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SUMMARY

Previous work on the preferred specification of hedonic price models usually recommended a Box—Cox
model. In this paper we note that any parametric model involves implicit restrictions and they can be
reduced by using a semiparametric model. We estimate a benchmark parametric model which passes
several common specification tests, before showing that a semiparametric model outperforms it
significantly. In addition to estimating the model, we compare the predictions of the models by deriving
the distribution of the predicted log(price) and then calculating the associated prediction intervals. Our
data show that the semiparametric model provides more accurate mean predictions than the benchmark
parametric model.

1. INTRODUCTION

The basic theory of hedonic prices has been well known for many years and was less formally
understood for many-years before that (see, for example, Griliches, 1961; Rosen, 1974; Follain
and Jiminez, 1985). For this reason, it has been widely used to study many problems where
economic variables need to be adjusted for obvious qualitative differences, especially in the
housing market. Unfortunately, economic theory provides little guidance concerning the
functional form of the dependence of price on quality ' and researchers have used forms which
are somewhat flexible in order to let the data ‘speak’. This paper uses the method of
semiparametric estimation to study the conditional mean of log(price) of a residential housing
unit.

One of the first applications of the Box—Cox model within the context of residential housing
prices is presented by Goodman (1978). Goodman finds that a linear functional form is overly
restrictive and generally rejected in favour of the Box—Cox transformation. Halvorsen and
Pollakowski (1981) also discuss the proper specification of the hedonic price function and
recommend the use of a Box—Cox transformation. In their comment on Halvorsen and
Pollakowski, Cassel and Mendelson (1985) note four problems with a Box—Cox transformation,
only two of which are relevant here. First, they argue that the coefficients of a non-linear
transformation are ‘cumbersome’ to use properly. Rasmussen and Zuehlke (1990) counter this
argument by saying that coefficients are not necessarily harder to use and interpret if a linear

!Coulson (1989), Colwell (1993) and Arguea and Hsiao (1993) present some hypotheses based on arbitrage opportunities.
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model is used and the interactions are explicitly recognized. We will counter Cassel and
Mendelson’s argument in a different way by arguing that a simple parametric form may provide
a simple interpretation but, to be useful, it should be accurate. Their second relevant point
relates to the criterion of selecting a model. They argue that the study of hedonic prices is
interesting because of the information revealed about the marginal prices of individual
regressors. However, they do not offer a better criterion for selecting a model. Our analysis
identifies the preferred model using the specification testing because that is most consistent with
the model that is presumed to generate the data.

More recently, Cropper, Deck and McConnell (1988) use a Monte Carlo study to investigate
the performance of different functional forms. Where Halvorsen and Pollakowski and Cassel
and Mendelson use a ‘real world’ data set, Cropper et al. carefully specify a single type of
utility function for a group of consumers and produce a market price gradient by allowing the
taste parameters of this function to be randomly distributed. Six different models (such as
translog or Box—Cox) are considered. They find that a linear Box—Cox regression produces the
most accurate estimates of marginal attribute prices, implicitly arguing that Cassel and
Mendelson’s argument about the proper selection criterion is correct.” However, they qualify
this conclusion by pointing out that if some variables are unobserved or if a proxy variable is
used, then a simple linear function may outperform the others using the same criterion.

One way to make the specification of the regression function robust is to use a model which
does not impose an a priori parametric specification such as a non-parametric model. Several
techniques can be used to estimate such models including ‘cubic splines’, ‘nearest neighbours’,
‘series approximators’ and ‘kernel estimates’. A useful and common alternative to pure non-
parametric regression is the semiparametric regression (Robinson, 1988) which incorporates
some parametric information into a non-parametric regression.

