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1. Introduction

Tiebout (1956) argues that people “vote with their feet” to find optimal residential locations. Individuals maximize their utilities subject to budget constraints, given varying prices (i.e., tax rates) and preferences for public goods and services to choose optimal locations. Tiebout theory explains the residential segregation that sorts a population into different neighborhoods under assumptions of perfect mobility, full information, exogenous income, and no spillover among communities (Dawkins, 2005). The result is residential segmentation into real estate submarkets, which are defined as “a set of dwellings that are reasonably close substitutes for one another, but relatively poor substitutes for dwellings in other sub-markets” (Grigsby et al., 1987).

Despite the critical role of segmentation in determining real estate sub-markets, empirical applications have often neglected Tiebout theory. For example, numerous hedonic housing price models, that decompose the value of a house into a combination of housing characteristics, have typically assumed constant implicit values of housing attributes across potential submarkets by regressing housing prices on the structural and neighborhood characteristics of an entire study area. The role of submarket segmentation has been emphasized in some hedonic literature by criticizing the constant implicit values of housing attributes across potential submarkets (e.g., Michaels and Smith, 1990; Goodman and Thibodeau, 2003; Dale-Johnson, 1982; Bourassa, Hoesli, and Peng 2003; Bourassa et al., 1999; Chen et al., 2009). 

In the hedonic literature addressing the role of submarket segmentation, geographic boundaries such as school districts and political jurisdictions have been used to delineate submarkets. Such submarket delineations introduce the modifiable areal unit problem (MAUP), which causes statistical bias affected by the choice of geographic boundaries (Openshaw, 1984). To address the MAUP, many statistical techniques have been used to delineate housing submarkets (e.g., cluster analysis, geographical information system and explanatory spatial data analysis, cointegration analysis, fuzzy clustering, neural network, classification regression trees) (Bourassa et al., 1999; Tu, Sun, and Yu, 2007; Jones, Leishman, and Wtkins, 2003; Hwang and Thill, 2009; Pavlov, 2000; Kauko, 2004; Fan, Ong, and Koh, 2006; Jones, Leishman, and Watkins, 2004; Royuela and Vargas, 2009). Different functional relationships among submarkets delineated by both geographic boundaries and statistical techniques provide better estimates of housing-attribute values. However, dividing housing observations into submarket subsamples may introduce sample selection bias and loss of efficiency due to fewer degrees of freedom (Heckman, 1979; Farmer and Lipscomb, 2010; Mak, Choy, and Ho, 2010; Choy, Ho, and Mak, 2012). Thus, a need exists for a regression framework that addresses the role of submarket segmentation without the complications associated with subsampling. 

