants, would reduce

the likelihood of overbidding, and thus lead to a relative decline in auction prices. Consistent

with this conjecture, we find relative price declines between 2% and 6% for auctions after

the reforms, both when comparing auctions against regular sales within the state that has

introduced the new law, and when comparing local auctions against auctions taking place

outside the state. Moreover, using data on individual auction bids from the state of Victoria,

we find evidence of a decrease in the number and frequency of bids in house auctions after the

introduction of the local reform.

To better disentangle the mechanism at play in the data, we test specific predictions of the

informational herding hypothesis. In particular, if herding is a driver of bidders’ behavior, we
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would expect the effects of the reforms to be stronger when uncertainty on property valuations

is higher. Indeed, we find that the effects of the laws on prices are stronger when considering

properties that have atypical characteristics within their postcode, or in other words, when

considering properties for which it is harder to identify comparable sales. Moreover, we show

that in real estate auctions in the state of Victoria, large increments between consecutive bids

trigger further bidding, which is consistent with the predictions of herding. Interestingly, the

introduction of the underquoting law in Victoria also coincides with a reduction in the likelihood

of jumps between consecutive bids.

Our work sheds new light on the role of bidders’ behavioral biases in determining the

outcome of high-stakes auctions, and on the strategies used by professional sellers to exploit

these biases. We find that the competitive interactions between bidders, and the interactions

between sophisticated sellers and bidders, amplify, rather than dampen, the effects of behavioral

biases. We also document how policies aimed at curtailing the strategic behavior of sellers can

have substantial impact on real estate prices. The welfare implications of these policies are an

intriguing topic for further research.
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Figure 1: This Figure displays the quarterly number of news articles containing the word “under-

quoting” in the local press of New South Wales and Victoria. The red vertical line denotes the quarter

of the introduction of the underquoting law in each state.
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Figure 2: This Figure displays the Statement of Information provided by sellers or their real estate

agents to prospective buyers in the state of Victoria, starting from May 2017. It contains information

on the indicative sales price for the house, as well as information on the median house price in the

postcode where the house is located, and the sales prices of the three closest comparables.
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Figure 3: This Figure displays estimates of the parameters δq×Auct from regression equation:

qi =
∑
τ∈T

δτ×Auct (Ii,τ × Ii,Auct) + BXi + apost + aym + vi

based on data from New South Wales (top panel) and Victoria (bottom panel). The parameters depict

the average underquoting in auction listings, in excess of regular sales, in each quarter τ ∈ T , where

T contains all quarters from the year before and the year after each reform.
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Figure 4: This Figure displays the distribution of characteristics for properties listed for auctions in

New South Wales (top) and Victoria (bottom) in the year before (red) and in the year after (blue) the

reforms. The characteristics are number of bedrooms, number of bathrooms, number of car spaces,

whether the dwelling is an apartment unit, whether it has a pool, and its size.
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Figure 5: This Figure displays estimates of the parameters δq×Auct and δq×NoAuct from regression

equation:

pi =
∑
τ∈T

δτ×Auct (Ii,τ × Ii,Auct) +
∑
τ∈T

δτ×NoAuct (Ii,τ × Ii,NoAuct) + BX̃i + apost + vi

based on data from New South Wales (top panel) and Victoria (bottom panel). The parameters depict

the de-trended (X̃i contains listing prices) path of sales prices for auctions (δτ×Auct) and regular sales

(δτ×NoAuct), in each quarter τ ∈ T , where T contains all quarters from the year before and the year

after each reform.
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Table 1: Summary Statistics

Panel A: New South Wales
A.1 Full Sample A.2 Before A.2 After

Mean Median St.Dev. Mean Median St.Dev. Mean Median St.Dev.
Listing (’000) 617.02 520.00 454.81 595.39 499.00 441.70 643.64 549.00 469.08
Sale (’000) 694.63 555.00 577.41 679.71 541.00 562.54 712.31 572.00 594.07
Time on Market (months) 4.25 2.00 5.33 4.49 2.00 5.94 3.96 2.00 4.48
Bedrooms 3.32 3.00 1.06 3.33 3.00 1.05 3.31 3.00 1.06
Bathrooms 1.68 2.00 0.78 1.68 2.00 0.78 1.68 2.00 0.78
Car Spaces 1.87 2.00 1.16 1.86 2.00 1.12 1.89 2.00 1.21
Swimming Pool 0.20 0.00 0.40 0.21 0.00 0.41 0.18 0.00 0.39
Fraction of Houses 0.83 0.83 0.83
Fraction of Auctions 0.16 0.16 0.16

Panel B: Victoria
B.1 Full Sample B.2 Before B.3 After

Mean Median St.Dev. Mean Median St.Dev. Mean Median St.Dev.
Listing (’000) 600.78 510.00 392.62 540.86 460.00 343.15 652.44 560.00 423.98
Sale (’000) 651.21 545.00 488.48 602.45 495.00 486.46 694.27 590.00 486.20
Time on Market (months) 3.15 2.00 3.21 3.48 2.00 3.82 2.87 2.00 2.53
Bedrooms 3.25 3.00 0.85 3.27 3.00 0.84 3.23 3.00 0.85
Bathrooms 1.69 2.00 0.65 1.69 2.00 0.64 1.69 2.00 0.65
Car Spaces 2.06 2.00 1.11 2.07 2.00 1.12 2.05 2.00 1.10
Swimming Pool 0.07 0.00 0.26 0.08 0.00 0.27 0.07 0.00 0.25
Fraction of Houses 0.91 0.92 0.91
Fraction of Auctions 0.27 0.24 0.30

This Table displays summary statistics (Mean, Median and Standard Deviation) for house listings and corresponding house sales in
New South Wales (Panel A) and Victoria (Panel B). Within each panel, summary statistics are computed over the two-year period
centered around the introduction of each law (“Full Sample”), and separately for the year preceding (“Before”) and the year following
(“After”) the introduction of each law. New South Wales and Victoria adopted underquoting laws, respectively, in January 2016 and
May 2017. We report statistics for listing price, sales price, time on the market, number of bedrooms, bathrooms and car spaces.
Finally, we report the fraction of dwellings that are houses (rather than apartments) and the fraction of dwellings listed for sale at
auction, rather than through regular sale (bilateral negotiation).
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Table 2: Underquoting and the Difference Between Sale and Listing Prices

