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1. Introduction

From a practical point of view, statistical agencies engaged in the compilation of the
Consumer Price Index (CPI) are faced with the problem of quality change when an item
that belongs to some product group is dropped from the initial sample and is replaced by
some other (new) item from the same product group to keep the sample size fixed. Such
replacements may be forced if the “old’ item disappeared entirely from the market or —
what is generally preferable — they may be voluntary if the agency decides to update the
sample because an item’s market share decreases. The statistical agency then compares
the replaced item and its successor and tries to estimate the value of the difference in
quality to adjust the observed price change for the quality change.

While this description reflects usual practice, it is not completely satisfactory to
understand the problem of quality change. For example, suppose the statistical agency
initially observed all items available in the market but the number of items (the size of
the population) diminishes over time. It would then be impossible to find replacements
for the disappearing items. Moreover, even if the population size remained constant but
the attrition rate of new and disappearing items is large, it would be difficult to choose a
natural successor for a certain disappearing item. At the conceptual level we should start
by looking at the population of items and not at fixed-size samples. Also, we should not
define quality adjustment in terms of trying to link disappearing items to new items in
some synthetic way at the individual level. Given some index number formula, quality
adjustment is a matter of imputation or prediction of ‘missing’ prices or price relatives.
What is needed is an estimate of what the price or price relative of a disappearing (new)
item would have been, had it been sold during the current (base) period. With prediction
comes statistical modelling, which is usually hedonic modelling in this context.

Two main approaches to measuring hedonic price indexes can be distinguished
in the academic literature: the imputation approach and the time dummy method. Using
an omitted-variables framework, Silver and Heravi (2007a) analyse the factors driving
the differences between time dummy and hedonic imputation price indexes.' Diewert et
al. (2007) have taken up the issue again and show why the results can differ and discuss

! Berndt and Rappaport (2001) and Pakes (2003) have shown that time dummy and hedonic imputation
approaches can yield different results. For more research on both approaches, see e.g. Berndt, Griliches
and Rappaport (1995), Diewert (2003), and Silver and Heravi (2003).



the choice between the two approaches. They show that the difference depends on the
product of changes in the parameter estimates, the average quality characteristics and
the variance-covariance matrix of characteristics. Their results are relevant for statistical
agencies that consider using hedonic regression. Unfortunately the use of matrix algebra
makes the exposition technical and perhaps difficult to understand for price statisticians.
In this paper | make an attempt to present the main results of Diewert et al. (2007) in a
simplified way by avoiding matrix notation. A number of alternative methods are also
discussed. One of these alternatives is based on the idea of a quality-adjusted unit value
index. This idea is unconventional and perhaps controversial but worthwhile exploring
because it turns out to be closely connected to (quantity) weighted hedonic time dummy
and imputation indexes.

I assume that the hedonic regressions will be run on the price data that has been
collected for the CPI as such. There are statistical offices, like the Office for National
Statistics in the UK, that perform hedonic regressions on a different data set and then
use the estimated model to adjust the CPI data for quality change. This approach might
be problematic for two reasons. First, the use of separate data sets may give rise to bias
when the data do not describe the exact same things, prices as well as characteristics.
Secondly, and more importantly, the regressions are generally not run every single time
period so that symmetric hedonic indexes cannot be estimated, and it is those symmetric
price indexes | am particularly interested in here. The latter point draws our attention to
the issue of choice of index number formula. In this paper I will focus on (symmetric)
geometric mean formulas. This has partly to do with the fact that statistical agencies are
increasingly using geometric indexes but mainly because logarithmic hedonic models —
which often perform “better’ in empirical studies than linear models — are consistent (in
the sense described in Section 2) with geometric index formulas.

The paper is organized as follows. Section 2 explains in detail what is meant by
geometric imputation price indexes. | make a distinction between single, double and full
hedonic imputation. Furthermore, these (Symmetric) indexes can either be weighted or
unweighted. For expository reasons, and because statistical agencies generally do not
have access to current-period expenditure data at the item level, it seems useful to start
with the unweighted case. This is done in Section 3. An important result is that, when
using logarithmic hedonic models, the full imputation and time dummy price indexes
implicitly leave the price relatives of the matched items unaffected. It is also shown how



a non-symmetric approach (‘hedonic quality adjustment’ or hedonic ‘re-pricing’), which
has been applied by several statistical agencies, relates to the other approaches. Section
4 extends the analysis to Weighted Least Squares (WLS) regressions. It is argued that
the proposal by Diewert et al. (2007) to use the expenditure shares pertaining to a single
period as regression weights is particularly problematic for the time dummy approach.
Taking into account the problems with expenditure shares weights, Section 5 addresses
the use of quantity shares weights in hedonic regressions and the possible construction
of quality-adjusted unit value indexes. Section 6 concludes.

2. Symmetric Geometric Imputation Indexes

I begin by considering the Tornqvist index and assume that there are no disappearing or
new items. For simplicity two time periods will be distinguished only: the base period 0
and the current or comparison period 1. Let U be the set of items available in the market
during those periods and p; the price of item i in period t (t = 0,1). The Tornqvist price
index is defined as the (unweighted) geometric mean of the geometric Laspeyres and
Paasche price indexes:
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where s; denotes the (positive) expenditure share of i in period t. The ‘quality-change
problem’ arises when the sets of available items in periods 0 and 1 (with positive sales),
denoted by U° and U", differ in size or composition. This means that items have either
disappeared from the market or new ones have entered, or both. Disappearing and new
items are included in the geometric Laspeyres and Paasche indexes, respectively, but the
current period or base period prices of those unmatched items cannot be observed. The
imputation of the “missing’ observations seems an obvious solution, so the question is:
what would the price of a disappearing (new) item have been, had it actually been sold
in the current (base) period??

2 Hill and Melser (2006) discuss imputation methods where the prices in the expenditure weights are also
replaced by model-based estimates. | can see no reason for doing so and therefore do not address those
methods.



Suppose this question can be answered and we somehow estimated prices p; for
the sub-set U 2 of disappearing items (those that were sold in period 0 but are no longer
sold in period 1) and p? for the sub-set U, of new items (those that are sold in period
1 but were unavailable in period 0). Often several items are sold during both periods. As
usual, 1 will refer to U,, =U° nU" as the set of matched items (with U,, U3 =U°
and U,, U, =U"). The imputation Térnqvist index now reads
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P; & is an example of what I will call a single imputation (SI) index, where imputation
has been restricted to the ‘missing prices’. Another possibility would be to use a double
imputation (DI) Toérnqvist index, where both the base period and current period prices
of all unmatched items are model-based estimates:
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The third alternative is obtained by replacing all observable prices by predicted values,
including the prices of the matched items. This leads to the so-called full imputation (FI)

Torngvist index:
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The final alternative is sometimes called the ‘exact’ hedonic imputation Torngvist index
(ILO, 2004; Feenstra, 1995):
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In Section 4 it will be shown that IsT,HI coincides with the full imputation index F3F'HI
using the set of regression weights chosen by Diewert et al. (2007) to estimate log-linear
hedonic models in each time period separately. So in that case this approach would not
be an independent alternative.



