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Abstract – Since 2012, Eurostat requires the national statistical institutes (NSIs) in all European 
Union (EU) countries to compute official House Price Indices (HPIs) at a quarterly frequency. 
Eurostat recommends computing the HPI using a hedonic method. Most NSIs have followed 
this advice, although they differ in their choice of method. Some NSIs use stratified medians 
instead of hedonic methods. We evaluate the theoretical and empirical properties of both hedonic 
and stratified median methods. Of particular concern is the comparability of the HPIs across 
countries when computed using different methods. Our empirical comparisons use detailed 
micro‑level data sets for Sydney and Tokyo, containing about 867,000 actual housing trans-
actions. All the hedonic methods perform better than stratified medians. The hedonic methods 
generate quite similar results, except when applied to new dwellings in Tokyo. This finding 
shows that the choice of hedonic method can be important for smaller countries with less data. 
Also, the widely used hedonic repricing method becomes unreliable when the reference shadow 
prices are not updated frequently.
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The fundamental role played by hous-
ing in the broader economy has been 

demonstrated by the global financial crisis of 
2007‑2011, which began in the US housing 
market. It is essential therefore that govern-
ments, central banks and market participants 
are kept well informed of trends and fluctu-
ations in house prices. In Europe, Eurostat 
– the statistical institute of the European
Union (EU) – has required since 2012 (see 
Eurostat, 2017) that the national statistical 
institutes (NSIs) in all EU member countries 
compute official house price indices (HPIs). 
HPIs, however, can be highly sensitive to the 
method of construction, and this sensitivity 
can be a source of confusion amongst users 
(see Silver, 2015). In a European context it is 
also important that the HPIs of different coun-
tries are reasonably comparable, especially in 
the Eurozone where the HPIs are needed by 
the European Central Bank for its decisions on 
monetary policy, financial regulation, and the 
monitoring of financial stability.

The difficulty in measuring house price devel-
opments arises from every house being differ-
ent both in terms of its physical characteristics 
and its location. HPIs need to take account of 
these quality differences. Otherwise, the price 
index will confound price changes and quality 
differences. The importance of these measure-
ment problems has been recently recognized by 
the international community and the European 
Commission, Eurostat, the UN, ILO, OECD, 
World Bank and IMF together commissioned 
a Handbook on Residential Property Price 
Indices (RPPIs) that was completed in 2013 
(see Eurostat, 2013).

Hedonic methods – which express house prices 
as a function of a vector of characteristics – are 
ideally suited for constructing quality‑adjusted 
HPIs (see Diewert, 2010; Hill, 2013). Eurostat 
recommends that the HPI should be computed 
using a hedonic approach, but has not provided 
guidance to NSIs as to which hedonic method 
should be used. As a result, different countries 
have adopted different methods. In total six 
different methods are being used:

(i)  Repricing: used by Austria, Belgium, 
Finland, Hungary, Italy, Latvia, Luxembourg, 
Norway, Slovenia;

(ii)  Average characteristics: used by Romania, 
Spain;

(iii)  Hedonic imputation: used by Germany, 
UK;

(iv)  Rolling time dummy (RTD): used by 
Croatia, Cyprus, France, Ireland, Portugal;

(v)  Stratified median (or mix‑adjusted 
median): used by Bulgaria, Czech Republic, 
Estonia, Iceland, Lithuania, Poland, Slovakia;

(vi)  Sales Price Appraisal Ratio (SPAR): used 
by Denmark, the Netherlands, and Sweden.

The sources for the methods used by each coun-
try are listed in Online complement C1. The 
first four methods are hedonic. Method (v) by 
averaging medians across strata provides some 
partial quality adjustment, although not to the 
same extent as a hedonic method. Method (vi) 
combines actual prices with expert valuations 
(see Haan et al., 2008).

For each method, the taxonomy can be further 
refined, in that two countries using the same 
basic method in some cases differ slightly in 
the way it is formulated. For example, with 
regard to the RTD method, some countries use 
a two quarter rolling window while others use 
a four or five quarter window, while with the 
repricing method countries differ in the fre-
quency with which the reference characteris-
tics shadow prices are updated.

Our objective here is to evaluate the theoreti-
cal and empirical properties of the methods (i), 
(ii), (iii), (iv) and (v) used by NSIs in Europe 
to compute their HPIs. We do not consider 
method (vi) – the SPAR method – since for our 
data sets we do not have access to any expert 
valuations. Of particular concern is the com-
parability of the HPIs across countries when 
computed using different methods.

We show that the underlying structures of the 
repricing, average characteristics, and hedonic 
imputation methods share some common fea-
tures. The RTD method is somewhat different 
in its approach.

Empirically we compare the hedonic meth-
ods and stratified medians using detailed 
micro‑level data for Sydney and Tokyo. 
These data sets were chosen since together 
they contain about 867,000 actual housing 
transactions, and cover quite long time spans. 
The Sydney data covers 11 years, while the 
Tokyo data covers 30 years. When compar-
ing hedonic methods, it is important to have 
a sufficiently long time series, since problems 
of drift or bias may only emerge over these 
kinds of time horizons. To understand how 
these hedonic methods perform in practice 
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it is important that they are compared using 
real housing data sets, rather than just simu-
lated data. Also, by evaluating EU methods 
using non‑EU data we provide an independ-
ent check on method selection.

The empirical comparisons have two main 
objectives. The first is to establish how sen-
sitive the HPI is to the choice of hedonic 
method. The second is to see whether any of 
the hedonic methods (computed on a quar-
terly basis) behave in anomalous ways, par-
ticularly over longer time horizons (e.g., 10+ 
years). This is potentially a concern espe-
cially for the widely used repricing method, 
which extrapolates to later periods using the 
estimated characteristic shadow prices of the 
base period.

The repricing method, when updated at 
least every five years, performs quite well 
on our datasets. The biggest surprise is that 
the Paasche and Laspeyres versions of the 
hedonic double imputation method exhibit 
substantial drift in the Sydney apartment 
dataset. Some drift is also observed in the 
Tokyo apartment dataset. Fortunately, no NSI 
in Europe is using either of these methods. 
The Tӧrnqvist version of the hedonic double 
imputation method, used by Germany, is not 
affected by drift.

Eurostat recommends that each NSI compute 
separate hedonic indices for houses and apart-
ments. We are able to do this for Sydney, but 
not for Tokyo, since almost all the transactions 
in the latter are for apartments. Furthermore, 
indices specifically for new housing are needed 
for the owner occupied housing price index 
(OOHI) which is being used on an experimen-
tal basis in the Harmonized Index of Consumer 
Prices (HICP) (see Eurostat, 2017). The age of 
dwellings is included as a characteristic in the 
Tokyo data set but not in the Sydney data set. 
Hence we are able to compute an HPI for new 
dwellings for Tokyo, but not for Sydney. Our 
findings for Tokyo in this regard have impor-
tant implications for HPIs, OOHIs, and the 
HICP in Europe.

