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Abstract

The hedonic price model involves examining how the price of a commodity varies with the set of characteristics it
possesses and has been used extensively in the housing market literature. The majority of the previous literature
has concentrated on the parametric specifications of the hedonic price model by estimating econometric
specifications such as ordinary least squares or Box—Cox models; all restrict the functional form and interaction
between regressors. Recent evidence suggests that non-parametric and semiparametric techniques fit the data
substantially better than the parametric specifications. Here, the parsimony of the parametric and semiparametric
hedonic price models are examined by their out-of-sample forecast comparisons. The evidence presented here
reveals that the semiparametric model provides the smallest out-of-sample mean square prediction error in
comparison with the parametric specifications such as the ordinary least squares regression, the Box—Cox and the
Wooldridge transformations. The results of this paper suggest that semiparametric regression can be successfully
used for prediction and assessment of residential housing prices.

Keywords: Hedonic price models; Box—Cox and Wooldridge transformations; Semiparametric regression; Residen-
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1. Introduction

The hedonic price theory involves examining how the price of a commodity varies with
respect to its characteristics. Rosen (1974) presented an integrated treatment of the hedonic
price theory and outlined the theory for the estimation of the demand and supply functions
that determine an hedonic price model. Unfortunately, economic theory has provided little
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guidance concerning the functional form of the dependence of price on quality. Thus,
researchers have used econometric estimation techniques that allow flexible parametric
functional forms such as the Box—Cox (1964) models.

Anglin and Gengay (1996) examine the semiparametric estimation methods in order to
model the hedonic residential housing price functions and compare its relative performance
with the Box—Cox model as a benchmark parametric method of estimation. Their findings
indicate that the semiparametric model fits the data substantially better than the Box—Cox
model. The objective of this paper is to examine the parsimony of the parametric and
semiparametric conditional mean estimators by their out-sample forecast comparisons within
the context of residential housing prices. In the construction of the parametric models, there
are three choices: ordinary least squares (OLS hereafter) regression, Box—Cox (1964) and the
Wooldridge (1992) transformations. The Box—Cox (1964) transformation is popular because
of its flexibility in the model specification. The advantage of the Wooldridge transformation
over the Box-Cox is that no second moment or other distributional assumptions are relied
upon to obtain consistent estimates or to perform asymptotically valid inferences. We estimate
all of the three parametric models and compare their out-of-sample performance with the
semiparametric model. The quality of the out-of-sample forecasts are measured by the mean
square prediction error. For all forecast horizons, the semiparametric model provides a much
smaller mean square prediction error in comparison with the Box-Cox and Wooldridge
transformations and the OLS regression.

In Section 2 we briefly present the Box—Cox and Wooldridge transformations. Section 3
involves the description of the method of semiparametric estimation and prediction. In Section
4, the empirical results on estimation and out-of-sample predictions are presented.

2. The Box-Cox and Wooldridge transformations

Economists and statisticians are often interested in explaining a non-negative variable y in
terms of some explanatory variables x = (x,, X, - . . , x,). This relationship is often modelled
by the conditional expectation of y given x, E(y |x). One simple approach is to postulate that
E(y|x) is linear in x. Often, the linear representation has been found to be inadequate as a
description of E(y|x). Noting the limitations of the linear conditional mean estimators,
Box—Cox (1964) introduced a transformation of y that contains the linear and logarithmic
transformations as special cases. The limitation of the Box-Cox transformation is that it
estimates E[y(A) | x] (where A is a transformation parameter) although E(y | x) is the primary
object of interest. Secondly, y(A) = (y”* — 1)/A may not follow a normal distribution and this
may lead the Box—Cox estimators to be inconsistent. In view of the fact that E(y | x) is the
object of primary interest, Wooldridge (1992) proposed an alternative to the Box-Cox
regression model. The advantage of the Wooldridge method is that no second moment or
other distributional assumptions are relied upon to obtain consistent estimates or to perform
asymptotically valid inferences. We will use Box—Cox, Wooldridge transformations and the
OLS to measure the performance of the parametric models.
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3. Out-of-sample forecasting with semiparametric regression