Stock (1989, 1991) uses this alternative of a semiparametric regression to estimate the effect
of removing hazardous waste on house prices. Using a Monte Carlo simulation in his 1989
paper, he does not contrast functional forms but does show that the semiparametric estimate of
a response coefficient associated with waste clean-up, his variable of interest, is biased toward
zero. His simulations indicate that this bias is most apparent near the extreme points of observed
data and when the number of regressors is large. The second paper uses data on 324 houses in
the Boston area that are near waste-disposal sites to find the effect of a clean-up. This paper
compares models and spends much time discussing the effects of ‘bandwidth’ and ‘kernel
function’, which are defined and discussed at length below in our review of how non-parametric
models can be estimated. Stock shows that the choice of kernel function can significantly affect
the estimates, with a mild recommendation for a Gaussian kernel, but that the estimates are
relatively insensitive to the choice of bandwidth. However, he does not provide a complete
comparison of any parametric model versus any semiparametric model which is the focus of our
article.

The paper which may be closest in spirit to our own is the recent paper by Pace (1993). In it,
Pace reviews the literature on alternative estimators and presents two examples with some
comparison. Our paper attempts to provide a conclusive comparison including more careful
consideration of the benchmark parametric model to show that a simple alternative semiparametric
model can outperform the benchmark parametric model. The message of our paper is more serious
because the benchmark parametric model that we reject passes many of the specification tests that
researchers use to reassure themselves that the parametric specification is reasonable.

They do not provide data on the frequency that the two criteria provide conflicting advice.
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Since the economic theory of hedonic prices is well known and not in question, we assume that
readers are familiar with the relationship between price and quality that can be supported by a
market. The next section discusses the econometric theory of non-parametric and semiparametric
estimation. Section 3 describes the data set that we use and Section 4 presents our results. The
results of this paper suggest that even the best parametric model imposes restrictions that
substantially reduce the explanatory power of a regression equation. In Sections 4.3 and 4.4 we
study the statistical significance of different models by comparing their predictions.

2. ESTIMATION TECHNIQUES

2.1. Semiparametric Regression
Consider a model
pi=M(x;) +¢; E(e;|x)=0 (i=12,...,n)

where p; is the ith observation of the regressand (i.e. log(price) for the ith house) to be
explained by variations in the regressor(s) x;. x; is of dimension 1 x k. Estimating and testing
such a model often requires imposing many strong assumptions on M(-) to produce results.
Parametric estimation techniques, which are familiar to most economists, would assume that
M(-) is a linear function of x; or a linear function of some power of x;,

M(x;) = x;y

where y is a k x 1 parameter vector. Non-parametric models use a more general functional form
which, while more robust, tend to be less precise (see Silverman, 1986; Ullah, 1988; Hirdle,
1991). This problem is especially severe when there are many regressors because the rate of
convergence of the non-parametric response coefficients slows down as the number of regressors
increases.

An intermediate strategy is to employ a semiparametric form, which incorporates some
parametric information into the non-parametric form:

pi=zB+q(x)+e;,  E(elz,x)=0 (i=1,2,...,n) 1)

where p; is the ith observation on a dependent variable, z; is a 1 x p vector, x; is a 1 x k vector
and B is a px1 vector. ¢ has mean zero and a conditional variance var(e,|z;, x;). The
functional form ¢(-) is unknown to the researcher. Robinson (1988) shows that this model can
be rewritten as

pi—E(pi|x)=(z;—E(z;| x))B + &, )

suggesting that 8 can be estimated in a two-step procedure: First, the unknown conditional
means, E(p;|x;) and E(z;|x;), are estimated using a non-parametric estimation technique.
Second, the estimates are substituted in place of the unknown functions in equation (2) and
ordinary least squares is used to estimate 3. Robinson (1988) shows that the resulting estimates
are asymptotically equivalent to those where the true mean functions are known and used in the
estimation. We apply these steps where E(p;|x;) and E(z|x;) are estimated using a non-
parametric kernel estimator.