The remainder of the paper is structured as 
follows. The next section explains the theo-
retical properties of the hedonic methods used 
by NSIs in Europe to compute their HPIs. 
After that the hedonic methods are compared 
empirically using data for Sydney and Tokyo. 
Our main findings are then summarized in 
the conclusion.

Some Alternative Methods  
for Constructing Hedonic House 
Price Indices (HPIs)

All the methods considered here are formu-
lated to be compatible with Eurostat guide-
lines. In other contexts, these methods could 
be structured in slightly different ways.

Repricing method

The repricing method is currently the most 
widely used hedonic method for computing 
the HPI in Europe. It is used by the NSIs of 
Austria, Belgium, Finland, Hungary, Italy, 
Latvia, Luxembourg, Norway, and Slovenia.

The repricing method begins by estimating 
a semilog hedonic model using only the data 
of year 1. The hedonic model can be written 
as follows:

ln �, ,
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where z(1,q),h,c is the level of characteristic c in 
dwelling h sold in year 1, quarter q. Examples 
of characteristics include property type (e.g., 
house or apartment), number of bedrooms, and 
land area. Also, β1,c denotes the shadow price 
on characteristic c in year 1, and ε is a random 
error term.

The objective in (1) is to estimate the charac-
teristic shadow prices β1,c. These shadow prices 
are computed using the whole year’s data.

As it is typically applied in the HPI, the repric-
ing method compares one quarter (t,q − 1) with  
the next quarter (t,q) using the base year’s 
shadow price vector β1.

The repricing price index formula consists of 
two components: a quality unadjusted price 
index (QUPI) and a quality adjustment factor 
(QAF). The QUPI is the ratio of the geometric 
mean prices in both periods (t,q − 1) and (t,q), 
computed as follows:

QUPI
p

pt q t q
t q

t q
, , ,

,

,
( ) −( )

( )

−( )
=1

1





� (2)

where p(t,q−1) and p(t,q) denote, respectively, 
the geometric mean price of dwellings sold in 
year‑quarter (t,q − 1) and year‑quarter (t,q).
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where H(t,q − 1) and H(t,q) denote the number of 
properties sold in (t,q − 1) and (t,q) respec-
tively. Arithmetic means could be used instead. 
However, geometric means have the advan-
tage of being more compatible with a semi‑log 
regression model.

The next step is to compute a quality adjust-
ment factor (QAF). This is done by using 
shadow prices of year 1 as a point of reference 
to compare quality of the average dwelling 
sold in periods (t,q − 1), and (t,q). The formula 
of the quality adjustment factor is as follows:
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denote the average basket of the characteristic 
c of periods (t,q − 1) and (t,q), respectively, 
computed using the arithmetic mean formula. 
In the case of dummy variables, such as post-
codes, the average measures the proportion 
of transactions that feature that postcode. For 
example, if 1 percent of the transactions occur 
in postcode 1, then the average basket for post-
code 1 equals 0.01.

The repricing price index is now obtained by 
dividing the quality‑unadjusted index (QUPI) 
in (2) by the quality adjustment factor (QAF) 
in (4) as follows:
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where Q t q
L

1, ,( )  denotes a Laspeyres quantity 
index between year 1 and quarter (t,q). It can 
be seen that the QAF can be rewritten as a 
ratio of Laspeyres indices as follows:
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More generally, relative to the first quarter in 
the data set (1,1), the price index for period 
(t,q) is calculated as follows:
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where p again denotes a geometric mean price 
as defined in (3). An interesting feature of the 
repricing method is that it only requires the 
hedonic model to be estimated once (in the 
base year). This is perhaps one reason why it 
has proved popular with NSIs.

The base year under the repricing method 
should be updated at regular time intervals. 
For example, Italy and Luxembourg update 
the base year every year. However, not all the 
NSIs using the repricing method update this 
frequently. Indeed this is the key problem with 
the repricing method. It provides a temptation 
to get lazy and not update the base year. In the 
empirical comparisons that follow based on 
Sydney and Tokyo data, we consider two ver-
sions of the repricing method. The first never 
updates the base year, while the second updates 
it every five years. Our empirical results show 
that failure to update the base year can lead to 
drift in the index.

Average characteristics method

The average characteristics method and the 
hedonic imputation method both begin by esti-
mating the following semilog hedonic model 
separately for each period. For example, 
for periods (t,q − 1) and (t,q), the regression 
model takes the following forms:
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where h indexes the dwelling transactions in 
period (t,q), p(t,q),h the transaction price, and 
z(t,q),h,c is the level of characteristic c in dwell-
ing h. Unlike under the repricing method, the 
estimated shadow prices on the characteristics, 
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β(t,q),c, are specific to period (t,q) and are 
updated every period.

The next step is to construct an average basket 
of characteristics. The hedonic method then 
measures the change in the imputed price of the 
average dwelling over time. The version used by 
European NSIs computes an average basket z t,c 
based on a whole year’s data calculated using 
the arithmetic mean formula. The price index 
between two adjacent quarters in the same year 
therefore is now calculated as follows:
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where Pt t q
L
� � , ,− ( )1  denotes a Laspeyres price index 

between periods t − 1 and (t,q). From the first 
line of (9) we can see that the overall price index 
can be written as a Lowe index (i.e., it is a fixed 
basket index where the time period of the basket 
is not the same as that of the two time periods 
being compared). The second line of (9) shows 
that the overall price can also be expressed as 
the ratio of two Laspeyres price indices.

Once a year, the average basket of character-
istics is updated. This can be done at the end 
of the year, once all the data for that year are 
available. The price index between the fourth 
quarter in one year and the first quarter in the 
next year therefore is calculated as follows:
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Again the overall price index can be expressed 
as the ratio of two Laspeyres price indices.

Relative to the first quarter in the data set (1,1), 
the price index for period (t + 1,1) is calculated 
as follows:
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It turns out that the repricing method can be 
represented as a fixed base average charac-
teristics method. Suppose, as with the aver-
age characteristics and hedonic imputation 
methods, the hedonic model is estimated for 
a single quarter. The imputed errors from the 
semilog hedonic model for quarter s can then 
be written as follows:
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which in turn implies that the geometric mean 
price takes the following form:
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Substituting this expression into the repricing 
formula (with shadow prices estimated using 
only the first quarter not the first year) yields 
the following:
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where P t q
P
1 1, , ,( ) ( )  denotes a Paasche price index 

between periods (1,1) and (t,q). Hence the 
repricing method can also be interpreted as an 
average characteristics method that uses the 
Paasche price index formula.

As far as we are aware this is a new result in the 
literature. It is also somewhat counterintuitive 
that this version of the repricing method can 
be written as a ratio of Paasche price indices, 
since these price indices require the estimated 
characteristic shadow prices of the periods 
(t,q − 1) and (t,q). By contrast, as can be seen 
from the first line of (11), in practice all that is 
needed are the characteristic shadow prices of 
period (1,1).