The semiparametric model is
pi=xB+tqw)te (i=1,2,...,n), (1)

where p;, is the ith observation on a dependent variable, x; is a 1 X [ vector, w; is a 1 X r vector
and B is an / X 1 vector. ¢ has mean zero and its conditional variance is represented by
var(e, | x;, w;). The functional form g(-) is unknown to the researcher. Robinson (1988) shows
that this model can be rewritten as

p; — E(p, | w)=(x,— E(x,|w))B + € (2)

suggesting that 8 can be estimated in a two-step procedure: first, the unknown conditional
means, E(p,|w,) and E(x,|w,), are estimated using a non-parametric estimation technique.
Secondly, the estimates are substituted in place of the unknown functions in (2) and OLS is
used to estimate 8. We apply these steps where E(p,|w,) and E(x,|w,) are estimated using a
non-parametric kernel regression.

Suppose that we are interested in predicting E[p* |x*, w*] at points x* and w* where
pr(x*, w*)=x*B + qg(w*) + €*. The predicted value of p*(x*, w*) given x* and w* can be
calculated by p*(x*, w*) = x*B + §(w*), where B is obtained from (2). Since Eq. (1) can be
written as p, —x,8 = q(w,) + €, q(w;) can be estimated from the non-parametric regression of
(p;~—x,8) on w, Similarly, (w*) can be estimated by (p,—x,8) on w, Let p*=
E[p*|x*, w*]=x*B + q(w*). The limiting distribution of Vaa'[p *(x*, w*) — p*(x*, w*)] (a is
a bandwidth parameter) is not correctly centered at p *(x*, w*) and requires a correction. One
method to eliminate the bias is to use the jackknife method as suggested in Bierens (1987) to
calculate an estimator for g(w*). Here, we use the jackknife estimator for g(w*) to correct for
bias. Let this estimator be g(w)*. The predicted value of p*(x*, w*) is then calculated by

Pra*, w*) =x*B + gw*). (3)

4. Empirical results

The data set is gathered from the Multiple Listing Service Bulletins published by the
Windsor and Essex Country Real Estate Board. The data set contains the sale price and 26
other key features of 955 residential houses sold in Windsor in 1990. In the data set there are
26 variables of which 19 are dummy, six are discrete and one is a continuous variable. The
dummy variables are AR1 (West Windsor), AR2 (Downtown), AR3 (East Windsor), BFU
(full unfinished basement), BFF (full finished basement) and NOB (no basement). FUE and
FUN are dummy variables for fuel types, electricity and gas, respectively. HEF and HEH are
dummy variables for heating systems, forced air or hot water, respectively. The other dummy
variables are EXB (brick exterior finish), EXF (frame exterior finish), EXU (stucco exterior
finish), EXS (stone exterior finish), SIA (aluminum siding), SIW (wood siding), ACC (air
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conditioning), EAC (electronic air cleaner), IPO (inground pool), GAR (garage) and DRV
(driveway). The continuous and discrete variables are LOT (lot size), STY (number of
stories), RMS (number of rooms), BDS (number of bedrooms) and BTH (number of
bathrooms).

In the specification of the Box—Cox model, only the right-hand-side variables are trans-
formed to keep the results comparable with other models. Two of the discrete variables, DRV
and GAR, can take zero values. Therefore, the remaining four discrete variables, STY, RMS,
BDS and BTH and the continuous variable, LOT, are subjected to transformation in the
Box—-Cox model. In the specification of the semiparametric regression, all six discrete and one
continuous variable are used as arguments of the unknown function g. To measure the
in-sample performances of the parametric and semiparametric models, we calculate the mean
square error (MSE), standard deviation of the residuals (SD) and mean absolute error of the
residuals (MAE). Similarly, the out-of-sample performances are calculated by the mean
square prediction error (MSPE), standard deviation of the prediction errors (SD) and the
mean absolute prediction error (MAPE). The out-of-sample forecasts are measured in two
different horizons by setting the out-of-sample horizon to be 50 and 100 observations. The
remaining observations are used for the in-sample fit.