Suppose now that, as in the case of housing, each item is unique. All quantities
would then be equal to 1. Consequently, the expenditure shares in (2), (3), (4) and (5)
equal s} = p/ /Y. P and si=p;/>. . p;. Though compatible with the definition
of an imputation Térnqvist index, the use of such weights is exceptional.® Usually, equal
weighting is applied. Except for housing and some other goods like used cars, the most
important reason for using unweighted indexes is that statistical offices typically do not
have access to expenditure information at detailed levels.* In addition statistical offices
mainly work with sample data and not with population data. Moreover, the sample sizes
are mostly fixed, especially in the short or medium term. Let S° and S be the samples
of items in periods 0 and 1 with fixed size n; S,, =S° N S* is the matched sample with
size n,, . Sp denotes the sub-sample of disappearing items and S;, the sub-sample of
new items, which both consist of n—n,, items. We then obtain the unweighted (fixed-
size sample) counterparts to (2), (3), (4), and (5):
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Section 3 elaborates on the hedonic imputation price indexes (6), (7), (8), and (9) using

log-linear hedonic regression models and discusses the choice between them.

® What | mean is that this type of explicit weighting is unusual in geometric elementary price indexes. A
similar type of weighting is implicit in arithmetic elementary price indexes when using the Dutot formula.
Note that since houses are purchased infrequently, there are only few matched observations or none at all.

* Of course when scanner data is available to statistical offices they do have the opportunity to calculate
weights at the item level. The Norwegian statistical agency, for example, computes (monthly-chained)
Tornqvist price index numbers for all food and non-alcoholic drinks from scanner data, although it does
not explicitly account for new and disappearing items (Rodriguez and Haraldsen, 2006).



3. Unweighted Hedonic Price Indexes

3.1 Log-linear Hedonic Modelling

The log-linear hedonic model explains the logarithm of price p; from a set of quality-
determining characteristics z;, (often, though not exclusively, dummy variables) and an

intercept term o'
K

In(p;) =a' +) Bz, +4, (10)
k=1

where A is the parameter for z, (k =1,...,K).” By assumption the error terms &' are
independently distributed with expected values of zero and identical variances. Provided
that characteristics are known, model (10) can be estimated separately in period 0 and 1,
that is on the data of the samples S° and S*. OLS regression of (10) yields (unbiased)
parameter estimates &' and ,@kt . The predicted prices are computed as
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As is well known the predicted prices are not unbiased due to the nonlinear, exponential
structure.® With not too small sample sizes this term can safely be neglected in practice.

Since the OLS regression residuals e’ = In(p;)—In(p;) =In(p; / p;) in period t
(t=01) sum to zero, i.e. Zi e’ =0, we obtain by exponentiation
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® Characteristics have no superscript for time t as an individual item i is supposed to be of constant quality
so that its characteristics are fixed over time.

® A correction term, which depends on the variance of the error terms, is given in Goldberger (1968); see
also Teekens and Koerts (1972). Van Dalen and Bode (2004) provide a comprehensive discussion of bias
in hedonic price indexes due to logarithmic modelling.



From equations (12a) and (12b) it is obvious that F3HI , given by (9), is equal to the full
imputation index (8). Dividing (12b) by (12a) and some rearranging of terms yields
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or alternatively
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where f,, =n, /n denotes the fraction of matched items and 1- f,, =(n—n,,)/n the
fraction of unmatched items; €] = Zissg e’ /(n—n,) and €, = Ziesh el /(n—n,,) are
the average residuals for the disappearing and new items. Equation (14) shows that the
estimated, or full imputation, matched-item index can be written as the product of the
observed matched-item index and a factor that depends on the average residuals of the
unmatched observations.

Using (13) or (14) it is easily verified that the full imputation index (8) can be
related to the single imputation index (6) in the following way:
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where &,, = zies e/ /n,, is the matched items’ average residuals in period t (t =0,1).
Dividing (7) by (6) and some rearranging yields
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which relates the double imputation index (7) to the single imputation index. Notice that
the single imputation index is the (unweighted) geometric average of the double and full
imputation indexes. Equations (15) and (16) show that the choice of imputation method
matters if the average residuals of the disappearing and new items differ (which implies
that the average residuals of the matched items differ in both periods), especially if they
have different signs and f,, is relatively small. For example, I3D, < I5SI < FA’FI if 80 <0
and &, > 0. This happens when disappearing items are sold at prices that are unusually



low given their quality characteristics, perhaps due to ‘dumping’, and when new items
are introduced at unusually high prices. It is often argued that such unusual prices are
not unlikely to occur in some imperfectly competitive markets.’

Since the choice of imputation method can matter a lot (at least under imperfect
competition), what would be the ‘best’ method? | am afraid that a definitive answer to
this question cannot be given at this stage, so | will just touch upon the subject. The first
thing to notice is that single imputation might be viewed as the most natural imputation
approach in the sense that in general imputation means estimation of missing values, i.e.
“filling gaps’ in some data set. On the other hand, in our case those values are not really
missing but rather not (directly) observable. Also, it is the estimation of price relatives
we are particularly interested in when measuring aggregate price change. Looking at the
problem in this way it is the price relatives of unmatched items which are unobservable,
not just their current or base period prices. One way of estimating these ‘missing’ price
relatives is double imputation. Hill and Melser (2006) have argued that double hedonic
imputation will be less prone to omitted variables bias (which almost certainly occurs in
practice) compared with single hedonic imputation.

At first sight full imputation should be avoided. Quality changes are absent in
the matched part of the index and modelling would raise the model variance and could
also introduce bias in the index if the model is misspecified.? But this view might be too
simplistic. As will be shown in Section 3.2, the unweighted full imputation price index
does in fact leave the matched part of the index unaffected. This approach has two other

"1 am not sure, though, whether ‘unusual’ prices can be detected by analysing OLS regression residuals,
which is an issue | have raised before (De Haan 2004a,b; Van der Grient and De Haan, 2003). It seems to
me that if average residuals of a relatively large number of unmatched (new or disappearing) items differ
substantially from zero, one might suspect that the assumption of a zero expected value of the error terms
is violated, so that estimating the model by least squares regression produces biased estimators.

8 If the model would be greatly misspecified, the bias in the index may turn out to be very large. A study
by Bode and Van Dalen (2001) on (full) hedonic imputation indexes for new cars has been criticized by
De Haan and Opperdoes (2002) who found that the matched-model part of their hedonic indexes was
substantially downward biased and attributed this to model misspecification. Triplett (2004) also warns
against full hedonic imputation methods: “Where matched model comparisons are possible, they are used.
Where they are not possible, a hedonic imputation is made for the item replacement. Hedonic imputation
methods make maximum use of observed data, and minimum use of imputation, thereby minimizing
estimation variance.” Diewert (2003), too, suggests matching items where possible and using hedonic
regressions to impute the ‘missing prices’.



useful properties. Substitution of the predicted prices given by (11a) and (11b) into (8)
yields the following expression for the full imputation index:

Pr = exp[(o?l ")+ Y (B —ﬁf)zﬁl} , (17)

with 7' = (z0 +7;)/2, where Z, ="z, /n is the average sample value of the k-th
characteristic in period t (t = 0,1).® Hedonic indexes such as (17) are often referred to as
characteristics price indexes (Triplett, 2004) since they rely on changes of the estimated
regression coefficients, including the intercept term. f’F, tracks the price change of an
average item, so to speak, by estimating the price changes of the average characteristics.
Due to the symmetric index formula, average characteristics of both periods come into
play. The fact that the full imputation index can be interpreted as a characteristics price
index might be viewed as an advantage compared to the other two imputation methods.
Furthermore, as will be shown in Section 3.2, a striking similarity exists between the
full imputation approach and the time dummy approach, which may be seen as another
advantage.