Hedonic imputation method

Once a hedonic model has been estimated, 
it allows one to ask counterfactual questions 
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such as what a particular dwelling actually sold 
in say period t would have sold for instead in 
period t + 1. Using this approach, the hedonic 
imputation method constructs price relatives 
measuring how the price has changed from 
period t to t + 1 for every dwelling sold in  
period t, and likewise for very dwelling sold 
in period t + 1. These price relatives can then 
be averaged across dwellings to obtained the 
overall price index. Here we will present two 
slightly different variants of the hedonic impu-
tation method. The first is used by the UK NSI 
and the second by the German NSI. Both ver-
sions use the same estimated hedonic model 
as the average characteristics method in (8) to 
impute prices for each dwelling. For example, 
let p (t,q),h(zt − 1,h) denote an imputed price in 
period (t,q) for dwelling h which was actually 
sold one year earlier in period (t − 1,q). The 
UK version is a chained Lowe index where the 
reference basket is all the dwellings sold in the 
previous year. When comparing two quarters in 
the same year (here t), the formula is as follows:
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where Ht − 1 denotes the number of properties 
sold in year t − 1. When the 4th quarter is com-
pared with the 1st quarter of the next year the 
references basket is updated as follows:
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When the underlying hedonic model has a 
semilog functional form, the UK method is 
in fact identical to the average characteristics 
method described above. This duality between 
the average characteristics method and the 
hedonic imputation method is explored in 
more detail in Hill and Melser (2008). In the 
case of the UK method, the duality can be 
demonstrated as follows:
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In an analogous way it can be shown that:
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The German version by contrast uses a 
Tӧrnqvist‑type formula (i.e., the geometric 
mean of geometric‑Laspeyres and geomet-
ric‑Paasche‑type formulas) defined as follows1:

Geometric Laspeyres (GL): 
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Geometric Paasche (GP): 
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Tӧrnqvist:
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Here it makes no difference whether we are 
comparing two quarters in the same year or the 
last quarter in one year with the first quarter in 
the next.

When the underlying hedonic model is semi-
log, the geometric‑Laspeyres (GL), geomet-
ric‑Paasche (GP), and Tӧrnqvist hedonic 
imputation indices can be represented as aver-
age characteristic methods as follows:
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1.  Silver (2016, pp. 54–57) refers to the Törnqvist‑type indices in (18) and 
(21) as hybrid Fisher‑type indices.
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GP:
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Tӧrnqvist: 
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where Pt q t q
F
, � �, ,−( ) ( )1  denotes a Fisher price index 

comparison between periods (t,q – 1) and (t,q).

Relative to the first quarter in the data set (1,1), 
the price index for period (t + 1,1) is calculated 
as follows:
P
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In practice this means that the UK method is 
essentially equivalent to the average charac-
teristic method used by Romania and Spain. 
While Germany’s method can also be repre-
sented as an average characteristics method, 
it is the only country in the EU that uses the 
Tӧrnqvist formula to construct its HPI.

Rolling time dummy method

The Rolling Time Dummy (RTD) method, as 
proposed by Shimizu et al. (2010) (see also 
O’Hanlon, 2011), is used by a number of NSIs 
in Europe. RTD is a variant on the widely used 
time‑dummy hedonic method. The relationship 
between time‑dummy and hedonic imputations 
methods is explored by Diewert et al. (2009) 
and Haan (2010). When discussing the RTD 
method we use a slightly different notation than 
we have used thus far in this paper. We refer 
simply to periods denoted by s and t, without 
distinguishing which year and quarter they are 
in. The RTD method begins by estimating the 
following hedonic model over a time window 
of k + 1 periods starting with period s:

ln� p z Duh s s k uhcc
C

i ih uhc
C� , ,� � � �= + ++( )= =∑ ∑� � �cβ δ ε1 1 	 (22)

where h now indices the dwelling transac-
tions in periods s,...,s+k, and Dih is a dummy  
variable that equals 1 when u = i is the period 
in which the dwelling sold, and zero other-
wise. Now the characteristic shadow prices for 
each period in the window are assumed to be 
equal (i.e., βs,c = βs+1,c = ··· = βs+k,c = β(s,s+k),c). 
The RTD method then moves the window for-
ward one period, and re‑estimates the model.

The RTD method derives the price index com-
paring period t+k−1 to period t+k as follows:
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A superscript t is included on the estimated δ 
coefficients to indicate that they obtained from 
the hedonic model with period t as the base. 
The hedonic model with period t as the base is 
only used to compute the change in dwelling 
prices from period t + k − 1 to period t + k. The 
window is then rolled forward one period and 
the hedonic model is re‑estimated. The change 
in dwelling prices from period t + k to period  
t + k + 1 is now computed as follows:
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where now the base period in the hedonic 
model is period t + 1. The price index over 
multiple periods is computed by chaining these 
bilateral comparisons together as follows:
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A trade‑off exists when choosing the window 
length. A longer window length increases the 
sample size and robustness of the price index. 
On the other hand, a longer window acts to 
smooth the price signal, providing a less timely 
and market relevant indicator. The optimal 
window length will differ depending on the 
datset. When data points are scarce, RTD4Q 
and RTD5Q (i.e., 4 or 5 quarter windows) are 
recommended over RTD2Q (i.e., a 2 quar-
ter window). NSIs in Europe using the RTD 
method have selected the following window 
lengths: France = 2, Cyprus = 4, Ireland = 5, 
Portugal = 2, Croatia = 4.

An important feature of the RTD method is 
that once a price change Pt+k/Pt+k–1 has been 
computed it is never revised. Hence when data 
for a new period t+k+1 becomes available, 
the price indices Pt, Pt+1, ..., Pt+k are already 
fixed. The sole objective when estimating the 
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hedonic model inclusive of data from period 
t+k+1 is to compute Pt+k+1, irrespective of how 
many periods are included in the hedonic 
model. More generally, this property of never 
being revised is recommended by Eurostat 
(2017) and is shared by all the hedonic price 
indices considered here. To be clear, by non-
revisability we mean that simply adding a new 
period of data does not change the results for 
earlier periods. If new data become availa-
ble for earlier periods, this is another matter. 
In this case, it may be desirable to revise the 
existing index.

Stratification and stratified medians

The RPPI Manual published by Eurostat  
(2013) recommends that the data should be 
divided into broad strata by region and build-
ing type, and then hedonic methods should be 
applied separately to each stratum. The results 
are then averaged across strata typically using 
the arithmetic mean formula. One issue that 
arises is whether the arithmetic mean formula 
should be weighted by the number of trans-
actions or the housing stock in each stratum. 
Weighting by the housing stock in each stratum 
might be preferable for macroeconomics anal-
ysis, when such stock weights are available. 
Failing that, weighting by number of transac-
tions is probably preferable to equal weighting.

Sometimes however insufficient data or 
resources are available to compute hedonic 
indices. In such situations stratified medians 
are often used as a simpler and less reliable 
alternative to hedonic methods. The first step 
in computing a stratified (or mixadjusted) 
median index is to split the data set into strata. 
As with hedonic methods, the first split should 
be between houses and apartments. Each stra-
tum should be further subdivided based on 
location, for example by province, county, 
district or postcode. When information on the 
physical characteristics of dwelling are avail-
able, splits can also be done based say on size 
(for example floor area less than 80 square 
meters and greater than 80 square meters), or 
age (e.g., new and existing). In the empirical 
applications, after splitting houses and apart-
ments, we focus on locational stratification 
based on postcodes and Residex regions for 
Sydney, and wards in Tokyo.

