21. Quality Change and Hedonics

21.1 Chapters 15 to 20 cover theoretical issues relatinge choice of index number
formulas and are based on a simplifying assumptiat:the aggregation was over the same
matched = 1,....nitems in the two periods being compared. This mdet needs of the
discussion of alternative index number formulas¢sia measure of price change between
two periods requires the quality of each item ta the same. The practical compilation
of CPlIs involves defining the quality specificatioha sample of items in an initial period
and monitoring the prices of this matched sampkr ¢ime, so that only pure price changes
are measured, not price changes tainted by chamggeslity. In practice, this matching
becomes imperfect. The quality of what is sidetschange and, furthermore, new goods
(and services) appear on the market that the madmmpling ignores. The relative price
changes of these new goods may differ from thosheoéxisting ones, leading to bias in the
index if they are excluded. In this chapter, a thdoal framework is outlined that extends
the definition of items to include their qualityarfacteristics. The focus of the chapter is on
theeconomiaheory of the market for quality characteristiosl és practical manifestation in
hedonic regression outlined in Chapter 7. This tdrgprovides dackgroundor the more
practical issues relating to quality adjustment€vapter 7 and item substitution in Chapter
8.

A. New and Disappearing Items and Quality Change: Introduction

21.2  The assumption in the previous chapters was tleaddime set of items was being
compared in each period. Such a set can be coedidsra sample from all the matched
items available in periods 0 abé-theintersection universevhich includes only matched
items.! Yet for many products old items disappear and ivews appear. Constraining the
sample to be drawn from this intersection univésasrealistic. Outlets may sell an item in
period 0, but it may not be sold in subsequeniogisti> New items may be introduced after
period O that cannot be compared with a corresponitim in period 0. These items may be
variants of the old existing one, or provide tgtadew services that cannot be directly
compared with anything that previously existed.sTumiverse of all items in periods 0 and
is the dynamidouble universe.

21.3  There is a third universe from which prices migatdampled: aeplacement

universe. The prices of items in period 0 are filetermined, and then their prices are
monitored in subsequent periods. If the item isalisinued and there are no longer prices to
record for a particular item, prices of a compagakplacement item may be used to continue
the series of prices. This universe i®placemenuniversethat starts with the base-period
universe, but it also includes one-to-one replacgehen an item from the sample in the
base period is missing in the current period.

21.4  When a comparable replacement is unavailable, e&comparable one may be

The terminology is credited to Dalén (1998a), dee Appendix 8.1.
ts absence may be temporary, being a seasonal @emnspecific issues and methods for such temiporar
unavailable items are considered in Chapter 9.cbineern here is with items that disappear perménent




selected. In this case, an explicit adjustmentibd®e made to the price of either the old or
the replacement item for the quality differencencgithe replacement is of a different quality
to the old item, it is likely to have a differeniqe basis. Alternatively, assumptions may be
made so that the price change of the old item {themhtinued to exist) follows those of

other items, keeping to the matched universe.itngcond case, an implicit adjustment is
being made for quality changes, so that the diffeeen price changes for the group and the
old item (had it continued to exist) is equivalemtheir quality difference$What is stressed
here is that the problem of missing items is thabjgm of adjusting prices for quality
differences.

215 Three practical problems emerge. First, is the lpralof explicit quality adjustment
between a replacement and old item. The item ismger sold, a replacement is found that
is not strictly comparable in quality, the diffec&s in quality are identified, and a price has
to be put on these differences if the series afgsrior the new replacement item are to be
used to continue those of the old series.

21.6  Second, in markets where the turnover of itemsgh,lthe sample space selected
from the matched universe is going to become irsingdy unrepresentative of the dynamic
universe, as argued in detail in Chapter 8. Evenréplacement universe may be
inappropriate, as it will be made of series cagyiith them quality adjustments in each
period whose overall accuracy, given the rapidigngding technology, may be tenuous. In
such cases, it may be that prices are no longtratetl from a matched sample but from a
sample of the main items available in each periahaéhough they are of a different quality.
A comparison between the average prices of suatsitgould be biased if, say, the quality
of the items was improving. The need for, and tet#i mechanisms to remove the effects
of such changes from the average price comparisens discussed in some detail in
Chapter 7, Section G.

