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1. Introduction

In 2004 and 2005, house prices and sales both surged in the United States. In 2006, a sharp and dramatic

downturn—the largest decline in the post-war period by some measures—triggered the onset of the

Great Recession. This paper investigates house trading patterns from the slump just before the Great

Recession, into the eventual recovery, and on until the start of the COVID-19 pandemic. The paper

contributes to the literature by first assembling and documenting a variety of standard as well as less

familiar empirical regularities. It then assesses the viability of the stock-flow matching framework in

generating the volatility, co-movement, persistence, and duration dependence observed in the housing

market during this time period.

As expected, sales, new listings, inventories, time-to-sale, and average price all exhibit a pronounced

and dramatic slump in 2006. Recovery begins from 2011 and takes off in 2012. Similarly, the probability

a house sells conditioned on how long it has been for sale falls and recovers with the other market

variables. Prices broken down by the time-on-the-market when the sale occurs behave in the sameway.

The more novel finding is that there are clear and distinct differences between immediate trade

and trade after a more prolonged spell of listing. At any given point in time during the slump and

recovery cycle, the probability of a house selling within the first two weeks of being listed is higher

than the probability of a house selling after it has been listed longer. Moreover, as time progresses,

the probability of a quick sale and the accompanying price both recover from the slump sooner, faster,

and more prominently than sales with durations longer than two weeks. Once the recovery takes hold,

the hazard function thus displays substantial and growing duration dependence as the drop in the

likelihood of trade after only two weeks becomes more prominent. The average price for the shortest

duration is likewise out of sync with the average prices for other durations.

The challenge of accounting for the behaviour of these housing market variables in a plausible,

tractable, and coherent framework is substantial. The housing market is notoriously difficult to repli-

cate. The aim here is to consider the prospects of a specific framework—stock-flowmatching—inwhich

flows of entering traders match and exchange with the stocks of previously unsuccessful traders on the

other side of the market. As in competitive or directed search models, stock-flow matching (see Taylor

1995; Coles and Smith 1998; Coles and Muthoo 1998; Lagos 2000) assumes that buyers and sellers do

not search randomly. Instead, market participants have a good idea about where to look for suitable
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partners because they can consult with intermediaries such as real estate agencies and websites. Un-

like competitive search, however, buyers and sellers in the stock-flow framework trade in precise and

distinct markets, differentiated by location and other features. Although the trading platforms provide

information on a wide variety of opportunities, traders look for very specific characteristics. In the

housing market, multiple markets exist in a local geographic region as buyers seek a combination of

rooms, acreage, schools, amenities and so on.

As buyers and sellers in the stock-flowmodel randomly come and go in each particularmarket, their

numbers fluctuate so that traders can be on either the long or the short side of their precise market. If

lucky, an entrant is on the short side and finds one ormore options immediately available. Thus trade in

this case occurs quickly. If the entrant is unlucky and is on the long side, there are no potential partners

immediately at hand. In the event that no partners currently exist, the entrant becomes a part of the

stock of traders and must wait to match with the flow of potential partners entering the market. The

distinction between trades on the long and on the short side in the stock-flow matching thus produces

duration dependence in the probability of a sale, a key feature of the data.

This stock-flowmicrostructure of dynamic trade in differentiated goods embeds several compelling

features associated with the housing market. It also provides a plausible mechanism for stochastically

generating time-to-sale as the long side of the market waits for the arrival of traders on the short side.

To generate a cyclical slump and recovery, this paper incorporates a sudden reduction in the entry rate

of buyers. Although some sellers avoid entering themarket after this shock hits, moremotivated sellers

none the less enter faster than buyers. Inventories thus accumulate as listings exceed buyer entry. As

sellers compete harder for scarce buyers, the likelihood of trade for any seller drops alongwith the price,

but especially so for sellers who just entered. The drop is larger for sellers who just enter, as the inflow

of new houses quicklymops up pre-existing buyers to dramatically curtail immediate trades. When the

downturn ends, buyer entry picks up but seller entry does not fully resume until inventories eventually

clear. Stock and flow sellers both experience faster trades and higher prices, but not in tandem as they

face different trading conditions.

How well does the stock-flow model with aggregate shocks perform? Using a small set of param-

eters, simulations reveal that the model is consistent to a large extent with the familiar as well as the

duration dependent housing market outcomes outlined above. It captures much of the level, variation,
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shape, and timing of listings, sales, inventories, time-on-the-market, and average price over the cycle.

Themore fundamental contribution is to establish that with only two aggregate states (slump and pros-

perity), the simulated stock-flowmodel can generate differential responses over time in short and long

duration trades similar to the empirical findings in the selling probability and the prices conditioned

on duration.

The rest of the paper is organized as follows. The next section reviews the literature and provides

background for the contributions of this paper. Section 3 describes the data and documents the empiri-

cal findings. Section 4 briefly outlines the stock-flowmodel and discusses its trading outcomes. Section

5 simulates the model and compares the simulation results with empirical findings in the data. Section

6 concludes with a discussion.

2. Related Literature

Beginning with Wheaton (1990), the application of search frictions to housing markets initially ad-

dressed three broad empirical regularities that revolved around price fluctuations.

• Housing cycles occur—there is short run positive serial correlation in prices but mean reversion

in the long run (Case and Shiller 1997; Muellbauer and Murphy 1997).

• There is excess volatility in prices and quantities relative to fundamentals (Shiller 1982; Glaeser

et al. 2014).

• Price and sales exhibit positive correlation, while price and seller time-on-market exhibit negative

correlation (Stein 1995; Krainer 2001; Glaeser et al. 2014).

Recent research documents a wider set of stylized facts about the joint cyclical properties of key

housing market variables, namely sales, new listings, time-to-sell, the stock of houses for sale, and, of

course, house prices. Ngai and Sheedy (2022) document that these variables are all highly volatile and

highly correlated.1 Other research documents that non-negligible residual price dispersion co-exists

with these regularities.2

1They find that listings are slightly more volatile than sales and significantly more volatile than prices. Listings are also
strongly positively correlated with sales and prices, negatively correlated with time-to-sell.

2See Merlo and Ortalo-Magné (2004) on UK data, Leung et al. (2006) on Hong Kong data, de Wit and van der Klaauw
(2013) on Dutch data, and Drenik et al. (2019) on Spanish data, Rekkas et al. (2021) on Canadian data, and the numerous
studies of hedonic price regressions.
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The initial three and the more recent set of empirical regularities are broadly, but not completely,

consistent with searchmodels of housingmarkets. Han and Strange (2015) observe that while the basic

pairwise random matching model can tie booms and busts in the housing market to macroeconomic

volatility and thereby generate some of these stylized facts in response to external shocks, it struggles

to fully explain both persistence and excess price volatility, even when the model allows for a variety

of amplification mechanisms.3 For example, Krainer (2001) specifies aggregate demand shocks and

demonstrates a positive correlation in prices, sales, and speed of sale. House price volatility in Krainer

(2001), however, is lower than aggregate volatility—changes in time to sell respond aswell to aggregate

shocks and absorb some of the market-wide variation.

Novy-Marx (2009) obtains amplification and generates excess volatility through an endogenous

market tightness response to aggregate demand shocks. Increased demand for houses (say from rising

incomes) enables sellers to trade faster. Fewer houses are thereby available next periodwhich then leads

to a further price rise and amplification of the shock. A limited supply side response generates amarket

tightness feedbackmechanism that amplifies demand shockswhilemaintaining co-movement in prices,

sales and selling probabilities across steady states. Díaz and Jerez (2013) add aggregate supply shocks

to the Novy-Marx insight and quantify the feedback mechanisms. They find that amplification and

propagation are more pronounced in a competitive directed search environment than under random

search. Head et al. (2014) likewise calibrate a directed search model to explore the dynamics of house

prices, sales, construction, and the entry of buyers in response to city-specific income shocks. Their

model, which incorporates Wheaton (1990)’s insight of the joint buyer-seller problem, quantitatively

accounts for a large share of house price variation driven by income shocks and approximately half the

serial correlation in house price growth. Head et al. (2014) focus on the role of transitional dynamics of

prices and construction of newhomes in response to shocks. They also allow for the turnover of existing

homes. Ngai and Sheedy (2020), Ngai and Sheedy (2022), Moen et al. (2021), andAnenberg and Ringo

(2022) likewise emphasize the importance of the moving decision—to simultaneously sell the current

house and buy a new one—in propagating and amplifying external shocks. Concentrating on price

volatility, Arefeva (2020) demonstrates that both the prevalent dynamic random and directed search
3Han and Strange (2015) also note that our understanding of the mechanics of housing auctions in dynamic settings with

search frictions is very limited. Although biddingwars are common in practice, price determination inmostmatchingmodels
with frictions derives from one-to-one bargaining. The stock-flow matching approach adopted here addresses this concern.
See also Arefeva (2020).
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models with bargained prices cannot explain price volatility but incorporating auctions substantially

increases volatility.4

Given this picture of the housing search literature, the first fundamental contribution of this paper

is to augment the already established empirical regularities by documenting the distinct behaviors of

long-termand short-term sellers over the business cycle. The second significant contribution establishes

that the stock-flow framework provides a useful model for framing and replicating this distinction over

the bust and boom between 2006 and 2019. A number of search and matching studies of the housing

markets treat the aggregate housing stock as fixed, and/or consider only steady states.5 As in Head

et al. (2014) and Ngai and Sheedy (2022), the model in this paper incorporates not only endogenous

entry but also aggregate booms and busts from shocks to the trading environment.

The data sources used here unfortunately do not contain buyer information that has helped assess

the performance of stock-flow matching in other contexts. For instance, in labor market studies, the

validation of the model has primarily come from gauging the trading patterns—the quantities—on

both sides of the market. Labour market information regarding the number of vacant jobs and job

seekers drives themovements over time in the hazard functions.6 Without information onhouse buyers,

this sort of evaluation of hazard functions is not available here. On the other hand, new comparisons

are available. Observed sale prices based on high quality data cover new territory in the quantitative

evaluation of stock-flow matching. Whereas wages are not reliably available for high frequency data

flows, observed sale prices are available in the housing data and provide an alternative perspective on

assessing the merits of the stock-flow approach. The evidence for prices (broken down by duration)

over time supports stock-flow matching.
4Anenberg and Bayer (2020), Caplin and Leahy (2011), and Smith (2020b) all consider alternatives to the amplification

of external factors. They address the same set of empirical regularities that motivate the external amplification approach
but adopt a stationary environment. Anenberg and Bayer (2020) estimate a model in which the decision of homeowners to
jointly sell their existing house and buy a new one creates a coordination externality that leads to an alternative explanation
for endogenous booms and busts. Ngai and Tenreyro (2014) address seasonality in housing markets.

5See for exampleWheaton (1990); Krainer (2001); Albrecht et al. (2007); Head and Lloyd-Ellis (2012); Rekkas et al. (2021);
Gabrovski and Ortego-Marti (2021).

6Using employment spell data, Coles and Smith (1998) obtain compelling evidence in favor of stock-flowmatching behav-
ior. See also Gregg and Petrongolo (2005), Shimer (2007), Coles and Petrongolo (2008), Kuo and Smith (2009) and Andrews
et al. (2013). See Smith (2020a) for an overview of these results. Smith (2020b) and Gilbukh (2023) provide recent empirical
evidence from the property market for the stock-flow approach.
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3. Trading Patterns in the U.S. Housing Market

This section documents patterns in the volatility, co-movement, and persistence not only of standard

housing market measures—prices, sales, listings, inventories, and time to sale—but also for outcomes

broken down by duration—trading probabilities and prices by time on the market—over 2007-2019.

The variation, progression, and timing of the data establish the following key empirical findings:

• Aggregate data patterns of sales, new listings, inventories, days on market, and average price

are consistent with a pronounced and dramatic housing slump in 2006 and a sustained recovery

beginning in 2011 and taking off in 2012.

• The average duration on themarket for sold houses (completed spells) is shorter than the average

duration for unsold households (uncompleted spells) at any given point in time.

• A sharp distinction exists between sales that occur quickly and those that take longer. In particu-

lar:

– The probability of a house selling declines sharply after it has been listed for two weeks.

– The probability of a quick sale and the accompanying price both recover from the slump

sooner, faster, and more prominently than sales with durations longer than a month.

3.1 Data Sources

Confidential records from the data service CoreLogic provide detailed and comprehensive information

on individual house transactions that generate the variables of interest and represent the primary source

of data in this paper. CoreLogic gathers from regional realtor boards property-level information on

listing and sale dates, prices, location, and housing characteristics of properties for sale or for rent

acrossmuch of theUnited States from2006 onwards. CoreLogic standardizes these variables to improve

consistency across realtor boards. The coverage of these records is rather limited for the initial years.

Since then the coverage has expanded and as of 2014, the data capture around 56 percent of all active

listings nationwide. The analysis of CoreLogic data is restricted to 50metropolitan areas with a sizeable

population and with widespread coverage of available properties. The average size of the housing

stock for sale in each city over the sample period is used as the weight for the aggregation across cities.
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Appendix A provides more detailed data descriptions.

Given the limited coverage of CoreLogic early on, data from multiple complementary sources are

also presented, including the Case-Shiller price index, the National Association of Realtors (NAR), and

the on-line platform Redfin. The Case-Shiller price index is a well-known repeated-sales house price

index for single family homes. TheNARprovides long standingmonthly time series of the total number

of existing houses for sale and of the number of existing houses that sold. It does not, however, provide

publicly available data on listings, days on the market, and prices. Lastly, the on-line platform Redfin

provides a broader set of aggregate information on the housing market: monthly new listings counts,

inventories of houses for sale, house sale counts, the proportion of houses that sell within two weeks,

and the median days-on-market for sold homes, but all data are available from only 2012 onward.