The objective of this research was to test Tiebout’s (1956) theory of residential segregation without dividing housing observations into submarkets, which causes sample selection bias and degrees-of-freedom problems. To achieve the objective, we used spatial-lag quantile regression along with housing auction data for three Gu (county equivalent in the U.S.) (i.e., Gangnam, Songpa and Nowon) in Seoul during January 2006 through December 2012. Spatial-lag quantile regression was used to test for differences in preferences for housing attributes among diverse neighborhoods by examining differences in the implicit prices of housing characteristics across the conditional distribution of house prices. The application of the spatial-lag quantile regression is useful in controlling for spatial autocorrelation in house prices within each quantile.
Several recent studies employed spatial-lag quantile regression in the hedonic model framework. For example, Liao and Wang (2012) and Zietz, Zietz, and Sirmans (2008) investigate how the implicit prices of housing attributes vary across house-price quantiles by controlling for the spatial autocorrelation in house prices. Similarly, Furtado and van Oort (2011) test the hypothesis that household preferences vary across house-price quantiles by accounting for spatial effects of house prices using different spatial weight matrices. These studies commonly elaborate on the importance of the quantile effects on the implicit prices of housing attributes, while controlling for spatial autocorrelation in house prices.
This research contributes to the literature in three ways. First, it tests the relevance of Tiebout’s (1956) theory of residential segmentation into real estate submarkets without dividing housing observations into submarkets, which causes subsampling complications. Although spatial-lag quantile regression has been used previously in hedonic models (Liao and Wang, 2012; Zietz, Zietz, and Sirmans, 2008; Furtado and van Oort, 2011), it has never been used to test Tiebout theory. The application of the spatial-lag quantile regression in the framework of testing Tiebout theory is unique because it allows varying preferences about housing attributes among diverse neighborhoods without dividing house-price observations into submarket subsamples, eliminating problems with sample selection bias.
Second, because the spatial-lag quantile regression is estimated as a simultaneous system across the conditional distribution of house prices, degrees of freedom in the spatial-lag quantile regression are not a few as separate regressions using subsamples for submarkets (Farmer and Lipscomb, 2010). For example, given five quantiles, n observations and m variables, the degrees of freedom for the quantile regressor is n ˗ (m + 5), while the degrees of freedom for each of the individual quantiles is  n1 ˗ m, n2 ˗ m, n3 ˗ m, n4 ˗ m, and n5 ˗ m, where n = n1 + n2 + n3 + n4 + n5. Thus, the chance of losing efficiency in the system estimator is lower compared with the separate estimator for each quantile. 
Third, the spatial-lag quantile regression model used in our research is more comprehensive than those used in previous literature, because it is more comprehensive in covering the neighborhood structure (hereafter referred to as “spatial weight matrix”) that controls for spatial autocorrelation in house prices. For example, only inverse distance weight matrices are consider by Liao and Wang (2012), who did not test for robustness with other types of weight matrices (e.g., K-nearest neighbor (KNN), Thiessen polygon, hybrids between inverse distance and KNN or Thiessen polygon matrices). The selection of spatial weight matrix is challenging and may lead to identification problems (Anselin, 1988; Florax and Rey, 1995; Furtado and van Oort, 2011). We evaluate a comprehensive set of spatial weight matrices to check robustness in relation to the assumed neighborhood structure.
2.  Model Specification
The parameter of the quantile regression model can be estimated by minimizing the weighted sum of the absolute deviations: 
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where  p represents a vector of the natural logs of apartment prices, x represents a vector of explanatory variables containing the natural logs of continuous variables and dummy variables, 
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 indicates the quantile to be estimated, 
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is a vector of parameters to be estimated for quantile 
[image: image5.wmf]a

, and 
[image: image6.wmf]ˆ

a

b

is a vector of parameter estimates given quantile 
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We use Moran’s indices to detect the spatial dependence of apartment prices based on 13 spatial weight matrices (inverse distance; K-nearest neighbor (KNN), K = 10, 30, 50, 70, and 100; Thiessen polygon (“queen” contiguity); hybrids of KNNs and inverse distance; and a hybrid between Thiessen polygon and inverse distance). Moran’s indices range from 0.458 to 0.827 and are all significant at the 5% level (see Table 1), indicating spatial autocorrelation in dependent variable. Thus, estimation of equation (1) would yield biased parameter estimates (LeSage, 1999; Pace and LeSage, 2010). 
Table 1. Moran’s indices to detect the spatial dependence of apartment prices 
	W matrices
	Moran’s Indices
	Standard Deviation
	z-value
	p-value

	Inverse distance
	0.458
	0.005
	96.6
	0.000

	K nearest neighbor (KNN)