21.7  Finally, there is the problem of new and disappegpgoods and services—when the
new item is not a variant of the old but provideepletely new service. It is not possible
to use it as a replacement for an old item by aidigs price for the quality differential
because what it provides is, by definition, sonregmew.

21.8 There are a number of approaches to quality adprgtrand these are considered in
Chapter 7. One of the approaches is to make ekptifiistments to prices for the quality
difference between the old and replacement itemgusie coefficients from hedonic
regression equationsledonic regressionare regressions of the prices of individual models
of a product on their characteristics—for exampe, prices of television sets on screen size,
stereo sound, and text retrieval. The coefficiemtsuch variables provide estimates of the
monetary values of different quantifiable charastis of the product. They can be used to
adjust the price of a noncomparable replacememt fite quality differences compared with
the old item—for example, the replacement televisiet may have text-retrieval facilities
that the previous version did not. Yet, it is imiamit that a clear understanding exists of the
meaning of such estimated coefficients if theytarbe used for quality adjustment,

3Such methods and their assumptions are outlindétail in Chapter 15.




especially given that their use is being promdtéd.understand what these estimated
parameters mean, it is first necessary to conadipeoducts as aggregates of their
characteristics because, unlike items, charadtyisave no separate prices attached to them.
The price of the item is the price of a “tied” blmdf characteristics. One must also consider
what determines the prices of these characterigimsnomic theory points toward

examining demand and supply factors (Sections BdPBa3) and the interaction of the two

to determine an equilibrium price (Section B.4)vidg developed the analytical framework
for such prices, it is then necessary to see whetpretation the economic theoretic
framework allows us to put on these calculatedfamehts (Section B.5). It will be seen that
unless there is uniformity of buyers’ tastes octieologies, an identification problem
prevents an unambiguous supply or demand intetetdBorrowing a framework by

Diewert (2002d), a demand-side interpretation #sstumes firms are competitive price
takers is provided, which, under this user-valugrapch, shows the assumptions required to
generate such meaningful coefficients (Section BB)of the aforementioned analysis
assumes competitive behavior, an assumption whilktfbevrelaxed in Section B7.

21.9 Chapter 7, Section G recommends two main approdohéandling products with
rapid turnover of items. If the sample in perioid @oon outdated, the matched universe,
with even one-on-one replacements, can becomeaisiogly unrepresentative of the double
universe, and repeated sampling from the doubleeuse is required. In this case either
chained indices are advised, as in Chapter 7,@e@i3, or one of a number loédonic
indices described in Chapter 7, Section G.2. Such indiifésr from the use of hedonic
regression equations for adjusting prices for qudliifferences for a missing item. These
indices use hedonic regressions, say, by includidgmmy variable for time on the right
hand side of the equation, to estimate the qualifysted price change, as outlined below in
Section C and in Chapter 7. An understanding obhidregression equations requires that
the economic theory of consumer price indices,medl in Chapter 17, be developed to
include goods that can be defined in terms of ligdles of their characteristicBheoretical
consumer (cost of livingrice indicesare defined that include changes in the prices of
characteristics. Yet, as with the theoretical comsuprice indices for goods considered in
Chapter 17, there are many formulations that hediodices can take, and analogous issues
and formulas arise here when discussing alternagipeoaches in Sections C.3—-C.6.

21.10 The estimation of hedonic regressions and thenggsti their statistical properties

are facilitated by the availability of user-friegdiyet powerful, statistical and econometric
software. There are many standard issues in tiraatiin of regression equations, which
can be examined by the diagnostics tests avaiialdech software, as discussed in Kennedy
(2003) and Maddala (1988). However, there are sssadunctional form, the use of
weighted least squares estimators, and specifitatimat are quite specific to the estimation
of hedonic equations. While many of these are talgeim Chapter 7, where an illustration is
provided, Appendix 21.1 considers some of the thtéeal issues. For additional material on
these issues, see Gordon (1990), Griliches (12®@),Triplett (1990).