3.2 Variables of Interest

Sales, Listings, Inventories, and DoM. The CoreLogic data generate a monthly panel of listings

(flows in), sales (flows out), inventories (unsold houses at the beginning of each month), days on

the market (DoM) of sold houses (average duration of completed spells), and DoM of unsold houses

(average duration of uncompleted spells) for single family homes and townhouses in the most active

US metropolitan areas.

Kaplan-Meier Statistics. Kaplan-Meier statistics distinguish house sales by duration on the market

or time to sale. In a given period 𝑡, the Kaplan-Meier statistic𝐾𝑑
𝑡 measures the probability that a house

on the market sells conditional on the DoM 𝑑 and is therefore the proportion of the successful sales

among the qualified houses for sale. In other words, it is the ratio of sold houses at date 𝑡with duration

𝑑 over the sum of sold and unsold houses on the market with the same duration 𝑑:7

𝐾𝑑
𝑡 =

Houses with 𝑑 sold in time period 𝑡

Houses on the market with 𝑑 in time period 𝑡
. (1)

In the empirical analysis, dates 𝑡 are months and durations 𝑑 are 15–day intervals of DoM. The Kaplan-

Meier statistic is computed for each duration interval up to 120 days, in each sample month, for each

metropolitan area. These estimates are then aggregated over cities to the national level.
7The conditional Kaplan-Meier statistic can be computed from a logit regression controlling for the same set of housing

characteristics as in equation (2) for the hedonic price regression. The resulting series are similar to the unconditional Kaplan-
Meier statistics.
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Hedonic Sale Prices. Hedonic sale prices—prices with controls for house characteristics—are con-

structed and examined in each city by duration or time to sale. Specifically, in each city, the log hedonic

price for house 𝑖with characteristics 𝑋𝑖,𝑡 at date 𝑡 is given by:

ln(𝑃𝑖𝑡) = Ω𝑋𝑖𝑡 +
∑︁
𝑑

𝜃𝑑𝑡𝐷
𝑑
𝑡 + 𝜁𝑧 + 𝛾𝑚 + 𝜖𝑖𝑡. (2)

𝑋𝑖𝑡 is a set of controls for housing characteristics, including the age of the house (and squared), num-

bers of bedrooms, baths and fireplaces, living area, and indicators for whether the property has a large

lot, has a pool, or is in distress (short-sale, REO, or foreclosure). 𝐷𝑑
𝑡 represents the duration category

dummy at date 𝑡 for duration 𝑑, where 𝑑 again goes from 1-15 days to 106-120 days in 15–day intervals.

The estimated coefficients for the duration category dummies generate prices broken down by dura-

tion conditional on average local housing characteristics. Additionally, the estimation also controls for

month-of-year (𝛾𝑚) and zip code (𝜁𝑧) fixed effects.

3.3 Empirical Findings

Comparing Overlapping Sources. The CoreLogic data overlap with the alternative data sources in

some areas thereby enabling comparisons for the relative strengths and limitations of the CoreLogic in-

formation. Table 1 reports the minimum, maximum, percentage change between minimum and maxi-

mum, and contemporaneous correlationwith price for the observed housing series. Whenever possible,

statistics from both the CoreLogic data and an alternative source are included.8 To remove contempo-

raneous seasonal movements, the series in this table are seasonally adjusted using a plus andminus six

month moving average.9 Figures 1 and 2 supplement the information in Table 1 by plotting the time

series of these variables.

The figures and table collectively demonstrate that sales, new listings, inventory, days on market,

and prices fromvarious sources (where they overlap) are largely consistentwith each other in their evo-

lution over time, persistence,10 and the correlations with prices. One discrepancy across data sources

is worth noting. The limited coverage of the CoreLogic data in the initial years yields lower housing
8The CoreLogic series are weighted by market size for the sample period.
9Prices coefficients are seasonally adjusted by construction.
10Autocorrelations for the variables in Table 1 are high. For the seasonally adjusted series, the autocorrelations are all above

0.99. In the non-seasonally adjusted series, Sales and listings exhibit considerable seasonality and hence the lowest autocor-
relations. The CoreLogic sales and listings autocorrelations are 0.841 and 0.769 respectively. The NAR sales autocorrelation
from 2007 is 0.756. The inventory-to-sales ratio is consequently the next lowest autocorrelation—CoreLogic 0.933 and NAR
0.914. The other remaining autocorrelations are all above 0.97.
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Table 1: Descriptive Statistics

Variable Source Min Max % change
max-min

Corr with
price

GDP (bn USD) 15,161.8 19,202.5 23.5 –

Sales CoreLogic 773.3 1,277.2 49.2 0.202
NAR 334,000 512,615 42.2 0.661
CoreLogic (2009-) 911.9 1277.2 33.4 0.921
NAR (2009-) 338,308 470,077 32.6 0.775

Listings CoreLogic 772.5 1260.1 48.0 0.235
NAR 285,000 535,846 61.1 0.669
CoreLogic (2009-) 937.5 1260.1 29.4 0.952
NAR (2009-) 285,000 464,692 47.9 0.764

Inventory CoreLogic 1971.7 2911.2 38.5 -0.676
NAR 1,725,385 3,736,154 73.6 -0.026
CoreLogic (2009-) 1971.7 2911.2 38.5 -0.901
NAR (2009-) 1,725,385 3,389,231 65.1 -0.645

Inventory/Sales CoreLogic 1.46 3.27 76.7 -0.405
NAR 3.15 9.68 101.7 -0.281
CoreLogic (2009-) 1.46 3.23 75.7 -0.915
NAR (2009-) 3.15 9.32 99.0 -0.673

Days on Market - Sales CoreLogic 52.2 101.0 63.7 -0.541
Redfin (2012-) 39.8 84.8 72.1 -0.962

Days on Market - Inventory CoreLogic 78.8 133.8 51.7 -0.810

1-15 Day Kaplan-Meier CoreLogic 0.147 0.380 88.7 0.326
Redfin (2012-) 0.305 0.398 26.7 0.890

31-45 Day Kaplan-Meier CoreLogic 0.138 0.250 57.8 0.407

Average Price CoreLogic 140,760 280,052 66.2 –
Case-Shiller (Real Index) 111.4 169.0 41.1 –

Notes:
1. All data are for Jan 2007–Dec 2019 unless otherwise noted. The full sample CoreLogic data is over 2006-2019
for sales and new listings and over 2007-2019 for the other variables. Redfin data are from 2012 onward and
exhibit less variation than over the full cycle.
2. All data variables are in monthly frequency, except for GDP, which is quarterly. GDP and the Case-Shiller
index are seasonally adjusted at source (FRED). The CoreLogic hedonic price regression includes month-of-year
dummies. Other monthly variables are seasonally adjusted by taking a ±6-month moving average.
3. Inventory is the value at the end of each month. The NAR sales are for existing home sales. The NAR listings
are computed from total houses for sale at the start of the month less houses sold in the month and less unsold
houses at the end of the month.
4. Average prices from CoreLogic are hedonic regression dollar values. The Case-Shiller price index is the real
national index, constructed using smoothed and seasonally adjusted nominal index and CPI data from FRED,
indexed at January 2005=100.
5. CoreLogic prices are conditional statistics derived from hedonic regressions following procedures outlined
in Appendix A. Correlation with price uses the conditional price series for variables from CoreLogic and the
Case-Shiller real index series for variables from non-CoreLogic sources.
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counts. As a result, data patterns before 2009 diverge between CoreLogic and the NAR. As seen in

panel (A) of Figure 1, CoreLogic sales and listings gradually increase from 2007 until 2009 whereas the

NAR counts fall consistently from early 2006 until 2009. After 2009, although sales and listings are still

lower in CoreLogic, they exhibit comparable month-over-month changes to the NAR data as shown in

Figure 1. Table 1 therefore includes sales and listings statistics from theNAR andCoreLogic for both the

full sample period and a sub-sample from 2009 onward.11 The table shows that for the post-2009 sub-

sample statistics for the sales and listings are comparable between CoreLogic and the NAR, confirming

patterns in panels (A)-(C) in Figure 1.

Aggregate Patterns. Table 1 and the two companion figures reveal the variability and co-movement

in the housingmarket over the sample period. Asmeasured by the percent changes betweenmaximum

and minimum values over this period, sales, listings, inventory, days on the market, the Kaplan-Meier

statistics (probability to sell), and prices all vary more from peak to trough than aggregate output.

Moreover, as expected, sales, listings, and the Kaplan-Meier statistics positively co-move with prices,

while inventory, the inventory-to-sales ratio, and days on the market negatively co-move with prices.

Figure 1 reveals that sales, new listings, inventories, the inventory-to-sales ratio, days on market,

and prices all exhibit a pronounced and dramatic housing slump in 2006 and a sustained recovery

taking off in 2012. In the figure, the monthly sales and listings of existing houses peak in 2006 and

decline dramatically in 2006 and throughout 2007. From 2008 onward, the NAR sales and listings are

essentially flat (with heightened variation in 2009-2010) until a sustained recovery begins in late 2011.

The subsequent recovery from 2012 forward in sales and listings occurs within two years but the NAR

series never fully recovers to the pre-slump high levels of sales and listings.

Panel (A) of Figure 1 further displays a minor rise and fall of sales and listings from 2009 until

midway through 2010, a pattern more pronounced in the NAR series. This temporary sub-cycle or

wobble (from the progression within the downturn) coincides with the onset and expiration of the

components of the American Recovery and Reinvestment Act of 2009 (Indiviglio 2011) aimed at stim-

ulating the housing market. Similar patterns are visible in inventories, prices, and (looking ahead) in

the Kaplan-Meier hazards. This temporary change is small, short-lived, and left out of the modelling

analysis in Section 5.
11The NAR inventories peak in October 2009 so a post-2009 series for inventories serves little purpose.
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End-of-month inventories plotted in panel (B) of Figure 1 accumulate (decumulate) if listings are

greater (less) than sales. The NAR listings exceed sales until 2008 whereas CoreLogic listings exceed

sales until mid 2011. As a result, the rise and fall of the two inventories series exhibit different timings

over the cycle. The NAR series peaks nearly two and a half years before the CoreLogic series, but its

more prominent decline after 2011 coincides with the timing of the CoreLogic decline. Despite the

uneven relationship in inventory levels, the CoreLogic and NAR inventory-to-sales ratios in panel (C)

mirror each other throughout the sample period.

Panel (D) in Figure 1 plots days on the market (DoM) for sold and unsold houses. Redfin’s season-

ally adjusted series for sold houses from 2012 onward aligns closely with the CoreLogic counterpart.12

Four observations emerge. First, the DoM for unsold homes steadily rises until 2012 and subsequently

declines. Second, overlooking the initial periods as inventories accumulate, DoM at the time of sale is

relatively flat (declining and rising marginally with the 2009-2010 Recovery Act policies) until the sus-

tained recovery begins in 2011. Third, at the outset of 2007—in themidst of the slowdown—the average

time on the market for sold and unsold houses are nearly equal to each other, an outcome consistent

with a constant (with respect to durations at that point in time) hazard function and often associated

with random matching. Lastly, as time progresses from 2007 the DoM for sold houses diverges from

that for unsold houses–predicting that the hazard function (at a point in time) becomes downward

sloping with respect to durations as found below in the Kaplan-Meier measures.

Panel (E) in Figure 1 plots the average monthly price from all sales. The average CoreLogic hedonic

price is largely consistentwith the shape and timing of thewell-knownCase-Shiller housing price index.

Both series fall until late 2011 and then recover. These prices thus co-move with the sales and listings

in panel (A) and also exhibit a wobble during the Recovery Act period.

Patterns by Duration. Panel (A) in Figure 2 plots the Kaplan-Meier statistics for the first four 15–day

intervals alongwith the short Redfin series for the proportion of houses that sell within twoweeks. The

Redfin series echos the 1-15 day CoreLogic Kaplan-Meier harzard rates. Analyzing the progressions of

the CoreLogic series over the sample period by duration reveals several important findings. First, for

all durations, the Kaplan-Meier hazard rates fall between 2006 and 2007 and then recover. Second, in
12The limited early coverage in CoreLogic should not so dramatically affect the min and max of these two series as the

sample was representative but the correlation with price changes dramatically when excluding the first two years of data.
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Figure 1: Aggregate Trading Patterns
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a given month the Kaplan-Meier statistics decline by duration and the largest decline is observed soon

after a house is listed on the market. As reflected in the two DoMmeasures for sold and unsold houses,

the (within-the-month) hazard function drops distinctly after the initial interval, becoming more step-

like as the 1-15 day hazard rate rises well above the others when the recovery takes hold from 2012

onward.

Third, the recoveries of the hazard rates after reaching the bottom exhibit two distinct patterns.

Specifically, for the durations less than 30 days, the recovery is much sooner and stronger than for

longer durations. The series for the two shortest durations (1-15 days and 16-30 days) begin rising

after an initial, relatively sharp decline from as early as 2007, with the most pronounced improvement

appearing in the 1-15 day hazard. In contrast, the series for longer durations are flat from 2008 until

roughly 2012, at which point a sustained gradual rise occurs. These patterns imply that the probabilities

of a sale conditional on duration do not evolve evenly over the business cycle. The probability of selling

quickly is more volatile and responsive over the business cycle, compared to the probability of selling

after a month. Moreover, the 1-15 day duration Kaplan-Meier displays the largest apparent reaction to

the Recovery Act.