Panel A: Underquoting (%)
New South Wales Victoria

Mean Median St.Dev Mean Median St.Dev
Before

Auction -9.95 -9.61 25.75 -10.17 -10.33 25.54
Regular Sale 0.86 0.00 27.15 3.15 1.50 28.61

After
Auction -3.56 -3.85 23.71 -5.66 -5.30 22.71
Regular Sale 4.54 4.35 26.39 3.52 2.28 25.55

Panel B: Sale Minus Listing (%)
New South Wales Victoria

Mean Median St.Dev Mean Median St.Dev
Before

Auction 13.76 10.74 53.57 14.27 12.60 31.71
Regular Sale 0.50 0.00 32.38 -2.32 -1.49 23.51

After
Auction 7.81 6.45 33.54 6.37 5.78 15.11
Regular Sale -2.32 -1.49 23.51 -0.81 -0.27 14.18

Panel A displays summary statistics for the difference between the log listing price and the log of
the average price of comparable sales (qi in equation 1). Panel B displays summary statistics for the
difference between the log sales price and the log listing price. Within each panel, summary statistics
are computed separately for the year preceding (“Before”) and the year following (“After”) the
introduction of each law. New South Wales and Victoria adopted underquoting laws, respectively, in
January 2016 and May 2017. We report the Mean, Median, and Standard Deviation separately for
auctions and regular sales. See Section 4 for more details on how the average comparable sales price
(Pi,match) is computed.
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Table 3: Underquoting Before the Introduction of the Laws

New South Wales Victoria
IAuct -0.053∗∗∗ -0.049∗∗∗ -0.070∗∗∗ -0.060∗∗∗

(-6.65) (-6.34) (-7.99) (-6.53)
I1bed 0.019 0.024

(1.22) (0.24)
I3beds -0.039∗∗∗ -0.050∗∗∗

(-4.24) (-9.93)
I≥4beds -0.102∗∗∗ -0.074∗∗∗

(-9.98) (-10.48)
I1bath -0.082∗∗∗ -0.080∗∗∗

(-13.00) (-14.18)
I≥3bath 0.069∗∗∗ 0.093∗∗∗

(8.60) (7.01)
I1park -0.031∗∗∗ -0.034∗∗∗

(-8.07) (-9.81)
I≥3park -0.009∗ -0.005

(-1.84) (-1.02)
Iunit 0.015 0.006

(1.52) (0.43)
Ipool 0.035∗∗∗ 0.058∗∗∗

(7.71) (6.13)
log(size) -0.006∗ -0.017∗

(-1.99) (-1.91)
Postcode FE Yes Yes Yes Yes
Year-Month FE Yes Yes Yes Yes
R-Square adj 0.055 0.082 0.096 0.121
N 38,905 38,905 28,580 28,580

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

qi = γIi,Auct + BXi + apost + aym + ei

where qi denotes the difference between the log listing price and the log of the average price of
comparable sales. Ii,Auct denotes a dummy variable equal to one if property i is offered for sale at an
auction and zero otherwise; Xi is a vector of controls including dummies for the number of bedrooms,
bathrooms, parking spots, whether the property is an apartment unit, whether it has a pool, and the
log of property size; apost and aym denote postcode and year-month fixed effects. Estimates are based
on the sample of listings posted in the year before the introduction of each law. T-stats are based
on standard errors doubled-clustered by postcode and year-month. Coefficients marked with ***, **,
and * are significant at the 1%, 5%, and 10% level.
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Table 4: The Effect of the Laws on Underquoting: Auctions and Regular Sales

New South Wales
IAfter × IAuction 0.062∗∗∗ 0.063∗∗∗ 0.026∗∗∗ 0.028∗∗∗

(9.27) (8.80) (3.54) (3.62)

IAfter × INo Auction 0.036∗∗∗ 0.035∗∗∗

(10.80) (11.25)
IAuction -0.064∗∗∗ -0.061∗∗∗ -0.063∗∗∗ -0.060∗∗∗

(-8.46) (-8.24) (-8.38) (-8.16)
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes
R-Square adj 0.053 0.085 0.053 0.085
N 72,796 72,796 72,796 72,796

Victoria
IAfter × IAuction 0.044∗∗∗ 0.043∗∗∗ 0.039∗∗∗ 0.039∗∗∗

(8.46) (8.40) (4.92) (4.85)

IAfter × INo Auction 0.005 0.004
(1.04) (0.84)

IAuction -0.084∗∗∗ -0.077∗∗∗ -0.085∗∗∗ -0.078∗∗∗

(-10.88) (-9.68) (-10.53) (-9.44)
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes
R-Square adj 0.085 0.108 0.085 0.108
N 65,338 65,338 65,338 65,338

This Table displays coefficient estimates (and associated t-stats) for the following regression equations:

qi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

qi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where qi denotes the difference between the log listing price and the log of the average price of
comparable sales. Ii,Auct (Ii,No Auct) denotes a dummy equal to one if property i is listed for sale at an
auction (regular sale), Ii,After denotes a dummy equal to one if property i is listed after the adoption of
the local underquoting law; Xi is a vector of controls including dummies for the number of bedrooms,
bathrooms, parking spots, whether the property is an apartment unit, whether it has a pool, and the
log of property size; apost and aym denote postcode and year-month fixed effects. T-stats are based
on standard errors doubled-clustered by postcode and year-month. Coefficients marked with ***, **,
and * are significant at the 1%, 5%, and 10% level.
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Table 5: The Effect of the Laws on Underquoting: Comparing Auctions Across States

New South Wales
IAfter × ILaw 0.022∗∗ 0.025∗∗ 0.039∗∗∗ 0.042∗∗∗

(2.42) (2.63) (3.67) (3.85)