	K=10
	0.724
	0.007
	101.5
	0.000

	K=30
	0.591
	0.004
	141.6
	0.000

	K=50
	0.516
	0.003
	158.9
	0.000

	K=70
	0.481
	0.003
	172.7
	0.000

	K=100
	0.461
	0.003
	182.1
	0.000

	Thiessen polygon
	0.738
	0.010
	71.2
	0.000

	KNN
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Inverse distance    

	K=10
	0.814
	0.012
	69.3
	0.000

	K=30
	0.745
	0.010
	77.9
	0.000

	K=50
	0.711
	0.009
	80.9
	0.000

	K=70
	0.691
	0.008
	82.4
	0.000

	K=100
	0.680
	0.008
	83.3
	0.000

	Thiessen Polygon
[image: image9.wmf]´

Inverse distance
	0.827
	0.015
	53.9
	0.000


To correct for spatial dependence in apartment prices, we include a spatial lagged dependent variable in the quantile regression model: 
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where W is an n × n spatial weight matrix, λ measures spatial dependence in apartment prices, and X represents a matrix of explanatory variables containing the natural logs of continuous variables and dummy variables. By incorporating equation (2) into equation (1), we obtain the parameter estimates of the spatial-lag quantile regression model (Zietz, Zietz, and Sirmans, 2008; Choy, Ho, and Mak, 2012):
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where 
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 is the parameter estimate of the spatial lag variable for quantile
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(i.e., 
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= 10%, 30%, 50%, 70%, and 90%), and 
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 indicates the ith row of the spatial weight matrix W. We compared the pseudo R2s of the spatial-lag quantile regression models to choose a spatial weight matrix that fits the spatial structure of the data best.

The marginal implicit price of a continuous variable x given quantile 
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where I is an n × n identity matrix, 
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and 
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are mean values of apartment prices and other continuous explanatory variables, respectively. The marginal implicit price of a dummy variable for quantile α is estimated by the change in the housing price for a discrete change in the variable from 0 to 1. 
3.  Study Area and Data

The study area for this research consists of Gangnam, Songpa and Nowon Gu in Seoul. The reason for choosing these counties for this study is this: Kangnam is a top premium submarket in Seoul, and Songpa is generally considered to be the second, while Nowon is a moderate and relatively cold submarket. Therefore, adopting these three counties as a sample is considered to be adequate and appropriate in representing various aspects of Seoul housing market. In fact, Seoul, the capital city of Korea, is divided into two areas by the Han River, which runs from east to west through the middle of the city. These two areas include Kangnam (south of the river) and Kangbuk (north of the river). Both are located in the Seoul metropolitan area: Kangnam is a relatively new region consisting of 11 counties characterized by better living conditions wherein include decent housing interiors, amenities, and, in particular, favorable educational environment, while Kangbuk is older, with moderately changing house price behavior. The former contains the most expensive housing areas in Korea. Kangnam and Songpa Counties are located in Kangnam area, and Nowon is a part of the Kangbuk area. The Han River is the dark meandering line running through the middle of the map (see Figure 1). 
The sample data use all the hedonic attributes as well as apartment prices (condominiums in the United States), excluding detached houses, nonresidential housing, offices, shops, and warehouses. Although apartments seem to have fewer hedonic characteristics than single-family houses do since they have a standardized system of heating, security, maintenance, and management, they are the most popular housing type in Korea (Cho, Kim, and Shilling, 2007). Apartments account for 59.0% of all housing stock according to the 2010 Housing Survey by Korea’s National Statistical Office. This is one of the reasons we chose apartments instead of single-family houses for our analysis.

