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ABSTRACT 

This paper studies price competition in residential real estate with a spatial framework using 

micro-level data. Using a sample of real estate transactions from 1993-2014 in Philadelphia, PA 

from the Multiple Listing Service (MLS) sales reports, a multinomial logit model is used to 

measure effects of competition on probability of sale and a repeat sales approach is used to 

measure effects of competition on sale price. The results indicate a that a higher measure of 

competition decreases the probability of selling and increases the probability of dropping out of 

the market without a sale relative to remaining an active listing. Additionally, competition has a 

significant negative effect on sale price prior to 2004 and a positive effect after 2006, suggesting 

that the nature of competition in local real estate markets has changed over time. 

 

 

 

*This research was completed while the author was employed at the Federal Reserve Bank of Philadelphia. The 
views expressed in this paper are those of the author and do not necessarily reflect those of the Federal Reserve 

Bank of Philadelphia or the Federal Reserve System 
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I. Introduction 

In many markets, increasing competition typically serves as a detriment to the firm via  

driving down prices. However, in markets with a strong spatial focus (i.e. where location of the 

firm has a strong influence on the buyer), increased nearby competition can attract more buyers 

to a firm via reducing the search costs associated with the transaction. One such spatially focused 

market is residential real estate. While a firm, in this case a seller of a residential property, can 

control certain factors such as when to sell and at what price to list, it cannot control one 

particularly important variable: the decisions of its most direct competitors—neighbors. 

Understanding how the decisions of neighbors in residential real estate markets impacts one’s 

own prospects in transacting is of utmost importance in order for buyers and sellers to make 

better informed choices.    

This paper explores the effects of spatial competition on pricing decisions and probability 

of sale in the residential real estate market, with a specific focus on competition between 

neighbors. I investigate how the probability of sale and the resulting sale price for a property are 

affected by the number and proximity of other properties being sold. If there are multiple houses 

being sold at the same time in a given neighborhood, do sellers undercut each other’s prices to 

the benefit of the buyer? Can competition be advantageous to the sellers by increasing traffic to 

the region and in turn sharing advertising costs? 

 There are two potential ways in which nearby competition can affect the probability of a 

sale of a property and the sale price which the property owner receives. A competition effect 

would drive the ultimate sale price down as more houses are being sold nearby. An increased 

traffic effect would decrease time spent on the market and increase the probability of being sold 

earlier by reducing search costs for the buyer. If more properties are being sold in a 
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neighborhood, it is easier for a buyer to visit more houses, thereby increasing traffic to the listed 

property.  

 This paper uses data provided by CoreLogic from a sample of real estate listings and 

transactions from the Multiple Listing Service (MLS) sales reports from 1993-2014 in 

Philadelphia, PA. The sample includes single-family residences, condos, and town-houses listed 

for sale. First, a multinomial logit regression is utilized to predict the probability of a property 

exiting the market (i.e. being sold) after a given number of days based on the nearby 

competition. The results show a negative and significant relationship between competition and 

the probability of selling relative to remaining active. Then, conditional on selling, a repeat sales 

approach is used to test the impact of competition on sale price. Using the repeat sales method, I 

find that there is a negative and significant effect of competition on sale price prior to 2004, and 

a positive and significant effect after 2006. The results suggest the presence of competition 

effects, varying over time, and a lack of an increased traffic effect. 

 The paper proceeds as follows: the next section provides an overview of literature within 

the field. Section III describes a relevant theoretical model of the housing search. Sections IV 

and V describe, respectively, the data and methods used to empirically test this model. Section 

VI summarizes the results, while the next section describes tests conducted to demonstrate 

robustness. Finally, Section VIII concludes.  

II. Related Research 

A vast body of literature investigates the determinants of sale price and time on the market 

for residential real estate. In one of the earliest works in the field, Miller (1978) finds that, 

despite the temptation to remain on the market longer to achieve an optimal sale price, sellers do 

not benefit from longer marketing times (i.e. a negative relationship exists between the two). 
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However, Miller foresaw the difficulties of predicting these effects for residential properties due 

to the simultaneous impact of real estate characteristics on time and sale price. Benefield, Cain, 

and Johnson (2011) provide a thorough overview of techniques used to empirically test the 

relationship between market duration and sale price in the real estate markets in their study of 

how the number of advertising photos used in a sale impacts both price and market duration.1 

Springer (1996) investigates seller motivations on both list price and market duration in 

residential markets. He finds that a change in list price helps facilitate quicker sales, and 

concludes, importantly, that the list price is a seller’s primary mechanism for selling a property. 

Genesove and Mayer (2001) note, though, that sellers are loss averse and set higher asking prices 

about 25-30% of the difference between expected selling price and original purchase price, 

leading to a lower sale hazard. In general, the literature agrees that, regardless of which direction 

the relationship runs, there is an inverse relationship between price and time on the market both 

for residential property. 