Once the strata have been constructed, the 
median price for each stratum is computed. 
These medians are then averaged separately 

for houses and apartments, typically using 
the arithmetic mean formula. Again the issue 
arises as to whether the average should be 
weighted by the number of transactions or the 
housing stock in each stratum.

With regard to computational complexity, a 
stratified median method lies somewhere in 
between a simple median method and a quali-
ty‑adjusted hedonic method2. Averaging medi-
ans across strata reduces the noise in the index 
resulting from compositional changes in the 
median dwelling over time. While in princi-
ple more strata should imply better quality 
adjustment, this approach soon runs into the 
problem when the classification becomes finer 
that some of the strata may be empty in some 
periods (i.e., there are no transactions with that 
particular mix of characteristics). This imposes 
limits on how far stratified median methods 
can take the quality‑adjustment process.

Evaluations of the different methods 
for Sydney (2003‑2014)

The Sydney data set

We use a data set obtained from Australian 
Property Monitors that consists of prices and 
characteristics of houses and apartments sold 
in Sydney (Australia) for the years 2002‑2014. 
Results are presented for the years 2003‑2014. 
For some methods, data for 2002 are needed to 
compute the reference baskets used in 2003.

The functional form for our hedonic models 
is semilog. The explanatory characteristics for 
houses are as follows:

-- the actual sale price;

-- time of sale;

-- property type (i.e., detached or semi);

-- number of bedrooms;

-- number of bathrooms;

-- land area;

-- postcode (there are 202 postcodes in the data set).

For apartments we have the same set of char-
acteristics. However, we drop the land area 
characteristic for apartments in our hedonic 

2.  The median price per square meter could be viewed as a highly restric‑
tive version of a hedonic method.
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analysis since it refers to the whole strata, and 
we do not have any information on the num-
ber of apartments in the building. For a robust 
analysis it was necessary to remove some out-
liers. This is because there is a concentration 
of data entry errors in the tails, caused for 
example by the inclusion of erroneous extra 
zeroes. These extreme observations can distort 
the results. The exclusion criteria we applied 
are shown in Table 1. Complete data on all 
our hedonic characteristics are available for 
380,414 house transactions. For apartments 
the corresponding figure is 250,005.

Summary of methods to be considered

The methods that will be compared (of which 
the first ten are hedonic) are listed below:

1.	 Repricing (no updating of base year);

2.	 Repricing (base year updated every five years);

3.	 Repricing (base year updated every year);

4.	 Average characteristics;

5.	 Double imputation Geometric‑Laspeyres;

6.	 Double imputation Geometric‑Paasche;

7.	 Double imputation Tӧrnqvist;

8.	 RTD (2 quarters);

9.	 RTD (4 quarters);

10.	RTD (5 quarters);

11.	 Stratified median.

In the case of Sydney, price indices will be 
computed separately for houses and apart-
ments. An overall HPI for Sydney could then 
be computed using the standard method for 
aggregating strata briefly discussed above and 
recommended in chapter 5 of the RPPI Manual 
(see Eurostat, 2013). For Tokyo only data for 
apartments are available. The age of dwellings 
is available for Tokyo but not for Sydney. So, 
for Tokyo we compute price indices for all 
apartments and for new apartments.

Table 1
Criteria for removing outliers

Price (in dollars) Bed Bath Area (m2)

Minimum Allowed 100,000 1 1 100

Maximum Allowed 4,000,000 6 6 10,000

It is particularly important to determine how 
well the methods used by NSIs perform on a 
data set for new dwellings, since a price index 
for new dwellings is a key input into the exper-
imental owner‑occupied housing price index 
(OOHI) in Europe. The OOHI is in turn being 
considered for inclusion in the harmonized 
index of consumer prices (HICP).

House and apartment price indices  
for Sydney

The house price indices (HPIs) for Sydney 
generated by the various methods discussed 
above are shown in Table C3‑1 (in Online 
complement C3). Five of the series are 
graphed in Figure I. As is clear from Table 
C3‑1 and Figure I, the HPI is quite robust to 
the choice of method. Over the whole sample 
period, depending on the choice of hedonic 
method, house prices rose by between 73.7 
and 78.1 percent. The three repricing meth-
ods – RP1 which uses shadow prices from 
2003, RP2 which updates the shadow prices 
every five years, and RP3 which updates the 
shadow prices every year – generate the low-
est increase in house prices3. Also shown in 
Table C3‑1 are stratified median results com-
puted in two different ways. MIX‑PC stratifies 
houses by postcodes of which there are 202. 
MIX‑RX stratifies by Residex region of which 
there are 164.

The MIX‑PC stratification is hence much finer 
than its MIX‑RX counterpart. It is not sur-
prising therefore that the MIX‑PC index is 
less erratic and closer to the hedonic indices. 

3.  Examples of the estimated characteristic shadow prices from the 
hedonic models are provided for Sydney in 2003 and for Tokyo in 2002 in 
Online complement C2. It can be seen that most of the shadow prices are 
significantly different from zero at the 5 percent significance level, and the 
adjusted R‑squared for are about 0.85.
4.  The Residex regions (with their constituent postcodes listed in brack‑
ets) are as follows: Inner Sydney (2000 to 2020), Eastern Suburbs 
(2021 to 2036), Inner West (2037 to 2059), Lower North Shore (2060 to 
2069), Upper North Shore (2070 to 2087), Mosman‑Cremorne (2088 to 
2091), Manly‑Warringah (2092 to 2109), North Western (2110 to 2126), 
Western Suburbs (2127 to 2145), Parramatta Hills (2146 to 2159), 
Fairfield‑Liverpool (2160 to 2189), Canterbury‑Bankstown (2190 to 
2200), St George (2201 to 2223), Cronulla‑Sutherland (2224 to 2249), 
Campbelltown (2552 to 2570), Penrith‑Windsor (2740 to 2777).
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The MIX‑PC index rises by 82 percent while 
MIX‑RX rises by 87 percent. The concern is 
not just that it rises faster than the hedonic 
indices, but also that it is more volatile, as can 
be seen from Figure I.

Volatility is an important issue. A higher level 
of volatility can indicate insufficient quality 
adjustment5. Two measures of volatility are 
the root mean squared error (RMSE) and mean 
absolute deviation (MAD) stated in (26) and 
(27) for the case of year‑on‑year comparisons 
for the same quarter. Here we define both 
RSME and MAD in terms of deviations of 
log ratios.
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RSME, MAD, MAX and MIN statistics for 
Sydney houses are given in Table 2. These 
statistics are computed both on a year‑by‑year 
and quarter‑by‑quarter basis. It can be seen in 
Table 2 that the stratified median indices are 
more volatile than the hedonic indices (espe-
cially in the quarter‑on‑quarter comparisons). 
This is to be expected since the stratified 
medians fail to fully adjust for changes in the 
quality of the median over time. For the same 
reason, the volatility of the MIX.PC stratified 
median is lower than that of MIX.RX. This 
is because the finer stratification of MIX.PC 
allows it to do a better job of quality adjusting 
the price index.5

The results for apartments in Sydney shown 
in Figure II are also reasonably robust to the 
choice of method, when we restrict the com-
parison to the hedonic methods actually used 
by NSIs to compute the HPI. The measured 
cumulative rise in apartment prices for the 
hedonic methods ranges between 68.1 and 72.6 
percent. The stratified median index MIX‑RX, 
by contrast, rises by 80 percent.

