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Abstract

Due to the large spatial variations of land prices in polycentric urban spatial structure, a traditional
parametric approach has limits with respect to the functional forms of land prices, multicollinear-
arity and misspecification problems. On the contrary, a nonparametric approach deals with the
complicated curvature of land prices and the other two problems. A semiparametric approach
offers important advantages for the estimation of land prices. It combines the benefits of both
parametric and nonparametric approaches. In this paper, we use both parametric and semipara-
metric approaches to estimate land prices from Gangnam Gu, Seoul. In the parametric portion
of the model, we include standard land characteristics such as zoning, land shape, school quality,
among others. In the nonparametric portion of the model, we include some measures of accessi-
bility such as distance to the city center, distance from the nearest arterial street, subway, or park.
Applying the semiparametric approach to parcel data resulted in large improvements in estima-
tion. Specifically, the R? went from 0.667 using the traditional parametric approach to 0.886 using
the semiparametric model. In addition, the root mean squares of errors (RMSE) went from 0.117
under the parametric model to 0.069 under the semiparametric model, a reduction of 41.03%.
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1 Introduction

Accurate measurement of residential real estate price is an issue of great concern to landowners,
real estate appraisers, economic analysts, the primary and secondary mortgage markets, produc-
ers of housing services, consumers of owner-occupied housing, policymakers, and others. Unfor-
tunately there remain important shortcomings with the techniques commonly used to represent
real estate price.

In general, land prices are affected by a number of land characteristics. Parcels of urban land
differ from each other, and their prices vary accordingly. Of necessity, values will differ with
respect to location. They will differ as well because of factors such as parcel size, shape, zoning,
school qualities, and others.

In order to analyze land prices and examine the impact of differential access to transportation
or changes in such access, for example, it is necessary to control for these various characteristics.
One method for doing so is to estimate a hedonic equation, which attempts to explain variation
in land prices using property physical and location characteristics. That is, the coefficients in a
hedonic model yield information on the implicit value of the individual characteristics of the land
(Rosen, 1974).

The parameters of hedonic land-price equations are typically estimated using ordinary least
squares (OLS). This parametric estimation procedure assumes that the residuals are independently
and identically distributed with zero mean, a constant variance, and zero covariance. However,
the residuals produced by hedonic price equations may be spatially autocorrelated for several
reasons. First, neighborhoods tend to be developed at the same time so neighborhood properties
have similar structural characteristics. Second, neighborhood residential properties share loca-
tion amenities. For example, the same policies and fire departments protect area residents and
neighborhood children have access to the same public schools. Third, proximity externalities in-
fluence the market values of nearby properties in similar ways. Thibodeau (1990) demonstrated
that high-rise office buildings reduce the market value of nearby homes by as much as 15 percent.
Information on the determinants of proximity externalities in urban land market is difficult and
costly to obtain. Consequently, these variables are frequently omitted from empirical land-price
specifications. When hedonic equations are used to model land prices, the residuals will contain
information on these unobserved land characteristics. Fourth, even in ideal situations where all

land characteristic information is available, it is difficult to select the “correct” model specification.



For example, it is difficult to model how access to subway stations or parks gets capitalized into
the price of properties. Model misspecification may also contribute to spatially autocorrelated
hedonic land-price equation residuals (Gillen et al., 2001).

If hedonic residuals are spatially autocorrelated, the assumption of a zero covariance is vio-
lated. The resulting parameter estimates will be inefficient and will produce incorrect confidence
intervals for estimated parameters and for predicted values. In addition, the standard tests used
to determine the statistical significance of property characteristics assume uncorrelated residuals.
Spatial autocorrelation in hedonic residuals violate these assumptions and the standard statistical
tests will yield inaccurate conclusions. Hedonic residuals that are positively and spatially auto-
correlated will underestimate the population residual variance and the resulting t-statistics will be
biased upwards. More accurate parameter estimates can be obtained by explicitly modeling the
spatial autocorrelation. Modeling spatial relationships in hedonic land-price equations can also
significantly improve the accuracy of market-value predictions (Basu and Thibodeau, 1998).

In a standard parametric hedonic model of land, spatial effects are captured through multiple
dummy variables or a high-order polynomial in space. The dummy variable approach unrealis-
tically implies discrete changes in location surfaces and produces imprecise results for local price
surfaces with few sales. Polynomials become complex and unwieldy when location surfaces of
land price are highly nonlinear (McMillen and Thorsnes, 2000).