3.2 Unweighted Time Dummy Approach

Assuming that the characteristics parameters are fixed through time (8} = g2 = g, for
k =1,...,K), we can pool the data of both periods and estimate the time dummy variable
model

K
In(pit):a+éDit+Zﬂkzik+gitl (18)
k=1
where the ¢ are again independently distributed error terms with an expected value of
0 and constant variance, and where D, is a dummy variable that takes on the value of 1
for i e S* and 0 for i € $°.*° A pooled OLS regression yields predicted prices

® This alternative interpretation of the (full) hedonic imputation index is also described in Appendix 1 of
Diewert et al. (2007).

10 Equation (18) is the standard representation of the time dummy hedonic model. Diewert et al. (2007)
use an equivalent method of parameterization which is to have different intercept terms for the two
periods considered. Note further that | use the same notation for the estimated prices and the errors as in
Sections 2 and 3.1. This should not lead to confusion.
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The time dummy parameter 6 — which is merely a shift parameter — measures the effect
of “time’ on the log of price after controlling for the quality-determining characteristics.
Thus, the time dummy index P, =exp(5) = p*/ p° is an estimator of quality-adjusted
price change. Since model (18) includes an intercept term (« ), the regression residuals
sum to zero in both periods. It follows that
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showing that the OLS time dummy index can be interpreted as an unweighted geometric

‘hedonic imputation’ index, similar to (9). Equation (20) can be rewritten as
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Inserting expressions (19a) and (19b) for the estimated prices into (21) gives
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Expression (22) is a well-known result for OLS time dummy indexes (see e.g. Triplett,
2004). The second factor of (22) is a ‘quality-adjustment factor’ which adjusts the ratio
of observed geometric mean prices for changes in average characteristics.

To compare the time dummy index with the full imputation index given by (8),
an alternative expression for the latter will be given. Inserting the predicted prices (11a)
and (11b) into equation (9), which was shown to be equivalent to (8), and re-arranging
some of the terms yields

10
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where B% = (B° + )12 .2 Notice the similarity between equations (23) and (22): the
full imputation index also implicitly adjusts the ratio of observed geometric mean prices
for changes in average characteristics, this time by valuing those changes at the average
values ﬁk‘” (across the two time periods considered) of the estimated parameters instead
of the “fixed’ values j3, . Let 75, = Ziesg z, I(n-n,) and z}, = ZieslN z, I(n—n,,) be
the average characteristics of the disappearing and new items, respectively. Note that
the unweighted average characteristics of the matched items are the same in periods 0
and 1 because by definition the matched items’ characteristics remain unchanged. Now

we can rewrite expressions (22) and (23) as

H(p )” M )
j L exp{z - fik)} , (24)
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iesd
where g =, for P=P, and B = B™(= (B + 5)/2) for P =P, . Equation (24)
shows that both hedonic indexes are weighted averages of the matched-item price index
HiesM (pr/ p2)"™ and a (quality-adjusted) price index for the unmatched items. The
latter index adjusts the ratio of geometric mean prices of new and disappearing items for
differences in the average characteristics of those items. The implication for statistical
agencies is that they should focus in their data analysis on any differences in the average
characteristics of the unmatched items. Equation (24) further shows that both hedonic
approaches implicitly leave the matched items’ price relatives unchanged.'? This is an
extremely important property. It implies that matching remains the basic principle even
if hedonic indexes are estimated that, at first glance, do not seem to rely on matching at

11 By taking logs of (23) equation (34) in Diewert et al. (2007) is found (for a fixed sample size).

12 This might seem to contradict equation (14) in case of the full imputation approach. Yet it is simply a
direct consequence of the OLS property that the residuals sum to zero in each period in combination with
the fixed sample size.

11



all. It is desirable from a statistical point of view also: replacing the price relatives of
matched items by model-based estimates would in general increase the variance of the
resulting hedonic index as it adds model variance to the matched-item index. Moreover,
this property means that misspecification of the hedonic model, for example as a result
of omitted variables, does not affect the matched-items part of the index.

Using (24) we obtain the following relation between the time dummy index and
the full imputation index:

ISTD = exp{(l— fM )Z (Bk - Al?l)(zlgk - ZNk )i||3FI . (25)

Equation (25) makes clear that the difference between both indexes will be particularly
small if the set of matched items is large, the (average) regression coefficients from both
approaches are close to each other, and the differences in the average characteristics of
the new and disappearing items are small. Note that if, for example, z,, = zg, (and thus
z; =1z for all k, that is, if the sample averages of the characteristics remain fixed over
time) then the time dummy index and the full imputation index coincide and are equal
to the ratio of observed geometric average prices. The time dummy index is also equal
to the full imputation price index if /§’k = Afl for all k. Diewert et al. (2007) refine this
condition and show that this is the case if either ﬁ’lf = Bko so that separate hedonic
regressions in each period produce the same estimated characteristics parameters, or the
characteristics total variance-covariance matrix is the same across periods. The latter

condition is somewhat unanticipated.

3.3 Hedonic Re-pricing or Hedonic Quality Adjustment Approach

While this paper is concerned with hedonic imputation and time dummy approaches, it
is instructive to pay attention to a third hedonic approach, referred to by Triplett (2004)
as the hedonic quality adjustment approach. This name might be a little confusing since
the hedonic imputation and time dummy approaches also adjust for quality change using

hedonic regression. In Europe the name hedonic re-pricing has been suggested.*® This

3 Eurostat has established a so-called Cenex (Centre of excellence) on quality adjustment for the HICP
(Harmonised Index of Consumer Prices). One of the aims of this Cenex is to write a handbook on quality-
adjustment methods that may be applied by EU countries. ‘Hedonic re-pricing” will be advocated in the
handbook.

12



method is a very pragmatic one in that it relates to the way in which statistical offices
traditionally perform quality adjustments. They link each item that disappears from the
sample (the replaced item) to a newly selected ‘successor’ (the replacement item) using
some explicit or implicit adjustment procedure. The hedonic re-pricing method works as
follows. Suppose item i is dropped from the sample and replaced by item j; the observed
prices are p’ and plj. In order to adjust for the difference in quality, p} is multiplied
by the ratio p’/ f)? of predicted base period prices. Those predicted prices are based on
a hedonic regression in period 0.

In a fixed-size sample context the re-pricing approach can easily be generalised
to a situation with more than one disappearing item, i.e. to the case of Sections 3.1 and
3.2 where there are n—n,, disappearing and new items. This would lead to the hedonic

re-pricing (HR) index

[Tohr TTeH TTH"

F’SHR _ ieSy ; ieSy ; ieSp ; . (26)
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Notice that the product of the first two factors of (26) is equal to one of the two single
imputation indexes (the Paasche-type one that imputes unobservable base period prices
of the new items) that make up the symmetric single imputation index given by equation
(6). Specifically, the re-pricing index divides the Paasche-type single imputation by the
factor ()" ™ . Thus, the re-pricing approach is non-symmetric and cannot be called an
imputation index. A nice feature is, however, that the index can be written in the form
of expression (24) by taking ﬁk = ﬁ’f This can be seen by first rewriting equation (26)

as
1 I
A T T T
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and subsequently substituting the predicted base period prices given by (11a) for i € S2
and i e Sy, into (27) to obtain

13
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Expression (24) thus is a very general one that leads to the (symmetric) full imputation
or characteristics price index P, for B = (B° + A})/2, to the time dummy index P,
for ,Bk = ,Bk , and to the (non-symmetric) re-pricing or hedonic quality adjustment index
I3HR for ﬁ[ = ﬁ’f The first approach is obviously the best choice from these alternative
approaches, followed by the time dummy method when there are relatively few degrees
of freedom, i.e. if the sample size n is relatively small (as it is in many cases). Equation
(28) shows that if there are multiple disappearing and new items in the sample, it is not
necessary to link them at the individual level: as explained before, it is the difference
between the average characteristics of the disappearing and new items that matter, not
so much the differences between the characteristics of the individual disappearing items
and their replacements. Although this hedonic approach is by its nature non-symmetric,
the selection of replacement items should aim at keeping the current period sample up to
date; the current period sample should represent the population in that period. The fact
that this sample may differ substantially from the base period sample makes the use of
hedonic regression so important.*