5.  However, one must be careful in this regard since in a volatile market a 
good price index should capture this volatility.

Figure I
Estimates of Price Indices for Houses in Sydney (2003Q1 = 1)

0.9

1

1.1

1.2

1.3

1.4

1.5

1.6

1.7

1.8

1.9

RP AC DIT RTD5Q MIX-RX

2003Q1 2005Q1 2007Q1 2009Q1 2011Q1 2013Q1

Note: Hedonic methods: RP = Repricing; AC = Average characteristics; DIT = Double imputation Törnqvist; RTD5Q = Rolling time dummy with five 
quarter window; Stratified median method: MIX‑RX = Mix adjusted stratified by Residex region. Period: 2002‑2014.
Coverage: Houses in Sydney, Australia. 
Sources: Australian Property Monitors; authors’ calculations.
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Table 2
Volatility of the House Price Indices in Sydney

RP1 RP2 RP3 AC DIL DIP DIT RTD2Q RTD4Q RTD5Q MIX-PC MIX-RX

Year‑on‑Year (Q1)

RMSE 0.068 0.065 0.066 0.068 0.067 0.066 0.067 0.067 0.066 0.066 0.086 0.096

MAD 0.057 0.055 0.056 0.058 0.057 0.057 0.057 0.057 0.056 0.056 0.072 0.079

MIN ‑3.90 3.90 ‑3.93 ‑3.96 ‑3.69 ‑3.79 ‑3.74 ‑3.76 ‑3.95 ‑4.03 ‑6.31 ‑10.95

MAX 17.69 17.93 17.93 18.14 18.13 18.01 18.07 18.06 18.00 17.99 20.14 21.97

Year‑on‑Year (Q2)

RMSE 0.057 0.056 0.056 0.056 0.056 0.055 0.056 0.056 0.056 0.056 0.068 0.069

MAD 0.047 0.047 0.046 0.046 0.047 0.045 0.046 0.046 0.046 0.046 0.054 0.054

MIN ‑3.47 ‑3.47 ‑3.56 ‑3.36 ‑3.36 ‑3.25 ‑3.30 ‑3.31 ‑3.40 ‑3.46 ‑4.28 ‑5.29

MAX 17.63 17.73 17.75 17.84 17.97 17.74 17.86 17.85 17.76 17.73 18.56 18.87

Year‑on‑Year (Q3)

RMSE 0.058 0.057 0.057 0.057 0.057 0.057 0.057 0.057 0.057 0.057 0.066 0.071

MAD 0.052 0.051 0.051 0.051 0.051 0.052 0.051 0.051 0.051 0.051 0.059 0.062

MIN ‑2.93 ‑2.93 ‑3.10 ‑2.95 ‑2.95 ‑3.07 ‑3.01 ‑2.99 ‑3.04 ‑3.04 ‑3.79 ‑3.95

MAX 16.20 16.46 16.33 16.25 16.38 16.28 16.33 16.37 16.41 16.40 14.53 19.07

Year‑on‑Year (Q4)

RMSE 0.069 0.067 0.066 0.067 0.067 0.066 0.066 0.066 0.067 0.067 0.071 0.077

MAD 0.061 0.06 0.059 0.059 0.059 0.059 0.059 0.059 0.059 0.059 0.062 0.067

MIN ‑5.46 ‑5.02 ‑4.21 ‑4.45 ‑4.43 ‑4.03 ‑4.23 ‑4.21 ‑4.17 ‑4.24 ‑5.64 ‑5.58

MAX 15.50 15.65 15.65 15.62 15.72 15.51 15.60 15.63 15.69 15.66 17.14 19.63

Quarter‑on‑Quarter

RMSE 0.020 0.020 0.020 0.020 0.020 0.020 0.020 0.020 0.020 0.020 0.027 0.030

MAD 0.018 0.017 0.017 0.017 0.017 0.017 0.017 0.017 0.017 0.017 0.021 0.025

MIN ‑2.22 ‑1.74 ‑1.74 ‑1.75 ‑1.76 ‑1.74 ‑1.74 ‑1.76 ‑1.81 ‑1.79 ‑4.82 ‑3.64

MAX 5.69 5.69 5.76 6.08 5.78 5.86 5.82 5.79 5.75 5.73 7.53 8.54
Note: The RSME, MAD, MIN and MAX statistics are defined in (26), (27), (28) and (29). The hedonic methods are as follows: RP1 = Repricing 
without updating; RP2 = Repricing where the base period is updated every five years; RP3 = Repricing where the base period is updated every 
year; AC = Average characteristics; DIL = Double imputation Laspeyres; DIP = Double imputation Paasche; DIT = Double imputation Törnqvist;  
RTD2Q = Rolling time dummy with a 2 quarter rolling window; RTD4Q and RTD5Q have 4 and 5 quarter rolling windows; the stratified median 
methods are as follows: MIX‑PC = Mix adjusted stratified by postcode; MIX‑RX = Mix adjusted stratified by Residex region. Period: 2002‑2014.
Coverage: Houses in Sydney, Australia. 
Sources: Australian Property Monitors; authors’ calculations.

The double imputation Paasche (DIP) and 
Laspeyres (DIL) indices – shown in Table C3‑2 
(see Online complement C3) but excluded 
from Figure II – exhibit clear evidence of drift. 
According to DIP, prices rise by only 65.3 per-
cent while according to DIL prices rise by 78.1 
percent. It is fortunate therefore that none of the 
NSIs are using either DIP or DIL. The German 
NSI uses the double imputation Tӧrnqvist 
(DIT) method, which is the geometric mean of 
DIP and DIL. The results indicate that the drift 
in DIP and DIL is offsetting, and hence DIT 
seems to be unaffected by any drift problems.

Given the duality between average charac-
teristic and hedonic imputation methods, we 
should also consider the implications of this 
finding for the former. The average charac-
teristics method, which uses a Laspeyres type 
formula, is potentially also at risk of drift. 
However, the drift arises here when the aver-
age dwelling is updated each quarter based on 
the previous quarter’s data. The average char-
acteristics method used by NSIs only updates 
the average dwelling annually and computes it 
based on a whole year’s data. This seems to be 
enough to prevent drift.
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Figure II
Estimates of Price Indices for Apartments in Sydney (2003Q1 = 1)
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Note: Hedonic methods: RP = Repricing; AC = Average characteristics; DIT = Double imputation Törnqvist; RTD5Q = Rolling time dummy with five 
quarter window; Stratified median method: MIX‑RX = Mix adjusted stratified by Residex region. Period: 2002‑2014.
Coverage: Apartments in Sydney, Australia. 
Sources: Australian Property Monitors; authors’ calculations.