21.11 Finally, in Section D, economic theory will be ugedadvise on the problem of new
and disappearing goods and services. This probtemsavhere differences between existing

“See Boskin (1996; 1998) and Schultze and Macki6Zp6n this point.




goods and services and the new goods and servieasilastantive and cannot be
meaningfully compared with an old item, even withuality adjustment. The economic
theory of reservation prices will be considered aohe issues about its practical
implementation will be discussed.

B. Hedonic Pricesand Implicit Markets
B.1 Itemsastied bundlesof characteristics

21.12 A hedonic regressiors a regression equation that relates the pritgsros,p to the
quantities of characteristics, given by the veeter(z, z, ....,2,), that is,

p(2 =p(z, 2, .....8), (21.1)

where the items are defined in terms of varying am® of their characteristics. In practice,
what will be observed for each item (or variantta product) is its price, a set of its
characteristics, and possibly the quantity and,tthesvalue sold. Empirical work in this area
has been concerned with two issues: estimatingthewrice of an item changes as a result
of unit changes in each characteristic—that isggtamated coefficients of equation
(21.1)—and estimating the demand and supply funstfor each characteristic. The
depiction of an item as a basket of characteristiash characteristic having it own implicit
(shadow) price, requires in turn the specificatiba market for such characteristics, since
prices result from the workings of markets. Houtteak(1952), Becker (1965), Lancaster
(1966), and Muth (1966) have identified the demfamdtems in terms of their
characteristics. The sale of an item is the sabet@#d bundle of characteristics to consumers,
whose economic behavior in choosing between itendgpicted as one of choosing between
bundles of characteristi€ddowever, Rosen (1974) further developed the aisabys

providing a structural market framework in termsoth producers and consumers. There
are two sides: demand and supply. How much of ehahacteristic is supplied and
consumed is determined by the interaction of theatal for characteristics by consumers
and the supply of characteristics by producerssé&lae considered in turn.

B.2 Consumer or demand side

21.13 Figure 8.1 in Triplett (1987, p. 634) presentsragdified version of the characteristic
space between two characteristics. This figurepsoduced as Figure 21.1 below. The
hedonic surfaces denoted jpyandp; in that figure trace out all the combinationstod two
characteristiczg; andz that can be purchased at pripeandp.. An indifference curve*
maps the combinations af andz that the consumer is indifferent against purclgdimat

is, the consumer will derive the same utility framy point on the curve. The tangencygsf
with p;atA is the solution to the utility-maximization probidor a given budget (priga)

and tastes (reflected it).

21.14 The slope of the hedonic surface is the marginstl cbacquiring the combination of

5 Consumers are typically assumed to have prefeseoeer alternative combinations of characteristizt
give rise to continuously differentiable price ftinas. However, for some models, the price fundiare
piecewise linear and hence continuous but notrdifféable; e.g., see Lancaster (1971) or Gorma&Q)19




characteristics, and the slope of the utility fimets the marginal utility gained from their
purchase. The tangencyAats the utility-maximizing combination of charadggics to be
purchased at that price. If consumers purchasediugy combination of characteristics in
the space of Figure 21.1, it would either cost timeone to do so or lead to a lower level of
utility. Position A", for example, has more of bathandz, and the consumer receives a
higher level of utility being o, but the consumer also has to have a higher badgkepays
p- for being there. Note that the hedonic surfaceateg here is nonlinear, so that relative
characteristic prices are not fixed. The consunitr tastesy* chooses characteristic &t
atp:. Thus, the data observed in the market dependseoset of tastes. Triplett (2004) has
argued that if tastes were all the same, then amymodel of a personal computer would be
purchased. But in the real world more than oneehddes exist, reflecting heterogeneous
tastes and income levels. Rosen (1974) shows thaditthe characteristic combinations and
prices at which they may be offered, the hedonifase traces out an envel&pu

tangencies including those gfi andge* on p:in Figure 21.1. This envelope is simply a
description of the locus of the points chosen. Siational consumers who optimize are
assumed, these are the points that will be obsenvétd: market and are thus, used to
estimate the hedonic regression. Alternative ztgain the same indifference curve will
allow the relative price ofi20 z to be determined. However, observed data areylikel
result from a the locus of points on an expansihpsuch a8 A'. There may be expansion
paths for consumers with different income leveld tastes, such & and this may give rise
to conflicting valuations, so that the overall paeder estimates determined by the regression
from transactions observed in the market are arigameof such data. And of course this
would just be a reflection of the reality of econottife. What arises from this exposition is
the fact that the form of the hedonic functionésestmined in part by the distribution of
buyers and their tastes in the market.