ILaw 0.047∗∗∗ 0.045∗∗∗

(4.60) (4.26)
IAfter 0.039∗∗∗ 0.028∗∗∗

(6.28) (4.59)
Additional Controls Yes Yes Yes Yes
Postcode FE No No Yes Yes
Year-Month FE No Yes No Yes
R-Square adj 0.050 0.052 0.133 0.136
N 19,529 19,529 19,468 19,468

Victoria
IAfter × ILaw 0.053∗∗∗ 0.053∗∗∗ 0.055∗∗∗ 0.055∗∗∗

(5.31) (5.28) (5.64) (5.64)

ILaw -0.043∗∗∗ -0.044∗∗∗

(-3.89) (-3.90)
IAfter -0.009 -0.013

(-1.09) (-1.57)
Additional Controls Yes Yes Yes Yes
Postcode FE No No Yes Yes
Year-Month FE No Yes No Yes
R-Square adj 0.023 0.024 0.079 0.080
N 23,560 23,560 23,490 23,490

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

qi = γAfter×Law (Ii,After × Ii,Law) + BXi + apost + aym + ui

where qi denotes the difference between the log listing price and the log of the average price of
comparable sales. The sample is restricted to the properties listed for sale at an auction in New
South Wales and Victoria, in the year before and after each reform date. Ii,Law denotes a dummy
variable equal to one if property i is located in the state adopting the underquoting law (New South
Wales in the top panel and Victoria in the bottom panel), Ii,After denotes a dummy variable equal to
one if property i is listed after the adoption of the local underquoting law; Xi is a vector of controls
including dummies for the number of bedrooms, bathrooms, parking spots, whether the property is
an apartment unit, whether it has a pool, and the log of property size; apost and aym denote postcode
and monthly fixed effects. T-stats are based on standard errors doubled-clustered by postcode and
year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table 6: The Effect of the Laws on Sales Price: Auctions and Regular Sales

New South Wales
IAfter × IAuction 0.068∗∗∗ -0.038∗∗∗ 0.011 -0.019∗∗

(4.69) (-3.27) (1.05) (-2.23)

IAfter × INo Auction 0.058∗∗∗ -0.019∗∗∗

(4.71) (-4.37)
IAuction 0.192∗∗∗ 0.089∗∗∗ 0.189∗∗∗ 0.089∗∗∗

(15.57) (14.29) (15.30) (14.94)
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes
R-Square adj 0.648 0.969 0.650 0.969
N 139,733 111,190 139,733 111,190

Victoria
IAfter × IAuction 0.083∗∗∗ -0.055∗∗∗ -0.031∗∗ -0.061∗∗∗

(4.89) (-9.89) (-2.72) (-9.25)

IAfter × INo Auction 0.117∗∗∗ 0.006
(6.74) (1.42)

IAuction 0.107∗∗∗ 0.123∗∗∗ 0.101∗∗∗ 0.122∗∗∗

(10.23) (17.40) (9.78) (17.19)
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes
R-Square adj 0.712 0.965 0.716 0.965
N 108,324 90,214 108,324 90,214

This Table displays coefficient estimates (and associated t-stats) for the following regression equations:

pi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

pi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where pi denotes the log sales price for listing i. Ii,Auct (Ii,No Auct) denotes a dummy equal to one
if property i is listed for sale at an auction (regular sale), Ii,After denotes a dummy equal to one
if property i is listed after the adoption of the local underquoting law; Xi is a vector of controls
including dummies for the number of bedrooms, bathrooms, parking spots, whether the property is
an apartment unit, whether it has a pool, the log of property size, and the log of listing price; apost
and aym denote postcode and year-month fixed effects. T-stats are based on standard errors doubled-
clustered by postcode and year-month. Coefficients marked with ***, **, and * are significant at the
1%, 5%, and 10% level. 52



Table 7: The Effect of the Laws on Sales Price: Comparing Auctions Across States

New South Wales
IAfter × ILaw -0.018∗ -0.016∗ -0.027∗∗∗ -0.027∗∗∗

(-2.05) (-1.85) (-3.15) (-3.00)

ILaw -0.053∗∗∗ -0.055∗∗∗

(-6.47) (-7.02)
IAfter -0.025∗∗∗ -0.004

(-2.92) (-0.51)
Additional Controls Yes Yes Yes Yes
Postcode FE No No Yes Yes
Year-Month FE No Yes No Yes
R-Square adj 0.937 0.938 0.943 0.945
N 18,947 18,947 18,888 18,888

Victoria
IAfter × ILaw -0.027∗∗∗ -0.027∗∗∗ -0.014∗∗ -0.014∗∗

(-4.31) (-4.42) (-2.35) (-2.30)

ILaw 0.043∗∗∗ 0.043∗∗∗

(6.17) (6.47)
IAfter -0.041∗∗∗ -0.033∗∗∗

(-9.37) (-6.76)
Additional Controls Yes Yes Yes Yes
Postcode FE No No Yes Yes
Year-Month FE No Yes No Yes
R-Square adj 0.951 0.952 0.955 0.955
N 22,727 22,727 22,654 22,654

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

pi = γAfter×Law (Ii,After × Ii,Law) + BXi + apost + aym + ui

where pi denotes the log sales price. The sample is restricted to properties sold at an auction in New
South Wales and Victoria, in the year before and after each reform date. Ii,Law denotes a dummy
equal to one if property i is located in the state adopting the underquoting law (New South Wales
in top panel and Victoria in bottom panel), Ii,After denotes a dummy equal to one if property i is
listed after the adoption of the underquoting law; Xi is a vector of controls including dummies for the
number of bedrooms, bathrooms, parking spots, whether the property is an apartment unit, whether
it has a pool, the log of property size, and the log listing price; apost and aym denote postcode and
year-month fixed effects. T-stats are based on standard errors doubled-clustered by postcode and
year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table 8: The Effect of the Laws on Bidders’ Behavior

#Bids #Bids < Reserve Duration Sales Price
IAfter -0.412∗∗∗ -0.464∗∗∗ -0.382∗∗∗ -0.034∗∗∗

(-5.72) (-7.13) (-5.83) (-2.98)