Delgado and Mora (1993) discuss the procedures for estimating regression models where
regressors are discrete and apply this discussion to semiparametric inference problems. They
show that the parameter estimates of the linear part of the regression are Vn-consistent, just as
when regressors are continuous (i.e. the case considered in Robinson, 1988).
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2.2. Non-parametric Kernel Estimation

If the sample size is n, then the usual kernel estimator M(x) = E( p | x) is written as

- K@)
M) = 3)
z fx)
where
fW=> KW @)
K. (x) = (naf det(X,)'?) 'K (a,; "%, A (x - x,)) (5)

f(x) is the multivariate density estimate x; evaluated at x while a,, is the bandwidth parameter. 3, is
the sample covariance matrix of the regressors. In the present paper we use the Gaussian kernel
function K(x)= (27) /? exp(—x"x/2). Existing literature also shows that the choice of the
window width can be important: too large a value of a, induces bias and too small a value induces
imprecise estimates. Delgado and Robinson (1992), Hardle (1990) and Ullah (1988) detail the
conditions that the kernel function and the bandwidth parameters a, must satisfy in order to obtain
the desired asymptotic properties of the regression function estimator. Recent research examines
the properties of the various automatic bandwidth selection procedures. Some of the available
choices are the ‘cross-validation’, ‘penalizing functions’ and the ‘plug-in’ methods (e.g. Devroye
and Penrod, 1984; Gasser et al., 1984; Li, 1984; Muller, 1984; Rice, 1984; Stone, 1984; Marron,
1985; Hardle, Hall and Marron, 1988). A seemingly natural method of choosing the bandwidth is
to minimize the sum of squared residuals of the regression equation:

MSE=n"')" (p;-z:8 - q(x)) ©)

i=1

Because p; is used when estimating g(x;), the mean square error (MSE) in equation (6) can be
reduced arbitrarily by decreasing the bandwidth until effectively all weight in g(x;) is placed on
D;- We choose the bandwidth parameter by cross-validation which avoids this problem by
choosing a bandwidth which minimizes the sum of squared residuals from the cross-validated
regression. In this approach, the bandwidth minimizes

MSE,=n">" (p;-z:8-qx))’ )

i=1

where the estimator of g(x;) is
4= Y (pi- 2PK,0/f x) ®)
i*1

Using MSE_, avoids the difficulty that arises when using MSE because p; is not used in
estimating g (x;).

3. DATA DESCRIPTION

Like people in many cities, many of the quarter-million people who live in Windsor and area
live in houses that are bought and sold. Our data was provided by the Windsor and Essex County



SEMIPARAMETRIC ESTIMATION OF A HEDONIC PRICE FUNCTION 637

Table I. Data summary

Variable Mean St. dev. Min Max.
Sale price, P 68122 26703 25 000 190 000
Lot 5150 2169 16 50 16 200
BDMS 2-965 0-737 1 6
REC 0-178 0-383 0 1
STY 1-808 0-868 1 4
FFIN 0-350 0-477 0 1
GHW 0-046 0-209 0 1
CA 0-317 0-466 0 1
GAR 0-692 0-861 0 3
DRV 0-859 0-348 0 1
REG 0-234 0-424 0 1
FB 1-286 0-502 1 4

Real Estate Board and describes residential houses sold during July, August and September of
1987 through the local Multiple Listing Service. The 546 records contain information describing
the key features of each house. Table I provides a summary of the data.

The variables are defined as follows.

DRV =1 if the house has a driveway

REC =1 if the house has a recreational room

FFIN =1 if the house has a full and finished basement

GHW =1 if the house uses gas for hot water heating

CA =1 if there is a central air conditioning

GAR shows the number of garage places

REG =1 if the house in located in a preferred neighbourhood of the city: Riverside or South
Windsor

LOT is a continuous variable showing the lot size of the property in square feet
BDMS is the number of bedrooms

FB is the number of full bathrooms (i.e. including, at least, a toilet, sink, and bathtub)
STY represents the number of stories, excluding the basement.