Nonparametric approaches have distinct advantages over more conventional hedonic analyses
of land markets. Nonparametric estimators impose little structure on the parametric specification
of the hedonic models and allow the data to determine the appropriate degree of nonlinearity.
Therefore, nonlinearities in location variables are easy to model using nonparametric approaches.
High-order polynomials could produce the same results but are more cumbersome when the func-
tion is highly nonlinear. Nonparametric estimators are less likely to produce unrealistic edge ef-
fects than are polynomials,1 and are, in general, more accurate at points away from the mean than
are parametric approaches.

However, there are several primary disadvantages to nonparametric estimation. First, hy-
pothesis tests are more difficult to construct than in traditional parametric estimation. Second,

nonparametric estimators require large sample sizes to be accurate when the number of explana-

'For example, McDonald and Bowman (1979) find that the relationship between land values and distance from the
Chicago city center is best described by a fourth-order polynomial. Similar results have been found in other studies of
Chicago land values, such as McMillen (1996). These estimates typically imply an unrealistic upturn in land values at
the edge of the area covered in the data set.



tory variables is large. Third, dummy variables are usually omitted from full nonparametric es-
timation, and recovering their effects is difficult (Horowitz and Hérdle, 1996). However, dummy
variables are common in studies of residential land market, and are occasionally the focus of the
study. Fourth, kernel estimation is subject to asymptotic bias, making confidence intervals inexact.

Semiparametric estimation combines the benefits of parametric and nonparametric approaches.
In residential land studies, for example, the effects of lot size and most dummy variables can be
modeled with reasonable precision using a standard parametric specification, but location effects
are expected to be highly nonlinear. In a semiparametric specification, efficiency is improved by
specifying a parametric portion of the model for those characteristics whose effects are not ex-
pected to be highly nonlinear. Location effects are modeled nonparametrically (McMillen and
Thorsnes, 2000, pp. 202-203).

In this paper, we use both parametric and semiparametric approaches to estimate land price
in Gangnam Gu, Seoul. To contral spatial variations of land values, we include some standard
measures of accessibility, such as distance from the city center, distance from the nearest arterial
street, distance from the nearest subway station, and distane from the nearest park in hedonic land
price equations and estimate them nonparametrically. The analysis of the paper yields a general
conclusion that the semiparametric estimator yields more accurate land price than parametric
specifications. In addition, applying the semiparametric approach results in large improvements
in estimation.

The remainder of the paper consists of four sections. The next section introduces the formal
framework of land price models. In Section 3, we briefly describe the data and then present statis-

tical results in Section 4. Section 5 concludes.

2 Models

As is standard in the hedonic price literature, the dependent variable is the natural log of land
price,> which we denote by y. The explanatory variables can be divided into two groups. The first
group, which is represented by the vector x, includes structural characteristics of land and dummy

variables. Myriad hedonic price studies suggest that these variables can be assumed to enter the

2Since the price schedule represents an equilibrium locus, it cannot be interpreted as representing either the demand
or the supply of those characteristics. It is the result of the interaction of both sides of the market. For this reason, the
functional form for the hedonic equation is not determined theoretically. Rather, it is determined empirically. Of all
the common functional forms we tried, the semi-logarithmic form provided the best fit to our data. Empirical issues in
hedonic estimation are discussed in Palmquist (1991).



hedonic equation as the linear function #'x. The other group of variables, which is represented
by the vector z, includes distance from the CBD, distance from the nearest subway station, and
other continous location measures. The relationship between y and z may be highly nonlinear. We
expect prices to rise near CBD and subway stations. But prices may not change uniformly with
distances from these sites. Further, there are missing variables such as parks and major streets that
have local effects on land prices. These missing variables will affect the estimated relationship
between land prices and z if they are correlated with the distance variables.

The hedonic-price function is assumed to have the following form:
Yi = B'%; + g(2i) + & 1)

where ¢ = 1,...,n. The function ¢(-) is assumed to be smooth and continuous. The error terms,
¢;, are assumed to be independent, but they may be heteroskedastic and do not have to have zero
mean.

We use two approaches to estimate (1). The first is a standard parametric approach, where g(z;)
is the linear function §'z;. The second alternative is the semiparametric approach proposed by
Robinson (1988).2 In a parametric approach, the vector of coefficients, §, is most easily estimated
by regressing y on x and z. Identical estimates are obtained from a three-stage procedure. In the
tirst stage, regress y and each of the K variables in the vector x on z, and form the predicted values
y and X;. Next, regress y — § on the vector of residuals x;, = x;, — X;, to estimate 3. In the third
step, estimate & by regressing y — 3'x on z. Intuitively, the first step purges y and x of the effects
of z, and the second stage estimates the independent effect of x on y. The third stage estimates
the effect of z on the dependent variable after the effects of z have been removed (Thorsnes and
McMillen, 1998).