We obtained individual auction data for apartments sold in the three Gu from the Seoul District Court.  Auction prices were used in the regression instead of negotiated transaction prices from regular sales (referred to as “regular sales transactions”), because regular sale transactions in South Korea may not reflect true market prices. Negotiated prices are often falsely reported to affect capital-gains taxes (MOLTMA 2008, MOLIT 2012), while auction prices are not falsely reported because of an open bidding process where all bids are disclosed (Good and Hammond, 2006). Conflicting research exists about whether auctioned houses sell at a premium (Lust ,1996; Quan, 2002; Qu and Liu, 2012), discount (Mayer, 1994, 1998; Allen and Swisher, 2000), or neither (Frino, Peat, and Wright, 2011) relative to houses sold in regular sales transactions. Nevertheless, the consensus is that real estate auctions reveal the true market value of a property (Knetsch, Tang, and Thaler, 2001). 
The characteristics of apartment (i.e., price, size, age, number of floor, number of story of the building) were collected from real estate auction reports for auctions occurring between January 2006 and December 2012 available from the Seoul District Court. For more details regarding the hedonic characteristics of each house, we identified their longitude and latitude using maps from Google and Daum. The geographic coordinates allow users to calculate the distance from each property to the nearest subway station and high school. We collected data on the direction and scenic view of each property with the help of property agents and verified this data via field work and Google map analysis. To control for potential changes in market conditions over the period, we adjusted auction prices to 2010 dollar using consumer price index in South Korea (KOSIS 2013) and also added year dummy variables using 2006 as the reference. 
The continuous explanatory variables in natural log form are size of the apartment unit in total square meters of finished area, age of the apartment building when the unit was sold at auction, number of the floor where the unit is located, and number of stories of the building in which the unit is located. We took natural logs of the continuous variables to improve the model fit by shifting the scale and to force the variable closer to a normal distribution (Kuminoff, Parmeter, and Pope, 2010).  
Facing south is the dummy variable equal to 1 if the unit faces south, 0 otherwise. River/mountain view is dummy variable equal to 1 if the unit has a river or a mountain view, 0 otherwise.
 The proximity to subway station dummy variable equals 1 if the walking distance between the apartment unit’s location and the nearest metro station is less than or equal to 10 minutes, otherwise 0. The proximity to  high school variable equals 1 if the walking distance between the apartment unit’s location and the nearest  high school is less than or equal to 10 minutes, otherwise 0. The proximity dummy variables were created by means of “walking time estimate” using Google Maps (Quora, 2011).
 The regional dummy variables equal 1 if the unit is in Gangnam Gu or Songpa Gu, using Nowon Gu as a reference region. Table 2 shows the descriptive statistics of the variables used in the spatial-lag quantile regression.
Table 2. Descriptive statistics of the variables used in the spatial-lag quantile regression
	Variable
	Description
	Gangnam
	Songpa
	Nowon
	Total

	Price
	Final closing price in the auctions ($)
	820,170
	620,984
	230,579
	526,213

	
	
	(508,417)
	(352,908)
	(124,739)
	(434,592)

	Age
	Age of the building at the time the unit is sold in the auctions (year)
	14.15
	15.10
	14.77
	14.66

	
	
	(9.93)
	(8.81)
	(6.23)
	(8.29)

	Size 
	Total square meter of finished area (square meter)
	111.52
	105.90
	71.22
	93.61

	
	
	(47.06)
	(40.62)
	(26.68)
	(42.39)

	Number of story 
	Number of story of the building each unit is located
	14.72
	15.92
	15.13
	15.22

	
	
	(10.36)
	(8.21)
	(3.86)
	(7.69)

	Number of floor
	Number of the floor where each unit is located
	7.68
	8.35
	7.37
	7.74

	
	
	(7.08)
	(6.61)
	(4.94)
	(6.17)

	South 
	Dummy: 1 if each unit faces the south, 0 otherwise
	0.77
	0.75
	0.71
	0.74

	
	
	(0.42)
	(0.44)
	(0.45)
	(0.44)

	Metro station 
	Dummy: 1 if the walking distance between a point that represents the location of each apartment unit to the nearest metro station is equal to or smaller than 10 minutes, otherwise 0
	0.70
	0.70
	0.58
	0.64

	
	
	(0.46)
	(0.46)
	(0.49)
	(0.47)

	High school
	Dummy: 1 if the walking distance between a point that represents the location of each apartment unit to the nearest high school is equal to or smaller than 10 minutes, otherwise 0
	0.57
	0.01
	0.05
	0.20

	
	
	(0.5)
	(0.11)
	(0.22)
	(0.41)