21.15 The exposition is now formalized to include paraenefor tastes and a numeraire
product against which combinations of other aggregateselexted following Rosen
(1974). The hedonic functiqn(z) describes variation in the market price of tleens in

terms of their characteristics. The consumer pgelcision is assumed to be based on
utility-maximization behavior, the utility functiobeing given byJ(z, x;a)), wherex is a
numeraire product, the maximization of utility bgisubject to a budget constraint given by
incomey measured ag= X + p(2) (the amount spent on the numeraire product amd th
hedonic products), andis a vector of the features of the individual agnsr that describes
their tastes. Consumers maximize their utility biesting a combination of quantitiesof
and characteristicssubject to a budget constraint. The market israsgilto be competitive
and consumers are described as price takers, thiefigse only the one item, so their
purchase decision does not influence the markee pfihe price they pay for a combination
of characteristics, vectar is given byp(2). Since they are optimizing consumers the
combination chosen is such that

°An envelope is more formally defined by lettif(g,y,k) = 0 be an implicit function ok andy. The form of
the function is assumed to dependkpthe tastes in this case. A different curve cquoesls to each value &f
in thexy plane. The envelope of this family of curves sgit a curve with the property that it is tangeneach
member of the family. The equation of the enveligpebtained by taking the partial derivative of,§(k) with
respect tk and eliminating from the two equationix,y,k) = 0 andf(x,y,k) = 0. (See Osgood, 1925.)

"The numeraire product represents all other good$ services consumed—it represents the normal
nonhedonic products. The pricexo set equal to unityy(z) and income are measured in these units.




[0U(z, y — p(2;a) / 0z] / [0U(z, y — p(2);a) / 0X] = dp(2) / 0z = pi(2), (21.2)

wheredp(z) / 9z is the first derivative of the hedonic functiongquation (21.1) with respect
to eacte characteristic. The coefficients of the hedoniection are equal to their shadow
price pi, which measure the utility derived from that cluéeaistic relative to the numeraire
good for given budgets and tastes.

21.16 A valuefunction6 can be defined as the value of expenditure a coeswith tastes
a is willing to pay for alternative values pfit a given utilityu and incomey represented by
0(z;u,yn). It defines a family of indifference curves réatatthez to foregone, ‘money’.

For individual characteristics, 6 is the marginal rate of substitution betweeand money,
or the implicit marginal valuation the consumerhniastes: puts org at a given utility level
and income. It is an indication of the reservatiemand pric&for additional units of;° The
price in the market ip(2), and utility is maximized whe®(z;u,yp) = p(2), that is the
purchase takes place where the surface of thdénglifce curvé is tangent to the hedonic
price surface. If different buyers have differeatue functions (tastes), some will buy more
of a characteristic than others for a given prigecfion, as illustrated in Figure 21.1.

21.17 The joint distribution function of tastes and inamsets out a family of value
functions, each of which, when tangential to thiegpfunction, depicts a purchase and
simultaneously defines the price function whoseetope is the market hedonic price
function. The points of purchase traced out byhta@onic function thus, depend on the
budget of the individual and the tastes of theviudial consumer purchasing an individual
set of characteristics. If demand functions aregdraced out, the joint probability
distribution of consumers with particular budgets gastes occurring in the market needs to
be specified, that i%(y, o). This function, along with equation (21.1) ,allovke tdemand
eqguations to be represented for each characteristic

B.3  Producer or supply side.

21.18 Again referring to Triplett's (1987) Figure 8.1 aitso shows the production side. In
Chapter 17, Section B.1, a revenue-maximizing pcedwas considered whose revenue-
maximization problem was given by equation (1%7.1)

N

2. P
R(p,V) = maxq[ "t : g belongs td&(V)], (21.3)

N

p
whereR(p,V) is the maximum value of outpL g, that the establishment can produce,
given that it faces the vector of output pripeend given that the vector of inputss
available for use, using the peribtechnology. Figure 17.1 illustrated in goods-splame
the producer would choose between different contioina of outputsg: andg. In Figure

8This is the hypothetical price that makes the dehfanthe characteristic equal to zero that iss the price
that, when inserted into the demand function, detsand to zero.