The semiparametric approach is identical to the linear case, but a nonparametric estimator
replaces OLS when z is involved in the calculations. Estimation proceeds as similar as in the
parametric approach. In the first stage, use a nonparametric procedure to estimate E(y;|z;) for
each of K explanatory variables in the vector x. The predicted values are y; and x;;. Next, regress
yi—y; onall x}, = xy; —Xy,; to estimate 3. The estimate is (3. In the third step, use the nonparametric
procedure to estimate (y; — 3'x;|z;) using E(y; — /3’ x;|z;) as the dependent variable. The estimate

is §(z;). We estimate 02 as 62 = 1/n Y., (y; — 3'x; — §(2;))? and then get the covariance matrix

*Relevant applications of the semiparametric approach include Engle et al. (1986), Stock (1991), Anglin and Gencay
(1996), Thorsnes and McMillen (1998), and Pavlov (2000).



for 3 is %(X*'X*)~!, where X* is the matrix containing X

Linearity is a special case of the semiparametric procedure. If ¢(-) is linear, the semiparametric
approach provides consistent but inefficient estimates. The semiparametric approach provides
consistent estimates when the function is nonlinear, where OLS estimates are inconsistent.

We use a kernel procedure for the nonparametric estimates.* As an example, consider estimat-

ing E(y;|z;). The estimate for observation 7 is:

>oi=1 kn(zi — z5)y;

Yi = m 2

> =1 kn(zi — zj) @
where, apart from a constant term that cancels out in Equation (2)

kn(zi—2j) = K <zz_hzj> (3)

where K (-) is the kernel function and h is the bandwidth. We use a stadard normal multivariate
kernel for our estimates. The first step is to calculate the Choleski decomposition of the inverse of
the sample covariance matrix for z, which we denote by S. Next, construct the new vector v = Sz.
the multivariate normal kernel is simply:
K(*57) - IIo (P @
¢=1
where ¢ is the standard normal density function and m the number of elements in z.

When constructing the estimate for observation i, the kernel estimator puts more weight on
observations that have values of z; that are close to z;. The kernel estimatr allows for interac-
tions among the m variables that compose z because the multivariate normal density kernel takes
into account the correlations among the variables. The bandwidth parameter controls the relative
weight given to nearby observations. When h is small, nearby observations are given more weight
relative to when h is large.

We use the method of cross validation to choose the value of h. The model is estimated for
every observation in the data set. The cross validated estimates are obtained by omitting observa-
tion ¢ and reestimating the entire model. The residual for observation i is y; — B{Xz — gi(z;), where
f3; and g; are the estimates obtained with observation i deleted. The bandwidth choice is the value
of h that minimizes n=! 3> | (y; — B{Xz — §i(z;))%. A grid search leads to an optimal value of h. We
then estimate the model again including observation ¢ when constructing g;.

A pseudo-R? measures the goodness of fit. The pseudo-R? is the standard R? obtained by

regressing ¢ on y. The pseudo-R? is identical to the conventional R? in a linear parametric model.

4Useful reviews of kernel regression procedures include Hardle (1990) and Hérdle and Lington (1994).



As with a conventional R?, the pseudo-R? rises when the predicted values are closer to the actual
values of y. We use a Hausman (1978) test to determine whether ¢(-) is statistically different from
the null parametric specification. Let Bsp and Bols denote the (k — 1) x 1 vectors of semiparametric
and OLS coefficient estimates (the intercept is not included). Although the semiparametric esti-
mates are inefficient when the parametric specification is correct, we should find that Bsp and Bols
are approximately equal because both sets of estimates are consistent. When the model is more
nonlinear than the parametric specification, the semiparametric estimates are consistent but the
OLS estimates are not, and thus Bsp and Bols should be different. Letting VSP and V,, denote the

covariance matrix estimates for ﬁsp and Bols, respectively, the test statistic is as follows:
H = (Bsp - ﬁols),(vsp - Vols)_l(ﬂsp - ﬁols) (5)

where H is distributed x? with k — 1 degrees of freedom.