Figure 2: Kaplan-Meier Statistics and Hedonic Prices by Duration

(A) Monthly Kaplan-Meier Statistics
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Panel (B) of Figure 2 plots the evolution of the conditional prices by DoM constructed using the

CoreLogic data. Closely following the evolution of average prices over time, the CoreLogic hedonic

price estimates by duration also fall until late 2011 and then recoverwhilewobbling during theRecovery
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Act period. As such, these prices also co-move with the sales and listings in Figure 1. Echoing the

evolutions of the Kaplan-Meier series, prices over different durations co-move over time with the price

at the shortest end (1-15 days) recovering faster and stronger. For the two durations greater than 15

days, prices synchronously rise and fall over the cycle. In contrast,the 1-15 day price starts higher than

these two prices but this premium falls as the market slumps. After reaching its lowest level, the 1-15

day price then rises sooner and faster, restoring the premium over longer durations as time progresses.

4. A Stock-Flow Matching Model of the Housing Market

This section develops a stock-flowmatching model to frame and assess the empirical findings in the US

housing market. The model builds on Smith (2020b), which develops and characterizes a stationary

stock-flow housing market with endogenous seller entry. The model here generalizes the matching

framework in Smith (2020b) to an environment with both market prosperity and slump. Incorporating

twomarket stateswith endogenous seller entry provides a potential amplificationmechanismofmarket

dynamics.

4.1 Environment

Buyers and Sellers. Buyers and sellers populate a small and isolatedmarket for a house in continuous

time. Buyers and sellers are risk neutral and discount the future at rate 𝑟 > 0. Let 𝑑𝑏 and 𝑑𝑠 denote the

flow search costs of buyers and sellers respectively. A buyer derives 𝑥 units of discounted total lifetime

utility fromhome ownership. For sellers, the flowutility fromhome ownership is normalized to zero. If

a trade takes place, the consummating buyer and seller both permanently leave themarket. An accepted

bid at price 𝑃 yields a payoff 𝑥−𝑃 to the buyer and transfers revenue 𝑃 to the seller. Unsatisfied buyers

and sellers remain behind to wait for the next trading opportunity. Idle agents waiting for a possible

trade do not leave the market. They are committed to trade so there is no free disposal in this sense.

The trading environment begins in a prosperous and thriving state, almost immediately suffers a

slump for a period of time, and then recovers. As time proceeds during prosperity and slump, buyers

looking for a house enter the market at a state contingent constant and exogenous Poisson rate. Using

"hats" to represent, when needed, the aggregate slump state, let 𝛽 and 𝛽 denote buyer arrival rates in

prosperity and slump periods respectively. Following Albrecht et al. (2007), there are two potential
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types of sellers: motivated and relaxed sellers each with one home for sale. In both states, motivated

sellers appear (and have the opportunity to offer their house for sale) at Poisson arrival rate 𝛼whereas

relaxed sellers similarly appear at Poisson rate 𝜎.

The market entry decision of sellers, however, is partially exogenous and partially endogenous. In

each state, the different sellers make different decisions on whether to take advantage of the arrival

opportunity and enter the market to sell their house. In the slump, motivated sellers enter if the accu-

mulated number of houses-for-sale in the local market is below the cutoff inventory level which makes

the expected payoff from entry equal to their outside exogenous option 𝑉 . In the prosperous state,

motivated sellers like buyers do not have a choice and automatically enter the market.13 In contrast, re-

laxed sellers do not enter the market during the slump.14 In the prosperous state, they have the option

to evaluate their prospects and choose whether to enter the market and take advantage of their entry

opportunity or to decline entry. Relaxed sellers who accept an opportunity to enter the market in the

prosperous state pay an up-front fixed cost of entry 𝐹 .

As in Smith (2020b), in a thriving or prosperous market, the arrival rate of motivated sellers is less

than the arrival rate of buyers (𝛼 < 𝛽) but the combined arrival rate of both seller types is greater than

the arrival rate of buyers (𝛼+𝜎 > 𝛽).15 As such, potential sellers receive the opportunity to participate

in the market more frequently than buyers but the realization of seller entry is endogenous because

of the existence of relaxed sellers. The relaxed seller’s entry decision balances the market while the

entry of motivated sellers generates (from time to time) a non-negligible stock of unsold houses in the

market. In a slump, the entry of buyers falls below the entry rate of motivated sellers (𝛼 > 𝛽) thereby

creating over time a growing inventory of houses for sale.

Auctions and Bidding. A seller who has the option to accept or turn down the chance to enter the

market knows the outcome of the previous transaction, including the number of buyers and the date

of that transaction. A potential new seller also knows whether there are any existing homes for sale,
13In the simulations, payoffs during prosperity are above this entry threshold.
14The NAR new building permit count links to some degree with 𝜎 in the simulated model. This series declines sharply

when the slump hits. Permits peaked at 2263 in September 2005 when prices also peaked. By November 2006 they declined
to 1535 and bottomed out at 513 inMarch 2009. The gradual recovery from 2012 onward only surpassed 1500 in October 2019.
The sharp fall and sustained low level supports to some extent the zeroing out of relaxed entry during the simulated slump

15To maintain a well behaved market over time, the stock-flow literature typically assumes that buyers and sellers inde-
pendently enter the market one by one at the same exogenous Poisson rate. In this paper, sellers have a higher arrival rate
than buyers but they have the option to decline the opportunity to enter the market and save the associated sunk cost of
participation.
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that is, if there are any unsatisfied prior sellers who entered the market but did not trade. This seller,

however, does not know the outcome of buyer entry over the period since the last transaction occurred.

Upon entry, sellers of either type immediately hold a full information, first price auction for their

houses regardless of the market conditions. The calling of an auction reveals to all agents the total

number of bidders before they submit their offers. All buyers in the market are obliged to bid. All

sellers are committed to the market and unable to withdraw. As agents in the market become perfectly

informed about existing trading conditions, there are no impediments to trade after entry. Sellers either

accept a single bid or reject them all in which case they hold another auction straightaway. If there are

no bidders, the seller waits for the arrival of other traders.

State Shocks. Suppose after a run of time in the prosperous state that has settled the market, the mar-

ket suffers an unanticipated slump. A housing shock occurs that leaves the existing trading structure

unchanged but reduces the entry of buyers. In particular, the flow in rate of house buyers falls below

the flow in rate ofmotivated sellers but the existing stock of buyers is unaltered. When the arrival rate of

buyers is temporarily below the arrival rate of motivated sellers, a permanent recovery to the previous

high arrival rate of buyers occurs with Poisson arrival rate 𝜏 .

Although buyers and sellers do not anticipate the initial shock and downturn, they account for the

likelihood of recovery to prosperous trading in their payoffs and hence trading decisions during the

slump. Buyers and sellers recognized that the slump is temporary and rationally factor in the likelihood

of a recovery in their expected payoffs. As a result, the slump and the recovery when linked with the

CoreLogic data derive from rational, forward looking buyers and sellers.

4.2 Trading Outcomes

Appendix B formally details the trading environment, describes the buyer’s and seller’s decision prob-

lems, and characterizes the trading outcomes. The main results are summarized here.

Immediate Trade. The first and critical feature of the stock-flow framework is that agents realize the

gains to trade in the market without delay. Immediate trade is a natural outcome in this environment

(see also Taylor 1995; Coles and Muthoo 1998). To see it, suppose that up to some point in time all

past entrants have exhausted all possible trading opportunities so that there are either excess buyers or
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excess sellers but not both. Now suppose seller entry occurs when there is more than one excess buyer.

Without impediments to trade, buyers on the long side of the market compete with each other and

bid up to their reservation value at which point they are indifferent between purchasing and waiting.

If a trading surplus exists, the buyers’ bids exceed the seller’s reservation payoff. The seller selects

the highest bid, or more generally selects randomly among the set of identical, highest bids from the

indifferent buyers. On the other hand, if there are excess sellers and a buyer enters themarket, this buyer

is on the short side of the market and hence the lone buyer. As such, the buyer will bid the reservation

value of the seller or sellers who willingly accept the offer. The buyer then selects randomly among the

houses for sale. In both cases trade occurs without delay after entry.

Immediate trade from stock-flow matching generates a two-step, piecewise linear hazard function.

If there are many independent markets (as in the simulations below), some newly listed houses will

find themselves on the short side and sell immediately. Less fortunate sellers will find themselves on

the long side and must wait and then compete for buyers to enter the market. The likelihood of a sale

on a given day or week is low for the long side sellers thereby generating a two phase hazard function

that declines sharply with duration or time on the market. Expected price similarly falls with duration.

The two different phases of the hazard and price functions reflect different market circumstances.

The short side phase of the hazard and associated prices depend on the stock of buyers but not so on

the stock of other sellers. The long side phase depends on the flow of buyers as well as the inventory of

unsold homes. Adjustments over the business cycle in prices by short and long duration will differ ac-

cordingly. With lowered buyer entry during the slump, motivated sellers outnumber buyers in the long

run. As a result, inventories will tend to build up over time re-enforcing the relaxed sellers’ decisions

not to enter the market. As prices are functions of the number of excess buyers or sellers, increased

competition among sellers will therefore lower prices for the stock of sellers. Selling immediately dur-

ing the flow phase becomes less likely and when it occurs, these sellers experience lower continuation

payoffs. Their prices on average fall. This is tempered by outliers in markets that manage against the

odds to build up buyers in the absence of relaxed seller entry.

Cold Spells During Prosperity. The second trading feature is that during prosperous times, some

relaxed sellers decline entry and trade slows down. From time to time, cold spells occur. More specif-

ically, relaxed sellers enter if they know or have a reasonable expectation that a suitable number of
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bidders await in the market. In particular, sellers expect a profitable sale with two or more bidders. If

one or no bidders are known or are reasonably expected to be found immediately, these sellers pass

on the entry option and the market slows down. Eventually sufficient time passes for relaxed sellers to

expect buyer entry to have re-stocked the market and relaxed entry resumes.

The distinction in market power between one and two bidders plausibly determines the threshold

state for relaxed seller entry. Monopolistic bidding allows the buyer to capture the trading surplus

by offering the sellers’ reservation sale price. If the reservation price is below the sunk fixed cost of

entry, then immediately after auctions with zero or one bidder remaining, relaxed sellers will decline

the opportunity to participate. In contrast, with two or more Bertrand competitors on the long side

of their market, market power resides with the seller. Competitive bidding from two or more buyers

creates a different scenario that can induce competing bidders to offer a profitable price and thereby

induce relaxed seller entry. These entry decisions are plausible but obtain under an explicit parameter

condition. This conditiondoes not hold in the simulated slump (at least three bidderswould be needed)

so the model and simulations assume that relaxed sellers do not enter during the slump.

5. Model Simulations

The stock-flow framework generates trading outcomes and empirical implications for comparison with

the data observations described above. This section presents simulations of the above housing market

model and demonstrates that the model generates trading patterns for the housing market variables

over the sample period that are consistent with the data.

5.1 Primitives

The model described in section 4 represents a small and isolated housing market. In contrast, most

available statistics typically correspond to a larger geographic area such as a city that contains nu-

merous small markets defined by neighborhood and housing type. As geographic based statistics are

broader than the model, the empirical approach here is to aggregate across many such small and iso-

lated markets. In particular, the model is simulated for many small micro- or sub-markets that all share

a common shock, and then aggregated over these submarkets to mimic a local area.

Following Smith (2020b), a submarket corresponds to a housing type in an elementary school dis-
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trict. A citywith 700,000 residents, approximately the 2010 average population in theCoreLogic sample,

will have 60,000 students in elementary schools, assuming equally sized cohorts of 10,000 people aged

up to 70 years. The average elementary school in the United States has 479 students, which yields 125

elementary schools for a city with 700,000 residents. For comparison, Detroit and Charlotte, two cities

that have roughly this number of residents, have 106 and 115 elementary schools, respectively. Realtor

data specify nine housing quality classes but not all are equally present in a school district. Focusing

on the core five housing quality classes as in Smith (2020b) yields 625 submarkets in a city with the

average size of population.

The aggregated statistics for the local market are evaluated against the empirical findings in Section

3.3. This assessment considers levels, variability, correlations with prices, and persistence and also

emphasizes the shape and timing of events from the beginning of the slump through the recovery

period before the 2020 pandemic. In continuous time, Poisson arrival rates imply that the associated

waiting times between potential buyers and between potential sellers are both distributed exponentially

so that more than one trade does not take place at any one instant. The organization of the simulated

events, however, needs to correspond to the observed data from events that are recorded in discrete

intervals during which more than one sale can occur. As a result, the replicated continuous timemodel

is partitioned into and simulated for 256 intervals or discrete periods of 30 days each. The first 100

periods are dropped as the market settles around pre-crash outcomes.16

Summing over the month and over individual micro markets yields area-wide monthly new list-

ings (in flows), sales (out flows), inventory for unsold homes (stocks), time on the market for sold

houses (completed spells), and time on the market for the stock of inventory at the end of the month

(uncompleted spells). The model also generates short and long side prices as well as short and long

Kaplan-Meier trading probabilities.17

16The parameters (or some subset) could in principle be estimated usingminimumdistance, moment fittingmethods. Such
an approach poses practical difficulties. The threshold number of traders will not always satisfy monopoly-Bertrand split. At
some high seller costs for 𝐹 or 𝑑𝑠, profitable entry for sellers requires 𝑁 > 2 buyers. Adopting an endogenous threshold for
when sellers enter vastly expands the model and its computing complexity. Given this and other quantitative limitations, the
approach adopted here seems adequate for demonstrating that the model can deliver outcomes broadly consistent with the
observed regularities.