In general, Windsor is a typical mid-size Canadian city.

4. EMPIRICAL RESULTS

4.1. Benchmark Parametric Model
The specification of the benchmark model is
log(P;) = Bo+ B,DRV,+ B,REC; + B;FFIN; + B, GHW, + B;CA; + BsGAR,
+B,REG; + v, log(LOT)) + y, log(BDMS,) + vy, log(FB,)
+74 10g(STY)) + u; €))
and includes ten variables on the characteristics of a house plus a neighbourhood variable. The
mean of u;, conditional on the explanatory variables, is zero. The characteristic variables are

driveway (DRV), recreation room (REC), finished basement (FFIN), gas heating (GHW),
central air (CA), garage (GAR), neighbourhood dummy variable (REG), lot size in square feet



638 P. M. ANGLIN AND R. GENCAY

(LOT), number of bedrooms (BDMS), number of full bathrooms and the number of stories
(STY). We choose not to use data on the number of rooms, even though such data is available,
because it is highly collinear with the number of bedrooms, number of full bathrooms, the
presence of a finished basement, or a recreation room which are included separately.

This specification is a special case of a more general Box—Cox functional form. We tested
whether a more general form would better explain this data using a double-length regression test
(Davidson and Mackinnon, 1985) and the test resulted in a calculated DLR #-test statistic equal
to 1.462. Thus we feel justified in using a loglinear specification for the benchmark model.
Table II shows the estimated coefficients from this model.

To test for a potential misspecification of the regression function, the RESET test of Ramsey
(1969) is calculated by adding the squared and cubed fitted values of the regression equation (9)
as additional regressors to equation (9).> If squared fitted values are added as the only extra
regressor, the calculated t-test (with heteroscedasticity robust standard errors) on its coefficient
is 1-031. If squared and cubed fitted values are included as additional regressors, then an F-test
on excluding these variables gives a test statistic equal to 1-020. Given that the 1% tabulated ¢-
statistic is 2-576 and F .y, (2,532) = 4.61, this test does not provide evidence of misspecification.

The RESET test is commonly used but it is not the only possible test. We supplied our data to
one of the referees who used them for a different specification test based on Wooldridge (1992).
By regressing log(P) on the variables used in the benchmark model, expressed in levels instead
of logs, plus squared and cubed terms for LOT, BDMS, FB and STY, the referee obtained fitted
values log (13). When these fitted values are added to equation (9), the resulting f-statistic was
3-47. Thus the referee’s suggested test rejects our benchmark model. We discuss the
implications of these two tests at the end of the next section.

The OLS model with the discrete variables, BDMS, FB and STY in levels, is presented in
Table III. The performance of this model is not substantially different from the benchmark

Table II. Ordinary least squares estimation of the
parametric benchmark model dependent variable: log(P)

Coefficients t-statistics

Constant 7-921 36-137
DRV 0-110 3.863
REC 0-060 2-283
FFIN 0-096 4-417
GHW 0-173 3.929
CA 0-171 8-031
GAR 0-049 4.238
REG 0-130 5-693
log(LOT) 0-313 11-623
log(BDMS) 0-089 2-031
log(FB) 0-264 8-450
log(STY) 0-165 6-627
SSR 23-838

Ijz 0-684

R? 0-677

Number of observations 546

Log likelihood function 80-119

*In the RESET test equation the regressand log(P) can be replaced by the residual vector of equation (9) which would
result in the same sum of squared residuals as in regression equation with regressand log(P).
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model except that the interpretation of coefficients corresponding to FB, BDMS and STY. To
further check the specification of the benchmark model, we considered adding higher-order
terms and interactions, or using dummy variables for the different categories of the discrete
variables. If the fit to these augmented models improves and gets closer to the fit of the
semiparametric model, then we would conclude that these additional terms should account for
much of the superior performance of the semiparametric model. An augmented model which
include higher-order terms is presented in Table IV. The parameter estimates on the cross-terms
are statistically insignificant and the R*’s are about the same as that of the benchmark parametric
model. F-tests for the exclusion restrictions indicate that the added variables are statistically
insignificant at the 1% levels. Thus the non-linearities which characterize the housing price
behaviour cannot be accounted by simple interactions between regressors.