	View
	Dummy: 1 if each unit has a river or mountain view, 0 otherwise
	0.09
	0.03
	0.12
	0.09

	
	
	(0.29)
	(0.18)
	(0.32)
	(0.28)

	Gu
	Dummy: 1 if each unit is in a given Gu, 0 otherwise  
	0.32
	0.27
	0.41
	-

	
	
	(0.47)
	(0.45)
	(0.49)
	-

	Year
	Dummy: 1 if 2006, 0 otherwise
	0.12
	0.09
	0.22
	0.15

	
	
	(0.32)
	(0.28)
	(0.41)
	(0.36)

	
	Dummy: 1 if 2007, 0 otherwise
	0.09
	0.07
	0.12
	0.09

	
	
	(0.28)
	(0.26)
	(0.32)
	(0.29)

	
	Dummy: 1 if 2008, 0 otherwise
	0.10
	0.08
	0.07
	0.08

	
	
	(0.3)
	(0.28)
	(0.25)
	(0.28)

	
	Dummy: 1 if 2009, 0 otherwise
	0.18
	0.22
	0.12
	0.17

	
	
	(0.38)
	(0.42)
	(0.33)
	(0.37)

	
	Dummy: 1 if 2010, 0 otherwise
	0.18
	0.17
	0.12
	0.15

	
	
	(0.39)
	(0.38)
	(0.32)
	(0.36)

	
	Dummy: 1 if 2011, 0 otherwise
	0.15
	0.17
	0.17
	0.16

	
	
	(0.36)
	(0.38)
	(0.37)
	(0.37)

	
	Dummy: 1 if 2012, 0 otherwise
	0.19
	0.19
	0.19
	0.19

	
	
	(0.39)
	(0.39)
	(0.39)
	(0.39)

	Number of observations
	1,110
	943
	1,406
	3,459


Note: Numbers in parentheses indicate standard deviations. 

4. Empirical Results

Table 3 summarizes the goodness of fit across the 10%, 30%, 50%, 70%, and 90% quantiles for the 13 different spatial weight matrices. The mean pseudo R2s range between 0.67 and 0.70 demonstrating relatively consistent goodness of fit and implying model robustness regardless of the assumed spatial structure in apartment prices. Given the similarity of the pseudo R2s, we summarize the regression output for the 10%, 30%, 50%, 70%, and 90% quantiles from the KNN (K = 50) regression. The summary in Table 4 and discussion below highlight the results from the spatial-lag quantile regression for the bottom, low, median, high, and top quantiles of apartment prices, respectively.  

Table 3. Goodness of fit in the spatial-lag quantile regression

	
	Quantiles
	

	W matrices
	10%
	30%
	50%
	70%
	90%
	Mean

	Inverse distance
	0.684
	0.685
	0.679
	0.660
	0.634
	0.669

	K nearest neighbor (KNN)

	K=10
	0.693
	0.704
	0.703
	0.687
	0.658
	0.689

	K=30
	0.691
	0.705
	0.703
	0.686
	0.655
	0.688

	K=50
	0.688
	0.701
	0.701
	0.682
	0.649
	0.684

	K=70
	0.683
	0.697
	0.696
	0.678
	0.651
	0.681

	K=100
	0.680
	0.691
	0.689
	0.671
	0.646
	0.675

	Thiessen polygon
	0.696
	0.705
	0.703
	0.688
	0.654
	0.689

	KNN
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Inverse distance    
	
	
	
	
	
	

	K=10
	0.709
	0.721
	0.721
	0.704
	0.669
	0.705

	K=30
	0.706
	0.721
	0.722
	0.707
	0.671
	0.705

	K=50
	0.705
	0.719
	0.721
	0.706
	0.671
	0.704

	K=70
	0.704
	0.718
	0.719
	0.705
	0.672
	0.704

	K=100
	0.703
	0.716
	0.718
	0.704
	0.673
	0.703

	Thiessen polygon
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Inverse distance
	0.708
	0.718
	0.717
	0.701
	0.664
	0.702


Note: Pseudo R2 = 1 – Sum of absolute deviations/Raw sum of deviations.  