17The simulation does not follow individual houses so precisely, and thus the comparison between model and data are
unavailable for a wider variety of durations. However, the simulation distinguishes houses that sell quickly (very short
immediate durations) from those that sell from the stock with longer stays in the market and tracks the average days on the
market for these houses.
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Table 2: Calibrated Parameters

Parameter Meaning Calibration rationale Value

𝑥 buyer’s gain from trade normalize 1
𝑟 time preference rate (daily) 5% annual interest rate 0.05/360
𝛽 arrival rate of buyers (daily) average sales post-slump 0.064

𝛽 arrival rate of buyers (daily) during slump average sales in slump 0.04266667
𝛼 arrival rate of motivated sellers (daily) see text 0.0515
𝜎 arrival rate of relaxed sellers (daily) see text 0.0445
𝜏 expected market recovery rate from slump (daily) expected duration of slump about 4.5 years 0.0006
𝑑𝑏 buyer search cost normalize 0
𝑑𝑠 seller cost ensures Assertion A.2 holds 0.00002
𝐹 outside option for relaxed seller see text 0.4

𝑉 outside option for motivated seller in slump 𝐹/1.2 0.333

Parameter Values. There are eleven parameters: 𝑥, 𝐹, 𝑟, 𝛼, 𝛽, 𝜎, 𝑑𝑏, 𝑑𝑠, 𝜏 , 𝛽, and 𝑉 . The quantitative

objective is to show that the proposed stock-flow matching model, although abstracted from many

complexities of the housing market, can generate patterns qualitatively similar to those found in the

data as documented in Section 3.3. With this perspective in mind, set the buyer’s gains from trade to

𝑥 = 1 and let the daily rate of time preference be 𝑟 = 0.05/360, corresponding to a yearly interest rate of

5%. To match the city-wide average sales in the slump and the post-slump recovery, the arrival rate of

buyers is calibrated to 𝛽 = 0.04266667 and 𝛽 = 0.064 respectively.18 In the slump a buyer in a particular

market arrives on average approximately once every three weeks. During recovery and prosperity a

buyer arrives on average once every two weeks. In the recovery period, potential sellers arrive 1.5

times more often than the buyers: 𝛼 + 𝜎 = 0.096. The arrival rate for motivated sellers, 𝛼 = 0.0515, is

slightly more than that for the relaxed sellers, 𝜎 = 0.0445, and so 𝛽 < 𝛼 < 𝛽. For every 10 buyers, this

amounts to roughly 8 motivated sellers and 7 relaxed sellers.

The recovery rate from the slump 𝜏 = 0.0006 yields an expected duration of the slump of slightly

more than four and a half years which is consistent with the length of the downturn in the housing

market that began in 2006. The simulated slump lasts for 60 months but does not hit or recover in all

submarkets at the same time. To smooth and align with averages over cities in the data, the slump and

the recovery occur in five installments each two months apart. The first one fifth of the submarkets
18The quantitative analysis focuses on sales of existing homes. The NAR provides information on building permits and

sales of new houses. Incorporating this evidence would not alter the general picture. New housing counts are small relative
to exiting homes and broadly follow the same evolution as existing homes.
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Table 3: Comparison of Simulated Statistics with Data

Source Corr with
Data

Min Max % change
max-min

Corr with
Price (2009-)

Sales CoreLogic – 773.3 1,277.2 49.2 0.921
Model 0.865 742 1272 52.6 0.950

Listings CoreLogic – 772.5 1260.1 48.0 0.952
Model 0.852 757 1255 49.5 0.979

Inventory CoreLogic – 1971.7 2911.2 38.5 -0.901
Model 0.960 1280 3606 95.2 -0.974

Inventory/Sales CoreLogic – 1.46 3.27 76.7 -0.915
Model 0.922 1.38 5.78 122.9 -0.985

Days on Market - Sales CoreLogic – 52.2 101.0 63.7 -0.966
Model 0.911 29.9 134.3 127.2 -0.983

Days on Market - Inventory CoreLogic – 78.8 133.8 51.7 -0.981
Model 0.930 143.6 190.3 28.0 -0.911

Short Side Kaplan-Meier CoreLogic – 0.147 0.380 88.7 0.934
Model 0.888 0.156 0.592 116.5 0.985

Long Side Kaplan-Meier CoreLogic – 0.138 0.250 57.8 0.938
Model 0.941 0.080 0.174 73.8 0.964

Average Price CoreLogic – 140,760 280,052 66.2 –
Model 0.811 0.343 0.388 12.4 –

Notes:
1. All data are for Jan 2007–Dec 2019 unless otherwise noted.
2. All CoreLogic variables are monthly and seasonally adjusted by taking a ±6-month moving average. Model
figures are not smoothed.
3. Inventory is the value at the end of each month.
4. Average CoreLogic prices are hedonic regression dollar values.
5. All correlations involving price are from 2009 onward.

experience a lower entry of buyers in January 2006, the second fifth in March 2006, and the final fifth in

September 2006. The recovery rolls out similarly beginning in January 2011 and ending in September

2011.

The buyers’ search cost is set to zero, 𝑑𝑏 = 0. The sellers’ cost is set to 𝑑𝑠 = 0.00002. The outside

option for a relaxed seller is set to 𝐹 = 0.4, and the outside option for motivated sellers in the slump

is set to 𝑉 = 0.333. Given these values, in the model simulation relaxed sellers will wait over 20 days

during the prosperity phase before entering a market with one known buyer and nearly 38 days for a

market with no known buyers. In the slump period, motivated buyers will not enter if inventories in

the submarket exceed 10 unsold houses.
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5.2 Simulation Results

The arrival rates of the two types of sellers – relaxed and motivated – relative to the arrival rate of buy-

ers govern sales as well as the level and changes of inventories in their two associated states. When the

slump shock hits, buyer entry immediately falls belowmotivated seller entry. Listings exceed buyer en-

try. Inventories accumulate in each submarket until they reach the threshold limit that halts motivated

seller entry. The short and long term hazard rates both fall as buyers become more scarce and competi-

tion among sellers becomes more fierce. These two factors likewise depress prices on aggregate and for

each duration. When the downturn ends, buyer entry picks up but relaxed seller entry in a given sub-

market does not resume until inventories eventually all clear in that submarket. Hazard rates improve

but not in lock-step with each other as inventories dwindle. Prices rise immediately at the impact of the

recovery, mirroring the rise in buyer entry. As the recovery progresses, prices, in particular for sellers

with the inventory of houses already in the market, continue to rise during the subsequent transition

to the new steady state.

Using the set of parameter values described above to quantify these mechanics, Table 3 and Figures

3 and 4 report the simulated outcomes along with the seasonally adjusted measures from CoreLogic.

The table and figures demonstrate that the model aligns closely with the data. From Table 3, the cor-

relations between the data series and the model simulation outcomes reported in the third column are

uniformly strong – all are above 0.8, with the majority above 0.9. The simulated levels and peak-to-

trough percentage changes are in line with those in the data for the variables considered, except for

price which in part reflects the normalization of the buyers and sellers payoffs to owning a home. The

simulatedmodel delivers the high persistence observed in all variables in the data.19 Simulated correla-

tions with price in the last column of the table are quantitatively similar with their data counterparts.20

In addition, the model delivers, as expected from stock-flow matching, a close correlation of 0.964 be-

tween listings and sales that aligns with the correlations of 0.954 and 0.988 for non-seasonally adjusted

and seasonally adjusted series from CoreLogic.21

19The simulated autocorrelations are all above 0.96 and six autocorrelations are above 0.99.
20Given the measurement issues arising from the limited coverage in the early years of CoreLogic data, the comparison

from 2009 onward is preferred for all price correlations. For the same reasons, panels (B) and (C) in Figure 3 include the
NAR series.

21Gilbukh (2023) similarly finds a tight correspondence between listing and sales, a declining sales hazard, and a large fall
in prices by duration using MLS data.
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Aggregate Patterns. Panel (A) in Figure 3 plots the simulated listings and sales against the CoreLogic

data. Targeting the average sales levels in the slump and the post-slump recovery (with 𝛽 and 𝛽), the

magnitude of sales and listings (adjusted formarket size) lines up closely with the data over the sample

period. The most significant deviation occurs during the impact of the American Recovery Act from

May 2009 until mid 2011.22 The associated rise and fall of the simulated inventories in Panel (B) of

Figure 3 mirror the CoreLogic inventories, timing the peak around 2012 that marks the end of the

slump. When recovery occurs, inventories fall as buyer entry now exceeds motivated seller entry and

relaxed sellers wait for inventories to fall. Give the close correspondence of sales and inventories with

the data, it is not surprising that the inventory-to-sales ratio also fits well in Panel (C).

Panel (D) of Figure 3 plots the simulated DoM. For houses that sell within the month and for those

that remain available at the end of the month, the simulations capture the qualitative pattern found in

the CoreLogic DoM data, including the distinction between the two measures, their rises in the slump

and declines in the recovery, and their peaks in 2012. As noted above and documented below, because

of short sales from the inflow of new houses, stock-flowmatching generates a discrete drop in the prob-

ability to sell by duration. This hazard function leads to shorter DoM for houses sold during the month

(completed spells) than for the inventory of unsold houses at the end of the month (uncompleted

spells) at a given point in time. The size of the drop in the selling probability by duration controls

the difference between the DoM of sold and unsold houses. A higher probability of an immediate sale

generates a larger difference in the two series. A random search model cannot readily generate this

difference as house sales have a constant hazard function.

Panel (E) of Figure 3 displays the simulated average monthly house prices from all sales along with

that found in the CoreLogic data. Like the CoreLogic price, the model-simulated average price is U-

shaped over the cycle with concurrent troughs around the end of 2011. The initial drop in prices in

the model occurs, however, before the drop in the CoreLogic price, and the simulated prices rise more
22During this interval, the simulations more closely follow NAR sales which stay flatter until 2011. The average across

geographic areas may, of course, mask different timings across space. Individual cities may experience some abrupt changes.
A number of studies emphasize the local nature of much of the time-series variation in house prices which would lead to
substantial variation in performances spread aroundvariousmarkets. ForUS evidence, seeAbrahamandHendershott (1996);
Del Negro andOtrok (2007); andHead et al. (2014). For Canada, see Allen et al. (2009). The CoreLogic data from geographic
markets reveal considerable cross sectional variation. Moreover, the evolution across cities is also heterogeneous. Themajority
of cities follow the aggregate pattern. They exhibit a flat hazard function from 2007-2011 although precise dates, magnitudes,
and details vary to some extent. After 2012, the hazard function rises for all durations, but in the first two weeks on the
market, the rise in the hazard rate is particularly pronounced. This pattern, however, is not universal. A group of cities do
not follow this pattern and maintain a flat function hazard over the sample period. These cities include Cleveland, Corona,
Detroit, Jacksonville, Miami, Minneapolis, St Louis, St Paul and Tucson.
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Figure 3: Housing Market Aggregates: Data vs Simulated Model
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abruptly when the recovery begins.23

Although the simulated levels are generally consistent with their CoreLogic counterparts, Figure

3 and Table 3 reveal that the model exhibits a modest but discernibly wider range for inventories and

for DoM. As reported in Table 3, except for the minimum of DoM for Inventory24, the minima from

the model are below and the maxima are above their CoreLogic counterparts. As a result, the per-

centage changes from the model, again with the exception of DoM from unsold homes, exceed their

data counterparts. One contributing factor is that an actual week to sell from the short side will raise

inventories in CoreLogic, especially during boom periods, whereas immediate sales generated in the

model do not change inventories, leading to a smaller minima of inventories and DoM than in the data.

On the other hand, sellers in the simulated market are committed to trade and cannot withdraw. Data

from Redfin suggest that approximately 6% of houses are withdrawn from the market without a sale

during the recovery after 2012. The slump may well have even higher withdrawal levels. The lack of

withdraw option raises inventories in the model, especially during a slump, leading to a larger maxima

of inventories and DoM than in the data.

Patterns byDuration. Table 3 establishes that themodel can generate the sharpdrop in the probability

of selling between houses on the short and long sides. The simulated lows for the short and long

Kaplan-Meier hazard rates are 0.156 and 0.080 respectively and their corresponding highs rise to 0.592

and 0.174 respectively. These simulated figures correspond well to the data. Moreover, the hazard

functions over time in Figure 4 reveal that the progressions of the two simulated Kaplan-Meier hazard

rates follow the patterns observed in the CoreLogic data. When the slump hits, both simulated hazard

rates drop sharply and the decline is most pronounced in the short term hazard rate. As a sale becomes

increasing less likely in the presence of ever growing unsold inventories before the recovery, the hazard

function continues to fall as the slump continues. More importantly, similar to the Corelogic hazard

rates, the simulated short Kaplan-Meier trading probability recovers earlier, faster, and stronger than
23The last row of Table 3 reports that the post-2009 correlation of data with the model in prices is above 0.8. The correlation

surprisingly halves to 0.397 over the entire sample period from 2007. A drastic plunge in financing as mortgage rates fell from
6.46 in October 2008 to 4.79 six months later in April 2009 may have buoyed prices from falling more quickly. The peak-to-
trough percent difference in prices across all sales is 12% in the model, about fifth as much of the difference in the observed
price index and less than a third of the variation in the Case-Shiller index. These comparisons of magnitudes are limited.
Simulated house prices reflect the way in which agents share gains to trade normalized to 1 whereas house prices have more
margins including future resale values.

24Although the DoM from unsold homes is less than DoM from CoreLogic, these two series closely parallel each other by
roughly 60 days.
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the longer duration trading probability.

Through the sample period, the simulated long side hazard approximately parallels to the Corelogic

31-45DayKaplan-Meier statistics but at a lower level. The simulated short side Kaplan-Meier displays a

similar progression as found in the data but exhibits more variation over time and appears less parallel

before the recovery. Nonetheless, the simulated short side Kaplan Meier lies almost entirely above the

1-15 Day Kaplan-Meier, with a small blip above during the period affected by the American Recovery

act of 2009. As a result, the simulated long and shortmodel hazards rates bracket the two corresponding

CoreLogic Kaplan-Meier statistics.