I1bed -0.172∗∗∗ -0.101 -0.064 -0.215∗∗∗

(-2.90) (-1.30) (-0.81) (-8.19)
I3beds 0.010 0.085 0.061 0.037∗∗∗

(0.22) (1.61) (1.45) (3.28)
I≥4beds -0.034 0.106 0.007 0.083∗∗∗

(-0.57) (1.44) (0.10) (4.94)
I1bath 0.095∗ 0.081 0.035 -0.003

(2.10) (1.71) (0.80) (-0.54)
I≥3bath -0.136∗∗ -0.109∗ 0.035 0.032∗

(-2.34) (-1.92) (0.62) (2.20)
I1park -0.059 -0.032 0.025 -0.031∗∗∗

(-1.47) (-0.82) (0.70) (-5.07)
I≥3park -0.036 -0.033 0.074 0.037∗∗∗

(-0.92) (-0.78) (1.34) (3.95)
Iunit -0.066 -0.136∗ -0.112 -0.131∗∗∗

(-0.95) (-2.05) (-1.22) (-7.32)
log F irst Bid -0.131∗ -0.230∗∗∗ 0.117 0.742∗∗

(-1.97) (-3.42) (1.67) (23.52)
Postcode FE Yes Yes Yes Yes
R-Square adj 0.052 0.057 0.056 0.915
N 7002 7002 6964 4379

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

bi = γAfterIi,After + BXi + apost + ui

where bi is equal to either the log number of bids, log number of bids below the reservation value,
the log duration of the auction (measured as the time elapsed from the first to the last bid), and the
log final sales price; Ii,After denotes a dummy variable equal to one if property i is auctioned after
the adoption of the underquoting law; Xi is a vector of controls including dummies for the number of
bedrooms, bathrooms, parking spots, whether the property is an apartment unit, and the log of the
first bid amount. T-stats are based on standard errors doubled-clustered by postcode and year-month.
Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table 9: The Effect of the Laws on Sales Price: Information Environment

New South Wales Victoria
IAuction 0.123∗∗∗ 0.153∗∗∗

(6.46) (9.10)

IAuction × Aty 0.124 0.145
(1.59) (1.56)

INo Auction × Aty -0.056∗∗∗ -0.060∗∗

(-3.28) (-2.79)

IAfter × IAuction -0.037∗ -0.098∗∗∗

(-1.85) (-5.65)

IAfter × INo Auction × Aty -0.056∗∗∗ -0.036∗∗

(-3.30) (-2.34)

IAfter × IAuction × Aty -0.180∗∗ -0.256∗∗∗

(-2.26) (-3.59)
Additional Controls Yes Yes
Postcode FE Yes Yes
Year-Month FE Yes Yes
R-Square adj 0.845 0.903
N 112,404 90,954

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

pi =γAuctIi,Auct + γAuct×Aty (Ii,Auct ×Atyi) + γNo Auct×Aty (Ii,No Auct ×Atyi) + γAfter×Auct (Ii,After × Ii,Auct)
+ γAfter×No Auct×Atyi (Ii,After × Ii,No Auct ×Atyi) + γAfter×Auct×Atyi (Ii,After × Ii,Auct ×Atyi)
+ BXi + apost + aym + ui

where pi denotes the log sales price. Ii,Auct (Ii,No Auct) denotes a dummy equal to one if property i is
listed for sale at an auction (regular sale) and zero otherwise, Ii,After denotes a dummy equal to one
if property i is listed after the adoption of the underquoting law; Atyi is the atypicality of property i
(based on the measure developed by Glower, Haurin, and Hendershott, 1998); Xi is a vector of controls
including dummies for the number of bedrooms, bathrooms, parking spots, whether the property is an
apartment unit, whether it has a pool, the log of property size, and the log listing price; apost and aym
denote postcode and year-month fixed effects. T-stats are based on standard errors doubled-clustered
by postcode and year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%,
and 10% level.
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Table 10: Tests of Herding Behavior Based on Bidding Data

Panel A: Jumps and Bids
OLS OLS Logit

Jump 0.087∗∗∗ 0.063∗∗∗ 0.383∗∗∗

(28.59) (16.14) (5.37)
Bid Order -0.002∗∗∗ 0.000

(-10.80) (0.43)
Controls No No Yes
Auction FE Yes Yes No
R-Square adj 0.033 0.052 0.023
N 105,670 105,670 105,670

Panel B: Frequency of Jumps
J>2% J>AUD25,000 J>$50,000

IAfter -0.048∗∗ -0.056∗∗∗ -0.081∗∗∗

(-2.25) (-5.43) (-6.19)
Controls Yes Yes Yes
Postcode FE Yes Yes Yes
R-Square adj 0.085 0.202 0.137
N 7,002 7,002 7,002

Panel A displays coefficient estimates (and associated t-stats) for the following regression:

NextBidk,n = γJk,n−1 + δn+ ak + uk,n

where NextBidk,n is a dummy variable equal to 1 if auction k continues (there are further, higher bids)
after the nth bid, Jk,n−1 is a dummy variable equal to one if the previous bid represents an incremental
jump (defined as an increment in the bid amount larger than 2%), and ak is an auction fixed-effect.
In the the third column, we estimate a logit model instead of a linear probability model, and replace
the auction dummy with a vector of controls including the log of the first bid price and dwelling
characteristics (number of bedrooms, bathroom, parking spots and dwelling type). T-stats are based
on doubled-clustered standard errors by auction and year-month, and the sample is restricted to bids
from auctions that received at least 4 bids.