Statistical agencies might prefer the hedonic re-pricing method since they would
only have to estimate the hedonic model in period 0. Indeed, this method is used by the
UK Office for National Statistics (ONS) (Fenwick, 2006) and by the German statistical
agency Destatis, for example. In practice, when there are multiple comparison periods t
instead of a single comparison period 1, they do not keep the estimated parameters fixed
forever but re-estimate the hedonic model at more or less regular intervals. Destatis does
that every month.* The ONS applies a modified version of the re-pricing approach. The

4 Some statistical agencies may try to find a replacement item that resembles the disappearing item or a
replacement item which, according to the manufacturer, replaces the old model (for instance in the case of
new cars). Choosing such ‘natural successors’ clearly does not help to keep the sample up to date.

15 Another argument for re-estimation is that in the course of time new explanatory variables will have to
be added to the hedonic model and obsolete ones deleted. The assumption in our analysis of a fixed set of
characteristics is unrealistic in the longer run.
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hedonic model is estimated from a large sample to obtain precise parameter estimates,
while the index is still computed from the smaller CPI sample. That is, in equation (28)
,éko is replaced by an estimator that has a lower standard error than would otherwise be
attained. This can be useful if the data describe the exact same things, in particular when

the CPI sample is a sub-sample from the larger one.

4. Weighted Hedonic Price Indexes

4.1 Weighted Time Dummy Approach

In the following it is assumed that we have data on prices, quantities and characteristics
at our disposal for the whole population of items U and U* in periods 0 and 1 (instead
of for samples S° and S*) with, not necessarily fixed, sizes N° and N*. In this section
I address weighted time dummy indexes; weighted hedonic imputation indexes will be
investigated in Section 4.2. The starting point is the time dummy variable model, given
by equation (18). Let w® and w" denote the regression weights for ieU° and ieU",
i.e. each observation in period t counts w times in the pooled regression (t=0,1)."®
The WLS regression yields predicted prices

D= exp[& ZK: } ; (29a)
P = exp{& 6+ iﬁkzik } . (29b)

The weighted sum of the regression residuals u; = In(p; / p;) in each period is equal to
zero: Zieu, w; In(p; / p;) = 0. By taking antilogarithms of both sums it is easily verified
that the WLS time dummy index I5TD can be expressed as

(ral]w’ T TIGH™  TTehY TR

_exp(5) = — iey? . icu® — — iey? . ieu® — , (30)
o H pr)  TTe)Y TTEH™ TTe) TT16E)
ieu® ieu? ieu® ieu?

18 |_east squares estimation by repeating multiple observations (as done here) is numerically equivalent to
multiplying the values for the dependent and independent variables by the square root of the weight. The
latter representation is used by Diewert et al. (2007).
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provided that the regression weights are normalised such that Zieuowf’ = wo=1.

ieu?

Substitution of expressions (29a) and (29b) for the estimated prices into (30) leads to

wh
N CHk .
™ = HGXP{Z% (Z —’kal)}, (31)
H(pi ) k=1
ieu?®
where 7} =% .w'z, and Z; =) .wz, are weighted average characteristics in

periods 0 and 1. Equation (31) is the weighted (population) counterpart to equation (22),
and (31) reduces to (22) in an unweighted fixed-size sampling context. If the weighted
characteristics remain fixed (Z; =z for all k) then the time dummy price index equals
l_Leul(pil)W'1 /Hieuo ( piO)W'O , the ratio of weighted geometric average prices.

The choice of regression weights is an important issue. This is not only because
different weighting schemes give rise to different results but also because the choice of
weights can affect the ‘underlying’ index number formula. Diewert et al. (2007) suggest
using expenditure shares pertaining to a single period, that is, w’ =s’ and w =s. Yet
a number of points of concern emerge. First, we cannot rewrite (31) in a similar fashion
as (24) since the weighted average characteristics of the matched items in period 0 and
period 1 will usually differ, unless the matched items’ weights are fixed over time. The
second, related problem is that in a matched-item context, where new or disappearing
items are absent, the time dummy index violates the (weak) identity test. To show this,
let U' =U° =U be the fixed set of (matched) items and write the time dummy index as

o\ 0\ 1\
o1 %) T2 <[ 5] e St | @
icu \_Pj icu \ P icu \Pi icU
The bracketed factor in (32) is a weighted average of the period 0 residuals using period
1 weights. In general this average differs from zero, so that its exponential is not equal
to 1. Thus if p = p? forall i eU then I5TD #1, saying that the time dummy index does
not satisfy the identity test.'” Another way to look at the problem is by recognizing that
if there are only matched items then there is no ‘quality change problem’ and we would

17 See also Diewert (2003, p. 93). It should be noted that the proposal made by Diewert et al. (2007) does
satisfy the “strong’ identity test in a matched-item situation. This version of the identity test assumes, as
economists usually do, that when all prices remain the same, then the quantities purchased and hence the
expenditures will also stay the same. For a review of axiomatic index number theory, see Balk (1995).
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like the resulting price index to be independent of the set of characteristics included in
the model. In general the weighted time price dummy index fails this desirable property.
Third, the interpretation of both the average characteristics Z, and the average prices
Hieul (pi‘)Wi[ in (31) is a bit unclear under the proposal made by Diewert et al. (2007).
Normally we would use quantity shares, and not expenditure shares, to obtain average
characteristics and prices that have a “nice’ interpretation. Let us therefore take a glance
at alternative weighting schemes and see if they can help overcome those problems.

Diewert (2003) proposed using the average expenditure shares w, = (s’ +s;)/2
as regression weights for the matched items. In a matched-items context the weighted
time dummy index satisfies the identity test since the weighted average of the residuals
in (32) equals zero. Furthermore, it leads to the matched-item Tornqvist index. For the
unmatched items Diewert (2003) suggested using the expenditure shares pertaining to
the period when they are purchased, i.e. w, =s’ for i eU? (the sub-set of disappearing
items) and w; =s; for i eUy, (the sub-set of new items). However, it is not possible to
write the resulting index as a weighted counterpart to (24) because the weights do not
sum to 1 in every period. De Haan (2004b) proposed using w, =s’/2 for ieU} and
w, =s; /2 for i eU},. While this does not resolve the issue at stake, his choice can be
justified by the fact that the resulting weighted time dummy index can be interpreted as
a single imputation Tornqvist index, given by expression (2), which is a generalisation
of the conventional matched-item Tornqvist index that leaves the observable matched-
items’ price relatives unaffected. Diewert (2003, p. 77) has argued that quantity shares
should not be used: “it will tend to give too little weight to models that have high prices
and too much weight to cheap models that have low amounts of useful characteristics.”
This approach will nevertheless be pursued in Section 5.