Mis-classification of sales offers a potential explanation for this bracketing. Not all short–side sales

occur within the first 15 days for a variety of reasons. Arefeva (2020) finds that in the Redfin data

between 2009 and 2016, roughly half of all buyers in California had a competing bid. Redfin itself

also reports that during March-May 2021 the proportion of houses that sell within two weeks rises to

0.61 – above the maximum in the simulated data. A simple adjustment is to attribute the excess of

the 16-30 Day CoreLogic hazard above the 45-60 Day hazard to the short side trading. Adding this

value to the 1-15 Day hazard raises the minimum of the short side Kaplan-Meier from CoreLogic to

0.151, which is only 0.005 (or 3 percent) less than the simulated minimum. As a result, the percentage

change between the minimum and maximum of the short side Kaplan-Meier rises up to 95.5% which

is relatively close to the percentage change in the model of 116.5%. On the other hand, a few 1-15 Day

trades may correspond to the long side trades and the higher long side Kaplan-Meier in CoreLogic may

again reflect withdrawals which improve the probability of sales among the remaining houses on the

long side of the market.25

Panel (C) of Figure 4 plots model-implied prices by duration along with the CoreLogic hedonic

prices. Although the evolution is abrupt, the simulated price captures the uneven and differential re-

sponse in the observed short and long duration prices. As in the data, the short price in the model

recovers more quickly and more robustly than the longer duration price.

Taken together, the simulated results paint a supportive picture for the stock-flow matching ap-

proach with Poisson shocks for explaining the cyclical behaviour of the housing market. As the cor-
25Despite the good fit of the model for the overall patterns, the timing of the recovery for the simulated hazard rates differs

from the data. The simulated figures decline throughout the downturn whereas the Corelogic counterparts begin to rise in
2008, fall again in 2010, and then recover in 2011. Housing market policies such as those embedded in the Recovery Act are
likely responsible for exaggerating if not inducing the different timings found in the the model and in the data.
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Figure 4: Variables by Duration: Data vs Simulated Model
(A) Short-side Kaplan-Meier
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(C) Long-side House Price
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relations between the model and the data highlight, the stock-flow mechanics match up well with not

only the aggregate statistics but also with prices and sales by duration. Specifically, the ability of the

framework to generate distinct responses in the selling probability and prices over short and long du-

rations not only arises naturally in this specification but also plausibly generates patterns observed in

the Corelogic data. This result is not a standard outcome of other dynamic trading formulations.

6. Discussion

This paper analyses the recent performance of the aggregate US housing market. The paper details the

remarkable collapse in 2006, the prolonged slump into 2011, the vigorous recovery beginning in 2012,

and the continued expansion until the onset of theCOVID-19 pandemic. Breaking down transactions by
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duration on the market, the paper establishes that recently listed sellers experience distinctly different

outcomes from those sellers who have spent a month or more looking to trade. There is a markedly

higher probability of selling and receiving a higher price in the two weeks immediately after listing a

house for sale. Moreover, these advantages recover sooner, faster, and more robustly as the recovery

occurs. The paper then demonstrates that a parsimonious stock-flow matching model can generate

these observed outcomes.

The stock-flow framework has appealing features. For example, stock-flow matching provides a

coherent setting for generating some houses being sold in bidding wars and others in a slower search-

like fashion when no bidders are present and sellers wait for buyer entry. Stock-flow matching also

inherently involves thin markets in which a slowly evolving history matters. Buyers and sellers cannot

change circumstances rapidly period to period. It takes a while for the long side to evolve.26 Although

the parsimonious structure highlights critical components, the particular stock-flow model adopted

here abstracts from salient and quantitatively important elements of housing markets. Some of the

elements are not difficult to incorporate. For example, heterogeneity in housing types or local amenities

can be incorporated by varying parameter values across submarkets in the simulation. Other elements

might not be easy to incorporate in a stock-flow framework. For example, in the current model houses

and willingness to pay are the same; there are no atypical houses or idiosyncratic tastes among buyers

apart from the relaxed-motivated distinction; there are no rental markets; the joint buyer-seller problem

is absent as are mortgage financing costs.27 Perhaps more fundamentally, there are no movements

across different submarkets. In practice, althoughhouse sellers tend to be immobile andmight not differ

substantially in how much they like the sales price, buyers who find stiff competition for a particular

type of house in a confined neighborhood might expand their horizons.

Despite these abstractions, the quantitative performance of the model is compelling. Under viable

parameterizations, simulations deliver outcomes broadly consistent with not only the observed timing

and patterns of the aggregate housing market statistics but also with trading outcomes by duration—

trading probabilities and prices by days on the market. The simulated model captures the distinct
26This feature seemsplausible for the housingmarket. Piazzesi et al. (2020) find that buyers look in narrowmarket segments

within metropolitan areas. Han and Strange (2015) also note the relevance of thin markets in housing.
27Borrowing constraints and credit frictions (Stein 1995; Genesove and Mayer 2020; Ortalo-Magné and Rady 2006; and

Hedlund 2016), real estate agents (Hendel et al. 2009), construction delays (Davis and Heathcote 2007; Gyourko and Saiz
2006; and Head et al. 2014) are also absent. Halket and di Custoza (2015) considers the impact of the rental sector whereas
Haurin (1988) and Ngai and Sheedy (2020) assess idiosyncratic and potentially privately known house characteristics. Ngai
and Tenreyro (2014) include increasing returns to matching.
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trading outcomes seen in the data of those who trade quickly and of those that take time. The ability to

mimic the known quantities of sales, average prices, listings, and days on the market and to correspond

to the trading patterns by duration indicates the fundamental importance of stock-flow matching for

understanding the performance of the housing market.
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Appendix for
“The Short and the Long of It: Stock-Flow Matching in the US Housing

Market”

A. Data and Variable Construction

Data andSample. TheCoreLogic’sMultiple Listing Service (MLS)data for the years 2006–2019 contain property-

level listings that are on the market for sale or for rent. The sample consists of single family houses and town-

houses listed for sale. The data set includes a large amount of information on each listing, but most importantly

it includes information on the geographic location, listing and closing dates, prices, and detailed characteristics

of the listing. CoreLogic obtains the data directly from regional boards of realtors and provides standardized

fields for some key variables to improve consistency across realtor boards. As of 2014, the data cover around 56

percent of all active listings nationwide. Occasionally, the same house listing appears multiple times in the data

set, possibly due to listing agents entering duplicate listings. We identify the duplicate listings through listing

dates and property addresses. Dropping the duplicate listings gives the new listing to sales ratio close to the

ratio in the NAR data. A small percentage of houses are re-listed soon after being withdrawn. When a house

is withdrawn and quickly re-listed within 15 days, the two observations are concatenated using the first listing

date. If a re-listing occurs between 15 and 180 days, the re-listing is dropped. Re-listing after 180 days begins a

new observation. This adjustments has little effect other than to raise DoM marginally.

A sample is then selected consisting of 50metropolitanmarkets with sizeable population and enough listings

over the sample period. The total sample size across 50markets and over 2006–2019 is over 11million transactions.

The average size of housing stock in each city is computed over the sample period and used as the weight when

aggregating across cities. Figure A.1 shows the cities and relative weight in the sample. Figure A.2 displays the

Figure A.1: Cities and sample weights
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series in Figure 1 (excluding hedonic prices) without seasonal adjustment, that is without taking the 12-month

moving average. Figure A.3 extends Figure 2 to display the Kaplan-Meier statistics and prices by 15 day durations

out to 120 days.

Sales, Listings and Inventories. The simulations target the average level CoreLogic sales after 2015. These

CoreLogic sales figures are roughly 2.8 times larger than the level of NAR Sales of ExistingHomes (in thousands)

during the same period. Looking at inventories, however, it initially seems peculiar that NAR Inventories of

Existing Homes nearly equal CoreLogic inventories (in thousands). Indeed the levels and pattern of the two

series track each other closely from 2011 onward. Pending sales which are included in the NAR inventories

reconcile the inequality-in-sales levels with equality-in-inventories discrepancy. NAR sales consistently peak

in August whereas CoreLogic consistently peak in May. (The CoreLogic series does not include pending sales.)

Based on this observation, it appears that it takes around threemonths to complete a transaction after agreeing to

exchange. Subtracting 2.7×𝑚𝑒𝑎𝑛(𝑁𝐴𝑅𝑠𝑎𝑙𝑒𝑠𝑝𝑜𝑠𝑡2015) from𝑚𝑒𝑎𝑛(𝑁𝐴𝑅𝑖𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦𝑝𝑜𝑠𝑡2015) gives approximately

equal ratios.

Note that themaximum of the NAR inventorymoving average from 2005 onward equals 3736,154. CoreLogic

inventories for reasons discussed are substantially undercounting early on during the slump. Given that the level

of CoreLogic inventory roughly equals the level of NAR Inventory from 2011 onward, the simulations therefore

reasonably aim for inventories up to four thousand.

Kaplan-Meier Statistics. The Kaplan-Meier statistics are defined over 15-day intervals for houses that go under

contract after being on the market for 1-15 days, 16-30 days, . . . , 106-120 days. Crucially, the statistics are con-

structed based on the time that a house goes under contract, which avoids the lengthy period between contract

and closing. For each month, define:

• 1-15 duration: A house is coded 0 if it is listed in the first 1-15 days of the month; and 1 if it also goes under

contract in the month and 1-15 days after listing; missing otherwise.

• 16-30 duration: A house is coded 0 if it is listed 1-15 days before the month; and 1 if it also goes under

contract in the month and 16-30 days after listing; missing otherwise.

• 31-45 duration: A house is coded 0 if it is listed 16-30 days before the month; and 1 if it also goes under

contract in the month and 31-45 days after listing; missing otherwise.

. . .

• 106-120 duration: A house is coded 0 if it is listed 91-105 days before the month; and 1 if it also goes under

contract in the month and 106-120 days after listing; missing otherwise.

Houses are counted for the relevant Kaplan-Meier only if they are not potentially right or left censored. For

example, for the 1-15 day Kaplan-Meier, houses that enter in the second half of the month with less than 15
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Figure A.2: Non-Seasonally Adjusted (NSA) Aggregate Trading Patterns
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Figure A.3: Complete Set of Kaplan-Meier Statistics and Hedonic Prices by Duration

(A) Monthly Kaplan-Meier Statistics

Jan-05 Jul-07 Jan-10 Jul-12 Jan-15 Jul-17 Jan-20
0.1

0.15

0.2

0.25

0.3

0.35

0.4

0-15 Days

16-30 Days

31-45 Days

46-60 Days

61-75 Days

76-90 Days

91-105 Days

106-120 Days

(B) Monthly Hedonic Prices

Jan-05 Jul-07 Jan-10 Jul-12 Jan-15 Jul-17 Jan-20
1

1.5

2

2.5

3

3.5

H
e

d
o

n
ic

 D
o

lla
r 

P
ri
c
e

105

0-15 Days

16-30 Days

31-45 Days

46-60 Days

61-75 Days

76-90 Days

91-105 Days

106-120 Days

days in the month remaining are coded as missing. Houses that entered in the previous month with 20 days

remaining and not sold in that month are also coded as missing for subsequent month’s 16-30 day hazard as they

only qualify 10 out of a possible 15 days for 16-30 day hazard. The Kaplan-Meier statistic for each duration in

each month is then computed as the average across all houses coded 0 or 1 for the month and duration. Figure

A.3 shows the time series for the full set of these unconditional statistics, averaged across cities.
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B. The Stock-Flow Model with Endogenous Entry and Aggregate Shocks

Let 𝑟 > 0 be the discount rate. Let 𝑑𝑏 and 𝑑𝑠 denote buyer and seller search costs respectively. A buyer derives

𝑥 = 1 units of discounted total lifetime utility from home ownership. For sellers, the flow utility from home

ownership is normalized to zero. If a trade takes place, the consummating buyer and seller both permanently

leave the market. An accepted bid at price 𝑃 yields a payoff 𝑥 − 𝑃 to the buyer and transfers revenue 𝑃 to the

seller. Unsatisfied buyers and sellers remain behind to wait for the next trading opportunity. Idle agents waiting

for a possible trade do not leave the market. They are committed to trade so there is no free disposal in this sense.

B.1 Prosperity

The analysis of the prosperous state closely follows Smith (2020b). The parameter 𝛽 represents the inflow rate of

buyers in this state. The parameters 𝛼 and 𝜎 denote the inflow rates of motivated and relaxed sellers respectively.

To keep the market well behaved during prosperous trade, these rates satisfy 𝛼 < 𝛽 and 𝛼 + 𝜎 > 𝛽.28 Relaxed

sellers do not have the option to wait or return at some other time. As a result, the payoff to a seller who decides

to turn down the trading opportunity is zero. The fixed cost of entry is 𝐹 > 0 hence the potential gains from

trade between a potential seller and an existing buyer are 𝑥− 𝐹 > 0.

Since buyers enter at Poisson rate 𝛽, buyers and sellers have common beliefs that the probability of 𝑖 entrants

over a duration 𝐷 since the last auction is

𝜋𝑖(𝐷) =
𝑒−𝛽𝐷(𝛽𝐷)𝑖

𝑖!
(3)

As discussed in Coles and Muthoo (1998), buyers and seller decisions also involve immediate trade:

Assertion A.1. Immediate trade occurs so that the market never simultaneously has unsatisfied buyers and

unsatisfied sellers.