Panel B displays coefficient estimates (and associated t-stats) for the following regression:

Ji = γAfterIi,After + BXi + apost + ui

where Ji is a dummy equal to one if in auction i there is at least one “jump” between consecutive
bids, defined either as an increment in the bid amount larger than 2% (first column), an AUD 25,000
increment (second column) or an AUD 50,000 increment (third column); Ii,After denotes a dummy
variable equal to one if property i is auctioned after the adoption of the underquoting law, Xi is a
vector of controls including dummies for the number of bedrooms, bathrooms, parking spots, whether
the property is an apartment unit, and the log of the first bid amount. T-stats are based on doubled-
clustered standard errors by postcode and year-month. Coefficients marked with ***, **, and * are
significant at the 1%, 5%, and 10% level.
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Appendix for Online Publication:

Cooling Auction Fever: Underquoting Laws in the

Housing Market
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A Additional Figures and Tables
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Figure A.1: This Figure displays the (binned) scatterplot of the fraction of auction listings (out of all

listings) on weekly average household income (from the 2016 Census), both measured at the postcode

level. The top (bottom) sub-figure is based on postcodes located in New South Wales (Victoria). The

blue circles (red triangle) refer to the year before (after) the reform, while the solid lines depict a line

of best fit estimated using Ordinary Least Squares.
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Table A.1: Comparison Between Auction Sales in BidTracker and Corelogic.

Panel A: BidTracker
N Obs Mean Median St.Dev

Bedrooms 7,064 3.08 3.00 1.05
Bathrooms 7,064 1.66 2.00 0.76
Park-spots 7,064 1.60 2.00 1.00
Sales Price 4,437 $ 1,205,892 $ 1,041,000 $ 689,645
IHouse 7,064 0.79 1 0.41

Panel B: Corelogic
N Obs Mean Median St.Dev

Bedrooms 73,146 3.01 3.00 0.98
Bathrooms 72,971 1.64 2.00 0.73
Park-spots 69,936 1.78 2.00 0.92
Sales Price 66,199 $ 1,035,784 $ 840,000 $ 703,362
IHouse 73,608 0.68 1 0.47

This Table reports the mean, median and standard deviation of characteristics and sales prices for the
auction sales available in the bids dataset provided by BidTracker, and in the listings data provided
by Corelogic. All statistics are for the state of Victoria, and for the period from May 2016 to May
2018.
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Table A.2: Average Price of Comparable Sales (‘000)

Months Size Dist Match Mean Median Std P10 P25 P75 P90
New South Wales

3.00 25.00 1.00 3.00 606.09 525.00 392.64 277.00 384.83 703.33 980.00
3.00 25.00 1.50 3.00 615.33 531.17 398.42 281.67 390.00 711.21 1,001.67
3.00 25.00 2.00 3.00 619.22 533.00 397.91 285.00 392.50 713.33 1,018.33
3.00 50.00 1.00 3.00 606.64 523.33 396.54 275.00 382.50 703.67 990.00
3.00 50.00 1.50 3.00 613.77 528.33 401.01 279.67 387.33 710.00 1,004.25
3.00 50.00 2.00 3.00 616.58 530.00 399.77 282.50 389.67 710.00 1,013.00

Victoria
3.00 25.00 1.00 3.00 579.20 503.17 349.69 260.67 360.17 681.67 977.67
3.00 25.00 1.50 3.00 590.50 509.00 360.80 263.33 363.33 696.00 1,016.67
3.00 25.00 2.00 3.00 595.09 511.67 364.54 265.50 364.17 701.50 1,026.67
3.00 50.00 1.00 3.00 584.59 504.33 357.99 261.00 360.00 688.83 1,000.00
3.00 50.00 1.50 3.00 593.21 509.00 366.57 263.00 362.48 700.43 1,024.33
3.00 50.00 2.00 3.00 596.19 511.00 370.06 265.00 363.33 703.50 1,030.00

This Table displays the distribution of the average price of comparable sales, Pmatch, for all listings
in our dataset (covering the period from January 2015 through May 2018), and separately for New
South Wales and Victoria. The matching criteria are months (maximum difference between the time
the listing was posted online and the time when the comparable sales took place), size (maximum
difference in size between the listed and the comparable property, in squared meters), distance
(maximum distance between the listed and the comparable property, in kilometers), number of
matches (maximum number of comparables selected). All selected comparables have the same number
of bedrooms as the listed property. For houses, comparables have to be houses, for apartments,
comparables have to be apartments. Moreover, comparables cannot have more than one additional
or one less bathroom than the listed property. In calculating Pmatch, we sort comparable sales based
on how similar they are to the listing, based on the matching criteria listed above and the difference
in the number of bathrooms. We then select a number of comparables equal to the desired number
of matches. If the number of comparable sales that satisfy the matching criteria is smaller than the
number of matches, we select only the comparable sales that satisfy the criteria.
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Table A.3: Changes in Fraction of Auctions By Postcode Around the Introduction of the Laws

Panel A: Panel B:
New South Wales Victoria

IAfter 0.005 -0.114 0.013 -0.239
(0.34) (-0.47) (0.80) (-0.65)

Income 0.455∗∗∗ 0.447∗∗∗ 0.514∗∗∗ 0.496∗∗∗

(26.44) (19.82) (19.58) (13.75)

IAfter × Income 0.016 0.035
(0.47) (0.67)

α 0.183∗∗∗ -3.095∗∗∗ -3.038∗∗∗ 0.199∗∗∗ -3.463∗∗∗ -3.343∗

(19.08) (-25.51) (-19.24) (16.96) (-18.85) (-13.26)
R2-adj 0.001 0.435 0.434 0 0.250 0.250
Nobs 1195 1194 1194 1296 1292 1292

This Table displays coefficient estimates (and associated t-stats) for the following regression equation:

%Auctionsj,y = α+ β ∗ Incomej + γ ∗ Ij,After + δ ∗
(
Ij,After × Incomej

)
+ uj,y

where %Auctionsj,y denotes the fraction of auction listings out of all listings in postcode j measured
in year y, equal to either the year before or the year after the reform; Ij,After is a dummy variable
equal to one in the year after the reform and zero otherwise; Incomej is the (log of) the average
weekly household income in postcode j according to the 2016 Australian Census. Coefficients marked
with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table A.4: Annual Price Growth

Year New South Wales Victoria
House Unit House Unit

2005 0.77 -2.13 5.02 1.93
2006 1.72 -0.63 5.04 3.60
2007 5.49 5.38 12.92 15.27
2008 -3.97 -1.23 0.14 0.09
2009 9.12 9.78 11.80 13.64
2010 3.68 5.58 8.57 6.45
2011 0.33 1.06 -1.77 -4.73
2012 1.24 2.06 0.25 0.63
2013 8.39 10.04 5.49 4.20
2014 9.05 9.68 5.76 3.34
2015 9.09 9.09 8.53 4.94