*The utility function is assumed strictly concavetisat6 is concave in z, and the value function is indreas
in z at a decreasing rate.

°The time superscripts are not relevant in this exnt




21.1, the characteristics-space problem is anabtgwthe goods-space one with producers
choosing here between combinationgcindz to produce for a particular level of
technology and input§(v). For a particular producer with level of inputeladechnologys ¢
facing a price surfage, the optimal production combination isAatHowever, a different
producer with technology and inpu#s. facing a price surfage, would produce aB. At
these points, the marginal costzofvith respect ta, is equal to its marginal price from the
hedonic surface as depicted by the tangency gbairg. Production under these
circumstances at any other combination would naifienal. The envelope of tangencies
such ass*¢ andS+y trace out the production decisions that would ligeoved in the market
from optimizing, price-taking producers and be uasdlata for estimating the hedonic
regressions. The hedonic function can be seen tietaemined, in part, by the distribution of
technologies of producers, including their outpmals.

21.19 Rosen (1974) formalizes the producer side, whepeiog-taking producers are
assumed to have cost functions describe@(y, z,7)** whereQ = Q(2) is the output scale,
that is, the number of units produced by an esthbilent offering specifications of an item
with characteristicg They have to decide which items to produce, ihavhich package of
zto produce. The solution for each producer ishmose the output that minimizes costs
given its own technology: the output combinatioasteproducer can produce with given
input costs using its factors of production anddegrices the technology. The cost function
includes®, equivalent t&v) above, a vector of the technology and inputsacheproducer.

It is the variation irT across producers that distinguishes proddtedecision about which
combination oz to produce from that of producBrin Figure 21.1. Producers are optimizers
who seek to maximize profits given by

Qp2-CQzT) (21.4)

by selectingQ andz optimally. The supplying market is assumed to dmpetitive, and
producers are price takers so the producers camihatnce price by their production
decision. Their decision about how much to prodefoeachz is determined by the price nf
assuming that the producer can v@gandz in the short ruf? Dividing equation (21.4) b@
and setting the resulting expression equal to zbeofirst-order profit-maximizing
conditions are given by

op_  _C,Qzr)
o T q

4 (21.5)
wherep = p(z, 2, ....Z,) as in equation (21.1)

"The cost function is assumed to be convex withnadvisibilities. The marginal cost of producing omere
item of a given combination of characteristics $swaned to be positive and increasing, and, simjldhle
marginal cost of increasing production of each congmt characteristic is positive and nondecreasing.

2Rosen (1974) considered two other supply charaetioins: the short run in which onyis variable, and a
long run in which plants can be added and retifédd determination of equilibrium supply and demandot
straightforward. A functiom(2) is required such that market demand forzallill equate to market supply and
clear the market. But demand and supply depend@mwholep(z), since any adjustment to prices to equate
demand and supply for one combination of items wvduce substitutions and changes for others. R(&,
pp. 44-48) discusses this in some detail.




21.20 Themarginal unit revenuérom producing characteristigis given by its shadow
price in the price function and its marginal cdspaduction. In the producer case, a
knowledge of the probability distribution of thekaologies of firmsG(1), is necessary if

the overall quantity supplied of items with givamacacteristic sets are to be revealed. Since
it is a profit-maximization problem to select thatimal combination of characteristics to
produce, marginal revenue from the additionallaités must equal their marginal cost of
production per unit sold. Quantities are produgedouthe point where unit revenugg)

equal marginal production costs, evaluated at gtienim bundle of characteristics supplied.

21.21 While for consumers galue functiorwas considered, producers requireoéfer

functior X270  The offer price is the price the seller is wijito accept for various designs
at constant profit lev™, when quantities produced are optimally choserilewd(z) is the
maximum price obtainable from those models in tlaeket. Producer equilibrium is
characterized by a tangency between a profit cheniatics indifference surface and the

market characteristics price surface, wt P =@ (270 o0 0p(2)=0,(2110)  gince
there is a distribution of technologi€ér), the producer equilibrium is characterized by a
family of offer functions that envelop the markedonic price function. The varyingwill
depend on different factor prices for items produicedifferent countries, multiproduct
firms with economies of scale, and differenceshimtechnology, whether the quality of
capital, labor, or intermediate inputs and thegamization. Different values tfwill define
a family of production surfaces.

