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1 Introduction

Recently derived results in the price index literature (Silver and Heravi (2007), Hill
and Melser (2008)) show that the class of indexes known as hedonic imputed (HI) price
indexes are consistent with the theoretical foundations of the “hedonic approach” to
price index construction. This approach requires hedonic coefficients, which are implicit
prices attached to characteristics, to vary over time. The HI price index method is
more flexible than the traditional time dummy hedonic method and it is related to the
standard matched-model methodology of constructing a price index. The assets sold
and priced in period 0 are also priced in period 1 using estimated regression coefficients
(and vice versa) in order to construct the index. The repeat sales method is a matching
method; however, there are a number of well documented disadvantages with the use
of repeat sales methods stemming from the need to use only a small sub-set of the
observed transactions .

Imputing a price in period 1 for an asset sold in period 0 requires an econometric
model based prediction. Consequently the first and foremost recommendation is against
using regressions with fixed parameters to construct the predictions. Triplett (2004)
argued for the use of a "two period adjacent" (or "rolling two-period) estimation of
the hedonic model used to impute prices necessary for HI and labeled it best practice.
Hill and Melser (2008) show that indexes based on fixed parameter hedonic regression
models are biased and that HI indexes suffer from bias unless the hedonic parameters are
allowed to vary over time and over heterogeneous regions. In fact, there are economic
theoretic reasons to support this argument as well. Diewert (2003), in an excellent
paper, provides a detailed economic theoretic framework for hedonic regressions based
on standard consumer theory incorporating vectors of characteristics of the products
consumed. Following on from the work of Silver (1999) and Pakes (2001), Diewert

recommends the use of a time varying functional form for the hedonic regression model



so that the shadow prices of hedonic characteristics can vary over time.

These utility theoretic and price index number related recommendations have led
to the advocacy and adoption of Triplett (2004)’s two-period adjacent approach to the
estimation of the regression using a rolling window. This recommendation is not new
as the use of a rolling window approach to the estimation of the hedonic model dates
back to suggestions made by Court (1939) and Griliches (1961) in their attempts to
make allowance for the time-varying nature of the hedonic utility function. However,
the rolling window approach is conceptually inconsistent as a strict implementation of
the method should yield constancy of the hedonic coefficients over all the years, and,
as discussed in the next section, it produces two estimates of the parameters for each
time period.

The objectives of this paper are twofold. The first is to propose an econometric
framework consistent with a time-varying hedonic utility function. The paper also
provides price predictions obtained through an optimum estimator of the pricing model.
A second objective is to make two innovations in the direction of the actual construction
of housing price indexes based on the imputed prices from the estimated hedonic models.

In this paper the rolling window approach is used as the base to compare our pro-
posed modeling and estimation framework, specially in relation to prediction perfor-
mance. The predictions from the proposed econometric modeling are used to compute
monthly hedonic imputed property price indexes. The main recommendations of Hill
and Melser (2008) are used in that we focus mainly on the Fisher and Torngvist index
number formula. However, we make two innovations in this area. The first is that
we consider two alternative types of index weights, plutocratic weights based on value
shares of houses sold and democratic weights which are based on the number of houses
sold. Recognizing the difference between housing price index numbers and the stan-

dard cost-of-living index numbers, we argue that both types of weights are valid. An



important feature of property sales prices is the presence of seasonality in the mix of
properties sold and its influence on central tendency measures such as the median of
observed property prices. In accounting for seasonality, our paper constructs year-on-
year monthly price index numbers using hedonic imputations and compares these with
annual time-dummy hedonic price indexes. The method and procedures proposed in
the paper are illustrated using multiple sales data from the city of Brisbane, Australia,
and it is expected that these methods would be equally applicable and results similar
when applied to residential data from any location.

The paper is organized as follows: Section 2 proposes an econometric framework
consistent with both economic and price index theory. Section 3 presents the HI used
in this study and discusses how issues such as composition of sales and seasonality in
the sales are dealt with in the construction of the indexes. Section 4 presents empirical

results and Section 5 concludes.

2 Model Specification and Econometric Estimation

To compute the HI index imputations of the price of house h at time periods t and ¢+ s
are required from the specified hedonic model. As discussed earlier, the theoretical
fundations imply a functional form that allows for movements in shadow prices over
time. This requirement is accomodated in the price index literature through the use of
a rolling window approach (explained shortly). In this paper we propose an alternative
to this approach which is statistically sound and performs better in terms of mean
square prediction error. To establish notation, consider a hedonic model for time period
t = 1,...T (where ¢ could be an index for a month, a quarter or a year and we return

to this issue in Section 3).



vy = p+XB+e (1)

where,

y:—N; X 1 vector of observations of the dependent variable, typically the log of sale
price (P), y; = In P;;

N;— number of properties sold in period ¢;

u— intercept;

B—K x 1 vector of unknown slope parameters;

X;—N; x K matrix of independent variables (property attributes) ;

e,—N; x 1 vector of random errors.