Average 4.08 4.42 5.61 4.48

This Table displays annual price growth, over the period from 2005 to 2015, calculated using repeated
sales indexes for houses and apartment units in New South Wales and Victoria.
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Table A.5: The Effects of the Law in New South Wales: Six Months Windows

Underquoting
IAfter × IAuction 0.078∗∗∗ 0.080∗∗∗ 0.045∗∗∗ 0.047∗∗∗

(10.20) (9.99) (5.53) (5.70)
IAfter × INo Auction 0.033∗∗∗ 0.033∗∗∗

(7.56) (7.89)
IAuction -0.073∗∗∗ -0.068∗∗∗ -0.072∗∗∗ -0.067∗∗∗

(-7.21) (-6.86) (-7.24) (-6.90)
R-Square adj 0.056 0.088 0.056 0.089
N 39315 39315 39315 39315

Sales Price
IAfter × IAuction 0.027∗∗ -0.031∗∗ 0.013 -0.010

(2.83) (-2.79) (1.10) (-1.22)
IAfter × INo Auction 0.014∗ -0.019∗∗∗

(1.84) (-4.22)
IAuction 0.178∗∗∗ 0.082∗∗∗ 0.178∗∗∗ 0.080∗∗∗

(15.27) (12.34) (15.12) (12.60)
R-Square adj 0.649 0.969 0.649 0.969
N 72093 56454 72093 56454
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes

This Table displays coefficient estimates (and associated t-stats) for the following regressions, estimated over
the sample of properties listed from six months before through six months after the introduction of the law in
New South Wales:

yi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

yi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where yi denotes either the difference between log listing price and the log average price of comparable sales, or
the log sales price. Ii,Auct denotes a dummy equal to one if property i is listed for sale at an auction and zero
otherwise, Ii,After denotes a dummy equal to one if property i is listed after the adoption of the underquoting
law; Xi is a vector of controls including dummies for the number of bedrooms, bathrooms, parking spots,
whether the property is an apartment unit, whether it has a pool, and finally the log of property size; when
the dependent variable is the log sales prices, Xi also includes the log listing price; apost and aym denote
postcode and year-month fixed effects. T-stats are based on doubled-clustered standard errors by postcode and
year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table A.6: The Effects of the Law in Victoria: Six Months Windows

Underquoting
IAfter × IAuction 0.035∗∗∗ 0.033∗∗∗ 0.021∗∗ 0.020∗∗

(6.09) (6.37) (2.71) (2.75)
IAfter × INo Auction 0.013∗∗ 0.012∗∗

(2.48) (2.36)
IAuction -0.072∗∗∗ -0.064∗∗∗ -0.073∗∗∗ -0.065∗∗∗

(-9.72) (-8.83) (-9.26) (-8.54)
R-Square adj 0.087 0.111 0.088 0.111
N 34122 34122 34122 34122

Sales Price
IAfter × IAuction 0.041∗∗ -0.042∗∗∗ -0.013 -0.039∗∗∗

(2.66) (-7.74) (-1.24) (-6.97)
IAfter × INo Auction 0.055∗∗∗ -0.003

(3.56) (-0.84)
IAuction 0.095∗∗∗ 0.109∗∗∗ 0.092∗∗∗ 0.109∗∗∗

(7.84) (15.91) (7.70) (16.38)
R-Square adj 0.720 0.970 0.722 0.970
N 55110 45622 55110 45622
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes

This Table displays coefficient estimates (and associated t-stats) for the following regressions, estimated over
the sample of properties listed from six months before through six months after the introduction of the law in
Victoria:

yi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

yi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where yi denotes either the difference between log listing price and the log average price of comparable sales, or
the log sales price. Ii,Auct denotes a dummy equal to one if property i is offered for sale at an auction and zero
otherwise, Ii,After denotes a dummy equal to one if property i is listed after the adoption of the underquoting
law; Xi is a vector of controls including dummies for the number of bedrooms, bathrooms, parking spots,
whether the property is an apartment unit, whether it has a pool, and finally the log of property size; when
the dependent variable is the log sales prices, Xi also includes the log listing price; apost and aym denote
postcode and year-month fixed effects. T-stats are based on doubled-clustered standard errors by postcode and
year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10% level.
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Table A.7: The Effects of the Laws in New South Wales: Excluding the Month of Reform

Underquoting
IAfter × IAuction 0.062∗∗∗ 0.063∗∗∗ 0.025∗∗∗ 0.027∗∗∗

(8.74) (8.31) (3.26) (3.34)
IAfter × INo Auction 0.036∗∗∗ 0.036∗∗∗

(10.87) (11.28)
IAuction -0.063∗∗∗ -0.059∗∗∗ -0.062∗∗∗ -0.059∗∗∗

(-8.30) (-8.07) (-8.21) (-7.99)
R-Square adj 0.054 0.086 0.055 0.086
N 70634 70634 70634 70634

Sales Price
IAfter × IAuction 0.071∗∗∗ -0.036∗∗∗ 0.011 -0.018∗∗

(4.81) (-3.11) (1.09) (-2.11)
IAfter × INo Auction 0.061∗∗∗ -0.018∗∗∗

(4.84) (-4.15)
IAuction 0.192∗∗∗ 0.089∗∗∗ 0.190∗∗∗ 0.089∗∗∗

(15.56) (14.35) (15.28) (15.03)
R-Square adj 0.648 0.969 0.649 0.969
N 135616 107884 135616 107884
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes

This Table displays coefficient estimates (and associated t-stats) for the following regressions, and for the
sample of properties first listed in New South Wales from one year before through one year after the law, but
excluding properties listed during the month in which the law went into action:

yi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

yi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where yi denotes either the difference between log listing price and the log average price of comparable sales,
or the log sales price. Ii,Auct denotes a dummy variable equal to one if property i is offered for sale at an
auction and zero otherwise, Ii,After denotes a dummy variable equal to one if property i is listed after the
adoption of the underquoting law; Xi is a vector of controls including dummies for the number of bedrooms,
bathrooms, parking spots, whether the property is an apartment unit, whether it has a pool, and finally the log
of property size; when the dependent variable is the log sales prices, Xi also includes the log listing price; apost
and aym denote postcode and year-month fixed effects. T-stats are based on doubled-clustered standard errors
by postcode and year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10%
level.
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Table A.8: The Effects of the Laws in Victoria: Excluding the Month of Reform