The results for the RSME, MAD, MAX and 
MIN statistics for Sydney apartments are 
given in Table 3. Again the stratified median 
indices are more volatile than the hedonic 
indices. Overall, the results in Tables C3‑1 
and C3‑2 should be reassuring to Eurostat. 
They indicate that the HPIs of different coun-
tries should be broadly comparable even when 
computed using different hedonic methods. 
For those countries using stratified medians, 
it is important that the strata are sufficiently 
finely defined. Otherwise, like MIX‑RX, the 
index will behave erratically.

Evaluations of the different methods 
for Tokyo (1986‑2016)

The Tokyo data set

The Tokyo data set consists of 23 wards of the 
Tokyo metropolitan area (621 square kilome-
ters), and the analysis period is approximately  
30 years between January 1986 and June 2016. 
The data set covers previously‑owned con-
dominiums (apartments transactions) pub-
lished in Residential Information Weekly (or 
Shukan Jyutaku Joho in Japanese) published by 

RECRUIT, Co. This magazine provides infor-
mation on the characteristics and asking prices 
of listed properties on a weekly basis. Moreover, 
Shukan Jutaku Joho provides time‑series data 
on housing prices from the week they were first 
posted until the week they were removed as a 
result of successful transactions. We only use the 
price in the final week because this can be safely 
regarded as sufficiently close to the contract price.

The available housing characteristics are: floor 
area, age of building, travel time to nearest sta-
tion, travel time to Tokyo central station, and the 
23 wards (i.e., city codes). The hedonic model for 
Tokyo is estimated over 237,190 observations. A 
few observations were deleted since they were 
incomplete, or contained clear errors. The total 
number of deletions was less than 1 percent. The 
functional form for our hedonic models is again 
semilog. The explanatory variables used are:

-- log of floor area;

-- age (included as a quadratic);

-- time to nearest station;

-- time to Tokyo central station (included as a 
quadratic);

-- ward dummy.
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Table 3
Volatility of the Apartment Price Indices in Sydney

RP1 RP2 RP3 AC DIL DIP DIT RTD2Q RTD4Q RTD5Q MIX-PC MIX-RX

Year‑on‑Year (Q1)

RMSE 0.055 0.053 0.053 0.054 0.054 0.053 0.054 0.054 0.053 0.053 0.054 0.059

MAD 0.045 0.043 0.044 0.044 0.044 0.042 0.043 0.043 0.043 0.043 0.044 0.051

MIN ‑2.17 ‑2.17 ‑1.75 ‑2.00 ‑2.26 ‑1.51 ‑1.89 ‑1.90 ‑1.88 ‑1.86 ‑3.52 ‑3.77

MAX 15.81 16.25 16.25 16.25 16.42 16.29 16.36 16.38 16.33 16.32 15.22 15.87

Year‑on‑Year (Q2)

RMSE 0.045 0.044 0.044 0.045 0.045 0.044 0.045 0.045 0.044 0.044 0.049 0.050

MAD 0.034 0.035 0.034 0.035 0.036 0.034 0.035 0.035 0.035 0.035 0.039 0.038

MIN ‑1.90 ‑1.90 ‑1.78 ‑2.20 ‑2.24 ‑1.75 ‑1.99 ‑2.01 ‑1.85 ‑1.80 ‑3.24 ‑1.74

MAX 13.82 14.16 14.16 13.92 14.18 14.17 14.17 14.18 14.18 14.15 14.40 15.63

Year‑on‑Year (Q3)

RMSE 0.047 0.048 0.047 0.048 0.049 0.047 0.048 0.048 0.048 0.048 0.051 0.048

MAD 0.043 0.043 0.043 0.044 0.044 0.043 0.044 0.044 0.043 0.044 0.047 0.042

MIN ‑1.50 ‑1.50 ‑1.47 ‑1.77 ‑1.84 ‑1.55 ‑1.69 ‑1.70 ‑1.49 ‑1.45 ‑2.39 ‑3.36

MAX 12.93 12.95 12.94 12.95 12.97 12.92 12.94 13.00 13.00 12.96 11.69 11.97

Year‑on‑Year (Q4)

RMSE 0.055 0.053 0.053 0.055 0.055 0.053 0.054 0.054 0.054 0.054 0.059 0.059

MAD 0.049 0.048 0.047 0.049 0.049 0.047 0.048 0.048 0.048 0.048 0.053 0.050

MIN ‑3.44 ‑3.40 ‑3.02 ‑3.56 ‑4.10 ‑3.05 ‑3.58 ‑3.48 ‑3.49 ‑3.52 ‑3.92 ‑4.27

MAX 13.05 12.82 12.75 12.62 12.65 13.52 12.89 12.83 12.90 12.82 14.11 16.39

Quarter‑on‑Quarter

RMSE 0.017 0.016 0.016 0.016 0.017 0.016 0.016 0.016 0.016 0.016 0.021 0.023

MAD 0.015 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.014 0.018 0.019

MIN ‑1.65 ‑1.48 ‑1.48 ‑1.34 ‑1.54 ‑1.22 ‑1.38 ‑1.34 ‑1.43 ‑1.44 ‑2.60 ‑3.20

MAX 4.49 4.17 4.17 4.28 4.34 4.15 4.25 4.24 4.22 4.21 5.91 7.17
Note: The RSME, MAD, MIN and MAX statistics are defined in (26), (27), (28) and (29). The hedonic methods are as follows: RP1 = Repricing 
without updating; RP2 = Repricing where the base period is updated every five years; RP3 = Repricing where the base period is updated every 
year; AC = Average characteristics; DIL = Double imputation Laspeyres; DIP = Double imputation Paasche; DIT = Double imputation Törnqvist; 
RTD2Q = Rolling time dummy with a 2 quarter rolling window; RTD4Q and RTD5Q have 4 and 5 quarter rolling windows; the stratified median methods 
are as follows: MIX‑PC = Mix adjusted stratified by postcode; MIX‑RX = Mix adjusted stratified by Residex region. Period: 2002‑2014.
Coverage: Apartments in Sydney, Australia. 
Sources: Australian Property Monitors; authors’ calculations.

The hedonic method considered is essentially 
the same as for Sydney. The reason for includ-
ing quadratics for age and time to Tokyo cen‑
tral station is that the impact of these variables 
on log(price) may be nonlinear and even possi-
bly non monotonic. For example, there may be 
an optimal time to Tokyo central station (i.e., 
one may not want to live too near and not too 
far way either). This quadratic specification, 
however, can create problems with the repric-
ing method, as is explained below.

Price indices for all apartments in Tokyo

The results for Tokyo for the years 1986 to 2016 
for all apartments are shown in Table C3‑3  

(in Online complement C3) and Figure III. The 
general pattern that emerges is similar to that 
observed for Sydney, although there are some 
important differences.