Following Triplett recommendations, (2004, pp 71.), the standard procedure in the
housing price index literature is the use of adjacent period regressions to construct
hedonic imputed indexes. The approach consists of estimating (1) for each period ¢
in a rolling window (RW), each time with data from two adjacent time periods, ¢ and
t + 1. This means that the slope coefficients/hedonic coefficients are kept constant
within two adjacent periods, ¢t and ¢ + 1, but allowed to vary across subsequent rolling-
windows. Under the rolling window approach there are two alternative estimates of
the slope coefficients at a given period, t. One estimate is obtained using price data
for the periods ¢ — 1 and ¢ and another based on ¢ and ¢t + 1. In this paper we use
the estimate obtained using the data for periods t — 1 and ¢ to compare to those from
our approach. Though this specification is intuitive and practical, there is a logical
inconsistency in the approach in that if parameters are the same for periods t and t+1
and then for periods t+1 to t+2 it should then imply that parameters in periods ¢

and t+2 are identical and following this argument should lead to a constant parameter



model as intercepts are also equal. Notwithstanding this problem, we simply follow the
literature and implement the RW model.
In this paper two alternative specifications of ¢, are considered, namely, the errors

are spherical (e; ~ (0,0%Iy,)), and alternatively the errors are spatially correlated with,

€ = thEt + Uy (2)

where,

us— Ny x 1 vector of independently and identically distributed errors;

W;—N; x N; matrix of spatial weights with spatial weights as functions of distance
between houses in the sample;

g:—N; X 1 vector of spatially correlated errors;

p—scalar spatial autocorrelation parameter, |p| < 1.

Inclusion of spatial errors in model (1) results in the standard Spatial Error Model
(SEM) used in the spatial econometrics literature. In the context of hedonic models to
explain property sale prices, the spatial error is designed to take explicit account of the
role of unobserved location characteristics in determining house prices. This model is
expected to be particularly useful when there are no location characteristics (such as
distances to landmarks) included as regressors in the hedonic model.

The spatial weights matrix, W;, has elements 0 < w;; < 1 for ¢ and j, i # j and
Z;.V:l w;; = 1 for each 4, and w;; = 0 otherwise. In this paper we use spatial weights
by identifying the nearest neighbours and assign using information on the latitude and
longitude of the properties sold. The nearest neighbors are identified using a Delaunay
triangulation. A detailed exposition of Delaunay triangulation method can be found in
Section 4.11 of LeSage and Pace (2009). Note that when a spatial weights matrix, W,
is derived using Delaunay triangles, it represents the nearest m neighbors, and thus W72

represents neighbors to neighbors, and so on. A spatial weights matrix could also be



obtained by defining contiguity or nearest neighbors in terms of Euclidean distances;
however, it can be computationally burdensome, and thus computational geometry is
preferred as a more elegant and computationally less intensive approach.

It is customary for the rows of W, to add up to one (in which case W; is row (or
right) stochastic), which also implies |p| <1 (see Ord, 1965 and Krémer, 2005)? which
guarantee the existence of (I — pW;)™' =37 PW! =1+ pW, + pPWE+ pPW3E + ..
and thus E(g;e}) is proportional to (I — pW;)™" (I — pW;) ™",

We will denote the rolling window version of the model in (1) along with the error
structure in (2) as RW__SEM (rolling window spatial errors model).

In this paper we propose an alternative to the RW idea. Instead of allowing the
hedonic parameters to vary overtime through re-estimation as is the case in the RW
method, we specify a model where hedonic parameters vary over time through a specific
stochastic process. This extension is in line with economic theory, and in addition,
a minimum mean square estimator® can be used to estimate the parameters of the
regression model, making it the preferred approach from a statistical perspective. The
model proposed here denoted as TV Model allows for a different stochastic process
for the time-varying intercept parameter compared to that used to model the slope

coefficients, and is specified as follows:

Y = e + Xi B + € et~ N(0,021y,) (3)
B = Bio1+m ny ~ N (0> Ugllc) (4)
o= -1+ & &~ N(0, 0?) (5)

E(em) = 0 (6)

fort=1,2,...,T



where,

N;- number of houses sold at time ¢;

X; — (N; x K) matrix of independent (hedonic) characteristics;

L 1s a time-varying intercept

B; is the vector of time-varying hedonic slope coefficients

This model is known as a local level model with explanatory variables in the state-
space literature (see for example Durbin and Koopman, 2012). Here, 1, known as
the local level follows a stochastic process different from that of the slope parameters
(hedonic attribute parameters, ;). The basic idea is that movements in the local level
represent secular trends in housing prices resulting from macroeconomic shocks inde-
pendent of the movements in the hedonic regression coefficients. In practice, movements
in the local level tend to dominate house prices movements over time. The time-varying
model is also extended to allow for the presence of spatial correlation in the disturbance
term resulting in a new specification denoted by TV _SEM where in (3), €, is assumed

to follow the model in (2). The following assumptions are made:

E(em;) =0, E(wn,) =0, E(w&) =0, BE(wu;,_,) =0 for s # 0.
The spatial correlation parameter, p, is assumed to be fixed over time. We note
that ¢, = (In, — pW;) 'z in (2). Assuming e, ~ N (0, Hy), it follows that:

Ht = O-Z (INt - th)_1 (]Nt - th)_ll (7)

It is easily seen that if p is zero the error term ¢; = u;, and the model reduces to (3).
The estimation of the TV and TV _SEM models can be achieved through likelihood or

Bayesian estimation approaches (details provided below).