A full set of dummies are introduced for the BDMS, FB and STY. BDMS, FB and STY take 6,
4 and 4 distinct values (i.e. BDMS1 =1 if and only if BDMS =1; BDMS2 =1 if and only if
BDMS =2; . . . ). This totals 64 interactions. Full interaction with log(LOT) produces another
64, and with the square of log(LOT), 64 more which total 192 interactions. The coefficients of
the appropriate OLS model with this many interactions cannot be estimated due to singularity
problems. There are not too many observations for BDMS=1, 5 and 6 and FB=3 and 4.
Accordingly, we re-estimated the OLS model by excluding the interactions corresponding to
BDMS =1, 5 and 6 and FB =3 and 4. This overparametrized model yields an R? of 0-734 and an
adjusted R? of 0-682, both of which improve on the benchmark model’s R?’s.

4.2. Semiparametric Estimation

An alternative to the benchmark parametric model is the semiparametric model (1). Robinson
(1988) shows that if B is estimated using

pi-E(pilx)= (zi_é(zilxi))/s+errori (10)
Table III. Ordinary least squares estimation of the

parametric model with discrete variables in levels:
dependent variable: log(P)

Coefficients t-statistics

Constant 7-745 35-801
DRV 0-110 3-904
REC 0-058 2.225
FFIN 0-105 4-817
GHW 0-179 4-079
CA 0-166 7-799
GAR 0-048 4-179
REG 0-132 5-816
log(LOT) 0-303 11-356
BDMS 0-344 2410
FB 0-166 8-154
STY 0-092 7-268
SSR 23-638

R? 0-687

R? 0-680

Number of observations 546

Log likelihood function 82:412
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Table IV. Ordinary least squares estimation of the augmented parametric model:
dependent variable: log(P)

Coefficients t-statistics

Constant 7-634 7-845
DRV 0-108 3.770
REC 0-062 2-327
FFIN 0-102 4-534
GHW 0-169 3-799
CA 0-171 7-955
GAR 0-050 4.276
REG 0-127 5-422
log(LOT) 0-347 2:970
log(BDMS) 0-454 0-457
log(FB) -0-719 ~1-051
log(STY) 0-383 0-695
log(LOT) x log(BDMS) -0-042 -0-357
log(LOT) x log(FB) 0-102 1-265
log(LOT) x 1og(STY) -0-022 -0-339
log(BDMS) x log(FB) 0-061 0-415
log(BDMS) x log(STY) -0-040 ~0-352
log(FB) x log(STY) 0-059 0-814
SSR 23-698

R? 0-686

R? 0-676

Number of observations 546

Log likelihood function 81.721

F-test of exclusion restrictions for the cross-terms 0-520

Foo (6,528) 2-81

then it is Vn-consistent. The specification of the semiparametric model is*
log(P;) = BiDRV;+ B,REC; + B;FFIN, + B,GHW, + BsCA, + B;GAR,
+B,REG; + q[LOT,, BDMS,, FB,, STY,] + ¢; aan

where the mean of ¢,, conditional on the explanatory variables, is zero. In the specification of
the semiparametric regression, the dummy variables enter into the linear part and the discrete
and continuous variables enter into the unknown function g(-). The dummy variables would
only cause scale effects if they were included in g(-) but would not affect the curvature of this
function. Therefore, the dummy variables are modelled in an additive fashion whereas all
discrete variables and the continuous variables are modelled in the unknown function g(-).
Table V presents estimates of § from equation (11). We choose the bandwidth parameter by
cross-validation as described in Section 2.2. The bandwidth parameter is minimized at 0-446
which we use in the estimation of the semiparametric regression model in equation (11).