The parameter estimates from the full sample estimation are reported in Tables 1 and 2.
The most noticeable part of Table 1 is that OLS fits the data substantially well as it provides

Table 1
OLS, Box-Cox and Wooldridge models; number of observations: 955

OLS Box—Cox Wooldridge

Standard Standard Standard

Variable Estimator error t-stat. Estimator error t-stat. Estimator error t-stat.
Constant 0.531 0.154 3.439 2.569 0.164 15.664 -0.931 0.016 ~59.733
AR2 0.016 0.024 0.644 0.016 0.0229 0.680 0.002 0.003 0.646
AR3 0.101 0.039 2.566 0.100 0.0387 2.584 0.013 0.005 2.799
EXB 0.424 0.041 10.294 0.422 0.0407 10.383 0.055 0.008 7.138
EXF 0.253 0.043 5.838 0.252 0.0429 4.5887 0.033 0.008 4.166
EXU 0.196 0.072 2.712 0.198 0.0712 2.782 0.025 0.008 3.069
SIA 0.669 0.067 9.984 0.661 0.0664 9.960 0.087 0.008 10.721
SIW 0.269 0.063 4.323 0.266 0.0615 4.330 0.035 0.006 6.023
FUN 0.172 0.095 1.821 0.166 0.0936 1.772 0.022 0.007 3.055
HEF 0.851 0.071 11.951 0.849 0.0703 12.085 0.110 0.009 12.443
ACC 0.749 0.026 28.978 0.747 0.0256 29.183 0.097 0.003 33.297
EAC 0.086 0.052 1.673 0.093 0.0510 1.812 0.011 0.005 2.219
BFU 0.229 0.032 7.193 0.228 0.0314 7.261 0.030 0.004 8.453
BFF 0.666 0.042 16.038 0.669 0.0410 16.270 0.086 0.004 19.673
1PO 0.747 0.055 13.632 0.738 0.0545 13.548 0.097 0.005 19.402
GAR 0.562 0.018 32.029 0.565 0.0175 32.376 0.073 0.003 27.397
DRV 0.946 0.009 101.89 0.945 0.0092 102.94 0.123 0.001 83.497
LOT 0.996 0.084 11.906 0.876 0.1105 7.935 0.129 0.008 16.017
STY 0.947 0.034 27.879 1.045 0.0792 13.188 0.123 0.005 25.199
RMS 0.030 0.010 3.114 0.048 0.0219 2.193 0.004 0.001 3.477
BDS 0.030 0.020 1.514 0.042 0.0275 1.509 0.004 0.003 1.434
BTH 0.088 0.026 3.347 0.097 0.0298 3.263 0.011 0.003 3.396
R’ 0.959
SSR 110.978
A 0.7650 0.1642 4.658 1.004 0.035 28.745

u 7.718
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Table 2

Semiparametric regression; number of observations: 955
Variable Estimator Standard error t-statistic
AR2 0.015 0.019 0.782
AR3 0.044 0.033 1.356
EXB 0.490 0.052 9.508
EXF 0.373 0.057 6.568
EXU 0.371 0.094 3.962
SIA 0.583 0.071 8.245
SIW 0.191 0.066 2.882
FUN 0.400 0.106 3.775
HEF 0.835 0.109 7.698
ACC 0.694 0.028 24.840
EAC 0.116 0.065 1.782
BFU 0.294 0.032 9.350
BFF 0.762 0.044 17.489
IPO 0.649 0.064 10.139
R? 0.993

SSR 19.859

an R®> of 95.9%. For the Wooldridge transformation, the value of the transformation
parameter is very close to one and is statistically significant. This value of A reduces the
Wooldridge transformation to the linear model. The parameter estimates of the semlparamet-
ric model are presented in Table 2. Clearly, the semiparametric model provides a higher R’

than that of OLS. Accordingly, the SSR of the semiparametric regression is much smaller than
the SSR of the OLS regression. This raises the issue of whether the quality of the fit of the
semiparametric model is due to overfitting. The best way to measure the parsimony of all of
the methods of estimation studied here is to subject them to an out-of-sample exercise.