One recent study of sale price and time on the market is provided by Turnbull and Dombrow 

(2006). Like the research I present, the authors look at competition as the main variable 

predicting price and market duration. However, they look at the impact of competition on the 

two variables simultaneously using transaction-level MLS data from Baton Rouge, LA from July 

1985-1997.2  The authors hypothesize a spatial competition effect, which would decrease sale 

prices due to the increased nearby competition, and a shopping externality effect, in which the 

search costs for consumers are decreased by having multiple houses for sale in the same area, 

                                                 
1 Specifically, the “Literature and Other Motivation” section on pages 402-403 compare and contrast the different 
approaches used by scholars, namely hedonic models, hazard models, and 2SLS approaches used to simultaneously 
predict both price and market duration. 
2 The authors use a 3SLS approach. In all models used, the sales price is explained by marketing time, house 
characteristics, location, housing market condition, season and concentration of competing listings in the 
neighborhood. The days on market is explained by the sales price, location, variables reflecting housing market 
condition, season, and competition of other listings in the neighborhood (Turnbull and Dombrow, p. 400). 
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thereby decreasing the time spent on the market.  They conclude that new listings have the 

strongest shopping externalities for neighboring houses that have been on the market for a while. 

On the contrary, houses new on the market do not benefit from shopping externalities. 

Most relevant to this paper is the body of literature which analyzes the effects of nearby 

foreclosed properties. Hartley (2010) provides an extensive overview of this body of research. A 

study of note is that of Harding, Rosenblatt, and Yao (2009), who find that a sale suffers a lower 

price of roughly 1% per nearby foreclosed property. Immergluck and Smith (2006) similarly find 

a 0.9% discount on sale price per foreclosure within 660 feet of the selling property. Anenberg 

and Kung (2013) specify two effects which would drive these sale prices down. A competition 

effect would instigate lower prices via extra houses being on the market. A disamenity effect 

would cause a negative externality through creating an eyesore, attracting crime, etc. They find 

competition effects present in all types of regions, but only see disamenity effects in high 

density, low price neighborhoods. Fisher, Lambie-Hanson, and Willen (2015) use a dataset of 

condominiums and find that a foreclosure in the same association and same address causes a 

discount of 2.5%, while one in the same association but with a different address causes 

essentially no discount. Contrary to Anenberg and Kung’s conclusion, this suggests that perhaps 

the disamenity effect is more prevalent than a competition effect. This body of literature is 

important to the research presented because it shows that home buyers certainly consider nearby 

properties and their related characteristics when considering a property to purchase. 

This paper expands on the previous work in the field in multiple ways. First, the paper uses 

data extending from 1993-2014, which includes both before and after the foreclosure crisis of 

2008. Second, this paper extends beyond investigating whether nearby distressed sales affect 

one’s own listing, and considers how any nearby sale affects one’s own listing. While the 



6 
 

foreclosure literature posits that the main mechanism affecting price is a disamenity affect, this 

paper tests the validity of the competition effect. Finally, this paper expands on previous work by 

utilizing models to not only estimate effects of sale price, but also effects on the probability of 

selling in the first place. 

III. Theoretical Considerations in Housing Search 

While an exhaustive theory of search and matching between buyers and sellers in real 

estate markets is beyond the scope of this paper, it is nevertheless insightful to consider the 

mechanism behind the empirics tested. One of the earliest models of the housing market is 

provided by Wheaton (1990). He postulates a dichotomous model of housing quality: houses that 

are either large or small, and homeowners who are either matched or unmatched to their house’s 

quality. Ultimately, Wheaton’s model explains that, because buyers are often also sellers in the 

residential housing market, high prices do little to dampen demand. Two consequences of this 

are that search behavior by buyers is suboptimal, and the supply of available housing is 

suboptimal as well, because market prices do not accurately reflect the marginal value of 

additional housing units. Therefore, even small changes in supply or demand, and in turn its 

effect on vacancy, can have large impacts on market prices. 

 Carrillo (2006) develops the work of Wheaton and other housing search theorists by 

positing a continuous distribution of housing quality. In Carrillo’s model, a seller needs to attract 

a buyer to his property and that buyer must be willing to trade above or at the seller’s reservation 

price. The buyer, on the other hand, must decide which houses to visit, and after visiting, needs 

to determine whether to buy now or search again next period. To find equilibrium, Carrillo 

utilizes an iterative approach, choosing a baseline value for the probability that, given a list price 
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is a take-it-or-leave it offer to a buyer, a property with a given quality sells at the price.3 Given 

this equilibrium, Carrillo is able to take into account outside factors such as buyer information 

(via advertising) or real estate agents’ commissions to investigate their impacts on the buyer-

seller outcome. Carrillo finds that the more information the buyer has about a listing, the lower 

the sale price will be, and there will be a slight increase in market duration. 