The semiparametric model explains substantially more variation in the dependent variable
than the benchmark parametric model,” R*=0-923 versus 0-684. If the effective degrees of
freedom of the semiparametric model is large, it is more appropriate to compare the adjusted

4 As mentioned in the Introduction, one advantage of using log(P) as the dependent variable is that doing so provides a
common basis of comparison between the different models.
Sp=E(p|x)+ (z—E(z| x))eB. R? of the semiparametric model is calculated by R? = 75/p"p.
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Table V. Semiparametric regression: dependent variable: log(P)

Coefficients t-statistics

DRV 0-147 3-081
REC 0-078 2-830
FFIN 0-097 4.245
GHW 0-191 4.245
CA 0-158 7-153
GAR 0-064 4.788
REG 0-124 4.898
SSR 5-809

R? 0-923

Number of observations 546

R%s of both models. This effective degrees of freedom, however, is not known to us. Therefore,
it is more appropriate to judge the performance of these two competing models by looking into
their out-of-sample predictions and with tests involve the comparison of these two models.

There are a number of tests that compare parametric and semiparametric models (see
Robinson, 1988; Whang and Andrews, 1993; Delgado and Stengos, 1994, among others). Here
we will employ the tests proposed by the first two papers, since the Delgado and Stengos (1994)
paper deals with the non-nested models.

As in Hausman (1978), one may base a test on a vector of contrasts, that is, the vector of
differences between two vectors of estimates, one of which will be consistent under weaker
conditions than the other. We calculated the Hausman-type specification test given in Robinson
(1988):

H,=n(f-p)'®"'(B-p)

where £ and f are the estimates for 8 from equations (11) and (9), respectively and @ is the
variance—covariance matrix® of (f- §). The null hypothesis for H, is that the underlying
model is linear, so that the ordinary least squares is the best linear unbiased estimator. The
alternative hypothesis is that the model is semiparametric, linear with a non-linear component.
In fact, H, tests the linearity of the q(z) and rejection of the null hypothesis implies that the
ordinary least squares estimates would be inconsistent. H, is distributed x*(7) and the
calculated test statistic is 19-216. Given that x,, = 18-48 and x2.s = 14-07, the null hypothesis
of linearity is rejected.

Recently, Whang and Andrews (1993) proposed a test of a linear model against a
semiparametric model. The specification of this test statistic is

G,=nl(B, )™ 1B, §)
where 1(f,4) is a p x 1 vector where
LB, @) = pi= E(pi| x) = (2:= E(z, | x))B1 % [z~ EGz | x))]”

B is the estimator of B from the benchmark parametric model and ¥ is a consistent
variance—covariance estimator. The calculated test statistic is 18-950. Given that
Xo01(7) =18-48 and y3.45(7) = 14-07, the null hypothesis of loglinear specification is rejected.

SRecently, Fan, Li and Stengos (1995) show that the Robinson (1988) semiparametric model can be estimated under
conditional heteroscedasticity of errors.
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An implication of these specification tests is that the RESET test, which was applied to the
parametric model above and is supposed to detect the higher-order interactions between
regressors, may not have enough power to detect the effects which semiparametric techniques
exploit. Other specification tests,” such as the one used by one of the referees to this paper, are
able to raise doubts about the specification of our benchmark model but they are not as widely
used. As might be expected and as the previous section demonstrated, adding extra regressors or
some higher-order terms can improve the performance of a parametric model but, as this section
shows, a semiparametric model provides better in- and out-of-sample performance in
comparison to the benchmark parametric model.

4.3. Prediction and Prediction Intervals

As demonstrated above, it is relatively easy to compute a point estimate for a prediction.
However, it is less common to compute a prediction interval for semiparametric models even
though it provides important information. Here we discuss two ways to compute a prediction
interval.