Focusing first on the differences, two ver-
sions of the repricing method without rebas-
ing – RP1(qd) and RP1 – are presented in 
Table C3-3. RP1 is much closer to the other 
methods than RP1(qd). RP1(qd) and RP1 dif-
fer in that the former uses the functional form 
discussed above that includes age and time 
to Tokyo central station as quadratics. RP1 
includes these variables as linear functions. 
The problem with RP1(qd) is that while the 
quadratics by construction fit the data well in 
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1987 – the first full year of the data set – this 
specification does not perform so well when it 
is applied to data in other years. The squared 
term in the quadratics can distort the results 
for later years. The implication is that there 
is a trade‑off between model fit in the base 
period and overall performance of the HPI. 
When the repricing method is used, quadratic 
terms in the hedonic model should be avoided. 
It is better to stick with a simpler more linear 
model. This problem was not observed for the 
Sydney data set because these variables were 
not included in the hedonic model.

A second difference is that there is no clear 
evidence of drift in the DIL and DIP results 

in Table C3‑3, as compared with what was 
observed for Sydney apartments. Over the 
whole sample period, the rise in apartment 
prices for all hedonic methods, excluding 
repricing without updating, ranges between 
8.5 and 13.8 percent. The average masks a 
rollercoaster ride where prices first went way 
up and then way down before gradually return-
ing to near their starting point.

Turning now to the similarities between the 
results for Sydney and Tokyo, the drift in the 
repricing results is again downward; although 
smaller for RP1 than RP1(qd). According to 
RP1, prices rose by about 7 percent, as opposed  
to a 6 percent fall when RP1(qd) is used. It 

Table 4
Volatility of the Apartment Price Indices in Tokyo

RP1(qd) RP1 RP2 RP3 AC DIL DIP DIT RTD2Q RTD4Q RTD5Q MIX

Year‑on‑Year (Q1)

RMSE 0.106 0.102 0.096 0.091 0.092 0.092 0.091 0.091 0.092 0.092 0.092 0.103

MAD 0.087 0.082 0.074 0.07 0.073 0.072 0.072 0.072 0.072 0.072 0.072 0.085

MIN ‑17.12 ‑16.58 ‑15.33 ‑15.55 ‑15.47 ‑15.61 ‑15.48 ‑15.54 ‑15.55 ‑15.52 ‑15.52 ‑15.46

MAX 33.88 34.42 34.42 30.79 30.14 30.09 30.41 30.25 30.27 30.67 30.84 32.38

Year‑on‑Year (Q2)

RMSE 0.104 0.100 0.095 0.093 0.093 0.093 0.092 0.093 0.093 0.093 0.093 0.098

MAD 0.08 0.077 0.073 0.072 0.072 0.073 0.071 0.072 0.072 0.072 0.072 0.077

MIN ‑20.31 ‑19.45 ‑17.93 ‑18.07 ‑18.34 ‑18.36 ‑18.20 ‑18.28 ‑18.28 ‑18.28 ‑18.28 ‑15.88

MAX 30.43 30.60 30.60 27.52 26.82 27.11 27.45 27.28 27.30 27.75 27.93 28.90

Year‑on‑Year (Q3)

RMSE 0.100 0.098 0.095 0.094 0.092 0.093 0.093 0.093 0.093 0.093 0.093 0.106

MAD 0.077 0.075 0.074 0.073 0.072 0.073 0.072 0.072 0.073 0.073 0.073 0.082

MIN ‑20.93 ‑20.32 ‑19.12 ‑19.20 ‑19.35 ‑19.43 ‑19.39 ‑19.41 ‑19.41 ‑19.38 ‑19.35 ‑19.07

MAX 21.36 21.70 21.70 21.13 20.17 19.94 20.03 19.95 19.99 20.32 20.42 30.99

Year‑on‑Year (Q4)

RMSE 0.109 0.106 0.101 0.098 0.100 0.099 0.100 0.100 0.100 0.101 0.101 0.116

MAD 0.084 0.078 0.074 0.073 0.074 0.074 0.074 0.074 0.074 0.075 0.075 0.088

MIN ‑19.25 ‑18.38 ‑16.98 ‑17.14 ‑17.12 ‑17.14 ‑17.38 ‑17.26 ‑17.27 ‑17.30 ‑17.29 ‑17.92

MAX 30.17 30.24 30.24 29.17 30.43 29.53 30.63 30.08 30.02 31.80 31.58 38.98

Quarter‑on‑Quarter

RMSE 0.037 0.035 0.033 0.033 0.032 0.032 0.032 0.032 0.032 0.033 0.033 0.042

MAD 0.027 0.025 0.023 0.022 0.022 0.022 0.022 0.022 0.022 0.022 0.022 0.033

MIN ‑6.41 ‑6.72 ‑6.72 ‑6.52 ‑6.30 ‑6.23 ‑6.29 ‑6.26 ‑6.27 ‑6.32 ‑6.35 ‑9.52

MAX 18.14 18.05 18.05 22.35 17.50 17.90 16.89 17.39 17.35 18.49 18.95 17.47
Note: The RSME, MAD, MIN and MAX statistics are defined in (26), (27), (28) and (29). The hedonic methods are as follows: RP1 (qd) = Repricing 
without updating where the impact of age and time to Tokyo central station are modelled using quadratics; RP1 = Repricing without updating; 
RP2 = Repricing where the base period is updated every five years; RP3 = Repricing where the base period is updated every year; AC = Average 
characteristics; Double imputation Laspeyres = DIL; Double imputation Paasche = DIP; Double imputation Törnqvist = DIT; RTD2Q = Rolling time 
dummy with a 2 quarter rolling window; RTD4Q and RTD5Q have 4 and 5 quarter rolling windows; the stratified median method is: MIX = Mix 
adjusted stratified by ward. Period: 1986‑2016.
Coverage: Apartments in Tokyo, Japan.
Sources: Residential Information Weekly (RECRUIT, Co); authors’ calculations.
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is noticeable that, as with Sydney apart-
ments, RP2 (repricing where the base period 
is updated every five years) generates very 
similar results to the average characteristics 
(AC) method. Given the duality that exists 
between the repricing and average character-
istics methods this result is not so surprising. 
However, such similarity in the RP2 and AC 
results was not observed for houses in Sydney 
in Table C3‑1.

The stratified median index differs quite sig-
nificantly from the hedonic indices. It rises by 
27.4 percent, as compared with the hedonic 
range of 8.5 and 13.8 percent. It is worth not-
ing that the stratified median indices in all 
three Figures rise faster than their hedonic 
counterparts. One possible explanation for this 
finding is that the average quality of dwellings 
sold has increased over time. The results for 
the RSME, MAD, MAX and MIN statistics for 
Tokyo apartments are given in Table 4. Again 
the stratified median index MIX is more vola-
tile than the hedonic indices.