 Carrillo’s work has significant implications for this research presented, because it speaks 

to the dynamic impact of buyer information on sale price and time on the market. Local 

competition can serve as a source of buyer information, because it leaves the buyer better 

informed about underlying price values in the neighborhood, and incentivizes the seller to push 

forward more information about their property in order to fare better against new competition. 

Therefore, if neighborly competition is to be accepted as a piece of buyer information, then we 

would expect to see an increase in competition also lead to a decrease in sale price and increase 

in market duration. I now test this prediction. 

IV. Data 

The data utilized in this study is drawn from the Multiple Listing Service (MLS) sales 

reports, and corresponds to listings in Philadelphia County, Pennsylvania.4 Data is provided by 

CoreLogic. The MLS data includes listings for properties which have been or are on the market 

for sale or for rent. However, in this study only properties listed for sale are considered.  

Because the data is provided by real estate agents, the sample used includes only broker-

assisted transactions. The sample is restricted to properties and/or units sold for residential 

purposes. This includes single-family residences, condominiums, and townhomes. The sample 

                                                 
3 See Equations 1-4 in Carrillo (2006). 
4 MLS data is obtained through real estate boards, made up of real estate agents in a given region. The agents enter 
the properties and their characteristics into their board’s MLS system in order to facilitate marketing them. 
Information includes hundreds of variables ranging from original listing date and price to specific household 
characteristics such as number of bathrooms and fireplaces. 
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does not exclude houses purchased out of foreclosure. Properties that were on the market for 

more than two years (730 days) were excluded, as were properties with a list price or 

competition measure (see below) which was two standard deviations away from the mean. 

The data described is used in two separate formats: a multinomial logit model which tests the 

probability of exiting the market, which uses all listings, and a repeat sales model, which 

conversely is only extended on listings for which the property had been previously sold at least 

once. The data consist of 360,627 listings of single-family residences, townhouses, and condos. 

Of those, 196,249 listings are used in repeat sales, corresponding to 147,682 unique properties. 

Table 1 shows a count of all properties by type in both formats. Figure 1 and Table 2 display 

the number of transactions by year for both formats. 

 This study defines competition in terms of house-days, i.e. the number of overlapping 

days on the market. For example, if House A is on the market for 10 days, and House B is listed 

on day 4 while House C is listed on day 7, then the total house-days of competition for House A 

is 11 (7 for House B and 4 for House C).  

 Using latitude and longitude data from tax assessments of all the properties in the sample, 

the set of competing sale properties is defined as those within a certain mile radius of the 

property of interest. A baseline radius of 0.2 miles is used, but radii of 0.1, 0.05, and 0.025 miles 

are also used for purposes of robustness. Reasonably, next-door neighbors would compete more 

strongly than listings further in distance from each other. Therefore, the competing days are 

weighted by the distance between the two properties.  Competition is defined as 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛 =  
∑(1 − 𝑑)2 (𝐶)

𝑑𝑜𝑚
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where d represents the distance between the properties in miles, C is the number of competing 

house-days, and dom is the number of days on the market.5 Essentially, competition is a measure 

of the average competing houses (weighted by distance) per day the property was on the market. 

Tables 3a and b show the summary statistics for relevant variables used in the multinomial logit 

and repeat sales models, respectively.  

V. Methods 

I first estimate how local competition affects the time spent on the market for a listed 

property. To investigate this effect, I use a multinomial logistic regression. A multinomial logit 

predicts the likelihood of an event occurring at a given time based on other observable 

information. In this case, there are three potential outcomes for a listing: a sale, dropping out of 

the market without a sale, and remaining active on the market but still not yet sold, which will 

serve as the baseline outcome. Table 4 lists the number of listings corresponding to each of these 

three fates. I estimate: 

ln (
𝜋𝑜𝑢𝑡𝑐𝑜𝑚𝑒

𝜋𝑎𝑐𝑡𝑖𝑣𝑒
) = 𝛼𝑖 + 𝛽1𝐶 + 𝛽𝑖

⃑⃑  ⃑𝑋𝑖
⃑⃑  ⃑ + 𝛽𝑛𝑋𝑛

⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑ + 𝛽𝑡𝑋𝑡
⃑⃑ ⃑⃑ ⃑⃑ ⃑⃑   

Where 𝜋𝑜𝑢𝑡𝑐𝑜𝑚𝑒 represents the probably of outcome occurring, 𝜋𝑎𝑐𝑡𝑖𝑣𝑒 the probability of a 

listing remaining active, C the competition measure, 𝑋𝑖
⃑⃑  ⃑ a vector of controls, 𝑋𝑛

⃑⃑ ⃑⃑   neighborhood 

fixed effects, and 𝑋𝑡
⃑⃑⃑⃑  list year fixed effects. The coefficient of interest in this model is β1. If there 

is an increased traffic effect, we would expect β1 to be positive for the sale outcome, meaning 

that more competition would increase the probability of selling on any given day. 