4.3.1. Asymptotic prediction intervals
A semiparametric model can be written as

pi—zf=qx)+¢; (12)
Therefore, for any x, q(x) is estimated by a kernel regression of ( p; — z,€f) on x:
40 =" K @)(p, - zH)f ) (13)
i=1
where €f is the estimate of 8 obtained from equation (11). We are interested in predicting
E(p*|x*, z*) where p* =z*B + q(x*) + ™*:
p*=z"ef +q(x™) 14

A prediction interval for p* is based on the limiting distribution of p* — p* where p™* is the

mean value of p*. By applying Theorems 2.2.2 and 2.2.3 in Bierens (1987), the limiting
distribution is

. b(x*
Jnd (5% - p*) — N[z 2D , 0% (15)
&)
o2~ is estimated by
o2
A2 O g 2, % *
v = K (x )dx (16)
Tfe J

Gre = (Z (pi-z6- ci(xi)zKi(x)) / &) 7
i=1

"Lee, White, and Granger (1993) compare the RESET test to other tests for neglected nonlinearity and show that the
RESET test does not perform well with some specifications.
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and a—0, na*—e and a*Vna*— 1 with 0<ls<oo. Since the estimate of the limiting
distribution is biased, it requires a correction. We use undersmoothing to correct for this bias,
since it is one of the methods suggested by Bierens (1987).

The 99% prediction interval for the semiparametric model is

k -0.5
log(P)* + 2.576(n [] ai) G, (18)

i=1

The 99% prediction interval for the parametric model is

1og(P)* + togssVx*(XTX) %7 19)

where X is an n x ( p + k) matrix of regressors of equation (9), x* is a 1 x ( p + k) row vector
which contains the description of the reference house and s is the standard error of the
parametric regression in equation (9).

4.3.2. Prediction intervals with wild bootstrap

An alternate and well-known method of computing prediction intervals is to use bootstrap
methods. For our purposes, the wild bootstrap method is the most appropriate in terms of
accounting for the bias, discussed above, in non-parametric and semiparametric regression. We
follow the approach in Hérdle and Marron (1991).

Their essential idea is to resample the estimated residuals to construct an estimator whose
distribution will approximate the distribution of the original estimator. To retain the
conditional distributional characteristics of the estimate, Hirdle and Marron (1991) do not
resample the entire set of residuals, but rather use the idea of wild bootstrap as in Hardle and
Mammen (1989), where each bootstrap residual is drawn from a two-point distribution
which has zero mean and variance equal to the square of the residual and the third moment
equal to the cube of the residual. In particular define a random variable ¢* having a two-
point distribution G,, where G,=yd,+ (1 - ¥)d, is defined through the parameter y, and
where J, and J, denote point measures at a and b, respectively. Hardle and Marron (1991)
show that a=ee,(1-V5)/2, b=ee, (] +V5)/2 and y=(5+V5)/10. This ensures that
Ec*=0, Ee**=ee? and Ec¢** = e¢’. In a certain sense, the resampling distribution G, can
be thought of as attempting to reconstruct the distribution of each residual through the use of
one single observation. Therefore, it is called wild bootstrap. After resampling, new
observations are

p¥=z,F+4(x)+¢e* (20)

The observations {p,*, x;,z]}; (i=1,2,...,n) can be used to estimate B and g(-) and
prediction intervals can be constructed for (B, —p;) because its distribution is approximately
equal to that of (5,* — p,). Our results are based on 1000 replications.