4.2 Weighted Imputation Approaches

Diewert et al. (2007) use the expenditure shares pertaining to a single period as weights
to estimate the log-linear hedonic model (10) separately in period 0 and period 1.*® This
WLS regression yields predicted prices

'8 Remember that they write the models as described in footnote 16. They now assume that the errors in
this ‘weighted version’ of model (10) have constant variances, which differs from the earlier assumption.
So there may be a heteroskedasticity problem, which will be discussed later on in this section.
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K
5i0 = eXp{&o + Zﬂkozik:| ; (33a)
k=1

Ko
5 - exp{al R zﬂszik] (33b)
k=1

As in the case of the weighted time dummy index, the weighted sum of the regression
residuals in each period is equal to zero: zieut s; In(p; / p;) =0 (for t =0,1). By taking
exponentials we obtain

TTko =TT  TTkY)T =TGN = T13) [T (34a)

ieu?® ieUy ieu? ieu?® ieUy ieu
[Teh =TTkhH [Teh =TT®H = [TEH TI6H* - (34b)
jeu? ieUy ieuy jeu?t iUy ieUy

From equations (34a) and (34b) it is clear that in this weighted framework, the ‘exact’
imputation Tornqvist index, defined by (5), coincides with the full imputation index (4).
I will denote the WLS-based full imputation index by 5T'F, . Diewert et al. (2007) are, at
least implicitly, aiming at this type of estimator.*®

Using (34a) and (34b) we can establish the following relation between I5T]F, and
the WLS single imputation index 5T,5| , which was initially given by (2):

~ = lepe)]?

PT,FI = PT,SI %v (35)
lexpen)] =

where &3 =" sy.e’ and &, => sy el. These are a kind of ‘hybrid’ average

residuals for the matched items as the individual residuals of period 0 (1) are weighted
by the expenditure shares sy, ; (sy, ;) with respect to the matched population in period 1
(0). This makes the interpretation of relation (35) rather problematic. Dividing (3) by (2)

in this weighted context and some rearranging of terms yields

1% In an email conversation Erwin Diewert wrote me that “The reason for the present setup is because we
want to compare the hedonic time dummy method with individual one period regressions and in looking
at one period regressions, the weighting scheme for those one period regressions will naturally involve
only the expenditure share weights pertaining to the single period.” Their weighted approach can be seen
as a straightforward generalization of the unweighted one: running an OLS regression on the expenditure-
share ‘weighted” data set and following a similar line of reasoning as in the unweighted approach, leads to
the full imputation Tornqvist index.
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lST,DI = lST,SI [exp(g'; )]j ' (36)
lexp(&)]z

where &2 :zieum syie’ and &; =)

for the matched items. Expression (36) relates the WLS double imputation index ISTYD,,

. sy i€ are ‘conventional’ weighted residuals
initially described by (7), to the single imputation index. Equations (35) and (36) are the
weighted counterparts to (15) and (16). The single imputation index is not exactly equal
any longer to the geometric average of the double and full imputation indexes.

By substituting the predicted prices given by (33a) and (33b) into expression (4)
the expenditure-share weighted full imputation index can be written as a characteristics

price index:

~ Ko~

B o) @ %)+ 35 - A | @)
k=1

where 7 = (Z +2;)/2, in which Z; =>"  'siz, is the expenditure-share weighted
average of the k-th characteristic in period t. Expression (37) is of course the weighted
counterpart to (17). Note that expressions similar to (37) would be found with any WLS
regression, and with OLS regression as well, using the full imputation Tornqvist index
(4), the only difference being the values of the estimated parameters. Put differently, the
Z> stem from the Térngvist-type weighting and not from the WLS procedure applied.
The choice of weights is important from an econometric point of view, though. Given
the constant-variance assumption for the error terms in hedonic model (10), the use of
OLS seems more appropriate as the OLS estimators (&' and ,@k‘ from Section 3.1) have
the lowest variance; any WLS method would be less efficient. Diewert et al. (2007) in
fact implicitly assume that the variance of the errors in model (10) varies inversely with
the square root of the expenditure shares (see also footnote 18), and their set of weights
then of course neutralizes this type of heteroskedasticity. But their variance assumption
seems hard to justify,”® so that the approach unnecessarily raises the standard errors of
the estimated parameters and thus of the full imputation Térngvist index lST,FI .

2 There is only one “true’ hedonic model, and assumptions about the error structure should not depend on
the way in which one wishes to aggregate estimated price relatives. Thus, assuming homoskedastic errors
in an unweighted context and heteroskedastic errors in a weighted context makes little sense. Note that
the weighted time dummy approach also suffers from heteroskedasticity.
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To compare F~’T,F| with the weighted time dummy index F~>TD, as given by (31), it

Is most convenient to rewrite P; ., as

[TkehH® | TTGEHY TR |?

IST,Fl — iUt — ieu® — icu® —— i (38)
[T [TTRH TT(kH®
ieu® jeu? jeu?

Inserting the estimated prices given by (33a) and (33b) gives

PT,FI 0
[T)H"

ieu®

= P CHE )

k=1

(39)

| CHA
g o)

where B2 = (B2 + BL)12. Expression (39) is the weighted counterpart to (23).% From
(31) and (39) it follows that

|5TD = exp{z (Ek - ~k01)(zk _zkl)}lsT,Fl : (40)

Thus, if Z} =7 for all k, i.e. if the expenditure-share weighted average characteristics
do not change over time, then the weighted time dummy index and the full imputation
Torngvist index will both be equal to the ratio of expenditure-share weighted geometric
average prices. The two indexes coincide if Bk = ~k°1. Diewert et al. (2007) show that
this condition holds if either ﬁkl = Eko , saying that separate weighted regressions in each
period produce the same estimated characteristics parameters, or the expenditure-share
weighted characteristics variance-covariance matrix is the same in the two periods.
These are important results. Yet, as we have seen, the use of expenditure shares
pertaining to a single period as regression weights gives rise to a number of problems,
which | will repeat here:
e the time dummy index violates the identity test in a matched-item context, i.e. when
there are no new and disappearing items;
e both the time dummy index and the full imputation Térnqvist index may suffer from

an unnecessarily high standard error due to heteroskedasticity.

2 By taking logs of (39) equation (65) in Diewert et al. (2007) is found.
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5. The Use of Quantity Weights

In this section the use of quantities or quantity shares as weights in logarithmic hedonic
regressions will be pursued. As mentioned before, this is unconventional and perhaps
controversial. But in my opinion it is worthwhile exploring, especially if one accepts the
view that standard index number theory does not necessarily have to apply to the level
of aggregation at which hedonic regressions are typically run. More specifically, the
question raised here is whether it would be useful to construct sales (quantity) weighted
averages of prices that are adjusted for quality differences, and then use the ratio of such
quality-adjusted average prices or unit values in two periods — the quality-adjusted unit
value index (QUVI) — as a “price index’. Dalén (2001) has a radical view: “We believe
that a QUVI has to be the statistical target for products, where hedonic regression or
another well-defined quality adjustment procedure is used.” De Haan (2004c) addressed
this issue with the aim of avoiding the imputation of ‘missing prices’.?? His analysis was
not completely satisfactory due to the combination of a logarithmic hedonic model and
an arithmetic aggregation scheme. Before proceeding | will therefore first take a look at
the full imputation Fisher price index, which is symmetric and arithmetic, using a linear
hedonic model.

Similar to equation (4) for the Térnqvist index, the full imputation Fisher index
is defined as

l

> pig? Zpl e Zp /ZQ. Zp /Zq° 2
ﬁF . — iEUOA0 - jeu?t —— — IEU jeU?! IEU icU® -
T el Y pla; /Zq. /Zqi

ieu? jieu?! IEU jieu? IEU ieu?!

/Zq? /Zqi" > g /U

iUt IeU0 icu® ieu®

/Z:(L0 /qul Zpi i/zqi

ieu? IeU1 ieu?t jieu?! jieu?!