2.1 Econometric Estimation

To estimate (1) in a rolling window framework, OLS is used when the assumption
is that there is no-spatial correlation in the errors and we use maximum likelihood,
using the sem.m Matlab function developed by LeSage and Pace (see http://www.
spatial-econometrics.com/), when errors are assumed to follow (2). Computation-
ally efficient estimation of spatial models (both in a classical or Bayesian context)
require evaluation of log-determinants that are functions of W;. Chapter 4 of LeSage
and Pace (2009) presents a detailed account of a number of important results about
log-determinants that can be used to simplify the estimation of unknown parameters
in spatial models. The function fdelw2.m was used to construct the spatial weight
matrices for each of the spatial models in the paper.

TV and TV _SEM are state-space models and are estimated using Kalman filtering
algorithms and, in this paper, using maximum likelihood to obtain estimates of unknown
covariance parameters. In order to explain how they are estimated it is convenient to

write (3),(4),(5), and (2) in state-space representation shown in (8) and (9) below.

Y = 2oy + & (8)
ap =1+ G 9)
where,
Zi=|1i X, ]; 1 1s an IV, x 1 vector of ones
a = | B }
&t , Og 0
gt = ) E(gtCt) = Qt? Qt ~ N(Ov )7 and
u 0 a?JK

E(ee;) = Hy in equation (7).



Kalman filtering algorithms provide an estimate of «; and its Mean Squared Error
Matrix given estimates of the parameters v = {p, Ug,ag,ag} (or ¢ = {03,02,02} if
error are not assumed spatially correlated). In both cases the parameters in ¢ were
estimated using numerical maximization of the conditional likelihood function and the
Kalman filter algorithm. The models were estimated using code specially written by
the first author (available upon request).

A brief sketch of the estimation algorithm is presented below:

L. Given an initial guess for ¢ = {p, 05,07, 07}, 1o, the equations of the Kalman
filter are used to obtain a value of the conditional likelihood function which is

defined as

T n n
1 1 1
In L(y;v) = —5 g N;In(27) — 5 g In|Fy| — 5 E ViF 1y, (10)
t=1 t=1 t=1

where, the prediction error is given by v, = yy — yyp—1, t = 1,...,T; with co-
variance matrix E(vv)) = F;, and from the measurement equation (8), -1 =
Zyay—1where ay;—1 is a Kalman filter estimate of oy given Y, 1 = {y—1, %2, ...%0}.
Assuming a starting distribution of the state vector (ag ~ N (ag, Q0))*, this is eas-
ily set in an iterative Newton type numerical optimization algorithm to find the
maximum likelihood estimates of the hyperparameters (further details are pre-

sented in the appendix), given by:

Y = argmaxy In L(y:|)

2. Given 1&, estimates of the covariances ); and H; , Qt and ﬁt, are now avail-
able. These are used to obtain the estimates of oy, dyr, t = 1,...,T and its Mean

Squared Error matrix, ()7, by running the state-space model through the equa-
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tions of the Kalman filter (see Appendix equation (28) for the form of the Kalman
filter estimator, a;) and smoother (see Harvey (1989) or Durbin and Koopman
(2012) for details on smoothing) with initial state vector ag. Standard errors of

&y are given by the square root of the diagonal elements of {2y

2.2 Prediction and Imputation of the Sale Price

The hedonic model is log-linear and thus the prediction of the sale price at time ¢ of

properties h = 1, ..., N; sold at time ¢, is given by

B} (a}; fu, By) = exp(3)) (11)

while the imputation of the sale price for period t + s of properties h = 1, ..., N; sold

at time t is given by

]fﬁs(x?; fitss Brs) = ervp(ﬁl‘+s) (12)

It is well known that (11), the naive predictor, is a biased predictor of the conditional
mean; however, it is not a biased predictor of the conditional median. As property prices
are asymmetrically distributed and have a long tail in the positive direction, the median
is the preferred estimator of the centre of the distribution (for further discussion see for
instance Greene (2012) pp. 123).

To obtain the predictions (¢7') and imputations (g7, ) when the model is assumed

to have spherical errors, we use (13) and (14),

gt =+ X3, (13)
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gﬁrs = ﬂt-&-s + XthBH-s (14)

where the notation fi;(fi:4s) and Bt(BHS) is used here to denote parameter estimates
obtained using either a rolling window approach (RW) or the estimates & of TV.

When the model is assumed to have spatial errors, a feasible predictor is given by
(15) following Goldberger (1962) derivation of an optimal predictor, where /i, 35 and
p are the estimates from RW _SEM or TV_SEM, wy;, is the jth element of the hth

row of Wy, and &, =yl — (jif + X 57), j = 1,..., Ns.