After considering the impact of competition on probability of selling, this study then 

investigates the effect of competition on sale price, conditional on selling. While a hedonic 

                                                 
5 This approach is analogous to Dombrow and Turnbull (2006) 
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model is a common method in real estate literature, it is subject to vulnerability because it is 

difficult to observe all property and environmental characteristics. For this reason, this paper 

applies a repeat sales model put forward by Bailey, et al. (1963).6 The underlying assumption of 

a repeat sales approach is that many of the characteristics of the property and environment, 

observed or unobserved, do not change much between two sales.  Assume that, for any repeat 

sale in the sample, the original purchase by the owner occurred at time p, and it was resold by the 

owner at time s. This leaves us with the following: 

ln (𝑃𝑠) = 𝛿𝑠 + 𝛽1𝐻𝑠
⃑⃑ ⃑⃑ + 𝛽2𝐶𝑠 

ln (𝑃𝑝) = 𝛿𝑝 + 𝛽1𝐻𝑝
⃑⃑⃑⃑  ⃑ + 𝛽2𝐶𝑝 

Let Pp equal the price the property was purchased for and Ps the price it is sold for. Further, 

let δ represent an overall measure of price level by geography at time p and s, H represent 

characteristics both internal and external to the property, and C represent the measure of nearby 

competition. Assuming there is no change from Hp to Hs, we can take the difference of the two, 

and the characteristic vectors will drop out. Thus, to estimate the effect of nearby competition on 

the price of a house, the following model is used: 

ln (
𝑃𝑠

𝑃𝑝
) = 𝛽1(𝐶𝑆 − 𝐶𝑃) + 𝛽𝑖𝑡𝑋𝑖𝑡 

Xit refers to zip code-year fixed effects, which will capture any variation at the local level, 

including local trends of supply and demand. If a competition effect is present, β1 should be 

negative. 

 

 

                                                 
6 This method is used by Harding, Rosenblatt, and Yao (2009) in their investigation of the contagion effect of nearby 
foreclosures. The repeat sales approach was amended and popularized by Case and Shiller (1987). See Nagaraja et 
al. (2010) for an overview of the five dominated repeat-sales methods. 
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VI. Results 

VI.I  Effects on Market Duration 

 In the multinomial logit setting, the outcome is dependent upon competition, the days 

already spent on the market, and various controls, including the list price, the average list price 

of all competitors, the square footage of land of the property, the year the property was built, the 

number of bedrooms, number of total rooms, and the number of bathrooms. The model includes 

days on the market, days^2, and days^3. Table 5 displays the results of the most basic 

specification (i.e. no controls) using a first order through fourth order multinomial. With the 

inclusion of days^4, the coefficient rounds to zero, and so I use a 3rd order multinomial for all 

specifications.    

Table 6 displays the results of this model adding in the controls. All models also include 

dummies for week on the market for the first twelve weeks. There is a negative and significant 

coefficient on competition for the outcome of sale, meaning that the probability of selling the 

property is smaller if the house faces a higher measure of competition. Conversely, the 

coefficient is positive and significant for the outcome of dropping out of the market, suggesting 

that the higher a measure of competition a property face, the higher the probability is of dropping 

out of the market, relative to remaining active. 

To control for market conditions specific to the year and neighborhood, I then add in year 

of listing fixed effects and neighborhood fixed effects. Appendix Table A1 displays how these 

neighborhoods were broken down by zip code. Table 7 displays these results with the added 

fixed effects. The magnitude of both coefficients drops slightly, but both remain significant and 

have the same sign. A coefficient of -0.0055 on competition for selling means that a one standard 

deviation increase would lead to an 8.4% decrease in the odds of selling rather than still being on 
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the market. A coefficient of 0.0021 on competition for dropping out of the market suggests that a 

one standard deviation increase in competition increases the odds of dropping out of the market 

by 3.2% relative to remaining active. Figure 3 displays the probability of selling at each day on 

the market for the first year with all of the controls fixed at the median at three different values 

of competition: 5, 20, and 35. The figure also charts the realized probability of sale.  