_ IeU1

(41)

IeU0

Suppose that, instead of the log-linear specification as in (10), the linear hedonic model
describes the ‘true’ data-generating process in periodt (t =0,1):

22 The use of imputed prices may be problematic because “under imperfect competition, if an additional
variety or model had actually been offered for sale, the prices of other products might also have changed”
(Schultze and Mackie, 2001, p. 150).
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K
pi =4 +Zﬂlizik +&, (42)
k=1

where u, is the parameter for z, (k =1,...,K). The errors &/ are again assumed to be
independently distributed with expected values of zero; | will return to the assumption
about the variances below. Estimating model (42) by WLS regression using the quantity
shares q; /Zieut g; pertaining to the single period as weights leads to estimated prices

ﬂ’o +Z:uk ik 1 (433.)

Z,Uk ik - (43b)

Inserting (43a) and (43b) into (41), and taking into account that the weighted residuals
sumto zero (sothat " Brai /Y. .di =D . piai/Y. .df), yields”

_ K
/ZQ. /11+Zﬂk25 A+ AT
P|:'|:| _ IeU iU k=1 ’ (44)

K

E CI 71 ~151 30 ~051

PN 20 S i e Y
k=1

where Z z th, Z /Z UIq, denotes the period t (quantity-share) weighted average
of characterlstlc k.

The first factor on the right-hand side of equation (44) is the ordinary unit value
index. The bracketed factor in (44) is a ‘quality-adjustment factor’, quite similar to that
in equation (39) for the (geometric) full imputation Torngvist index, that adjusts the unit
value index for changes in the average characteristics. So this particular full imputation
Fisher index can be interpreted as a quality-adjusted unit value index.** ISF,FI equals the
unit value index if z: = z? for all k.?* This result, though somewhat unanticipated, is in

28 Using quantities purchased (pertaining to the single period) instead of quantity shares would produce an
identical index number.

2 This definition of a quality-adjusted unit value index differs in several respects from the one suggested
in De Haan (2004c). In the latter paper the aim was to strip out the effect of quality differences in a cross-
sectional context by comparing the items purchased in each period with a benchmark item purchased in
both periods. Also, a logarithmic time dummy model was used instead of a linear hedonic model.

% This means that the implicit quantity index will be equal to the ratio of total quantities purchased.
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fact reassuring: when average characteristics stay the same — so that ‘average quality’
remains unchanged — it is unnecessary to adjust the average prices for quality changes.
One might even feel that this is a desirable property for any hedonic price index to have.
Balk (1998) shows that unit value indexes are useful only when the product in question
is homogeneous. In our case the effect of heterogeneity across items is eliminated by the
quality-adjustment factor.

The analysis depends on the use of quantity shares (or quantities) as weights in a
linear hedonic model. But what is the logic behind this type of WLS regression? It has
been argued that it is “axiomatic’ (Silver, 2002): items which are sold more than others
should have a greater impact on the result. From an econometric point of view this may
not be immediately obvious. If in period t model (42) the errors had identical variances,
and if every item had a unique price, then OLS would be preferable as this produces the
most efficient estimates. However, the price of what will be treated as a homogeneous
item in practice — for instance, a tightly described TV model sold in comparable outlets
under identical conditions — often differs across consumers in a particular time period,
say, a month.? Balk (1998) refers to such differences as distortions and shows that unit
value indexes are most likely to be more precise (will have lower variances) than single
price ratios. One might say that the unit value across all transactions of a homogeneous
item is the preferred concept to measure price p; . This in turn implies that if model (42)
holds for individual transactions, the errors will be heteroskedastic when the model is
estimated with unit values as dependent variables, and a case can thus be made for using
WLS with quantities sold serving as regression weights.?’

% There are at least three reasons why different household may be faced with different prices for the same
item. First, the observation period for a CPI is typically a month. Prices can and often do vary during the
month. Second, prices usually differ across outlets; in dynamic markets one of the most important things
with which firms compete with each other is the price. While the longer trend in prices will probably be
the same, at a certain point in time prices may vary considerably. Third, customers may be in a position to
negotiate to some extent with the retailer about the price: the price actually paid will be below the shelf or
advisory price, and different households may thus pay different prices. In the Netherlands this is a well-
known phenomenon in case of many durable goods.

% This is standard econometrics: textbooks advise this type of weighting when the observations used in
the regression pertain to average values instead of individual values. Unit values are typically applied in
empirical studies on scanner data. Several authors (e.g. Silver and Heravi, 2002, and Van Mulligen, 2003)
have used sales-weighted regressions but not with the purpose of minimizing heteroskedasticity.
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The fact that the full hedonic imputation Fisher price index reduces to the unit
value index if the sales-weighted average characteristics stay the same suggests that we
can define homogeneity according to the characteristics. That is, items having identical
characteristics (including outlet characteristics) are essentially equivalent, and it seems
consistent with hedonic modelling to calculate a unit value across such items. This has
been done in many empirical studies, especially those using scanner data (see e.g. Van
der Grient, 2004). We could go one step beyond and make the assumption, following
Dalén (2001), that a quality-adjusted unit value index should be the statistical target at
the level of aggregation where a specific hedonic model is supposed to hold. Under this
assumption an index estimated by equation (44) might be viewed as the preferred target,
which is equal to the full imputation Fisher price index (41) if the linear hedonic model
would be estimated by sales-weighted regression. This also implies that the axiomatic or
test approach is not necessarily applicable here; such tests should be applied at a higher
aggregation level. Conventional index number theory on the other hand tells us that at
the elementary aggregation level the test approach does apply and can be used to choose
between alternative price index number formulas.

Before returning to geometric indexes and logarithmic hedonic models it will be
helpful to look at some sampling aspects. Taking into account what has been mentioned
above, the population U" represents the set of items i, which may be defined according
to their quality characteristics (including outlet characteristics), with unit values p; and
sales g; (t=0,1). Unless scanner data or similar types of detailed data are available, the
statistical agency does not have unit values at its disposal and collects a single price p;"
of a selected (variety of the) item,?® which can be regarded as an approximation of the
desired unit value. | will assume that the agency samples outlets and (varieties of) items
such that they represent the population in both periods. More specifically, | assume that
the price observations p;° and p;" are obtained from fixed-size samples S° and S*, as
before, which are drawn proportional to sales in the two periods.?® This illustrates under
what circumstances linear OLS regressions can be used to estimate the quality-adjusted
unit value index (44). Under this sampling scheme, the quality-adjusted Dutot index

% Eurostat refers to such product-outlet combinations as ‘product offers’, a name that will also be used in
the Cenex handbook on quality adjustment.

2 Balk (2005) provides an overview of sample estimators for (matched-item) elementary aggregate price
indexes.
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where 7, = Zies, z, /n is the period t unweighted sample average of characteristic K,
will be an approximately unbiased estimator of (44) if the linear hedonic model (42) has
been estimated by OLS regression in each time period t separately using the single price
observations p;".