Nt
0 =05+ XT84 P wajeés (15)

j=1
To obtain an equivalent imputation, we would compute,

Ny
Qf+s = ﬂf+s + Xthﬁtis +p Z Whyj i€ +s (16)

j=1
however, this is not feasible as €;;4, = vl s — (s + X/ Bf ') cannot be computed
given no observed sale price is available in period t + s for properties sold in period ¢.
Thus, in this study we use the truncated predictor to obtain both the prediction and
the imputation of the price of each property in the sample, (17) and (18), and these

are used to compute the indexes which are presented in the next section.’

g =[5 + X5y (17)

Q;LJrs - ﬂ;»s —+ Xﬁﬁiirs (18)
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3 Hedonic Imputed Housing Price Indexes

In this paper we report several sets of hedonic imputed price index numbers for residen-
tial housing. Hill and Melser (2008) discuss of a range of index number formulas that
are based on different sets of weighting systems and on different sets of imputed prices.
The general conclusion by Hill and Melser (2008) is that it is best if imputed prices
are used for both current and base periods instead of using imputed prices only for the
current period. In addition they recommend that value shares used should be based
on actual sale prices instead of imputed prices. Our approach follows these suggestions
with several modifications. As a deviation from the general practice in this area, we
construct price index numbers with plutocratic and democratic weights. Plutocratic
weights are proportional to the sales prices of properties and higher priced properties
are accorded higher weights in the price index construction. These are essentially value
shares of different properties sold at a given point of time. In contrast, the democratic
weighting system gives the same weight to each house sold in the market at any given
point of time. Therefore, the use of democratic weights leads to unweighted arithmetic
or geometric averages of imputed price relatives. The use of democratic weights essen-
tially stems from the use of a stochastic approach where the properties sold in any given
area is taken as a random sample and therefore the price observations are assumed to
have the same variance. Price indexes with democratic weights can be extended to
accommodate stratification of houses by quality and/or locational characteristics.

Let P! represent the sale price of house A in period t. Then the value share of the

house h, w! is given by:

(19)

where,
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Pl is the observed sale price of house h and N; is the number of houses sold in
period t. Typically in our case t refers to a particular month as we are making use of
monthly sales data. Construction of annual indexes is described in Section 3.3.

We define next the two types of indexes used in the study.

3.1 Plutocratic Indexes

These indexes are weighted indexes where weights represent the relative value of each
of the properties included in the sample. We use the Fisher and Tornqvist variants of
this index.

All HI price indexes are presented for period ¢, with period ¢t — s as the base.

The plutocratic Fisher index (F') is defined as:

PP

(t—s),t

F(It)fs),t = Ly,

(t—s),t

(20)

where Ly, and P/, are respectively the plutocratic Laspeyres and Paasche index

numbers with the following definitions:

Ns ]f)h (:Uh )
P _ h L\ (t—s)
L(t—s),t - Z w(t—s) <Ph ([I}h ) (21)

h=1 (t—s)\*" (t—s)
D e h p(}tl—s) (%?) -
P(tfs)ﬂf - Z Wi Dh( -k (22)
h=1 ‘Pt (‘rt)

where,

]5(’;_5) (xh) for s > 0 is an imputation of the price of property h, sold at time ¢ with
characteristics 2, using a vector of shadow prices for time period ¢t — s and the value
shares defined as in (19).

We note here that if the shares were based on predicted prices instead of observed

14



prices then the Laspeyres and Paasche indexes, defined in (21) and (22) simply turn
out to be ratios of the value of the stock of houses in periods t — s and t respectively
evaluated using the hedonic price models in these periods. Thus the indexes in (20),
(21) and (22) simply measure the change in the value of the housing stock due to
changes in prices as reflected in the hedonic model of prices.

The plutocratic Tornqvist indexes are defined similar to equations (20), (21) and
(22) using geometric averages in the place of the arithmetic mean. Following Hill and

Melser (2008), we define these indexes as follows:

T(};—s),t = \/GLI()t—s),t X GP(IZ_W (23)

where GL?

(t—5).t and GP(’;_S) , are the plutocratic geometric Laspyeres and geometric

Paasche indexes which are defined as:

N—s) Ph(zh ) W)
t t—s
Gri_ o= 11 SR L ] (24)
h=1 (t—s)(‘r(t—s))
Nt ph(l'h) wib
GpPP = tt] (25)
(t—s),t ~

These indexes are “plutocratic” as they are influenced by houses with large price tags.
Despite this, the Fisher and Tornqvist indexes in (20) and (23) measure the changes
in the housing stock values that can be attributable exclusively to price changes, and
therefore provide useful information.

The use of plutocratic weights along with a Laspeyres type index (as in equation
21) measures the price change by comparing the total value of the housing stock in
the base period and current period using hedonic imputations®. Similarly the Paasche

index compares the housing stock of the current period at the base and current period
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prices. However, the geometric indexes like the Tornqvist indexes cannot be interpreted
along the same lines. All the indexes discussed in Hill and Melser (2008) are essentially
plutocratic indexes.