Underquoting
IAfter × IAuction 0.045∗∗∗ 0.044∗∗∗ 0.040∗∗∗ 0.039∗∗∗

(8.37) (8.32) (4.81) (4.74)
IAfter × INo Auction 0.005 0.004

(1.09) (0.89)
IAuction -0.084∗∗∗ -0.077∗∗∗ -0.085∗∗∗ -0.078∗∗∗

(-11.04) (-9.78) (-10.66) (-9.53)
R-Square adj 0.085 0.108 0.086 0.109
N 62066 62066 62066 62066

Sales Price
IAfter × IAuction 0.084∗∗∗ -0.056∗∗∗ -0.034∗∗∗ -0.063∗∗∗

(4.90) (-9.99) (-3.05) (-9.54)
IAfter × INo Auction 0.122∗∗∗ 0.007

(7.08) (1.44)
IAuction 0.110∗∗∗ 0.124∗∗∗ 0.104∗∗∗ 0.123∗∗∗

(10.72) (17.30) (10.25) (17.09)
R-Square adj 0.711 0.965 0.714 0.965
N 103224 85875 103224 85875
Additional Controls No Yes No Yes
Postcode FE Yes Yes Yes Yes
Year-Month FE No No Yes Yes

This Table displays coefficient estimates (and associated t-stats) for the following regressions, and for the
sample of properties first listed in Victoria from one year before through one year after the law, but excluding
properties listed during the month in which the law went into action:

yi = δ (Ii,After × Ii,Auct) + θ (Ii,After × Ii,NoAuct) + γIi,Auct + BXi + apost + vi (Columns 1 & 2)

yi = δ (Ii,After × Ii,Auct) + γIi,Auct + BXi + apost + aym + ui (Columns 3 & 4)

where yi denotes either the difference between log listing price and the log average price of comparable sales,
or the log sales price. Ii,Auct denotes a dummy variable equal to one if property i is offered for sale at an
auction and zero otherwise, Ii,After denotes a dummy variable equal to one if property i is listed after the
adoption of the underquoting law; Xi is a vector of controls including dummies for the number of bedrooms,
bathrooms, parking spots, whether the property is an apartment unit, whether it has a pool, and finally the log
of property size; when the dependent variable is the log sales prices, Xi also includes the log listing price; apost
and aym denote postcode and year-month fixed effects. T-stats are based on doubled-clustered standard errors
by postcode and year-month. Coefficients marked with ***, **, and * are significant at the 1%, 5%, and 10%
level.

10



Table A.9: Statistical Diagnosis of Unobservable Characteristics

(1) (2) (3) (4)
New South Wales Victoria

Underquoting Sales Price Underquoting Sales Price

Treatment Coefficient IAfter × IAuct IAfter × IAuct IAfter × IAuct IAfter × IAuct

δ -0.595 -4.695 1.942 -10.807

Coeff. Short 0.026 0.026 0.039 -0.020
R-square Short 0.061 0.627 0.093 0.716
Coeff. Long 0.028 -0.019 0.039 -0.061
R-square Long 0.093 0.969 0.116 0.966

The Table reports the value of δ (based on the Oster (2019) test described in Section 6.2) that
would make the unbiased estimate of the treatment coefficient equal to zero. The Table also reports
estimates of the treatment coefficients and R-squares for the “short” and “long” regressions. The
long regressions follow the same specification as equation 4:

yi = γAfter×Auct (Ii,After × Ii,Auct) + γAuctIi,Auct + BXi + apost + aym + ui

The regression is estimated over the sample of properties first listed from one year before through
one year after the law. yi denotes either the difference between log listing price and the log average
price of comparable sales (underquoting, in columns 1 and 3), or the log sales price (in columns 2
and 4). Ii,Auct denotes a dummy equal to one if property i is offered for sale at an auction and zero
otherwise, Ii,After denotes a dummy variable equal to one if property i is listed after the adoption
of the underquoting law; Xi is a vector of controls including dummies for the number of bedrooms,
bathrooms, carspots, whether the property is an apartment unit, whether it has a pool, log size, and
log listing price when yi is the log sales price; apost and aym denote postcode and year-month fixed-
effects. The short regressions only include the interaction term (Ii,After× Ii,Auct), the auction dummy
(Ii,Auct) and postcode and year-month fixed effects (apost and aym).
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B Could Uninformed Buyers Learn of Underquoting?

In this Section, we use a simulation exercise to explore the problem faced by an uninformed

buyer, who is learning the extent of underquoting from the listing data. This exercise mimics

the challenge faced by a buyer who is trying to gauge the full extent of underquoting while

browsing auction listings. We model the buyer as a Bayesian learner, who is calculating the

difference between the listing price and an estimate of fair market value (average sales price of

comparables, selected using the algorithm described in Section 4) for each listing she visits, and

who is then updating her posterior belief on the mean of underquoting in the data. The buyer

is uninformed on underquoting, in the sense that her prior belief of the mean of underquoting

is centered at zero. In other words, her prior is that on average listing prices should be aligned

with fair market values. The buyers’ belief is Normally distributed, and depending on the

standard deviation of her prior belief, she might attach a different probability to the mean of

underquoting being of a magnitude at least as large as the one in the data.