In an immediate trade equilibrium with fully revealing auctions, the integer, 𝑁 , denoting the known par-

ticipants remaining from the last sale and a duration 𝐷 ≥ 0 denoting the time since the last seller entry and

auction summarize the (sub)state of the submarket within the aggregate state of prosperity. In particular, if over

the course of market history up to the time of the last sale, a total of 𝑁𝐵 buyers and 𝑁𝑆 sellers had entered the

submarket, then

𝑁 = 𝑁𝐵 −𝑁𝑆

represents the number of known buyers (sellers) remaining after a sale for 𝑁 > 0 (𝑁 < 0).
28The standard specification in the stock-flow literature is that buyer and seller entry rates are equal and exogenous so that

market balances over time. Persistent unequal entry would eventually lead towards an infinity of buyers or sellers.
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Given buyer entry 𝑖 ∈ N since the previous auction and a vanishing interval length 𝑑𝑡 → 0, transitions in the

submarket follow

Γ(𝑁,𝐷) = (𝑁,𝐷 + 𝑑𝑡) | 𝑁𝑜𝑆𝑒𝑙𝑙𝑒𝑟 𝐸𝑛𝑡𝑟𝑦

= (𝑁
′
, 0) | 𝑆𝑒𝑙𝑙𝑒𝑟 𝐸𝑛𝑡𝑟𝑦 (4)

= (𝑁
′
, 𝑑𝑡) | 𝑆𝑒𝑙𝑙𝑒𝑟 𝐴𝑐𝑐𝑒𝑝𝑡𝑎𝑛𝑐𝑒 𝑜𝑟 𝑅𝑒𝑗𝑒𝑐𝑡𝑖𝑜𝑛

where𝑁 ′
= 𝑁 + 𝑖− 1. If seller entry does not take place,𝐷 evolves incrementally with time whereas𝑁 remains

unaltered as buyer entry 𝑖 remains obscured. If seller entry occurs, the duration is reset to 𝐷 = 0 and 𝑁 is

updated before the bidding phase to include not only revealed buyer entry 𝑖 but also the seller’s own entry.

Without trading delays, periods between observed sales result fromwaiting times between seller entry when

there are excess buyers, or between buyer arrivals if there are excess sellers. When relaxed sellers turn down

entry opportunities, these waiting times become prolonged. Let the entry decision therefore define hot and cold

states.

Definition. During prosperity trading, a state for a submarket is hot when relaxed sellers accept the option to

enter, and is cold when potential sellers decide not to participate.

Suppose the transaction price falls as the number of bidders declines. Since the submarket becomes less

profitable for sellers with fewer bidders, potential relaxed sellers will decline entry (given a sufficiently high 𝐹 )

for some period of time after an auction that leaves the number of remaining buyers below a zero expected profit

threshold which reflects the competitiveness of bidding. The proposed outcome is that relaxed sellers enter in

any state with two ormore known available bidders but entry ceases for some period of time following an auction

with one remaining buyer who bids monopolistically not competitively.

Assertion A.2. (Monopoly-Bertrand Partition) The market is hot for all states where 𝑁 ≥ 2. For 𝑁 = 1 and

𝐷 = 𝑑𝑡 the market is cold.

This assertion implies that the market becomes cold immediately following an auction with two bidders. The

simulations check that this threshold is valid.

To revitalize expected profit and relaxed seller entry so that cold states become hot, buyer entry must replen-

ish the pool of bidders. Immediately after an auction, the number of potential bidders is known with certainty.

As time proceeds, random buyer entry occurs. If no houses are or become available, no auctions occur and po-

tential sellers do not observe buyer entry. As time proceeds without trade, the number of potential buyers grows

stochastically. Expected prices rise. For markets with zero or one known buyer, trade in the market eventually

becomes profitable, relaxed seller entry resumes and the market becomes hot. The selling process coupled with
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Assertion A2 implies that cold markets transition to a hot market from states with 𝑁 ∈ {0, 1} after endogenous

durations 𝐷 = 𝑇1 and 𝐷 = 𝑇0 respectively.

The transition from a cold phase to a hot phase comes about in one of twoways. The cold phasemay conclude

after a sufficiently long period of market inactivity without any (motivated) seller entry. After some length of

time, seller expectations of (unobserved) buyer entry eventually improve enough to induce entry of relaxed

sellers. In addition, during the cold phase, a motivated seller might enter and trigger an auction. The outcome

of this auction reveals the number of buyers who have entered during the cold phase of the market and hence

resets the entry decision of potential relaxed sellers. If the auction reveals a sufficient number of remaining

bidders (𝑁 ≥ 2), entry of relaxed sellers becomes re-activated. If not, the waiting decision resets itself to the

beginning of the cold phase conditional on the number of bidders. If seller entry occurred but no sale followed,

the inventory of available homes builds up. In this case, the market remains cold—no relaxed seller entry—until

the stock of available homes is sold and then followed by an appropriate cold period of duration 𝑇0 to replenish

buyers.

Entry of motivated sellers occurs during both active and inactive markets. Relaxed sellers will not enter

markets with excess supply until all of the previous sellers who entered consummate trades. Motivated sellers,

however, may enter to cause excess supply. Really cold markets, those with excess sellers, remain cold until

balance is restored. Even though motivated sellers enter at a slower rate than buyers, from time to time the

realization of the entry processes will be such that more motivated sellers than buyers enter and cold markets

will experience having excess sellers. A non-negligible inventory of unsold homes can build up.

Consider the following sequence of events. After a sufficient duration from the time of an auction with only

one bidder, suppose no buyers have entered and relaxed seller entry gets switched on. If a seller then enters before

a buyer, there are excess sellers (𝑁 = −1). The unsuccessful seller is the only agent currently in the market so no

sale takes place. As potential relaxed entrants observe an existing seller already in the market and the absence

of any sale with excess sellers, they will turn down entry until the existing house is sold. Trade eventually takes

place when a buyer arrives in which case the market transits to 𝑁 = 0 and 𝐷 = 𝑑𝑡. After such a sale, the market

is empty with no houses for sale and no bidders wanting to buy. Thus, immediately after that trade, relaxed

entrants continue to decline trading opportunities until after a further duration 𝑇0. Hence, A2 implies the set of

hot states is given by

Ω = {(𝑁 ≥ 2, 𝐷 ≥ 0) ∪ (𝑁 = 1, 𝐷 ≥ 𝑇1) ∪ (𝑁 = 0, 𝐷 ≥ 𝑇0)}.

All other states are cold.

In state (𝑁,𝐷 = 0), an auction takes place. If 𝑁 ≥ 0 there is one house for sale and 𝑁 + 1 buyers bidding.

If 𝑁 < 0 there is one bidder and −𝑁 + 1 houses for sale. Let 𝑃 (𝑁) denote the buyers’ symmetric price bids in

this auction. The seller’s payoff from acceptance is simply the price offered. If the buyer purchases a competitor’s
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house, the unsuccessful seller or sellers receive 𝑍(𝑁), their expected payoff of waiting in the market for the next

auction.

Let 𝐻(𝑁) represent the payoff to a house buyer from being in a hot market with 𝑁 ≥ 1 bidders (including

the buyer) waiting for the arrival of a seller. Let 𝐶(𝑇 ;𝑁 ≥ 1, 𝐷) represent the expected payoff to a buyer in a

cold market who must wait the remaining duration 𝑇 > 0 before the market becomes hot again and the entry of

relaxed sellers resumes. By Assertion A2 a market with 𝑁 > 1 is active whereas buyers are absent for 𝑁 ≤ 0.

The only relevant cold market payoff for characterizing trade therefore occurs at 𝑁 = 1.

After a seller accepts a bid in an auction with two buyers, one buyer remains in the market. The market

becomes cold. The buyer who does not purchase the house receives expected payoff 𝐶(𝑇1;𝑁 = 1, 𝐷 = 0)where

𝑇1 denotes the duration that this seller must wait after the sale before seller entry resumes. For all 𝐷 ≥ 𝑇1, the

state (𝑁 = 1, 𝐷) is hot. The duration of a cold spell depends on the number 𝑁 of excess buyers remaining from

the last trade or seller entrance (if no trade occurred) hence the subscript notation with 𝑁 = 1. From the buyers

perspective, the market is hot if 𝑁 ≥ 2 and non-existent for 𝑁 ≤ 0 making 𝐶(𝑇1) payoff relevant to the buyer.

Before entry occurs, for 𝑁 ≥ 0 the seller’s revenue is uncertain since unobserved buyer entry can occur

between trades. If𝑁 ≥ 1, a potential house seller knows a sale will occur immediately—there is at least one buyer

in the market—but not the transaction price. Following a cold phase with one buyer of duration 𝑇1 without any

seller entry, expected revenue less the entry fee for a seller contemplating entry into the market is given by

𝑅(𝑁 = 1, 𝑇1) =

∞∑︁
𝑖=0

𝜋𝑖(𝑇1)𝑃 (𝑖)− 𝐹

If 𝑖 ≥ 0 buyers arrived during 𝐷 to replenish the market, the anticipated price 𝑃 (𝑖) accounts for both 𝑖 revealed

buyers and the seller’s own entry.

Similarly, following a cold phase of duration 𝑇0 with no known buyer in the market and without any seller

entry, expected revenue less the entry fee for a seller contemplating entry into the market is given by

𝑅(𝑁 = 0, 𝑇0) = 𝜋0(𝑇0)𝑍(−1) +
∞∑︁
𝑖=1

𝜋𝑖(𝑇0)𝑃 (𝑖− 1)− 𝐹

If no buyer arrived during the cold phase, the seller must wait with payoff 𝑍(−1). If one buyer arrived since the

last auction, the market is balanced at 𝑁 = 0 with seller entry. The lone bidder offers 𝑃 (0) and the transaction

takes place immediately. Likewise for two or more bidders with the number of bidders all coming from new

buyers.

By Assertion A2, revenue is positive and relaxed seller entry occurs for 𝑁 ≥ 2. For 𝑁 ≤ −1, relaxed sellers

do not enter until the existing house sells—expected revenue 𝑅(−1, 𝐷) to seller entry is negative.

To solve the auction stages recursively for𝑁 ≥ 0, note that the seller’s acceptance payoff is strictly increasing

in price. Hence, the seller’s best response strategy in an auction has the reservation property. In state (𝑁, 0), the

seller accepts 𝑃 (𝑁) if and only if 𝑃 (𝑁) ≥ 𝑍(𝑁).
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Now consider the bidding phase and suppose first that 𝑁 = 1 and 𝐷 ≥ 𝑇1, so that the market has become

hot after a cold spell. If a seller enters and no buyer entry had occurred during the cold spell, 𝑁 shifts and the

ensuing auction proceeds with 𝑁 = 0. With one bidder making an offer for the one house for sale, the buyer

optimally bids the seller’s reservation price, 𝑃 (0) = 𝑍(0).

With two or more bidders (𝑁 ≥ 1) price offers are derived from the hot and cold market payoffs 𝐻(𝑁) and

𝐶(𝑇1) where to ease notation the understood state 𝑁 = 1, 𝐷 = 0 in 𝐶(𝑇1) is now dropped. Following Taylor

(1995) for 𝑁 ≥ 1, the buyers become indifferent between paying 𝑃 (𝑁) and waiting for the next seller to enter,

whether in a cold market for 𝑃 (1) or in hot market for 𝑃 (𝑁) with 𝑁 ≥ 2.

A similar logic (but without cold spells) applies for 𝑁 ≤ 0 where a single bidders makes offers to one or

more sellers. In this auction, the buyer’s offer makes the seller indifferent between waiting and accepting,

𝑃 (𝑁) = 𝑍(𝑁)

These monopolistic and competitive bidding scenarios yield the following characterization of prices offers.