Table 4. Estimation results of spatial-lag quantile regression (KNN (K=50)) 

	
	Quantiles

	 Variables
	10%
	30%
	50%
	70%
	90%

	ln(Age)
	0.091*
	0.087*
	0.103*
	0.127*
	0.072*

	
	(0.022)
	(0.016)
	(0.013)
	(0.018)
	(0.023)

	ln(Size)
	0.902*
	0.919*
	0.916*
	0.923*
	0.929*

	
	(0.022)
	(0.015)
	(0.015)
	(0.018)
	(0.026)

	ln(Number of story)
	0.173*
	0.124*
	0.105*
	0.055*
	-0.016

	
	(0.018)
	(0.021)
	(0.017)
	(0.022)
	(0.037)

	ln(Number of floor)
	0.018*
	0.026*
	0.027*
	0.025*
	0.035*

	
	(0.008)
	(0.007)
	(0.005)
	(0.006)
	(0.01)

	South
	0.015
	0.035*
	0.034*
	0.048*
	0.060*

	
	(0.017)
	(0.012)
	(0.01)
	(0.011)
	(0.022)

	Metro station
	0.007
	0.018
	0.030*
	0.020
	-0.012

	
	(0.015)
	(0.011)
	(0.009)
	(0.012)
	(0.019)

	High school
	0.016
	0.000
	0.021
	0.037
	0.062*

	
	(0.031)
	(0.021)
	(0.017)
	(0.019)
	(0.027)

	View
	0.011
	0.012
	0.009
	0.022
	0.077*

	
	(0.025)
	(0.016)
	(0.014)
	(0.019)
	(0.037)

	Gangnam
	0.147*
	0.098*
	0.070*
	0.034
	0.197*

	
	(0.05)
	(0.035)
	(0.027)
	(0.03)
	(0.05)

	Songpa
	0.027
	-0.018
	-0.033
	-0.066*
	0.100

	
	(0.042)
	(0.027)
	(0.02)
	(0.026)
	(0.052)

	Year 2007
	0.370*
	0.274*
	0.282*
	0.264*
	0.195*

	
	(0.037)
	(0.026)
	(0.024)
	(0.046)
	(0.051)

	Year 2008
	0.517*
	0.488*
	0.479*
	0.408*
	0.227*

	
	(0.044)
	(0.031)
	(0.027)
	(0.037)
	(0.042)

	Year 2009
	0.635*
	0.584*
	0.522*
	0.437*
	0.280*

	
	(0.037)
	(0.024)
	(0.021)
	(0.034)
	(0.038)

	Year 2010
	0.632*
	0.533*
	0.478*
	0.39*
	0.217*

	
	(0.036)
	(0.024)
	(0.021)
	(0.034)
	(0.041)

	Year 2011
	0.601*
	0.527*
	0.476*
	0.385*
	0.229*

	
	(0.035)
	(0.023)
	(0.021)
	(0.035)
	(0.041)

	Year 2012
	0.548*
	0.466*
	0.405*
	0.296*
	0.131*

	
	(0.034)
	(0.022)
	(0.02)
	(0.033)
	(0.039)
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	0.381*
	0.494*
	0.536*
	0.57*
	0.495*

	
	(0.036)
	(0.023)
	(0.019)
	(0.025)
	(0.033)

	Constant
	6.687*
	4.746*
	4.088*
	3.663*
	5.682*

	
	(0.673)
	(0.425)
	(0.336)
	(0.43)
	(0.639)