B.4  Equilibrium

21.22 The theoretical framework first defined each itesragoint on a plane of several
dimensions made up by tke z, ....z, quality characteristics; each item was a combmati
of valuesz, z, ....,z.. If only two characteristics defined the item,rtesach point in the
positive space of Figure 21.1 would define an it€he characteristics were not bought
individually but as bundles of characteristics tiegether to make up an item. It was
assumed that the markets were differentiated dahbee was a wide range of choices to be
made’®* The market was also assumed to be perfectly catiwpetith consumers and
producers as price takers undertaking optimizirtgalir to decide which items (tied sets of
characteristics) to buy and sell. Competitive mewle characteristics and optimizing
behavior are assumed so that the quantity demaofdathracteristicg must equal the
guantity supplied. It has been shown that consuraadsproducers’ choices or “locations”
on the plane will be dictated by consumer tastespraducer technology. Tauchen and
Witte (2001, p. 4) show that the hedonic price fiorcwill differ across markets in
accordance with the means and variances (and ie sases also higher moments) of the
distributions of household and firm characteristics

21.23 Rosen (1974, p. 44) notes that a buyer and sebapexfectly matched when their
respective value and offer functions are tangerifiaé common gradient at that point is
given by the gradient of the market-clearing imiplicice functionp(z). The consumption

BIn order to ensure that choices among combinatidrzsare continuous, assume further tha) possesses
continuous first order derivatives.




and production decisions were seen in the valueoffed functions to be jointly determined,
for givenp(2), by F(y, o) andG(T). In competitive markets there is a simultaneitytie
determination of the hedonic equation, since t&itdution ofF(y, o) andG(T) help
determined the quantities demanded and supplie@dlandhe slope of the function.

Although the decisions made by consumers and pesdwre as price takers, the prices
taken are those from the hedonic function. Theeesense in which the hedonic function and
its shadow prices emerge from the operations ofrthket. The product markets implicitly
reveal the hedonic function. Since consumers aodymers are optimizers in competitive
markets, the hedonic function, in principle, gitles minimum price of any bundle of
characteristics. Given all of this, Rosen (19744).asked: what do hedonic prices mean?

B.5 What do hedonic prices mean?

21.24 It would be convenient if, for CPI constructiongtastimated coefficients from
hedonic regressions were estimates of the margtili&y based on a characteristic or user
value from a characteristic. But theory tells wst tiis is not the case and that the
interpretation is not clear.

21.25 There was an erroneous perception in the 1960shbatoefficients from hedonic
methods represented user-values as opposed tacesmsts. Rosen (1974), as has been
shown, found that hedonic coefficients generalfient both user-values and resource-costs;
both supply and demand situations. The ratiosegaltoefficients may reflect consumers’
marginal rates of substitution or producers’ maagnates of substitution (transformation) for
characteristics. There is what is referred tocdon®metrics as an “identification™ problem

in which the observed prices and quantities argljodetermined by supply and demand
considerations, and their underlying effects catmeoseparated. The data collected on prices
jointly arise from variations in demand by diffet@@nsumers with different tastes and
preferences, and from variations in supply by poeds with different technologies.

21.26 First, it is necessary to come to terms with tiisuttaneity problem. Hedonic
regressions are an increasingly important analyticd, one implicitly promoted by the
attention given to it in thiManualbut also promoted in separate manuals by orgaoizat
such as the OECD (see Triplett, 2004), and Eur¢2@t1), and widely used by the U.S.
Bureau of Labor Statistics (Kokoski, Waehrer, ama&klis, 2001, and Moulton, 2001b). So
how do economists writing on the subject shrugrtiméllectual shoulders in the light of
these findings?

21.27 Rosen (1974, p. 43) refers to the hedonic funa®t.a joint envelope of a family

of value functions and another family of offer ftinas. An envelope function by itself
reveals nothing about the underlying members teaemate it; and they in turn constitute the
generating structure of the observations.”