Lemma 1. Price offers are given by :

𝑃 (𝑁) = 𝑍(𝑁) 𝑁 ≤ 0

𝑃 (1) = 𝑥− 𝐶(𝑇1)

𝑃 (𝑁) = 𝑥−𝐻(𝑁) 𝑁 ≥ 2

For 𝑁 = 1 and 𝑁 = 2, a bidder’s expected payoffs in a hot market can be written as:

𝐻(1) =
1

1 + 𝑟𝑑𝑡
[(𝛼+ 𝜎)𝑑𝑡(𝑥− 𝑃 (0)) + 𝛽𝑑𝑡𝐻(2) + (1− (𝛼+ 𝜎 + 𝛽)𝑑𝑡)𝐻(1)− 𝑑𝑏𝑑𝑡]

𝐻(2) =
1

1 + 𝑟𝑑𝑡
[(𝛼+ 𝜎)𝑑𝑡𝐶(𝑇1) + 𝛽𝑑𝑡𝐻(3) + (1− (𝛼+ 𝜎 + 𝛽)𝑑𝑡)𝐻(2)− 𝑑𝑏𝑑𝑡]

For 𝑁 ≥ 3

𝐻(𝑁) =
1

1 + 𝑟𝑑𝑡
[(𝛼+ 𝜎)𝑑𝑡𝐻(𝑁 − 1)

+𝛽𝑑𝑡𝐻(𝑁 + 1) + (1− (𝛼+ 𝜎 + 𝛽)𝑑𝑡)𝐻(𝑁)− 𝑑𝑏𝑑𝑡]

The solution to these difference equations is given by

𝐻(𝑁) = 𝜂𝑁−2[𝐻(2) + 𝑑𝑏/𝑟]− 𝑑𝑏/𝑟

𝐻(2) =
(𝛼+ 𝜎)𝐶(𝑇1)− (𝑟 + 𝛽(1− 𝜂))𝑑𝑏/𝑟

𝑟 + 𝛼+ 𝜎 + 𝛽(1− 𝜂)

𝐻(1) =
𝛽𝐻(2) + (𝛼+ 𝜎)(𝑥− 𝑃 (0))− 𝑑𝑏

𝑟 + 𝛼+ 𝜎 + 𝛽
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where

𝜂 =
𝑟 + 𝛼+ 𝜎 + 𝛽 − [(𝑟 + 𝛼+ 𝜎 + 𝛽)2 − 4(𝛼+ 𝜎)𝛽]1/2

2𝛽
< 1

The payoff towaiting in a cold phase is more involved. With probability 𝛼𝑒−𝛼𝑡𝑑𝑡, amotivated seller enters the

market during the cold period after a duration 𝑡 and triggers an auction with the existing bidders and any other

buyers who might have entered during the cold period up to time 𝑡. In this environment, the buyer’s expected

payoff in a cold market can be written as

𝐶(𝑇1) =

∫︁ 𝑇1

0

𝑒−(𝑟+𝛼)𝑡[−𝑑𝑏 + 𝛼

∞∑︁
𝑖=0

𝜋𝑖(𝑡)[𝑥− 𝑃 (𝑖+ 1)]]𝑑𝑡

+𝑒−(𝑟+𝛼)𝑇1

∞∑︁
𝑖=0

𝜋𝑖(𝑇1)𝐻(𝑖+ 1)

Solving gives

𝐶(𝑇1) =
Ψ1(𝑥− 𝑃 (0)) + Ψ3𝑑𝑏/𝑟

1−Ψ2

where

Ψ1 = 𝐴1 +𝐴2

Ψ2 = (𝜂 −𝐷4)𝐴3 +𝐷4𝐴4 −𝐷4𝐴5 +𝐴6

Ψ3 = 𝐷5𝐴3 −𝐷5𝐴4 +𝐷5𝐴5 −𝐴7 −𝐴8

𝐴1 =
𝛼(1− 𝑒−(𝑟+𝛼+𝛽)𝑇1)

𝑟 + 𝛼+ 𝛽

𝐴2 = 𝑒−(𝑟+𝛼+𝛽)𝑇1𝐷1

𝐴3 =
𝛼𝛽[1− 𝑒−(𝑟+𝛼+𝛽)𝑇1(1 + (𝑟 + 𝛼+ 𝛽)𝑇1)]

𝜂(𝑟 + 𝛼+ 𝛽)2

𝐴4 =
𝛼(1− 𝑒−(𝑟+𝛼+𝛽(1−𝜂))𝑇1)

𝜂2(𝑟 + 𝛼+ 𝛽(1− 𝜂))

𝐴5 =
𝛼(1− 𝑒−(𝑟+𝛼+𝛽)𝑇1)

𝜂2(𝑟 + 𝛼+ 𝛽)

𝐴6 = 𝑒−(𝑟+𝛼+𝛽)𝑇1(𝐷2 +
𝑒𝛽𝜂𝑇1 − 1

𝜂
)𝐷4

𝐴7 = 𝑒−(𝑟+𝛼+𝛽)𝑇1 [𝑟𝐷2𝐷5 + 𝑟𝐷3 +
𝑒𝛽𝜂𝑇1 − 1

𝜂
(𝑟𝐷5 − 1) + 𝑒𝛽𝑇1 − 1]

𝐴8 = −(1− 𝑒−(𝑟+𝛼)𝑇1) +
𝛼(1− 𝑒−(𝑟+𝛼+𝛽)𝑇1)

𝑟 + 𝛼+ 𝛽
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𝐷1 =
𝛼+ 𝜎

𝑟 + 𝛼+ 𝜎 + 𝛽

𝐷2 =
𝛽

𝑟 + 𝛼+ 𝜎 + 𝛽

𝐷3 =
1

𝑟 + 𝛼+ 𝜎 + 𝛽

𝐷4 =
𝛼+ 𝜎

𝑟 + 𝛼+ 𝜎 + 𝛽(1− 𝜂)

𝐷5 =
𝑟 + 𝛽(1− 𝜂)

𝑟 + 𝛼+ 𝜎 + 𝛽(1− 𝜂)

It can be established that sellers accept the buyers’ bids in Lemma 1, i.e. 𝑃 (𝑁) ≥ 𝑍(𝑁) for all 𝑁 ≥ 0. These

prices coupled with the cold state payoff 𝐶(𝑇1) in turn determine bidder payoffs 𝐻(𝑁) in a hot market. For

𝑁 = 1 and 𝐷 > 0, the buyer is alone in the market waiting for the arrival of a seller. Motivated sellers will

enter whereas relaxed seller entry occurs after the transition from a cold period without buyer entry. Two such

transitions occur. One transition occurs after a duration𝐷 > 𝑇1 following a two bidder auction during which no

buyer entry occurred. The second occurs after duration 𝐷 > 𝑇0 that follows an auction with one bidder during

which no buyer entry occurred.

Like buyers in markets with excess bidders, sellers in markets with other houses accept bids that make them

indifferent between trading and waiting for the next auction. Since 𝛼 alone governs the arrival rate of sellers, all

of them motivated when there are excess sellers, the payoff to a lone seller in the market (𝑁 = −1) awaiting for

the arrival of buyer is given by

𝑍(−1) =
1

1 + 𝑟𝑑𝑡
[𝛼𝑑𝑡𝑍(−2) + 𝛽𝑑𝑡 𝑃 (0) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑍(−1)− 𝑑𝑠𝑑𝑡]

With other sellers waiting the arrival of a buyer (𝑁 ≤ −2), the payoff 𝑍(𝑁) is given by

𝑍(𝑁) =
1

1 + 𝑟𝑑𝑡
[𝛼𝑑𝑡𝑍(𝑁 − 1) + 𝛽𝑑𝑡𝑍(𝑁 + 1) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑍(𝑁)− 𝑑𝑠𝑑𝑡]

The solution to these difference equations is given by

𝑍(−1) =
𝛽𝑃 (0)− (𝑟 + 𝛼(1− 𝜆))𝑑𝑠/𝑟

𝑟 + 𝛼+ 𝛽 − 𝛼𝜆

and for 𝑁 ≤ −2

𝑍(𝑁) = 𝜆−𝑁−1[𝑍(−1) + 𝑑𝑠/𝑟]− 𝑑𝑠/𝑟

where

𝜆 =
𝑟 + 𝛼+ 𝛽 − [(𝑟 + 𝛼+ 𝛽)2 − 4𝛼𝛽]1/2

2𝛼

From time to time, entry from one side or the other of the market will occur such that the auction has one

bidder and one seller. In this auction, the buyer’s offer again makes the seller indifferent between waiting and

accepting. Given that buyer entry or seller entry will shift the market, the equilibrium bid with one buyer and
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one seller satisfies

𝑃 (0) =
1

1 + 𝑟𝑑𝑡
[𝛼𝑑𝑡𝑍(−1) + 𝛽𝑑𝑡 (𝑥− 𝐶(𝑇1)) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑃 (0)− 𝑑𝑠𝑑𝑡]

Substitution for 𝑍(−1) gives

𝑃 (0) =
𝛽(𝑟 + 𝛼+ 𝛽 − 𝛼𝜆)[𝑥− 𝐶(𝑇1)]− [(𝑟 + 𝛼)(𝑟 + 𝛼(1− 𝜆)) + 𝑟𝛽]𝑑𝑠/𝑟

(𝑟 + 𝛼+ 𝛽 − 𝛼𝜆)(𝑟 + 𝛼+ 𝛽)− 𝛼𝛽

Plugging in for 𝐶(𝑇1) yields

𝑃 (0) =
𝐵1(1−Ψ1 −Ψ2)𝑥−𝐵1Ψ3𝑑𝑏 − (1−Ψ2)𝐵2𝑑𝑠/𝑟

1−Ψ2 −𝐵1Ψ1

where

𝐵1 =
𝛽(𝑟 + 𝛼+ 𝛽 − 𝛼𝜆)

(𝑟 + 𝛼+ 𝛽)(𝑟 + 𝛼+ 𝛽 − 𝛼𝜆)− 𝛼𝛽

𝐵2 =
(𝑟 + 𝛼)(𝑟 + 𝛼(1− 𝜆)) + 𝑟𝛽

[(𝑟 + 𝛼+ 𝛽)(𝑟 + 𝛼+ 𝛽 − 𝛼𝜆)− 𝛼𝛽]

Now consider a potential seller contemplating the market in the entry phase. This relaxed seller’s decision

depends on whether the expected revenue outweighs the cost of entry. If the expected revenue following seller

entry is less than the up-front fee 𝐹 , relaxed sellers decline entry. They accept otherwise.

From Assertion A2, relaxed sellers accept entry opportunities and markets are hot for all states in which

𝑁 ≥ 2. Moreover, these sellers decline entry and markets are cold for 𝑁 = −1. When 𝑁 ∈ {0, 1}, relaxed sellers

turn down entry over some period of time after a sale. For𝑁 = 1 entry resumes after a period 𝑇1. Relaxed sellers

turn down entry in states (𝑁 = 1, 𝐷 < 𝑇1) but the market becomes hot at (𝑁 = 1, 𝐷 = 𝑇1) and remains hot for

all 𝐷 ≥ 𝑇1. For 𝑁 = 0 and 𝐷 = 𝑑𝑡 → 0, 𝑇0 denotes the duration of the subsequent cold spell.

Expected net revenues or profit determine the corresponding durations 𝑇1 and 𝑇0. Suppose first that there

is one remaining buyer from the last auction, 𝑁 = 1. If no new buyers have entered since the previous auction

(𝑖 = 0), seller entry decreases 𝑁 and the lone buyer bids the price 𝑃 (0). With two bidders (one old and one

new), the seller receives 𝑃 (1) = 𝑥 − 𝐶(𝑇1) where the unsuccessful buyer expects sellers to delay entry for the

period of duration 𝑇1.With three or more bidders (𝑖 ≥ 2), the price offered and paid is 𝑃 (𝑖) = 𝑥−𝐻(𝑖). Plugging

in these outcomes along with the Poisson probabilities 𝜋𝑖(𝑡), expected profit becomes

𝑅(1, 𝐷) = 𝑒−𝛽𝐷𝑃 (0) + 𝛽𝐷𝑒−𝛽𝐷[𝑥− 𝐶(𝑇1)] +

∞∑︁
𝑖=2

(𝛽𝐷)𝑖𝑒−𝛽𝐷

𝑖!
[𝑥−𝐻(𝑖)]− 𝐹

Entry occurs if and only if 𝑅(1, 𝐷) ≥ 0.

When there are no buyers remaining from the last auction (𝑁 = 0), entry occurs if and only if the corre-

sponding cold spell duration 𝑇0 is sufficiently long so that𝑅(0, 𝐷) ≥ 0. Plugging in again for prices 𝑃 (𝑁) as well

as for 𝑍(−1) delivers the following result.

Lemma 2. For sellers aware of only one or zero known bidders, the critical cold spell duration of delayed entry
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𝑇1 and 𝑇0 respectively solve

𝑅(1, 𝑇1) = 𝑒−𝛽𝑇1𝑃 (0) + 𝛽𝑇1𝑒
−𝛽𝑇1 [𝑥− 𝐶(𝑇1)]

+

∞∑︁
𝑖=2

(𝛽𝑇1)
𝑖𝑒−𝛽𝑇1

𝑖!
[𝑥−𝐻(𝑖)]− 𝐹 = 0

and

𝑅(0, 𝑇0) = 𝑒−𝛽𝑇0
𝛽𝑃 (0)

𝑟 + 𝛽
+ 𝛽𝑇0𝑒

−𝛽𝑇0𝑃 (0) +
𝛽𝑇 2

0

2
𝑒−𝛽𝑇0(𝑥− 𝐶(𝑇1))

+

∞∑︁
𝑖=3

(𝛽𝑇0)
𝑖𝑒−𝛽𝑇0

𝑖!
[𝑥−𝐻(𝑖)]− 𝐹 = 0

The last step is to verify that the monopoly-Bertrand partition in A2 is valid. Given prices, payoffs and cold

spells, sellers would enter monopolistic (𝑁 ≤ 1) markets and the market would remain hot if discounted ex-

pected net revenue is positive immediately following an auction that left one bidder remaining in the market:

𝑅(1; 𝑑𝑡) = 𝑃 (0)− 𝐹 > 0.

Conversely, markets with two known remaining bidders would become cold and entry would not occur if the

expected price did not cover fixed costs:

𝑃 (1) = 𝑥− 𝐶(𝑇1) ≤ 𝐹.

Smith (2020b) derives explicit restrictions on parameters for zero search costs. Here, it suffices to check the

simulated values.

B.2 Slump

The determination of payoffs and the solution approach for outcomes in the slump follow the same logic as in

the prosperous state with two exceptions. First, relaxed seller entry shuts down thereby ruling out the cold state

in a submarket. There is no hot/cold state distinction in a submarket for seller entry during the slump so revenue

is omitted. Second, inventories of unsold houses become bounded. In the prosperous state, the inventory of

unsold homes is potentially unbounded but this possibility is not a substantial concern. The flow in of buyers is

greater than the flow in of motivated sellers so inventories of sellers will trend away from becoming large. The

decisions of relaxed buyers keep a check on an excessive number of buyers accumulating in the market. During

a slump, however, the flow in of motivated sellers exceeds the low flow in of buyers. Although the end of the

slump reverses this outcome, it is reasonable to limit the number of houses for sale in a given submarket during

a downturn by capping the entry of (motivated) sellers at some level. As motivated buyers will not enter a

submarket with sufficiently many unsold homes, suppose that during the slump period, motivated sellers obtain

an outside payoff 𝑉 if they do not enter. (This option is not available in the boom. Inventories rarely if ever reach
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the boundary associated with the slump. As sellers will be more willing to enter a crowded market in a boom,

this omission appears unimportant and nonbinding. ) Agents expect the aggregate slump state to end with

Poisson arrival rate 𝜏 .During the slump, the parameters 𝛽 < 𝛼 and 𝜎 = 0 represent the inflow rate of buyers and

relaxed sellers. The inflow of motivated sellers 𝛼 is unchanged. On the rare occasion when the recovery occurs

with one known buyer in the (sub)market, buyers anticipate a cold market for the duration 𝑇1 and payoff 𝐶(𝑇1)

as specified below. The seller’s outside option does not directly impact the derivation of buyer payoffs but the

payoffs indirectly adjust with the determination of the balanced trade price 𝑃 (0).