Finally, I then consider if and how this effect has changed over the course of the time 

frame. Figure 4 displays the Home Price Index for Philadelphia, PA from 1993-2014. Based off 

of trends in HPI, the data is then separated into five separate groups: 1993-2000, 2001-2003, 

2004-2006, 2007-2012, and 2013-2014. The main specification (including week dummies and 

neighborhood fixed effects) is then run separately for each of these groups of years; results are 

shown in Table 8. Of note, the negative effect of competition on selling diminished in the years 

leading up to the crisis, becomes insignificant during the crisis, and actually becomes positive 

after the recovery. Thus, while increased neighborly competition hurt competition from 1993-

2006 leading up to the crisis, competition now actually increases the probability of selling, all 

else equal. So, for instance, in 1993-2000, a one standard deviation increase in competition 

decreased the odds of selling relative to remaining active by 16.5%. In 2013-2014, however, a 

one standard deviation increase in competition increased the odds of selling by 11.4% 

An increased measure of competition increases the probability of dropping out of the 

market relative to remaining active for all groups of years. The coefficient is insignificant for 

data from 2001-2003. The effect is smallest in the years immediately preceding the crisis, and 

becomes largest during the recovery, suggesting that in the hot market, houses were less prone to 

drop out of the market regardless of the amount of competition even though that is when they 

were least likely to sell based on higher competition. For instance, in 2004-2006, a one standard 
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deviation increase in competition led to a 5.5% increase in the odds of dropping out, while in 

2007-2014, that increased relative odds of dropping out was 12.16%. These results suggest that 

an increased traffic effect is only present in the most recent years of the data, well after the crisis. 

VI.II Effects on Sale Price 

 I now turn to the impacts of competition on sale price, conditional on the house actually 

selling. In these repeat sales models, the explanatory variable of interest is now the difference in 

competition measure from current sale to previous purchase, referred to as the Repeat Comp 

Index in Table 3b. Table 9 displays initial results. Column 3 corresponds to the main 

specification, in which the average list price of all competitors is used as a control as well as zip 

code-year fixed effects. The coefficient of .0028 on competition shows that a one standard 

deviation increase in the competition measure increases the ratio of sale price to purchase price 

by 4.39%. Thus, results from the pooled sample would suggest that there is no competition 

effect, and that increased competition actually pushes house prices upward. 

 Table 10 runs this model separately for every year in the sample. When separating the 

data by year, it is evident that the nature of competition in local real estate markets has clearly 

changed after the crisis. From 1993-2004, the effect of competition on sale prices is either 

negative and significant or insignificant. In 2005 and 2006, the effect is positive, but close to 

zero and not very significant. Finally, from 2007 onward, neighborly competition actually has a 

positive and significant effect on sale prices, showing that the hot market was much more 

competitive while the declining and recovering market is more collusive. 

 To further investigate this year-by-year effect, the years are broken into the same groups 

described above and the model sun separately for each group. These results are displayed in 

Table 11. The pattern of changing competition is confirmed. From 1993-2003, increased local 
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competition hurt sale prices. In 2004-2006, the effect of competition was insignificant, and from 

2007-2014, the effect of competition on sale prices has become increasingly positive. A one 

standard deviation increase in the competition measure would decrease the ratio of sale to 

purchase price by 6.38% in 1993-2000, while it would increase the ratio by 14.8% in 2013-2014. 

These results show that a competition effect was prevalent in the increasing real estate market 

prior to the foreclosure crisis. However, in the years following the crisis, increased competition 

actually helps sellers receive a higher price from their buyers. 

VII. Robustness 

In addition to the main specifications described above, the following alternative approaches 

are used in order to ensure robustness of results.  

VII.I  Varying the Weighting of Distance in Competition 

The first measure of competition used weighted the nearby competition, putting more 

emphasis on the properties within the 0.2 mile radius which were closest to the property of 

interest. The main specification is rerun varying the measure in competition in different ways. In 

the main specification, the house-days are weighted by the distance of the properties squared. 

The first alternate definition of competition does not square this weighting. In other words, 

competition is defined as: 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛_𝐴𝑙𝑡1 =  
∑(1 − 𝑑) (𝐶)

𝑑𝑜𝑚
 

Again, d represents distance, C the overlapping house-days of competition, and dom days on the 

market. The second alternative competition measure does not weight the competition by distance 

at all. Here, competition is defined as: 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛_𝐴𝑙𝑡2 =  
∑(𝐶)

𝑑𝑜𝑚
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I then take these three measures (the main competition measure and two alternatives just 

described), and recalculate them, this time using the natural log of the competing house-days. 