3 Data

The data set includes 471 residential parcels appraised in 1998 in Gangnam Gu, Seoul. These data
are called as “comparables” because they are used later for automately evaluating each residential
parcels (“subjects”) in the same area. Concentrating on one land use reduces unobserved het-
erogeneity and permits us to focus in detail on the value-location relationship for a single use.
Moreover, the focus on residential land helps us to eliminate the selection bias problems noted in
Colwell and Sirmans (1993). Previous researchers (e.g., McMillen and McDonald, 1991; Wallace,
1988) find that selection bias is most prominent in manufacturing and commercial land uses, while
selection-bias correction variables are insignificant for the single-family residential category.

Table 1 contains a brief description of the variables included in the model. The dependent
variable, LPRICE, is the natural logarithm of the ratio of land price to total square meters. The
AREA variable is used to analyze the relationship between land values and parcel sizes.

After determining the location of each parcel on a map, additional variables are added to the
data set. Added variables include standard measures of accessibility: distance from the Seoul
central business district or subcenters (CBD), distance from the nearest arterial street (ROAD),
distance from the nearest subway station (SUBWAY), and distance from the nearest park (PARK).
All distance variables enter the estimating equations in level form, so their coefficients are directly

interpretable as gradients.’

5The simple log-level econometric model can be derived from theory when the housing production function is



Table 1: Variable name, descriptive statistics and definitions

Variable Mean Definition

LPRICE 14.3 (0.20) Ratio of land price to square meters (in log)

AREA 592 (1.28) parcel size (in log of square meters)

PARK 0.24(0.19) Distance (in kilometers) to the nearest park

ROAD 0.16 (0.10) Distance (in kilometers) to the nearest arterial road

SUBWAY 0.66 (0.38) Distance (in kilometers) to the nearest subway station

CBD 9.05(2.31) Distance (in kilometers) to the nearest city center

LANDUSE 0.72 1 if parcel is used for the single-family detached, 0 otherwse
SLOPE 0.88 1 if parcel is flat, 0 otherwise

SHAPE1 0.30 1 if parcel is squared, 0 otherwise

SHAPE2 0.23 1 if parcel is long-squared, 0 otherwise

SHAPE3 0.30 1 if parcel is trapezoid, 0 otherwise

FACE1 0.07 1 if parcel is faced to one or more roads of class 1, 0 otherwise
FACE2 0.11 1 if parcel is faced to one or more roads of class 2, 0 otherwise
FACE3 0.57 1 if parcel is faced to one or more roads of class 3, 0 otherwise

Note: Roads are classified by their width. Class 1 has over 25 meters in width. Class 2 is
in the middle, 12-25 meters in width. Class 3 is in the lower, 8-12 meters in width.
Standard deviations are in parentheses and have been omitted for dummy variables.

The other variables are included to control for additional factors that play some role in the
determination of land values. LANDUSE equals 1 if a parcel is used for the single-family detached
and 0 otherwise, and SLOPE equals 1 if a parcel is flat and 0 otherwise. One would expect the price
embodied in land values due to these characteristics to yield positive coefficients in each case.

Finally, we have included a vector of dummy variables, SHAPE and FACE, which capture
the effect on land values of parcel’s shape and the type of the road to which a parcel is faced,
respectively. These variables capture the effect on land values of a parcel’s dominant shape and
the type of the road to which the parcel is faced.

The second column of Table 1 contains the descriptive statistics, where standard deviations

have been ommitted for dummy variables.

4 Results

Estimation results are presented in Table 2. We present detailed results for the Gaussian kernel
estimates only, but the results of other kernels are nearly idential. Cross validation indicates that
h = 0.29 provides the best fit, and we use this value in all subsequent calculations with the Gaus-

sian kernel. To simplify comparison of parametric and semiparametric estimates, we calculate

Cobb-Douglas and the price elasticity of housing demand is unitary (Mills and Hamilton, 1994).



Table 2: Estimation results

Gaussian

Variable Parametric Semiparametric

Estimates Estimates
Constant 14.572  (0.058)*** -
AREA 0.032 (0.008)***  0.033 (0.010)***
LANDUSE -0.027  (0.014)** 0.028 (0.014)*
SLOPE 0.056 (0.018)*** 0.031 (0.019)*
SHAPE1 0.036 (0.018)** 0.027 (0.018)*
SHAPE2 0.053 (0.018)***  0.042 (0.020)**
SHAPE3 0.074 (0.018)***  0.067 (0.018)***
FACE1 0.163 (0.040)*  0.188 (0.043)***
FACE2 0.084 (0.020)***  0.068 (0.025)**
FACE3 -0.119 (0.013)*** -0.133 (0.013)***
PARK -0.151 (0.032)*** -
ROAD -0.195 (0.061)*** -
SUBWAY -0.053 (0.021)** -
CBD -0.043 (0.003)*** -
R? 0.667 0.886
RMSE 0.117 0.069
Hausman test - 32.34%**

Note: Standard deviations are in parentheses
* indicates significance at o < 0.10.
** indicates significance at o < 0.05.
*** indicates significance at o < 0.01.

root mean squares errors (RMSE) for both parametric and semiparametric approaches.