We now deviate from the Hill and Melser (2008) approach and define democratic

indexes which are statistically based measures of price changes.

3.2 Democratic Indexes

Consistent with the use of a log-price hedonic model, we focus on the democratic

geometric Laspeyres, Paasche and Tornqvist indexes. These are defined as:

D
Ti—s)r = \/ GL{ ,,GP} . (26)
(e ) i ([ ]
h=1 P(}z—s)<x?t—s)) h=1 P(}é—s)(xil)

where N, and N;_ are respectively the number of houses sold in periods ¢ and (¢t — s).

The democratic index provides a measure of price change that is consistent with the
distribution of price relatives. The distribution of the prices is likely to be skewed and
the use of a geometric mean is consistent with a general log-normal distribution of price
relatives”. When the geometric Tornqvist index is computed, we explicitly recognize the
unequal numbers of properties sold in the two periods and define a geometric mean of
the geometric Laspeyres and Paasche indexes (see equation 26).® The use of democratic
weights is appropriate if the principal aim is to generate a statistically sound estimator of
the central tendency of the distribution of property prices. Given that the expenditure
weights used in hedonic imputed price indexes do not have the same theoretical basis as

the expenditure shares used in the construction of the consumer price index, the choice
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between the plutocratic and democratic weights should be really driven by the main

objective behind the housing price index construction.

3.3 Seasonality and the Construction of Annual Price Indexes

As seasonality affects both sales prices and volumes of properties sold, we consider the
use of chained indexes. From an index number perspective, chaining may be undesirable
when it leads to index drift. Szulc (1983) made the point that when prices or quantities
oscillate (‘bounce’), chaining can lead to considerable index drift: that is, if after several
periods of bouncing, prices and quantities return to their original levels, an index that
chains month-to-month changes will not normally return to unity. Hence, the chaining
of noisy monthly or quarterly series is not recommended.

In view of the drift caused by chaining in the presence of oscillations, the presence
of seasonality in the sales of properties and the types of properties sold, it is more
meaningful to compute year-on-year monthly housing price indexes (eg January in year
t to January in year t+1 etc.) and combine them to yield an annual price index. Under
this approach, first indexes measuring the price change in observed prices over one year
from the given month are computed. The Yule(1921)’s method from chapter 22 of the
ECE-ILO Manual on the Consumer Price Index (International Labour Office, 2004) is
used for the task. The method consists of two steps. First, compute the year-over-year
monthly index for each month using a standard index number formula. In our case we
can use Fisher and Tornqvist indexes with plutocratic or democratic weights. Second,
compute the annual index as a simple unweighted geometric mean of the year-on-year

monthly indexes.
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4 Empirical Results

4.1 Data

The data used in this study refer to sales of residential detached properties (i.e. houses
on blocks of land) and excludes units, terraces, townhouses and duplexes in the Brisbane
(Australia) metropolitan area. There are 65,239 sales transactions over the period of
252 months from 1985:1 to 2005:12. The data are from one of the leading providers of
property sales information services in Australia, ‘RP Data Ltd’ (www.rpdata.com), and
each data point (transaction) includes, the date (month and year) of sale, sale price,
geocode (latitude, longitude), the post code, the size of the land (lot) in m?*(AREA),
the number of bedrooms (BED), the number of Bathrooms (BATH), the number of car
spaces (lock-up garages and carports) (CARLUG). These data were first collected by
Cominos (2006). Further filtering of the data was conducted by Svetchnikova (2007)°
and the resulting data set is used in this study.

The distribution of transactions over the sample period is important as it might
have an impact on the accuracy of some of the results. Figure 1 plots the number of
transactions per month in the dataset. The number of recorded transactions has risen
substantially since the mid 1990s. While the actual number of transactions is likely to
have risen due to rapid population growth in the city of Brisbane in the last 20 years,
it is also the case that the market for electronic databases was not established in the
earlier part of the period, and therefore it is possible that some non-trivial number of

transactions were never included in the electronic database for the earlier years.

[Figure 1. Number of transactions per month in the dataset|
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4.2 Hedonic Model Results

We estimate the two versions of the model (with and without spatial errors) using sales
data of 65,239 transactions over 252 months using the methodology discussed in Section
(2.1). To obtain the RW and RW _SEM results we pool two months and overlap one as
we move through the sample. That is, the parameter estimates for 1985:2 is obtained
from a regression of pooled data for 1985:1 and 1985:2; 1985:3 is obtained from data for
1985:2 and 1985:3, and so on. TV and TV _SEM are obtained by estimating the state
space with monthly transactions. We present the estimates of the local level, BED and
BATH shadow price parameters to illustrate the difference in the estimates under the
rolling window and the time-varying specifications.