Price indices for new apartments in Tokyo

Estimating a price index for new apartments 
is difficult for the Tokyo data set due to the 

small sample size. We define a new build as 
any apartment that is less than three years old. 
We would have preferred less than two years 
old, but this is not really feasible. The main 
problem here is to estimate shadow prices 
for the locational ward dummy variables. For 
some wards, no transactions on new dwellings 
are observed in some quarters. This is a prob-
lem particularly for the average characteristics 
and hedonic imputation methods that begin by 
estimating a separate hedonic model for each 
quarter as stated in (8). One way of dealing 
with missing wards is to restrict a comparison 
between adjacent quarters to the apartments 
sold in wards that are observed in both quar-
ters. This means that two different hedonic 
models need to be estimated for each quarter q. 
The first includes the apartments sold in wards 
that are observed in both q − 1 and q, while the 
second includes the apartments sold in wards 
observed in both q and q + 1. If the character-
istics vectors z being priced include any wards 
not included in the estimated hedonic model, 
then these wards are dropped and the weights 
on the remaining wards are adjusted so that 
they still sum to one.

This problem is not as severe for the repricing 
method since it estimates the hedonic model 

Figure III
Estimates of Price Indices for Apartments in Tokyo (1986Q1 = 1)
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Note: Hedonic methods: RP1 = Repricing; RP2 = Repricing where the base period is updated every five years; AC = Average characteristics;  
DIT = Double imputation Törnqvist; RTD5Q = Rolling time dummy with five quarter window; Stratified median method: MIX = Mix adjusted stratified 
by ward. Period: 1986‑2016.
Coverage: Apartments in Tokyo, Japan.
Sources: Residential Information Weekly (RECRUIT, Co); authors’ calculations.
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based on a whole year’s data, as stated in (1). 
Again, though, if a ward is nor observed in 
the base year, then all apartments sold in that 
ward in future periods are excluded from the 
comparison. An alternative approach would 
be to substitute an adjacent ward for these 
apartments.

By contrast, the problem of missing wards does 
not arise for the RTD method. Any wards that 
are observed in any quarter can be included in 
the RTD hedonic model, as stated in (22). This 
example illustrates an important advantage of 
the RTD method, in that it performs well on 
smaller data sets.

The new apartment price indices are shown in 
Figure IV. It can be seen that the index is much 
more sensitive to the choice of method than in 
Figures I, II, and III.

The stratified median index is particularly 
badly affected by the small sample size. Faced 
with a small sample problem, we have great-
est confidence in the RTD method with a rel-
atively long window (e.g., RTD5Q). Using 
RTD5Q as our benchmark, the downward drift 
in the repricing index (RP1) is much more pro-
nounced than in the previous figures. Updating 

the reference shadow prices every five years 
(RP2) solves this problem. Indeed RP2 approx-
imates RTD5Q quite closely. The average 
characteristics and hedonic imputation meth-
ods in this case are somewhat erratic. This is 
presumably because there are not enough data 
points to justify estimating a separate hedonic 
model each quarter.

The results for new builds in Tokyo have 
important implications for the HPI in smaller 
EU countries. In cases where there are less 
data, as Figure IV clearly illustrates, the choice 
of method for constructing the HPI becomes 
much more important. The number of new 
built apartments in Tokyo each quarter may 
well be higher than the total number of house 
or apartment transactions in countries such as 
Slovenia, Malta and Cyprus.

Figure IV also illustrates one of the problems 
with the acquisitions method for including 
owner‑occupied housing (OOH) in the HICP. 
The acquisitions method as recommended by 
Eurostat requires, where possible, a price index 
specifically for new builds. It is much harder, 
however, to construct a reliable quality‑ad-
justed HPI for new builds than it is to construct 
an index covering all housing transactions. 

Figure IV
Estimates of Price Indices for New Apartments in Tokyo (1986Q1 = 1)
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While a price index for new builds may be 
needed in Europe for the HICP (when OOH 
is included using the acquisitions method), in 
the context of the HPI it does not make sense 
to compute separate HPIs for new builds and 
existing dwellings and then combine them. 
Rather, when available, age (or a dummy varia-
ble for new builds) should be included directly 
as a characteristic in a single hedonic model that 
encompasses both new and existing dwellings. 
Separate hedonic models, however, should be 
estimated for houses and apartments since the 
list of available characteristics for each may 
differ, and even when they do coincide, shadow 
prices that are representative for one may not 
be for the other. The methods outlined in chap-
ter 5 of the RPPI Manual can then be used to 
construct an overall HPI that combines both 
houses and apartments (see Eurostat, 2013).

*  * 
*

Our main findings are as follows:

•	 The price indices seem to be quite robust over 
the range of hedonic methods used by NSIs in 
Europe to compute their HPIs.

•	 In smaller data sets (e.g., new builds in Tokyo), 
the HPI becomes more sensitive to the choice of 
method. Hence smaller countries in the EU need 
to be more careful when choosing a method. 
We recommend RTD4Q or RTD5Q for smaller 
countries with less housing transactions.

•	 The double imputation Paasche and Lasepyres 
(DIP and DIL) indices for apartments in Sydney 
are subject to drift. Evidence of a small amount 
of drift is also apparent in the Tokyo data. The 
results for Sydney apartments indicate that DIP 
and DIL should not be used. Fortunately, no 
NSIs are using either of these methods.

•	 The repricing method seems to have a down-
ward bias relative to the other hedonic indices 
when the reference shadow prices are updated 
only every five years or not at all. However, this 
bias is no longer in evidence when the reference 
shadow prices are updated every year.

•	 With the repricing method, a hedonic model 
that performs well in the base period may not 
provide a good fit in later periods. In particular, 
for Tokyo the quadratic terms for age and time 
to Tokyo central station cause problems. In this 
sense, there is a greater risk of problems with 
the repricing method. Hence we recommend 
keeping the functional form of the hedonic 
model quite simple (e.g., with no quadratic 
terms) when the repricing method is used.

•	 We recommend that NSIs using the repricing 
method update the reference shadow prices fre-
quently, preferably every year and at least every 
five years.

•	 Where possible, the use of stratified median 
indices should be avoided. This is because they 
fail to properly adjust for changes in quality over 
time. The upward bias of stratified medians over 
the whole sample period in both datasets can 
be attributed to an upward trend in the quality 
of transacted dwellings over time. The higher 
RSME and MAD statistics can be attributed to 
the stratified‑medians not properly adjusting for 
changes in the quality of transacted dwellings 
on a period‑to‑period basis.

•	 It is more difficult to construct a quality‑ad-
justed price index for new builds. Again, 
RTD5Q is recommended for computing an HPI 
for new dwellings when there is a shortage of 
data points.

•	 For the HPI we recommend not splitting new 
and existing dwellings. It is better to combine 
them in the same hedonic model, with age as 
one of the explanatory characteristics.

•	 Houses and apartments should be estimated 
using separate hedonic models, and then 
combined using the standard Eurostat method 
for combining strata (see Eurostat, 2013,  
chapter X).

•	 Finally, it should be noted that computing an 
HPI for a large city is easier than for a whole 
country, particularly if that country is small. 
Hence our empirical comparisons may err on 
side of underestimating the sensitivity of a 
national HPI to the choice of method used for 
constructing it.�
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