The summary of the statistics for the in-sample estimation and the out-of-sample forecasts is
presented in Table 3. The left part of Table 3 reports the in-sample results from the three
parametric models and the semiparametric model. One common feature here is that all three
parametric models considered provide MSE errors of the same order. Indeed, the variation of
the residual standard deviation from these three parametric models is quite similar. In
contrast, the semiparametric models provide a much smaller MSE error, which is 5.57 times
smaller than that of the parametric models of estimation.

For out-of-sample forecasts, we leave out 50 houses from the in-sample estimation and
determine the parameter estimates. We then use these parameter estimates to forecast the
market value of the 50 houses (which are excluded in the in-sample estimation) from their
characteristics. The results are presented in the second half of Table 3. Similar to the results
from the in-sample estimation, all three parametric models exhibit MSPE’s of the same order.
Their maximum and minimum forecast errors are also of the same order. In contrast, the
semiparametric model’s MSPE is 3.03 times smaller than that of the parametric ones.

In dollar terms, the average absolute prediction error is $2790 for the parametric models
and $1230 for the semiparametric models. The parametric models underestimate prices by as
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Table 3
In-sample estimation and out-of-sample forecast comparisons®
In-sample fit Out-of-sample forecast
MSE Ratio SD MAE MSPE Ratio SD MAPE Min Max
Number of observations: 905 Number of observations: 50
OLS 0.117 5.57 0.342 0.255 0.113 3.05 0.351 0.279 —0.893 0.609
BC 0.116 5.52 0.341 0.255 0.112 3.03 0.337 0.279 -0.877 0.609
w 0.117 5.57 0.342 0.255 0.113 3.05 0.335 0.279 —0.894 0.608
S 0.021 1 0.145 0.079 0.037 1 0.193 0.123 —0.454 0.493
Number of observations: 855 Number of observations: 100
OLS 0.108 1.8 0.328 0.247 0.196 3.27 0.493 0.307 -2.159 0.582
BC 0.107 1.78 0.328 0.247 0.196 3.27 0.439 0.306 -2.156 0.581
w 0.108 1.8 0.328 0.247 0.197 3.28 0.438 0.579 —2.160 0.308
S 0.060 1 0.245 0.158 0.060 1 0.245 0.167 -0.595 0.943

Notes: ® OLS refers to the ordinary least square regression. BC and W refer to the Box—Cox and the Wooldridge
transformations, respectively. S refers to the semiparametric regression and Ratio refers to the ratio of the
parametric MSEs over the semiparametric MSE and the ratio of the parametric MSPEs over the semiparametric
MSPE. SD is the standard deviation of the residuals for the in-sample estimation and the prediction errors for the
out-of-sample predictions. Min and max are the minimum and the maximum of the prediction errors for the
out-of-sample predictions.

much as —$8770 and overestimate by up to $6080. In contrast, the semiparametric model
underestimates down to —$4540 and overestimates up to $4930. We also examine the
performance of all models with 100 data points in the forecast sample. The results are similar
to the shorter forecast sample set presented above. The MSPEs of all parametric models are
3.27 times larger than that of the MSPE of the semiparametric model. The semiparametric
model underestimates by as much as —$5,950 and overestimates by up to $9,430, whereas
parametric models underestimate as low as —$21,560 and overestimate up to $5810.

Overall, the results of this paper suggest that the semiparametric model provides more
accurate residential housing price predictions in comparison with the parametric methods of
estimation. The results of this paper suggest that the semiparametric model can be successfully
used for the prediction and assessment of residential housing prices.
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