These three new definitions, respectively, are the following: 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛_𝐴𝑙𝑡3 =  
∑(1 − 𝑑)2 𝑙𝑛(𝐶)

𝑑𝑜𝑚
 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛_𝐴𝑙𝑡4 =  
∑(1 − 𝑑) 𝑙𝑛(𝐶)

𝑑𝑜𝑚
 

𝐶𝑜𝑚𝑝𝑒𝑡𝑖𝑡𝑖𝑜𝑛_𝐴𝑙𝑡5 =  
∑ 𝑙𝑛 (𝐶)

𝑑𝑜𝑚
 

Appendix Table A2a and b show the summary statistics for these alternative definitions of 

competition. Table A3a displays the results using these five alternatives in the main multinomial 

logit specification. We see for the first two alternatives which alter the weight of distance, the 

coefficients on competition for both the outcome of selling and dropping out of the market 

remain similar in magnitude and sign. The other three alternatives take the natural log of the 

overlapping house-days of competition. With these alternatives, the coefficients on competition 

for the outcome of selling are positive and much larger in magnitude, as opposed to the negative 

significant coefficient found in the main specification. Considering the summary statistics of 

these alternatives, the means of the competition measures range from about 1.3-1.7 and the 

standard deviations range from about 1.2-1.6. Clearly by taking the log of the house-days, the 

competition measure is significantly pushed towards zero. One possible explanation for the 

divergence in results is that, because the competition value is so small, there is really no effect 

for it to pick up, and is instead catching some larger neighborhood trend. Table A3b shows the 

new results using these competition alternatives for the repeat sales model using the pooled 

sample of data, and again a similar pattern occurs. For the first two alternatives which just alter 

the distance weighting, the magnitude, sign, and significance of the coefficients remain robust. 
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For the last three alternatives which alter how house-days are counted, the magnitude of the 

coefficients is much larger, which again is likely attributed to the fact that the competition 

measure is much closer to zero than before. 

VII.II  Alternative Radii 

 In this next set of alternative specifications, the radii of competition are varied. As 

opposed to the 0.2 mile radius of competition used in the main specification, to be considered a 

competing listing, a property must be within 0.1 miles of the listing of interest. I also consider a 

radius of 0.05 miles and 0.025 miles. Appendix A4a and b shows the summary statistics for 

these new competition measures in the multinomial logit and repeat sales settings. Table A5a 

displays the new results for the multinomial logit setting. For both the relative probabilities of 

selling and dropping out of the market, the magnitude is pushed towards zero as the radius 

increases from 0.025 miles to 0.2 miles. This is important because it shows that the effect being 

picked up by the competition measure is truly driven by a neighborly phenomenon, and not some 

larger area trend. Table A5b displays the new repeat sales index results. Again, regardless of the 

radius of competition, the effect of competition on sales price is positive and significant for the 

pooled dataset. And as would be expected, the effect of competition becomes magnified as the 

radius increases. As the radius decreases from 0.2 miles to 0.025 miles, the coefficients are, 

respectively, 0.0028, 0.0056, 0.0126, and 0.0170, thus proving that the effect of competition is 

driven by proximity of competing properties, and not simply by some unobservable market effect 

in the larger neighborhood. 

VII.III Conditioning Competition by House Characteristics 

 In this alternative specification, I reconsider what types of listings should be considered 

competing with each other. The main definition of competition allows all listings to be 
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considered competitors so long as their time on the market overlaps and they are within 0.2 miles 

of each other. In this specification, the two listings must satisfy the following conditions in order 

to be competitors: (1) They must have the same number of bathrooms, (2) they must have the 

same number of bedrooms, (3) their list prices have to be within 30% of each other, and (4) the 

land square footage of the two properties must be within 30% of each other. Tables A7a and b 

show the summary statistics of the new competition measure for both settings. Results for the 

multinomial logit model are displayed in Table A8a. In this alternative specification, the sign 

and significance of both the probability of sale and probability of dropping off the market do not 

change. Table A8b shows the new repeat sales results. Results here are shown grouped by the 

year groups in order to compare the pattern of competition over time. Unlike the main 

specification, competition never has a negative impact on sale price. However, the overall pattern 

remains robust: the effect of competition gets smaller, though not negative, leading up to the 

crisis, and becomes much more positive (almost double the magnitude from 1993-2000) in the 

years following the crisis. The lack of a negative effect is likely attributed to the fact that these 

competing houses had to have exact matches in the conditions specified above. It is possible that 

this is too strict a definition of competition, and not an accurate representation of buyer behavior.  

VIII. Conclusion 

While a great deal of literature focuses on the impact of nearby distressed sales on the sale 

price of a property, few authors have the impact of nearby arms-length, non-distressed 

transactions. This paper contributes to the body of research regarding price dynamics in local 

residential real estate markets by investigating the effect of the number and proximity of 

competing listings on probability of sale and sale prices. Using a 21-year sample of real estate 
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listings in Philadelphia, PA, this research tests the presence of an increased traffic effect and a 

competition effect.  

 Previous research has indicated consistent competition effects driving sale prices down 

and shopping externalities via increased traffic thereby decreasing market duration in certain 

situations. However, the evidence presented in this paper suggests that competition effects are 

not consistent throughout time and that an increased traffic effect is only present in the very 

recent past. 