21.28 Griliches (1988, p. 120) notes the following:

My own view is that what the hedonic approach tteedo is to estimate aspects of
the budget constraint facing consumers, allowirgehy the estimation of “missing”
prices when quality changes. It is not in the besénof estimating utility functions




per se though it can also be useful for these purposedhat.is being estimated is the
actual locus of intersection of the demand curdetifterent consumers with varying
tastes and the supply curves of different produa#is possible varying technologies
of production. One is unlikely, therefore to beeatul recover the underlying utility
and cost functions from such data alone, excepein special circumstances.

21.29 Triplett (1987) states, “It is well-established—Istitl not widely understood—that
the form ofh(-) [the hedonic function] cannot be derived from fiien of Q(-) andt(-)
[utility and production functions], nor do&§) represent a “reduced form” of supply and
demand functions derived fro@(-) andt(-).”

21.30 Diewert (2003, p. 320) with his focus on the consuside, says;

Thus, | am following Muellbauer’s (1974, p. 977aexple where he says that his
“approach is unashamedly one-sided; only the deraitadis treated...Its subject
matter is therefore rather different from thathod tecent paper by Sherwin Rosen.
The supply side and simultaneity problems which rwdse are ignored.”

Diewert (2003) has also considered the theore@G&4dlindices with a focus only on
consumers’ valuations, giving them precedenceeketi8n B.6 this framework is outlined,
which allows a more straightforward developmentheftheory of hedonic index numbers
for CPIs.

21.31 Second, Rosen'’s theoretical framework allows thedimns to be considered under
which the hedonic coefficients are determined by demand side or supply side
factors—the circumstances under which clear expiamsiwould be valid. The problem is
that because the coefficients of a hedonic funatienthe outcome of the interaction of
consumer and producer optimizing conditions, itas possible to interpret the function only
in terms of, say, producer marginal costs or comsumarginal values. However, suppose the
production technolog! was the same for each producing establishmentewdiffer but
sellers are identical. Then, instead of a confu&ngjly of offer functions, there is a unique
offer function with the hedonic function describitinge prices of characteristics the firm will
supply with the given ruling technology to the @nt mixture of tastes. The offer function
becomeg(2), since there is no distribution Tfto confuse it. There are different tastes on
the consumer side, and so what appears in the martke result of firms trying to satisfy
consumer preferences all for a constant technadoglyprofit level; the structure of supply is
revealed by the hedonic price function. In Figutel2only the expansion path traced out by,
saySy* akin to AA', would be revealed. Now, suppose sellers diffetbuyers’ tastes are
identical. Here the family ofaluefunctionscollapses to be revealed as the hedonic function
p(2) which identifies the structure of demand, sucA A';in Figure 21.1 Diewert’s (2003)
approach follows a representative consumer, ralizgr consumers with different tastes, so

YCorrespondingly, if the supply curves were perfeirtelastic, so that a change in price would négcfthe
supply of any of the differentiated products, thba variation in prices underlying the data andlfieg the
hedonic estimates would be determined by demartdriacThe coefficients would provide estimates séru
values. Similarly, if the supplying market were fpetly competitive, the estimates would be of reselcosts.
None of the price differences between differentlaiiems would be due to, say, novel configuratiofis
characteristics, and no temporary monopoly pro6itild be achieved as a reward for this, or as dtrefthe




that the demand side alone can be identified. @ttigl 987, p. 632) notes that of these
possibilities, uniformity of technologies is the shdikely, especially when access to
technology is unrestricted in the long run, whitéfarmity of tastes is unlikely. There may,
of course, be segmented markets where tastes aeeumiform to which specific sets of
items are tailored and for which hedonic equatizars be estimated for individual
segment$® In some industries there may be a pérpectation of uniformity of tastes
against uniformity of technologies and interpretatof coefficients will accordingly follow.
In many cases, however, the interpretation may &e problematic. The pure producer
approach requires assumptions of uniformity of tbedébgy and input prices which cannot of
course be generally assumed. But the key assumpigdnvill not generally be satisfied in
the producer context is that egmoducer is able to produce the entire array of treid
modelswhereas, in the consumer context, it is quite gildea that each consumer has the
possibility of purchasing and consuming each model.