After this rather comprehensive presentation of the arithmetic-linear framework,
a shorter discussion of the geometric-logarithmic case will suffice. | will again start with
weighted regressions and assume we have prices (unit values) p; and characteristics for
all i eU". Itis now also assumed that we estimated the log-linear hedonic model (11) in
each period separately by WLS regression using the quantity shares o = q; /zieul a
pertaining to a single period as weights. This yields predicted prices

K —_
P = exp{&‘) + Zﬂfzik} : (46a)
k=1
K —_
ﬁ|1 :exp[o}l +Zﬂklzik] (46b)
k=1

Next | define the following weighted quality-adjusted index:

TTeH™ [TTeH™ TTkeH™ |?

lSFI = jieU?! — jieU® — icu? — , (47)
TTeH [ TTeH™ TT(k)”
ieu?® ieu?t ieu?

which is similar to expression (38) for the full hedonic Térnqvist index FA>T'FI except that
the shares are quantity shares instead of expenditure shares. From a conventional index
number point of view estimator P, does not make much sense because (as can easily
be checked using the derivation of FA’TYFI in Section 3.2) we would actually be estimating
the full imputation index

0

~0 ~0
icuo\ P icuT\Pi
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which, as noted earlier, gives “too little weight to models that have high prices and too
much weight to cheap models ....” (Diewert, 2003, p. 77). But let us nevertheless follow
this approach. Substituting the estimated prices given by (46a) and (46b) into (47) gives

D (G A
P p{zﬂ;”(zs—z;)] (“9)

ieu?®

with B = (B° + B)/2; 7! is the sales-weighted average of characteristic k in period
t, used before in (44). Leaving conventional index number theory aside, equation (49) as
such has a clear interpretation: it adjusts the ratio of sales-weighted geometric average
prices for changes in the sales-weighted average characteristics. The latter are easier to
interpret than the expenditure-share weighted average characteristics used in expression
(39) for the full imputation Térngvist index. Moreover, weighting by quantity shares (or
quantities) is defensible — just as in the linear situation described above — as the prices
are by assumption unit values.*® From equation (31) it is immediately clear that the time
dummy index P, obtained with this set of weights in a pooled WLS regression leads to
an expression similar to (49), in which the parameter estimates ,Bk are constrained to be
the same for each period. P., and P, are not quality-adjusted unit value indexes since
the ratio of geometric average prices differs from the ratio of arithmetic average prices
(unit values). From Jensen’s inequality we know that [ .. (pH < D, @i P, butis
impossible to determine the effect on the ratio of average prices in both periods without
making further distributional assumptions; see also Silver and Heravi (2007b).

Suppose, as before, we have fixed-size samples S° and S* of (varieties of) items
drawn proportional to sales g° and g’ in the two periods; the single price observations
are again denoted p;° and p;*. Under this PPS sampling scheme the quality-adjusted
Jevons index

) ]_[(lo*l)n <
P =i exp[z,ﬁf (z)-1z}) } (50)
[T

ies®

% Since we are not concerned here with estimating some standard index number formula, the use of OLS
would not be problematic except that it would raise the variance of the estimated parameters.
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is an approximately unbiased estimator of (49) when the log-linear model (18) has been
estimated by OLS regression in each period, yielding parameter estimates ﬁf and ﬁkl;
in (50) we have /Ai’fl = (ﬁf + /Ai’kl)/ 2. Needless to say that in practice the approximation
will be a very rough one as CPIs will not have such well-determined sampling schemes.
But statistical agencies often do try to instruct price collectors such that varieties which
are sold more frequently than others have a higher inclusion probability. Equation (50)
is identical to (23) for the unweighted geometric full imputation index (using the single
price observations). Thus, equation (24), showing that the matched part of the index is
implicitly left unchanged, applies to I3J as well.

So far only two periods have been distinguished. The analysis can be extended to
multiple periods by comparing each comparison period t directly with the base period
0.%' In dynamic markets with rapid model turnover — where the use of hedonics is most
needed - this fixed-base approach is unsatisfactory for two reasons. First, the number of
matched items decreases rapidly so that the index will become largely model dependent.
Second, as mentioned earlier (footnote 15), the assumption that hedonic models remain
the same must be relaxed; once in a while new explanatory variables must be added and
others removed. Hence, chaining cannot be circumvented. There is of course a trade-off:
high frequency chaining (monthly, for example) may be problematic if the data exhibit
systematic fluctuations, e.g. a seasonal pattern.®” Statistical agencies are often struggling
with these questions. Unfortunately neither the CPI manual (ILO, 2004) nor Triplett’s
(2004) handbook gives much practical guidance. Empirical studies are certainly helpful,
but I believe more theoretical work should also be devoted to this important problem.

6. Conclusions

The main findings of this paper can be summarized as follows.
e Starting from a standard (symmetric and preferably superlative) price index number
formula, at the conceptual level quality adjustment should be viewed as imputation

of “missing prices’.

% This is done by Diewert et al. (2007) in their empirical illustration on desktop PCs, where they compare
each month of 1998 (starting with February) with January 1998.

%2 The Appendix touches upon the subject of chaining.
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It is not a priori obvious which imputation method is best: single, double, or full. In
general full hedonic imputation seems less desirable since the prices of the matched
items are replaced by model-based estimates, which may be particularly problematic
when the hedonic model is incorrectly specified.

However, the full imputation approach does have several useful properties when the
hedonic model is estimated by least squares regression separately in each period.*
In the unweighted case for example the matched part of the price index is implicitly
based on observed prices (instead of predicted values). Also, in both the unweighted
and the weighted situation the full hedonic imputation index can be interpreted as a
characteristics price index. Furthermore, the time dummy index can be expressed in
a similar way as the full imputation index, which helps to compare both approaches.
The issue of weighting in hedonic regressions is important but unfortunately still not
resolved. In particular, weighting by expenditure shares pertaining to a single period
gives rise to a time dummy index that violates the (weak) identity test in a matched-
item context. There may also be a heteroskedasticity problem. Using quantity shares
as regression weights is unconventional but may make sense if one accepts the view
that standard index number theory does not necessarily have to hold at the detailed
aggregation level where hedonics is typically used.

The (non-symmetric) hedonic quality adjustment or ‘re-pricing’ approach, which is
applied in a number of European countries, can be useful, provided that the hedonic
model is updated regularly and the sample of items properly reflects the population
in each period. Given the frequent lack of detailed weights, statistical offices should
at least try to mimic PPS sampling when selecting items to be priced.

In the longer run the usual assumption of a fixed set of quality characteristics cannot
be maintained. In order to assist statistical agencies, more applied (and theoretical)
research on updating the specification of hedonic models and the optimal frequency
of chaining would be welcome. Such questions have not been addressed adequately
in existing manuals and handbooks.

% |east squares regression (or maximum likelihood estimation, which produces identical results under the

usual model assumptions) is just one method of obtaining parameter estimates. It has been suggested to

use alternative methods, which may for example be more robust to outliers, might also be considered. |

am not so sure about this because the useful correspondence between log-linear (linear) hedonic models

and geometric (arithmetic) index number formulas — which has been stressed before by Hill and Melser

(2006), among others — would then no longer hold.
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Appendix: Chain Indexes

This appendix touches on chaining period-to-period (in practice: month-to-month) price
indexes. Three periods are distinguished: the base period 0 and two comparison periods,
1 and 2. Assuming that the set of characteristics is fixed, a single hedonic specification
suffices and chaining is unnecessary (or even undesirable). The aim here is to derive the
relation between direct indexes and their chained counterparts. The unweighted quality-
adjusted Jevons index (50) and the re-pricing index (26) will serve as examples.

The direct index unweighted quality-adjusted Jevons index going from 0 to 2 is

1
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with obvious notation. The chain index P, = PP} can be written as
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Using equations (Al) and (A2) we obtain
R 1E A A Al Al I X
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showing that the chain index can be higher or lower than the direct index. If all average
characteristics or all coefficients stay the same (i.e. z° =z} =z or B° = B} = jg2 for
all k), we find P, = P"; both indexes are now equal to the ratio of geometric prices in
periods 2 and 0. Although not surprising, this result it implies that if the coefficients and
the average characteristics are fairly stable, chaining would probably not do much harm.
Suppose on the other hand that z? = z{ but z, > .. Equation (A3) then reduces to
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Pl = exp{%z(ﬁf - B - zf)}ﬁfz- (A4)

The chain index will overstate the direct index if ﬁ’,f > ﬁ’f It is difficult to draw firm
conclusions; the difference between both indexes is largely an empirical matter.