 The paper first examines the probability of sale using a multinomial logit approach. The 

higher the concentration of competition, the less likely that a property is to sell by 8.4% and the 

more likely it is to actually take itself off the market by 3.2%, relative to simply remaining an 

active listing. 

 The research then asks, conditional on selling, how is as property’s sale price affected? In 

the years leading up to the foreclosure crisis, we see significant evidence of competition effects, 

showing that a greater concentration of competing houses per day hurt the sale price for home 

sellers. In the intermediary period right before the bust, a positive but not statistically significant 

effect of competition on sale prices exists. And finally, in the years since the crisis, there is a 

positive and significant effect of competition, suggesting that, quite the opposite of an increased 

competition effect, there is actually a benefit to having many properties being sold nearby in 

terms of sale price. 

 The results presented have many implications which beg further research. Primarily the 

takeaway is that buyers and sellers have not had a consistent rationale in terms of search and 

matching over the last two decades. Clearly the ways in which home buyers react to a 

concentration of listings has changed after the foreclosure crisis. It is important to understand not 
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only why this is, but in what other ways this is manifested. Understanding this better is 

imperative in order for buyers and sellers to make more informed decisions. If in today’s current 

market, house prices are positively impacted by a larger concentration of nearby ‘competition,’ 

then it benefits the seller to sell at a time when other neighbors are doing the same. On the 

contrary, perhaps it benefits the buyer to search for properties in areas which there are few other 

listings. 

 Further, it would be insightful to replicate identical specifications in other cities across 

the country and also in suburbs. As Figure 3 demonstrates, house prices in Philadelphia did not 

slump as aggressively in the wake of the crisis has it has in other parts of the United States. Thus, 

if home buyers have adjusted their search strategies based on their experience with the 

foreclosure crisis, perhaps this pattern manifests itself differently in other places. 

 Finally, this line of research would benefit from a temporal game theoretic approach. One 

insightful question is to consider whether order of listing matters when considering the impact of 

competition. In other words, is competition more harmful if a property owner is the first to sell in 

his or her neighborhood. Furthermore, does one benefit more from the competition if they sell 

later in the cycle, perhaps by being able to undercut their neighbor’s prices and benefit by being 

a ‘fresh’ listing in the neighborhood? 

 Ultimately, the results demonstrate a clear impact of neighbors on each other’s prospects 

for selling, both in terms of how long it takes to sell and what price the seller will receive. A 

better understanding of this dynamic moving forward will better inform market regulation and 

will help real estate agents, home buyers, and home sellers make more informed decisions. 
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TABLES AND FIGURES 

 
 
 

TABLE 1- Property Type 

 
Source: Author’s calculation of data from CoreLogic. Notes: The number of listings and repeat sales for each type of 

property included in the sample 
 
 
 
 
 
 
 
 

FIGURE 1 - Listings by Year 

  
Source: Author’s calculation of data from CoreLogic. Notes: The number of new listings and new repeat sales for 

each year in the sample 
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TABLE 2- Listings by Year 

 
Source: Author’s calculation of data from CoreLogic. Notes: The number of new listings and new repeat sales for 

each year in the sample 
 

 TABLE 3a- Summary Statistics for All Listings 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected statistics for variables used in multinomial 

logit model to test effect of competition on probability of sale 
 
 

TABLE 3b-Summary Statistics for Repeat Sales 

  
Source: Author’s calculation of data from CoreLogic. Notes: Selected statistics for variables used in the repeat sales 

model to tests effects of competition on sale price 
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TABLE 4- Outcomes of Listings 

 
Source: Author’s calculation of data from CoreLogic. Notes: The number of listings which have resulted in each 

possible outcome as of the end of the sample in 2014 
 
 
 
 

TABLE 5- 3rd Order Multinomial 

 
Source: Author’s calculation of data from CoreLogic. Notes: Columns 1-4 display results as the order of the 

multinomial increases. Because the coefficient on Day^4 in Column 4 rounds to 0, all multinomial logit models used 
moving forward are 3rd order specification, including days, days^2, and days^3. All models use 52,446,808 

observations. 
*Significant at 10% level; **5%; ***2.5% 
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TABLE 6- Probability of Sale Results without Fixed Effects 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing the 
effect of competition of probability of including controls and week dummies for the first 12 weeks, but no fixed 

effects. The model uses 52,446,808 observations. 
*Significant at 10% level; **5%; ***2.5% 
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TABLE 7- Probability of Sale Results with Fixed Effects 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing the 
effect of competition of probability of including controls, neighborhood fixed effects, list year fixed effects, and 

week dummies for the first 12 weeks of the listing. The model uses 52,446,808 observations. 
*Significant at 10% level; **5%; ***2.5% 
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FIGURE 2- Fitted Probabilities vs. Actual Outcomes 

 
Source: Author’s calculation of data from CoreLogic. Notes: This charts the probability of a property being sold at 
any given day on the market for the first year of the listing using the output predicted and displayed in Table 7. All 

controls are fixed at the median value, and the competition varies at three different values. A lower value of 
competition has a higher probability of selling on any given day. 