The estimate of p from TV _SEM is p = 0.48 with a p —value = 0.000'°. Therefore,
there is strong evidence to suggest that errors are spatially correlated. Given that
the hedonic characteristics included in the model do not provide any measure for the
location of the property, the spatial error is liklely to be capturing this unobserved
dimension. When a rolling window estimation is used, it is the case that not only the
estimates of the hedonic coefficients (/) will change over time, but also the estimate of
p will change across estimation windows, unlike the case of TV _SEM where p is time
invariant. The estimates of p obtained through RW_SEM change substantially over

the 20 years; the minimum estimate is 0.372 and the maximum is 0.608.

4.2.1 Comparative Performance of Alternative Models

To study the in-sample predictive performance we compute an aggregate measure for
the sample (7" = 252 months), the root mean square prediction error (RMSPE) of each
estimation approach based on the prediction of the log of sale price for each transaction.
The results are presented in Table 1.

where,
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1 .
RMSPE = \/N ;;(yht — Une)?

yis— the log of observed sale price for house h at time period ¢
7ix =a prediction of the log of sale price for house h at time period ¢

N = ZtT:l Ni
[Table 1 here|

The results are presented for both spatial and non-spatial models, although as men-
tioned above there is strong evidence that errors are spatially correlated. Comparing
the RW and TV, the results are that the time-varying parameters model produces a
negligible reduction in RMSPE of 0.03%. In contrast, for the models where spatial
effects are included, to capture the otherwise omitted location information, the results
provide some surprises. By implementing an adjacent period rolling window in a model
with spatial errors (RW _SEM) the RMSPE increases (although marginally) over the
RW alternative (as well as TV’s). Basically this result implies that RW__SEM not
only lacks predictive power, but it might also be an incorrect specification. In con-
trast, the combined effect of spatial errors in a time-varying hedonic parameters model
(TV _SEM) results in a larger reduction in RMSPE (9.92%) over the RW _SEM model’s
performance!®.

The improvement achieved through the combination of time-varying coefficients and
spatially correlated errors makes the TV _SEM most desirable in terms of housing price
predictions, and it should be adopted in preference to the rolling window approach.
However, as hinted above, this aggregate measure might be covering the extent to

which the number and composition of sales in each time period affect predictions. This

is explored further in the next sub-section
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4.2.2 Coefficient Estimates from Time Varying and Rolling Window Mod-

els

We use as illustration estimates of three parameters, the local level (Figure 2), and the
BATH and BED coefficients (Figure 3).

In Figure 2 the estimates from RW_SEM and TV _SEM (and +2 standard error
bands) are presented. An important point to note is that the rolling window estimates
are much more volatile than those obtained from the time-varying model. This is an
important result as it illustrates clearly the undesirable effect that a small number
of transactions joint with different compositions of properties sold can have on the

estimates of the shadow prices.
[Figure 2. Local Level (intercept coefficient), ]

In Figure 3 the estimates from RW_SEM and TV SEM (and +2 standard errors
bands) for the parameters of bathrooms and bedrooms are presented. As in the case of
the local level, it is extremely clear that the rolling window approach produces highly
volatile estimates and it is likely that its performance is dismal over shorter than 252

time periods.

[Figure 3. BATHROOMS and BEDROOMS Coefficients|

4.2.3 The Evolution of Prices

The model with the lowest RMSPE is the TV _SEM. We produce price predictions for
the properties sold in a particular period using the following model (see the discussion

in Section 2.2):

In PP = fi; + By In Land} + By BED} + B3 BATH]' + 3,CARLUP!  (27)
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where,

i1 and Bkt, k = 1,...,4 are the Kalman smoothed estimates from the TV _SEM
model

In Figure 4 we compare median monthly price of properties sold in each time period

to its prediction which we compute as follows:

—_—

P = median(exp(n P}, exp(In P2), ..., exp(In PMt))

o~

where In P} is obtained from equation (27).

For each period, we compute the median of the TV _SEM predicted prices of all the
houses sold in that period (h = 1,..., NV;). This is slightly different, and conceptually
superior, to the normal practice of computing the predicted price of a property using
median values of hedonic characteristics (land, bedrooms and bathrooms) in different
months. The observed and predicted median property prices are closely aligned over

the period which provides reassurance of the predictive ability of TV _SEM .
[Figure 4. Prediction of median sale prices over the sample period|

Figure 4 provides an interesting profile of prices of properties sold in Brisbane over
the last two decades. Treating the median prices as an observed time series from 1985
to 2005, we can see that there are several structural breaks in the price series. After a
relatively stable period until early 1987, a surge in property prices is evident over the
two year period until July 1989. Over the next decade from January 1990 until January
2001 there was a steady increase in median prices from just above 100,000 dollars to
175,000 dollars. A sharp rise in property prices occurred from January/July 2001 until
January 2004 where prices more than doubled. It is possible that structural breaks have

occurred over this period; however, we have not formally tested for this possibility.
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4.3 Housing Price Indexes

In this section we present both monthly and annual housing price indexes for the sample

period, 1985-2005, computed using the formulas described in Section 3.