	Pseudo R2
	0.688
	0.701
	0.701
	0.682
	0.649


Note: * indicates coefficients are significant at the 5% significance level. Numbers in parentheses are standard errors. 
The coefficient for spatially lagged apartment prices was consistently significant at the 5% level across the five quantiles (hereafter, significance at the 5% level is referred to as “significant”). These findings suggest that high (low) priced apartments are spatially clustered with high (low) priced apartments regardless of the quantile of apartment-price distribution. This result confirms the importance of using a spatial-lag model in the framework of quantile regression. The coefficients for age, size, number of floor, and all the year dummy variables were positive and significant for all five quantiles, but varied somewhat in magnitude. These findings imply that older apartments with more finished area on a higher floor have greater value in all five quintiles. The result that the prices of older apartments are higher than those of newly constructed apartments is very interesting. This unusual price pattern may be attributed to the fact older apartments are expected to bring more capital gains when redeveloped because they have less floor area ratio than their counterparts. This result is different from Lee et al's in which the price declines until 15-19 years after construction, and then it reverses to rising in expectation of redevelopment. However, in our analysis using the same traditional regression model with no spatial lag dependence as Lee et al. did, we find that the price keeps falling until 7-8 years after construction and then it reverses to rising. 

  In addition, the coefficients for the year dummy variables represent that higher priced apartments were traded in auction between 2007 and 2012 than in 2006. Especially, the bigger coefficients seen in both 2009 and 2010 may mean that during this period, larger sized apartments became distressed assets, since they were traded through auction more frequently than small sized apartments. During this same period, the price of larger sized apartments declined while the price of their counterparts  rose. These may be the consequences of the financial crisis of 2008. The other variables (i.e., number of story of the building, facing south, proximity to metro station, proximity to high school, and river/mountain view) were significant in some, but not all, of the five quantiles. For example, a 10 minute walking distance to a high school and river/mountain view had significant premiums in the top quantile of apartment prices, while the premiums for the same apartment attributes were nonexistent for the bottom, low, medium, and high quantiles of the distribution. It can be inferred that scenic view and high school proximity matters more vis-à-vis other factors for the well-to-do when it comes to home buying decision.

Facing south had a significant premium for all but the bottom quantile of apartment-price distribution. In addition, apartment prices in Gangnam Gu were significantly higher than apartment prices in Nowon Gu in all but the high quantile while those in Songpa Gu were not significantly different from prices in Nowon Gu for four of five quantiles.    
We show the marginal implicit prices of each apartment attribute in the Table 5 for the bottom, low, median, high, and top quantiles of apartment prices. We also report the test results of the hypotheses that implicit prices of the variables for the bottom, low, high, and top quantiles were significantly different from those of the median quantile of the price distribution. Note that the marginal implicit prices for the year dummy variables were not reported because the year dummy variables control for potential market changes over the period and do not reflect marginal implicit prices of apartment attributes.
The test results show significant differences between the marginal implicit prices for the number of story of the building between the bottom and median quantiles and the 70% and median quantiles. Evaluated at mean apartment prices and means of the other variables for each quantile (hereafter, referred to as “evaluated at the mean values”), an apartment building with an additional story increases mean apartment prices by $6,712, $4,815 and $7,598 for the bottom, 70% and median quintiles of the apartment-price distribution, respectively.
Table 5. Marginal implicit prices of apartment attributes ($)

	Variables
	50%
	10%
	30%
	70%
	90%

	ln (Age)
	7,736
	3,665
	5,323
	11,584
	6,814

	ln (Size)
	10,774
	5,689
	8,766
	13,201
	13,768

	ln (Number of story)
	7,598
	6,712*
	7,290
	4,815*
	-

	ln (Number of floor)
	3,842
	1,374
	2,956
	4,250
	6,276

	South
	37,432
	-
	31,008
	-
	83,237

	Metro station
	33,028
	-
	-
	-
	-

	High school
	-
	-
	-
	-
	86,011

	View
	-
	-
	-
	-
	106,820*

	Gangnam
	77,066
	86,778
	87,736
	-
	273,293*

	Songpa
	-36,331
	-
	-
	-88,784*
	-


Note: * indicates marginal implicit price of 10%, 30%, 70%, or 90% quantile is significantly different from marginal implicit price of 50% quantile.