We consider three different cases. First, a buyer who has a very tight prior, with standard

deviation of her prior belief equal to 2.5%. This implies that she attaches a negligible probability

to the mean of underquoting being equal or below -10%. This first case represents a buyer with

cognitive inertia, a behavior that has been documented for households both in the US and

Europe.32 Second, we consider a buyer who believes that mean underquoting of the same

magnitude as what is found in the data (-10%) is a “border-line” scenario. It is convention to

use intervals with 95% coverage in hypothesis testing, therefore we construct the beliefs of the

second buyer in a way that the prior standard deviation is 5%, which means that the buyer

approximately attaches 2.5% probability to the mean of underquoting being at least as low as

-10%. Finally, the third case is the one of a buyer who has a very dispersed or “uninformative”

prior. The standard deviation of her belief is 15%, which means that she attaches a 25%

32Empirical work has documented household inertia, most notably for what concerns mortgage refinancing
decisions, both using data from the US and Northern Europe (see Agarwal, Rosen, and Yap, 2016, Keys, Pope,
and Pope, 2016 and Andersen et al., 2020).
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probability to mean underquoting being at least as low as -10%.

In our framework, the buyer is learning both the mean and the dispersion of underquoting

in the data. This is the case of Normal-Gamma conjugate inference, described in the following

Appendix C. We believe that this case captures the learning process of the buyer, since she

is not likely to know any of the features of the distribution of underquoting before starting

her search. Figure B.1 shows the evolution of the average posterior mean, as the number of

visited listings increases, separately for New South Wales (left subfigure) and Victoria (right

subfigure).33 The solid line represents the evolution of the posterior mean for the buyer who has

prior beliefs that mean underquoting of at least 10% represents a border-line (2.5% probability)

scenario. The results indicate that learning is slow, since the posterior mean shifts from 0%

to -5% only after approximately 80 listings have been visited, both in New South Wales and

Victoria.

Note that the buyer in our simulation can easily perform comparables valuation, since she is

endowed both with knowledge of the full set of transactions in her state, and with an algorithm

that automatically selects relevant comparables. However, a prospective buyer in New South

Wales or Victoria would have to perform her own search and screening of comparable sales,

devoting time and effort to the process. Under the assumption that 20 minutes are allocated

to selecting comparables for each listing, our simulation exercise suggests that a buyer with

border-line prior belief would have to invest 25 hours of her time to shift the mean belief

on underquoting from 0% to -5%. Moreover, the buyer would not learn the full extent of

underquoting even after visiting 200 listings (67 hours). Figure B.1 also reports the evolution

of the posterior mean for the other two cases, corresponding, respectively, to cognitive inertia

and to uninformative prior beliefs. After visiting 200 listings the buyer with cognitive inertia

believes that the mean of underquoting is only -4%. The buyer with uninformative prior beliefs,

33To model the match between buyers and listings, we pool all listings of houses to be sold at auction posted
in the year before the introduction of the underquoting laws in each state (New South Wales or Victoria), and
randomly match the buyer with listings. We can then construct random sequences of listings visited by the
buyer. For each one of the three buyer’s prior beliefs described above, we let the buyer explore a sequence of
200 listings, and simulate 5,000 different paths. Figure B.1 reports averages across all simulated paths.
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who is the fastest at updating her views, sees her posterior belief on the mean of underquoting

reach -5% after visiting 10 listings, and -8% after visiting 30 (in Victoria) or 40 (in New South

Wales) listings. However, this is still equivalent to more than 25 hours of time invested in the

analysis. Thus, even a buyer who is learning at a fast pace would need to allocate substantial

time to fully gauge the magnitude of underquoting in the data.
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Figure B.1: This Figure displays the evolution of the posterior mean belief on the mean of underquoting, for buyers who have prior

beliefs with mean (µ0) equal to zero and standard deviation (σ0) equal to 2.5%, 5% and 15%. Buyers update their posterior beliefs by

observing underquoting for individual listings. We randomly match buyers with listings posted in the year before the law in New South

Wales (left) and Victoria (right). The lines show the evolution, as the number of visited listings increases, of the averages posterior

mean across 5,000 simulated paths.
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C The Buyer’s Learning Problem (Section B)

In this Section, we present the learning framework for the uninformed buyer, introduced in

Section B. First, we consider the more basic case of Normal-conjugate inference. In this case,

the buyer has a Normal prior on the mean of underquoting, θ. The prior belief is that θ ∼

N (µ0, σ
2
0). The buyer then visits listings and, for each listing, she calculates underquoting yn,

with n = 1, ..., N . The buyer recursively updates her beliefs after each listing visit as follows:

µn = µn−1 +
Cn−1

Cn−1 + σ2
(yn − µn−1)

Cn =
s2Cn−1
s2 + Cn−1

where C0 = σ2
0, and s2 is the variance of underquoting across listings, which we set equal to

the sample variance in the data for each state (New South Wales and Victoria). The posterior

belief after observing n listings is θ ∼ N (µn, Cn). Note that this first framework relies on the

simplifying assumption that the buyer knows the dispersion of underquoting.

To remove the simplifying assumption, we develop a second framework, in which the buyer is

learning both mean and standard deviation of underquoting. This case corresponds to Normal-

Gamma conjugate inference, and is the one reported in Figure B.1. In the Normal-Gamma

conjugate model, the prior belief on the inverse of the variance of underquoting across listings

follows a Gamma distribution: φ2 ∼ G (a0, b0). Then, the prior belief on the mean of under-

quoting has a Student’s t distribution: θ ∼ T (µ0, σ
2
0, d), where d is the number of degrees of

freedom. The standard deviation and degrees of freedom of the distribution are parametrized

as σ2
0 = (n0a0/b0)

−1 and d = 2a0. We choose n0, a0 and b0 so that: (1) the prior on the standard

deviation of underquoting (1/φ) has mean of 45%, which is roughly twice the sample estimate

in the data, (2) the prior standard deviation of mean underquoting matches either one of the

different cases that we consider in the main body of the paper (σ0 equal to 2.5%, 5% and 15%).
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As she visits listings, the buyer updates her beliefs using the following recursions:

µn = µn−1 +
1

nn−1 + 1
(yn − µn−1)

nn = nn−1 + 1

an = an−1 +
1

2

bn = bn−1 +
1

2

nn−1
nn−1 + 1

(yn − µn−1)2

The posterior belief on mean underquoting after inspecting n listings is:

θ ∼ T
(
µn, (1 + nn) (n0a0/b0)

−1 , 2an
)
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