The hedonic Jevons index is symmetric but the hedonic re-pricing index is not.
The latter index, going from 0 to t while keeping the coefficients fixed, can be written as

6! ) o
PR ==— eXp[Zﬂf (z¢ 7&)} (AS5)
r[o(pi -

By updating the coefficients in each period, i.e. by using period t-1 coefficients for the
index going from t-1 to t, the three-period chained version of (A5) becomes

) H(p . o )
b2, = ks exp{z CB - T } (A6)
|BICS) -
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Using (A5) and (A6) we obtain a relation between the chained re-pricing index and its
direct counterpart:

~ K ~ ~ ~

B0 ~om 3 - Boad -2 B (A7)
k=1

The chained re-pricing index can also be compared with the (preferred) direct quality-

adjusted Jevons index. Using equations (A1) and (A6) we find

Ao o S A - o (%% i e

P, (A8)
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If all average characteristics remain unchanged (z; z7), (A8) reduces to
|302 _ E § P00 plys0 F302 AQ
HR.ch — €XP ZZ(ﬂk Bz Py (A9)
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Thus, if 80> B (B < BY) then we have R >P% (P% . < P%), which is clearly
undesirable in case of fixed average characteristics.

30



References

Balk, B.M. (1995), Axiomatic Price Index Theory: A Survey, International Statistical
Review 63, 69-93.

Balk, B.M. (1998), On the Use of Unit Value Indices as Consumer Price Sub-Indices,
Paper presented at the Fourth Meeting of the Ottawa Group, Washington, D.C., 2—
6 April.

Balk, B.M. (2005), Price Indexes for Elementary Aggregates: The Sampling Approach,
Journal of Official Statistics 21, 675-699.

Berndt, E.R. and N.J. Rappaport (2001), Price and Quality of Desktop and Mobile
Personal Computers: A Quarter-Century Historical Overview, The American
Economic Review 91, 268-273.

Berndt, E.R., Z. Griliches and N.J. Rappaport (1995), Econometric Estimates of Price
Indexes for Personal Computers in the 1990’s, Journal of Econometrics 68, 243-
268.

Bode, B. and J. van Dalen (2001), Quality-Corrected Price Indexes of New Passenger
Cars in the Netherlands, 1990-1999, Paper presented at the Sixth Meeting of the
Ottawa Group, Canberra, 2-6 April.

Dalén, J. (2001), Statistical Targets for Price Indexes in Dynamic Universes, Paper
presented at the Sixth Meeting of the Ottawa Group, Canberra, 2-6 April.

Dalen, J. van, and B. Bode (2004), Estimation Biases in Quality-Adjusted Hedonic
Price Indices, Paper presented at the SSHRC International Conference on Index
Number Theory and the Measurement of Prices and Productivity, Vancouver,
June 30 - July 3.

Diewert (2003), Hedonic Regressions: A Review of Some Unresolved Issues, Paper
presented at the Seventh Meeting of the Ottawa Group, Paris, 27-29 May.

Diewert, W.E., S. Heravi and M. Silver (2007), Hedonic Imputation versus Time
Dummy Hedonic Indexes, Paper to be presented at the Tenth Meeting of the
Ottawa Group, Ottawa, 10-12 October.

Feenstra, R.C. (1995), Exact Hedonic Price Indexes, Review of Economics and Statistics
LXXVII, 634-654.

Fenwick, D. (2006), The Use of Hedonic Regression Techniques for the Quality
Adjustment of Computer Equipment in Consumer Price Indices and in the

31



Producer Price Index: The UK Experience, Paper presented at the 31st CEIES
Seminar, Rome, 12-13 October.

Goldberger, A.S. (1968), The Interpretation and Estimation of Cobb-Douglas Functions,
Econometrica 36, 464-472.

Grient, H.A. van der (2004), Scanner Data on Durable Goods: Market Dynamics and
Hedonic Time Dummy Price Indexes, Discussion Paper no. 04011, Statistics
Netherlands, Voorburg.

Grient, H.A. van der, and J. de Haan (2003), An Almost Ideal Hedonic Price Index for
Televisions, Paper presented at the Seventh Meeting of the Ottawa Group, Paris,
27-29 May.

Haan, J. de (2004a), Direct and Indirect Time Dummy Approaches to Hedonic Price
Measurement Journal of Economic and Social Measurement,

Haan, J. de (2004b), Hedonic Regression: The Time Dummy Index As a Special Case
of the Imputation Toérngvist Index, Paper presented at the Eighth Meeting of the
Ottawa Group, Helsinki, 23-25 August.

Haan, J. de (2004c), Estimating Quality-Adjusted Unit Value Indexes: Evidence from
Scanner Data, Paper presented at the SSHRC International Conference on Index
Number Theory and the Measurement of Prices and Productivity, Vancouver,
June 30 - July 3.

Haan, J. de and E. Opperdoes (2002), Hedonic and Matched-Model Fisher Price Indexes
for Cars, Mimeo, Statistics Netherlands, VVoorburg.

Hill, R.J. and D. Melser (2006), The Hedonic Imputation Method and the Price Index
Problem, Mimeo, School of Economics, University of New South Wales.

International Labour Office (ILO) (2004), Consumer Price Index Manual: Theory and
Practice. Geneva: ILO Publications.

Mulligen, P.H. van (2003), Quality Aspects in Price Indices and International
Comparisons: Applications of the Hedonic Method, Ph.D Thesis, University of
Groningen.

Pakes, A. (2003), A Reconsideration of Hedonic Price Indexes with an Application to
PCs, The American Economic Review 93, 1576-93.

Rodriguez, J. and F. Haraldsen (2006), The Use of Scanner Data in the Norwegian CPI:
The “New” Index for Food and Non-Alcoholic Beverages, Economic Survey 4,
21-28.

32



Silver, M. (2002), The Use of Weights in Hedonic Regressions: the Measurement of
Quality-Adjusted Price Changes, Mimeo, Cardiff University.

Silver, M. and S. Heravi (2002), Why the CPI Matched Models Method May Fail Us:
Results from an Hedonic and Matched Experiment Using Scanner Data, Working
Paper no. 144, ECB, Frankfurt.

Silver, M. and S. Heravi (2003), The Measurement of Quality-Adjusted Price Changes,
in Scanner Data and Price Indexes, M. Shapiro and R. Feenstra (eds.), pp. 277-
317, NBER, Studies in Income and Wealth, vol. 61, Chicago: University of
Chicago Press.

Silver, M. and S. Heravi (2007a), Hedonic Imputation Indexes and Time Dummy
Hedonic Indexes, Journal of Business and Economic Statistics, 25, 239-246.
Silver, M. and S. Heravi (2007b), Why Elementary Price Index Number Formulas
Differ: Evidence on Price Dispersion, Journal of Econometrics 140, 874-883.
Schultze, C.L. and C. Mackie (eds.) (2002), At What Price? Conceptualizing and

Measuring Cost-of-Living Indexes, Washington D.C.: National Academy Press.

Teekens, R. and J. Koerts (1972), Some Statistical Implications of the Log
Transformation of Multiplicative Models, Econometrica 40, 793-8109.

Triplett, J. (2004), Handbook on Hedonic Indexes and Quality Adjustments in Price
Indexes; Special Application to Information Technology Products, Directorate for
Science, Technology and Industry Working Paper 2004/9, Paris: OECD.

33