4.3.1 Annual Chained Indexes

In Figures 5 a and b, we present chained annual housing price index numbers using the
procedure outlined in Section 3.3. We also present a chained annual index computed
using the observed median price in each year as well as a conventional TDH index
computed by exponentiating the estimates of the time-dummy coefficients from a spatial
errors hedonic model estimated with the complete sample. These serve as reference for
comparison purposes. All the indexes are computed using 1985 as the base year. For
the HI indexes we compute the plutocratic and democratic versions of the Fisher and
Tornqvist indexes (see Sections 3.1 and 3.2 for formula). As the Fisher and Tornqvist
indexes are both superlative'? and in most empirical studies tend to be numerically
close we expect the same result in our case. For the 1985-1995 period we observe that
the TDH index is above the median (of observed prices for period ¢) index for a large
portion of the period while the HI indexes are consistently below the median based
index. For the 1996-2005 period, all the chained indexes are below the median-based

chain index.

[Figure 5 Annual indexes - Chained, 1985-1995 (1985=1) and 1996-2005 (1985=1)]

4.3.2 Monthly Chained indexes

From the annual price indexes we now turn to chained price indexes constructed using
month-to-month price indexes. Here we compute the price indexes from one month to

the next and accumulate the changes over time through chaining. In this section we
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mainly focus on the plutocratic and democratic weighted price indexes computed using
the Fisher and Tornqvist index numbers. The median (of observed prices) based price
index is also presented as a reference.

Figure 6 presents chained HI monthly indexes with January 1985 as the base. Both
plutocratic and democratic weighted indexes are presented. By the end of the study
period, there is a substantial divergence that has accumulated between the median
index and the hedonic price index numbers of the magnitude of 20 to 30 percent. With
the median based index higher than the Fisher and Tornqgvist indexes. The democratic
weighted Torngvist index is uniformly higher than the plutocratic weighted index but
the percentage difference between them is much smaller than that shown by both in
relation to the median based price index.

As with the annual chained price indexes, we note the presence of three episodes
of acceleration in the housing prices. There is evidence of seasonal fluctuations in the
indexes but we do not notice any major drift in the indexes. In order to facilitate
visual examination of the differences, Figures 7 and 8 present the indexes over two
sub-periods, 1985 to 1995 and 2001 to 2005. These represent two periods of accelerated
increases in property prices in Brisbane; however, the underlying dynamics of the market
are markedly different. From Figure 7 we observe that there are several periods during
which the trends in the index of median prices and the hedonic index are in the opposite
direction which is a clear indication of the influence of the mix in property sales in
different periods which a median based index does not control for. However, all the
indexes are much more closely aligned during the period 2001 to 2005 (Figure 8) and
there are no appreciable differences between the median and hedonic price indexes. This
sharp contrast between these two periods is likely due to the fact that over the 2001-
2005 period there was a price boom largely attributed to a large influx of population

into the Brisbane and greater Brisbane areas coupled with a lag in the supply of new
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land for residential construction (see Smith and Rambaldi, 2010), and therefore, price
increases were large driven by land prices. If this was the case, the increase in property
prices would have been more uniform across all types of properties sold, which in turn
implies that the mix of houses sold (and the hedonic quality adjustment) might play a
much smaller role in this instance, with the local level trend driving the index. This is

an aspect that requires further analysis.

|[Figures 6. Chained Monthly indexes. F:Fisher Plutocratic, TP: Tornqvist

Plutocratic, TD: Tornqvist Democratic for the period 1985:1 to 2005:12]

[Figures 7. Chained Monthly indexes. F:Fisher Plutocratic, TP: Tornqvist

Plutocratic, TD: Tornqvist Democratic for the period 1985:1 to 1995:12]

[Figures 8. Chained Monthly indexes. F:Fisher Plutocratic, TP: Tornqvist

Plutocratic, TD: Tornqvist Democratic for the period 2001:1 to 2005:12]

5 Conclusions

The paper has dealt with several important issues relating to theoretically consistent
hedonic modeling of housing prices and their use in the construction of housing price
index numbers. First, the paper focuses on the issue of econometric specification and
stresses the need to model the time-varying nature of the hedonic coefficients in order
to be consistent with theory. The importance of making optimal use of the information
on the influence of locational characteristics available in the form of spatially correlated
errors is highlighted. The next issue is the problem of choosing the best specification.
We use the root mean squared error of prediction of (log) prices of houses sold in
different periods as a criterion to judge the predictive performance of various models.