 
FIGURE 3- House Price Index in Philadelphia 

 
Source: Author’s calculation of data from CoreLogic. Notes: The Home Price Index for Philadelphia from January 

1993-May 204
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TABLE 8- Probability of Sale Results by Year 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing the effect of competition on probability of sale by 
time period. All models include neighborhood fixed effects and week dummies for the first 12 weeks. The model corresponding to 1993-2000 has 16,509,649 

observations; 2001-2003 has 5,329,559; 2004-2006 has 8,293,356; 2007-2012 has 18,425,560; 2013-2013 has 3,888,688. 
*Significant at 10% level; **5%; ***2.5% 



29 
 

 
TABLE 9- Repeat Sales Index Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model used to test the 

impact of competition on sale price. Only column 3 displays results using zip code-year fixed effects; all repeat sales 
models used moving forward include these fixed effects. 

*Significant at 10% level; **5%; ***2.5% 
 
 
 

TABLE 10- Repeat Sales Results by Year 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model used to test the 
impact of competition on sale price. Each row corresponds to a repeat sales model run only using data from that 

given year. All models use zip code-year fixed effects. 
*Significant at 10% level; **5%; ***2.5% 
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TABLE 11- Repeat Sales Results by Year 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model used to test the 
impact of competition on sale price. Each row corresponds to a repeat sales model run only using data from that 

given time period. All models use zip code-year fixed effects. 
*Significant at 10% level; **5%; ***2.5% 
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APPENDIX 

 
 
 
 
 

A1- Philadelphia Neighborhoods 

 
Notes: This displays how neighborhoods are divided by zip code. Neighborhood fixed effects are used in all 

multinomial logit models. 
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A2a- Alternative Definitions of Competition: All Listings 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for the alternative definitions of 

competition used for all listing, which are included in the multinomial logit models. 
 
 
 
 
 
 
 
 
 

A2b- Alternative Definitions of Competition: Repeat Sales 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for the alternative definitions of 

competition used for all repeat sales, which are included in the repeat sales models. 
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A3a- Probability of Sale Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing effects of competition on probability of sale when 
the alternative definitions of competition are used. All models include neighborhood and list year fixed effects and week dummies for the first 12 weeks of the 

listing. Each model has 52,446,808 observations. 
*Significant at 10% level; **5%; ***2.5% 
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A3b- Repeat Sales Index Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model testing effects of 

competition on sale price when the alternative definitions of competition are used. All models include zip code-year 
fixed effects. 

*Significant at 10% level; **5%; ***2.5% 
 
 
 
 

A4a- Alternative Radii of Competition: All Listings 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for competition measure used for all 

listings at different radii of competition, which are included in the multinomial logit models. 
 
 
 

A4b- Alternative Radii of Competition: Repeat Sales 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for the competition measure used 

for all repeat sales at different radii of competition, which are included in the repeat sales models. 
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A5a- Alternative Radii of Competition Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing effects 
of competition on probability of sale at different radii of competition. All models use neighborhood fixed effects, 

year fixed effects, and week dummies for the first 12 weeks of the listing. The 0.1 mile radius model has 19,533,327 
observations, the 0.05 mile radius has 7,833,804, and the 0.025 mile radius has 3,248,863. 

*Significant at 10% level; **5%; ***2.5% 
 
 

A5b- Alternative Radii of Competition Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model testing effects of 

competition on sale price at different radii of competition. All models include zip code-year fixed effects. 
*Significant at 10% level; **5%; ***2.5% 
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A6a- Stricter Definition of Competition: All Listings 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for competition measure used for all 

listings when there are restrictions placed on which properties can be considered competition.  
 

A6b- Stricter Definition of Competition: Repeat Sales 

 
Source: Author’s calculation of data from CoreLogic. Notes: Selected Statistics for competition measure used for all 

repeat sales when there are restrictions placed on which properties can be considered competition.  
 

A7a- Probability of Sale Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the multinomial logit model testing effects 

of competition on probability of sale when a stricter definition of competition is used. All models include 
neighborhood and list year fixed effects and week dummies for the first 12 weeks of the listing. The model uses 

52,446,808 observations. 
*Significant at 10% level; **5%; ***2.5% 
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A7b- Repeat Sales Results 

 
Source: Author’s calculation of data from CoreLogic. Notes: Results for the repeat sales model testing the effect of 
competition on sales price by time period when the stricter definition of competition is used. Each row corresponds 
to a model run separately only using repeat sales in that time period. All models include zip code-year fixed effects. 

*Significant at 10% level; **5%; ***2.5% 
 