Most results are as expected. As is common in studes of urban land values, the R?s are high at
0.667 for the parametric (OLS) model and 0.886 for the semiparametric model.® The semiparamet-
ric model shows strong improvements in goodness of fit relative to the parametric (OLS) model.
For example, the root mean squares of errors (RMSE) went from 0.117 under the parametric model
to 0.069 under the semiparametric model, a reduction of 41.03%.

Urban theory predicts that land values are a smooth, convex function of distance from the city
center and other sites for which access is valuable (see, for example, Mills, 1972; Muth, 1969). Our
empirical studies support this prediction. Land values decline by about 4.3% per kilometer with
distance from the Seoul CBD or subcenters. They also decline by about 5.3% per kilometer with
distance from the nearest subway station. Land values appear to decline rapidly with distance

for the nearest arterial street and park by about 19.5% and 15.1%, respectively. Land values are

®The R? for the semiparametric estimator is calculated by regressing the predicted values on actual values.



higher in low slope parcels. Land values are highest in trapezoided parcels. They are also highest
in parcels which are faced to one or more roads of class 1.

One of the interesting results is the parameter estimates of AREA. The positive parameter
estimate implies a convex value-size relationship, which suggests that assembling costs of parcels
cause small parcels to trade at a discount.” This results support the results of Colwell and Sirmans
(1978), who find that the value-size relationship is convex for small parcels and then concave at
larger values.

Another interesting result is the parameter estimate of LANDUSE. In a parametric approach,
the sign of the parameter is negative and statistically significant, meaning that the land values are
higher in the multi-family detached or apartment complex sites. On the contrary, in a semipara-
metric approach, the sign of the parameter is positive and statistically significant, meaning that
the land values are higher in the single-family detached areas and coinciding more closely with

most individuals” priors than OLS.

5 Conclusions

“Location, location, location” is a frequent explanation of land values. In real estate valuation
literature, location is used as a proxy for numerous unobserved variables. The standard hedonic
approach to property valuation assumes that the price of a land is a function of the values markets
place on its physical and locatioal characteristics. One of the most significant drawbacks of he-
donic valuation, however, is that we cannot observe or measure all relevant characteristics. This
problem is typically addressed by using an artificial measure of location as a proxy for variations
in the unobserved covariates.

In this paper, we use both parametric and semiparametric approaches to estimate land prices
of parcels from Gangnam Gu, Seoul. In the parametric approach, we use several access variables
and estimate them parametrically. In the semiparametric approach, on the contrary, we estimate
those locational variables nonparametrically. Applying the semiparametric approach to parcel
data resulted in large improvements in estimation. Specifically, the R? went from 0.667 using the
traditional parametric approach to 0.886 using the semiparametric model. In addition, the root
mean squares of errors (RMSE) went from 0.117 under the parametric model to 0.069 under the

semiparametric model, a reduction of 41.03%.

"From Table 2, the parameter estimate of AREA is 0.032, which means 9 (LfggaE) JOAREA. Therefore,
OLPRICE/OAREA equals to 1.032.




It should be noted that the effects of some variables to land values are differ according to which
approaches we use. For instance, in a parametric approach, the parameter estimate of LANDUSE
is negatively and statistically significant, meaning that the land values are higher in the multi-
family detached or apartment complex sites. In a semiparametric approach, its parameter estimate
is changed to be positively and statistically significant, meaning that the land values are higher in
the single-family detached areas and coinciding more closely with most individuals” priors than
OLS.

In addition, according to Hausman test in Table 2, hedonic price functions of parcel are ex-
pected to be nonlinear, but theory offers little guidance on the form of the nonlinearity. Especially,
choosing the appropriate functional form is particularly difficult for location variables because
the appropriate form tends to be unique to the place. Therefore, semiparametric estimation offers
important advantages for hedonic price function estimation. Parametric structure is maintained
for the part of the function whose structure is known a priori, whereas variables whose effects
are expected to be highly nonlinear enter the nonparametric part of the model. The semiparamet-
ric approach preserves degrees of freedom but acknowledges that the full functional form is not

known with confidence.
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