The test results also confirm that the marginal implicit price of mountain/river view is significantly different between the top and median quantiles. Evaluated at the mean values, apartments with a mountain/river view have $106,820 higher prices for the top quantile than the median quantile, while the view is not a significant factor for the median or other quantiles. This finding implies that a mountain/river view has a significant premium in the top quantile of apartment prices, while the same premium does not exist for the other quantiles of the distribution of apartment prices. 

The test results also confirm that the marginal implicit price of being located in Gangnam Gu relative to Nowon Gu is significantly different between the median and top quantiles. Evaluated at the mean values, the marginal implicit price of being located in Gangnam Gu relative to being located in Nowon Gu is $77,066 and $273,293 for the median and top quantiles, respectively. This result implies that the premium of Gangnam Gu is significantly greater in the top quantile of the apartment-price distribution than that in the median quantile. The significance of the premium for being located in Gangnam Gu reflects unique value of an apartment being located in the affluent neighborhoods in that Gu. 
5. Conclusions

Our objective was to test Tiebout’s theory that explains residential segregation by testing varying implicit prices of housing characteristics. To achieve the objective, we estimated the hedonic model as a spatial-lag quantile regression, precluding the division of housing observations into submarkets, which causes sample selection bias and degree-of-freedom problems. We used real estate auction data from Gangnam, Songpa and Nowon Gu in Seoul, Korea between January 2006 and December 2012 for the empirical estimation. 

Our findings imply that the 10%, 30%, 50%, 70%, and 90% quantiles, reflecting the bottom, low, median, high, and top quantiles of the apartment-price distribution, share common preferences for the age, size, and number of floor. In contrast, there was a significant difference in marginal implicit price of number of story of the building between the bottom and median quantiles of the price distribution. Likewise, the marginal implicit prices for mountain/river view and being located in Gangnam Gu relative to being located in Nowon Gu were significantly different between the median and top quantiles of the apartment-price distribution. 

Our findings suggest that preferences for structural attributes that are related through practical necessity (i.e., age, size, and number of floor) do not vary across the conditional distribution of housing prices. In contrast, attributes that may be considered as premium amenities (i.e., mountain/river view, number of story of the building, and Gangnam Gu as an affluent neighborhood) tend to vary over the conditional distribution of housing prices. Consequently, we do not reject the hypothesis that Tiebout’s theory explains the residential segregation that sorts populations into different neighborhoods. More specifically, we find evidence that residential segregation is determined more by premium amenities than by structural attributes of practical necessity.     

Our findings are relevant to policy formulation in the real estate market of Seoul. For example, the considerable premium for being located in an affluent neighborhood for the median and top quantiles of the apartment-price distribution may provide useful information in formulating a policy that resolves the unbalanced real estate markets of Seoul. For example, the price premium for being located in the affluent neighborhood of Gangnam Gu may be useful as a quantitative reference for assessing a property-tax premium in that affluent neighborhood. Assessing a property-tax premium based on our finding may be beneficial for the Seoul city government that seeks additional property-tax revenues and a balancing of development pressures between affluent versus non-affluent neighborhoods. 
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� Although spatial-lag and/or spatial-error dependence have been incorporated into general hedonic price models, a quantile regression model accounting for spatial-error dependence has not yet been developed (Liao and Wang, 2012).


� In South Korea, like many other Asian countries, south-facing apartments are believed to hold a premium price over units facing other directions mainly because of brightness of the apartments.


� Google Maps assumes it takes about 15-30 minutes to walk a mile (Quora, 2011). 


� One dollar was approximately 1,093.9 KRW (Korean currency) for the average exchange rate during the study period. 
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