For 𝑁 ≥ 2, the buyer payoffs become

�̂�(𝑁) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡 �̂�(𝑁 − 1) + 𝛽𝑑𝑡 �̂�(𝑁 + 1) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)�̂�(𝑁)

]︁
+ 𝜏𝑑𝑡𝐻(𝑁)− 𝑑𝑏𝑑𝑡

which can be re-written as

𝛽�̂�(𝑁 + 2)− (𝑟 + 𝜏 + 𝛼+ 𝛽)�̂�(𝑁 + 1) + 𝛼 �̂�(𝑁 − 1) = −𝜏𝐻(𝑁 + 1) + 𝑑𝑏

= −𝜏𝜂𝑁−1[𝐻(2) + 𝑑𝑏/𝑟] + (𝑟 + 𝜏)𝑑𝑏/𝑟

The solution to this difference equation is given by

�̂�(𝑁) = 𝜂𝑁−2𝐶𝑏 +𝐴𝑏𝜂
𝑁−2[𝐻(2) + 𝑑𝑏/𝑟]− 𝑑𝑏/𝑟

where

𝜂 =
𝑟 + 𝜏 + 𝛼+ 𝛽 − [(𝑟 + 𝜏 + 𝛼+ 𝛽)2 − 4𝛼𝛽]1/2

2𝛽
< 1

𝐴𝑏 = −𝜏𝜂/[𝛽𝜂2 − (𝑟 + 𝜏 + 𝛼+ 𝛽)𝜂 + 𝛼]

𝐶𝑏 = �̂�(2)−𝐴𝑏(𝐻(2) + 𝑑𝑏/𝑟)− 𝑑𝑏/𝑟

The solution specifies �̂�(2) as opposed to �̂�(1) to avoid confusion with the role of 𝐶(𝑇1).

For 𝑁 = 2, a bidder’s expected payoffs

�̂�(2) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡 �̂�(1) + 𝛽𝑑𝑡 �̂�(3) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)�̂�(2)

]︁
+ 𝜏𝑑𝑡𝐻(2)− 𝑑𝑏𝑑𝑡

can be re-written as

𝛽�̂�(3)− (𝑟 + 𝜏 + 𝛼+ 𝛽)�̂�(2) + 𝛼 �̂�(1) = −𝜏𝐻(2) + 𝑑𝑏

= −𝜏 [𝐻(2) + 𝑑𝑏/𝑟] + (𝑟 + 𝜏)𝑑𝑏

Plugging in for �̂�(3) gives

�̂�(2) =
𝛼�̂�(1)

𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂)
+𝐺1

where

𝐺1 =
(𝜏 − 𝛽(𝜂 − 𝜂)𝐴𝑏)(𝐻(2) + 𝑑𝑏/𝑟)− (𝑟 + 𝜏 + 𝛽(1− 𝜂))𝑑𝑏/𝑟

𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂)
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For 𝑁 = 1, a bidder’s expected payoffs in a hot market

�̂�(1) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡 (𝑥− 𝑃 (0)) + 𝛽𝑑𝑡 �̂�(2) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)�̂�(1)

]︁
+ 𝜏𝑑𝑡𝐶(𝑇1)− 𝑑𝑏𝑑𝑡

can be re-written as

𝛽�̂�(2)− (𝑟 + 𝜏 + 𝛼+ 𝛽)�̂�(1) = −𝛼(𝑥− 𝑃 (0))− 𝜏𝐶(𝑇1) + 𝑑𝑏

Plugging in for �̂�(2) gives
𝛼𝛽�̂�(1)

𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂)
− (𝑟 + 𝜏 + 𝛼+ 𝛽)�̂�(1) = −𝛼(𝑥− 𝑃 (0))− 𝜏𝐶(𝑇1)− 𝛽𝐺1 + 𝑑𝑏

where

𝐺1 =
(𝜏 − 𝛽(𝜂 − 𝜂)𝐴𝑏)(𝐻(2) + 𝑑𝑏/𝑟)− (𝑟 + 𝜏 + 𝛽(1− 𝜂))𝑑𝑏/𝑟

𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂)

Rearranging and solving gives

�̂�(1) = 𝐺2

{︁
𝛼(𝑥− 𝑃 (0)) + 𝜏𝐶(𝑇1) + 𝛽𝐺1 − 𝑑𝑏

}︁
where

𝐺2 =
𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂))

(𝑟 + 𝜏 + 𝛼+ 𝛽(1− 𝜂))(𝑟 + 𝜏 + 𝛼+ 𝛽)− 𝛼𝛽

Note that

𝑃 (1) = 𝑥− �̂�(1) = 𝑥− 𝛼𝐺2𝑃 (0)−𝐺2 {𝛼𝑥+ 𝜏𝐶(𝑇1) + 𝛽𝐺1 − 𝑑𝑏}

Seller payoffs during the slump must account for their outside option. In this case, a critical threshold value

of inventories of unsold houses in the submarket exists and triggers non-entry by the incomingmotivated sellers.

To find this critical value, consider the solution method to the second order difference equations governing seller

payoffs. In general, two roots and two "integration" constants solve these equations. With unbounded inventories

as in the prosperous period, the solution involves setting the unknown constant associated with the explosive

root to zero to avoid unbounded payoffs. With the addition of an outside option capping entry, the constant

associated with the explosive root becomes a non-zero object so that the solution joins upwith the outside option

𝑉 . In particular, recalling that inventories for sale are negative values of the state 𝑁 , an upper inventory bound

requires 𝑁 ≥ �̄� . The two root solution not only satisfies the initial condition (determined by balanced trade),

but also the condition that at �̄� ≤ 0, the payoff equals 𝑉 .

The seller payoffs in the slump for 𝑁 ≤ −2

𝑍(𝑁) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡𝑍(𝑁 − 1) + 𝛽𝑑𝑡𝑍(𝑁 + 1) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑍(𝑁)

]︁
+ 𝜏𝑑𝑡 𝑍(𝑁)− 𝑑𝑠𝑑𝑡

can be re-written as

𝛼𝑍(𝑁 − 2)− (𝑟 + 𝜏 + 𝛼+ 𝛽)𝑍(𝑁 − 1) + 𝛽 𝑍(𝑁) = −𝜏𝑍(𝑁 − 1) + 𝑑𝑠

= −𝜏𝜆−𝑁 [𝑍(−1) + 𝑑𝑠/𝑟] + (𝑟 + 𝜏)𝑑𝑠
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For unknown constants, 𝐶𝑠1 and 𝐶𝑠2, the two root solution to this difference equation is given by

𝑍(𝑁) = �̂�−𝑁−1
1 𝐶𝑠1 + �̂�−𝑁−1

2 𝐶𝑠2 +𝐴𝑠𝜆
−𝑁−1[𝑍(−1) + 𝑑𝑠/𝑟]− 𝑑𝑠/𝑟

where the two roots are

�̂�1 =
𝑟 + 𝜏 + 𝛼+ 𝛽 − [(𝑟 + 𝜏 + 𝛼+ 𝛽)2 − 4𝛼𝛽]1/2

2𝛼
< 1

�̂�2 =
𝑟 + 𝜏 + 𝛼+ 𝛽 + [(𝑟 + 𝜏 + 𝛼+ 𝛽)2 − 4𝛼𝛽]1/2

2𝛼
> 1

and from the particular solution

𝐴𝑠 = −𝜏𝜆/[𝛼𝜆2 − (𝑟 + 𝜏 + 𝛼+ 𝛽)𝜆+ 𝛽]

Note that slightly differently from buyers who have to account for a transition to prosperity with a cold spell

𝑍(−1) = 𝐶𝑠1 + 𝐶𝑠2 +Ψ10 − 𝑑𝑠/𝑟

and

𝑍(�̄�) = �̂�−�̄�−1
1 𝐶𝑠1 + �̂�−�̄�−1

2 𝐶𝑠2 + 𝜆−�̄�−1Ψ10 − 𝑑𝑠/𝑟 = 𝑉

whereΨ10 = 𝐴𝑠[𝑍(1)−𝑑𝑠/𝑟]. These two equations demonstrate that 𝐶𝑠2 is a linear function of 𝐶𝑠1 which in turn

is linear in 𝑍(−1) yielding

𝐶𝑠1 =
𝑍(−1)

1−Ψ11
− Ψ12 +Ψ10 − 𝑑𝑠/𝑟

1−Ψ11

𝐶𝑠2 =
−Ψ11𝑍(−1)

1−Ψ11
− Ψ11(Ψ12 +Ψ10 − 𝑑𝑠/𝑟)

1−Ψ11
+Ψ12

where

Ψ11 =

(︃
�̂�1

�̂�2

)︃�̄�−1

Ψ12 = −

(︃
�̂�1

�̂�2

)︃�̄�−1

Ψ10 +
𝑉 + 𝑑𝑠/𝑟

�̂��̄�−1
2

For 𝑁 = −1, a seller’s expected payoff

𝑍(−1) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡𝑍(−2) + 𝛽𝑑𝑡 𝑃 (0) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑍(−1)

]︁
+ 𝜏𝑑𝑡 𝑍(−1)− 𝑑𝑠𝑑𝑡

can be re-written as

𝛼𝑍(−2)− (𝑟 + 𝜏 + 𝛼+ 𝛽)𝑍(−1) + 𝛽 𝑃 (0) = −𝜏𝑍(−1) + 𝑑𝑠

Plugging in

𝑍(−2) = �̂�1𝐶𝑠1 + �̂�2𝐶𝑠2 + 𝜆Ψ10 − 𝑑𝑠/𝑟

= Ψ13𝑍(1) + Ψ14

where

Ψ13 =
(�̂�1 −Ψ11�̂�2)

1−Ψ11
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Ψ14 = −(�̂�1 −Ψ11�̂�2)
Ψ12 +Ψ10 − 𝑑𝑠/𝑟

1−Ψ11
+ �̂�2Ψ12 + 𝜆Ψ10 − 𝑑𝑠/𝑟

reveals that 𝑍(−1) is a linear function in not only 𝐶𝑠1 and 𝐶𝑠2 but also in 𝑃 (0).

𝑍(−1) =
𝛽𝑃 (0)

𝑟 + 𝜏 + 𝛼+ 𝛽 − 𝛼Ψ13
+Ψ15

where

Ψ15 =
𝜏𝑍(−1)− 𝑑𝑠 + 𝛼Ψ14

𝑟 + 𝜏 + 𝛼+ 𝛽 − 𝛼Ψ13

Balanced trade implies

𝑃 (0) =
1− 𝜏𝑑𝑡

1 + 𝑟𝑑𝑡

[︁
𝛼𝑑𝑡𝑍(−1) + 𝛽𝑑𝑡 (𝑥− �̂�(1)) + (1− 𝛼𝑑𝑡− 𝛽𝑑𝑡)𝑃 (0)

]︁
+ 𝜏𝑑𝑡 𝑃 (0)− 𝑑𝑠𝑑𝑡

can be re-written as

𝛼𝑍(−1)− (𝑟 + 𝜏 + 𝛼+ 𝛽)𝑃 (0) + 𝛽(𝑥− �̂�(1)) = −𝜏𝑃 (0)− 𝑑𝑠

Plugging in for the linear functions of 𝑍(−1) and 𝑥− �̂�(1) gives

{︂
𝛼𝛽

𝑟 + 𝜏 + 𝛼+ 𝛽 − 𝛼Ψ13
− 𝑟 + 𝜏 + 𝛼+ 𝛽 + 𝛼𝛽𝐺2

}︂
𝑃 (0)

= −𝛼Ψ15 − 𝛽𝑥+ 𝛽𝐺2[𝛼𝑥+ 𝜏𝐶(𝑇1) + 𝛽𝐺1 − 𝑑𝑏]− 𝜏𝑃 (0) + 𝑑𝑠

or

𝑃 (0) = (−𝛼Ψ15 +Ψ7)/Ψ16

where Ψ10, Ψ11, Ψ12, Ψ13 are as above and

Ψ7 = −𝛽𝑥+ 𝛽𝐺2[𝛼𝑥+ 𝜏𝐶(𝑇1) + 𝛽𝐺1 − 𝑑𝑏]− 𝜏𝑃 (0) + 𝑑𝑠,

Ψ16 =
𝛼𝛽

𝑟 + 𝜏 + 𝛼+ 𝛽 − 𝛼Ψ13
− 𝑟 + 𝜏 + 𝛼+ 𝛽 + 𝛼𝛽𝐺2,

The last step determines �̄� from 𝑉 . The above second order difference equation for the sellers satisfies the

initial and terminal conditions given an �̄� . The solution imposes exit at this level of unsold houses. A seller who

decides to enter at �̄� when others are not receives

𝑍(�̄�) =
𝛽𝑍(�̄� − 1) + 𝜏𝑍(�̄�)− 𝑑𝑠

𝑟 + 𝛽

The optimal �̄� follows from iterating for increasing �̄� until 𝑍(�̄�) > 𝑍(�̄�)
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