The second objective of the paper is to examine the effect of using various hedonic
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models on the resulting housing price index numbers obtained. We also focus on the
influence of the index weights to account for the composition of sales, and discuss the
role of plutocratic versus democratic weights in property price indexes. Finally, we
examine chained annual indexes as well as month-to-month housing price indexes. The
empirical analysis of the paper is based on housing price data from the city of Brisbane
in Australia for the period 1985 to 2005. The analysis clearly demonstrates the superior
predictive power of the time-varying hedonic model with spatially correlated errors over
the rolling window approach recommended in the hedonic price index literature. We
find the annual indexes computed using the time dummy hedonic method tend to be
closer to the median than the HI imputed versions. The theoretical literature shows
that time-dummy hedonic price index numbers are biased. In the application used in
this study, the median of observed sale prices is well above the price indexes from all
the other approaches with the possible exception of periods of rapid and uniform price
increases, where land prices are likely to dominate the trend in property prices. For
the city of Brisbane we find that the median housing price index significantly diverges
during the period 1985 to 1995 but seems to align quite well with the hedonic price
indexes during the period 2001-2005 which is a period of rapid population increase and
low release of new land for urban construction which resulted in a price boom in the
Brisbane housing market. We attribute this feature to the possibility that property
price increases were uniform across different types of dwellings and different locations
during the real estate market boom. Trends in the chained annual price indexes as well
as chained monthly price indexes clearly show three phases of housing price acceleration
during the study period. These periods are consistent with the anecdotal evidence on
house prices in Brisbane during this period. Thus, the main conclusion of the paper is
that the theoretically consistent time-varying hedonic models with spatially correlated

disturbances possess superior predictive power and thus future studies of housing prices
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should endeavor to use the approach outlined in this paper.

Notes

IReaders interested in a comparison of methods to construct housing price indexes are referred
to recently materialized Handbook of Property Price Indexes (HPPI) commissioned by EuroStat
(de Haan and Diewert, 2011), http://epp.eurostat.ec.europa.eu/portal/page/portal/hicp/
methodology/owner_occupied_housing_hpi/rppi_handbook, which accomplishes this task very com-
petently and also provides a comprehensive set of references to relevant literature and a number of
empirical comparisons between currently used methods such as the repeat sales method (see Chapters
6, 10 and 11) and hedonic based methods (see Chapters 5, 10 and 11) using data drawn for a number
of countries.

2This follows because p is strictly bounded by the inverse of the eigenvalues of W;.

3minimum linear mean square estimator if normality of logarithmic prices is not assumed.

4The distribution of the initial state vector, ag is assumed to be normal with a diffuse mean square
error matrix, g = kI (where « is a very large number and [ is the identity)

Swe use the term ’truncated predictor’ in the sense used by Kouassi et al (2011), in that it is based
on efficient estimates of the model parameters; however, it ignores the contribution of the spatial
correlation to the predictor.

6This type of interpretation holds exactly when the expenditure share weights are also based on
imputed prices, and it may be considered approximate when actual prices are used.

" Analogously if the prices are normally distributed then a simple arithmetic mean would be used
in the place of a geometric mean.

81t is possible to consider a more sophisticated approach after stratifying the sample into different
regions and by the types of properties.

9For details on the steps carried out to clean and check the data and descriptive statistics, see
Cominos (2006) and Svetchnikova (2007).

10This estimate is very close to that obtained by estimating a conventional time-dummy hedonic
model with a spatial error using LeSage and Pace sem.m routine. The estimate is p = 0.46, p—value =
0.000. This is very reassuring as the two models and estimators differ substantially.

11'We note that we estimated two conventional fixed parameter hedonic models (with time-dummy
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intercepts) using the complete sample and computed the RMSPE as above. A time-dummy hedonic
(TDH) model without spatial errors has a RMSPE of 0.4224, while the RMSPE of the TDH with
spatial errors (TDH_SEM) has an RMSPE of 0.4214.

12Gee Diewert (1976) for more details on exact and superlative indezes.
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A Computing the value of the likelihood function us-
ing the equations of the Kalman Filter

To obtain a value of the In L, the prediction error, 14, and its covariance matrix, F, for

t=1,...,T are required.
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The prediction error is obtained using the parameter estimates at t — 1, v, ~ (0, F})
Ve =Y — ZiGy—
and the covariance matrix is given by,
Zhu1Z, + H,
Z Q1 Z + oo (In, — pW) ™ (I, — pW) ™

where, a; and ); are the Kalman filter estimates of a; and its mean square prediction

matrix which are obtained using the equations of the Kalman filter,

(28)

at:at,1+GtVt, fOI' t = 1,...,T

with covariance matrix, €2, given by

(29)

Qt = Qt|t71 — MtFt_lMt/, for t = 1, ,T

Gt = MtFtil
t—1tot.
My = Q174
i 1,1 1,2 1,3 1,K—1
(‘72 + Wt[—1]) Wt[—1] wz[—l] T Wt[—l ]
2,1 2,2 2,3 2,K—1
Wt[—1] (0'3 + wt[—l]) 2[—1] t[—l ]
Qo1 = Q1 +Q =
K—1,1 K—12 K—1,K-1
szl ! Wt[fl ] T (‘72 + WLl ])
[K,1] [K,2] [K,K—1]
W1 W1 o W1

wH is the (i, )" element of Q,_;
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is known as the Kalman gain. Captures the information gain from

[Kﬁl,K]
t—1

KK
(072, + wi,l ]

)




ag ~ N(ag, Qo) is the initial distribution
For further details the reader is referred to Harvey (1989) or Durbin and Koopman
(2012)
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