4.4. Housing Price Predictions

4.4.1. Prediction with a reference house

Often the purpose of estimation is to find a prediction given particular values of the
regressors. In the case of a housing market, we would be interested in predicting the log(price)
of a house described by z;=Z, x;=X such that z,ef + §(x;) provides a point estimate for this
purpose. Thus for a given house, ordinary statistical arguments can be applied. The natural place
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to start is with a ‘reference house’ such as

e DRV=1
e BDMS=2
e STY=1
e FB=1

e REC=1
e FFIN=1
e GHW=1
e CA=1

e GAR=1
e REG=1
e LOT =4000

Figures 1 to 4 indicate pointwise predictions of different models and 99% prediction intervals
for the semiparametric model. In general, prediction intervals appropriate for the parametric
model have been omitted to reduce the clutter. Figure 1 shows how the predicted log(P) changes
as the number of bedrooms changes in our reference house, ceteris paribus. The solid line
between the prediction intervals is the semiparametric prediction while the solid line below it
represents the prediction of the parametric model. In Figure 1, the prediction interval is
calculated using the asymptotic standard errors whereas in Figure 2, the prediction intervals are
constructed with wild bootstrap technique. Clearly, the standard errors calculated with the wild
bootstrap are wider than the asymptotic ones.

Figures 1 and 2 show that both models predict that log(P) is a concave function of the
number of bedrooms. For the same type of houses as in Figures 1 and 2, Figure 3 shows that the

Log(P)

Bedrooms

I semip.Cl —% Semip. —%— Para.

Figure 1. Predicted log price
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Figure 3. Confidence intervals
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Log(P)
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Case 1: Reference House
Case 2: LOT= 8000
Case 3: REG= 0, CA= 0, FFIN= 0, REC- 0

Figure 4. Alternative houses

prediction interval for the parametric model is larger than that of the semiparametric model. The
reason for this is that the variance of the residuals from the semiparametric model is relatively
smaller in comparison to the residual variance from the OLS model. Figure 4 shows the effect of
two changes in the reference house on the level of the market value of the reference house and
its rate of change with respect to the number of bedrooms. The middle line with boxes in Figure
4 repeats that shown in Figure 1; the upper line (Case 2) represents the market value of a house
that is identical to the first house except with a 8000 square foot lot; the lower line (Case 3)
shows the market value of a house identical to the first house but without central air
conditioning, without a recreation room, without a fully finished basement and not in a preferred
neighbourhood (i.e. the values of some of the regressors in the parametric portion of the model
have been changed).

4.4.2. Out-of-sample predictions

As a final method of comparing the performances of the two estimators, we calculate the
out-of-sample mean square prediction error (MSPE). The remaining observations are used for
in-sample fit. Table VI reports the MSPE for ordinary least squares using the benchmark
specification (denoted OLS) and the MSPE of the semiparametric model (denoted S). The
bandwidth parameter for the out-of-sample horizon require undersmoothing to minimize the bias
as explained in Section 4.3.1. Here, we adopt up to 50% undersmoothing in comparison to the
in-sample bandwidth parameter adopted in Section 4.2. The out-of- sample predictions beyond
50% undersmoothing does not improve the out-of- sample predictions. We measure the
out-of-sample forecasts using two different horizons: 10 and 20 observations. In both horizons,
the semiparametric regression provides smaller MSPE than the parametric benchmark model.



SEMIPARAMETRIC ESTIMATION OF A HEDONIC PRICE FUNCTION 647

With 10 houses in the forecast sample the MSPE of the parametric benchmark model is 1-35
times that of the semiparametric regression and this ratio is 1-53 with 20 houses in the forecast
sample. Thus the superior performance of the semiparametric estimator should be due to better
explanatory power rather than overfitting.

5. CONCLUSIONS

We have shown how semiparametric estimation techniques can be used to predict the (log) sale
price of a house. In comparison tests, a parametric model was rejected when compared to a
semiparametric model that allows arbitrary interaction between many of the regressors. While
rejection of the parametric model on statistical criteria should not be unexpected, the fact that it
was rejected after passing several common specification tests suggests that these specification
tests on the parametric model may not be as powerful as desired. Our graphical analysis also
illustrated one way that a semiparametric regression model might be applied and visually
showed its superior performance. The figures revealed that the prediction intervals of a
semiparametric model are tighter than those of a parametric model.
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