21.32 Third, issues relating to the estimation of thearhdng supply and demand
functions for characteristics have implicationstfog estimation of hedonic functions. In
Appendix 21.2, identification and estimation issudls be considered in this light. Finally,
the subsequent concern with new products in Se&tiohthis chapter refers to demand
functions. However, attention is now turned to hedandices In the next section, these are
noted to have a quite different application thaat for the quality adjustment of
noncomparable replacement items.

B.6  An alternative hedonic theoretical formulation

21.33 This section takes a consumer-based approachitdrgdetheoretical hedonic
functions. It assumes:

» that every consumer has the sasaparable sub-utility functigri(z,...,zv) that gives the
consumer the sub-utilitg = f(2) from the purchase of one unit of the complex imécio
product that has the vector of characteristiegz,...zv)'¢;

» the sub-utility that the consumer gets from consg#i units of the hedonic product is
combined with the consumption Xfunits of a composite “other” product to give the
consumer an overall utility af =U'(X,Z) in periodt, whereU' is the period “macro”
utility function. Rosen (1974; 38) normalized ttvcp of X to be unity. This is not
required in the present approach. Instead, theas e&xplicit period price,p', for one
unit of the general consumption prodict

exercise of market power. See Berndt (1983).

%Berry, Levinsohn, and Pakes (1995) provide a detadind interesting example for automobiles in which
makes are used as market segments, while TauclewWie (2001) provide a systematic theoreticatigtof
estimation issues for supply, demand, and hedomnctions where consumers and producers and their
transactions are indexed across communities.
18It is not assumed that all possible models erishé marketplace. In fact, we will assume thay aenfinite
set of models exist in each period. It is assurhediever, that the consumer has preferences ovposdible
models, where each model is indexed by its vedtoharacteristicsz = (z,...zv). Thus each consumer will
prefer a potential model with characteristics vegta (z1,... zv!) over another potential model with the
characteristics vecta = (z2...z?) if and only iff(z ) >f(2).




The approach starts by considering the s&t ahdZ combinations that can yield the
consumer’s periodutility level, u' . This is the set §,2) : U'(X,2) = u?}, which is the
consumer’s periotlindifference curve over equivalent combinationshef general
consumption product and the hedonic produZt The equatiotJ(X,2) = u' for X is solved
as a function oft andz; i.e!’

X=g'(u',2) (21.6)

It is assumed that the indifference curve slopesmieard, and the stronger assumption is
made that' is differentiable with respect tband
og'(u' ,.2)/0Z2< 0 (21.7)

Let p* andP"' be the prices for one unit ¥fandZ, respectively, in period Theconsumer’s
period t expenditure minimization problemay be defined as follows:

mingz {pX + P' Z: X = g'(u' ,2)} = minz {p'g'(u* ,2) + P'Z} (21.8)
The first-order necessary condition #oto solve equation (21.8) is:
pog' (u',2)/0Z+P' =0 (21.9)

Equation (21.9) can be rearranged to give the mfitke hedonic aggrega®as a function
of the period utility level u' and the price of general consumptjn

P = -pagi(ut ,2)/0Z > 0 (21.10)

where the inequality follows from assumption (2JaBpve. The right-hand side of the
eqguation (21.10) can now be interpreted as theurnassperiod t willingness to pay price
function:

w(Z U, p') = -p'og' (Ut ,2)/0Z (21.11)

21.34 Thus, for each point (indexed By on the consumer’s perigdndifference curve,
equation (21.11) gives the amount of money the wmes would be willing to pay per unit
of Zin order to stay on the same indifference curvdchvis indexed by the utility level .
Theperiod t willingness to pay value functiorcan now be defined as the product of the
guantity ofZ consumed times the corresponding per unit willesgnto pay pricey(Z,u',p'):

WZU, p) = ZW(Z W, p) = Z plag' (U, 2)/0Z (21.12)

where the last equality follows using equation {2}.. The function/ is the counterpart to
Rosen's (1974; 38) value or bid function; it giwssthe amount of money the consumer is
willing to pay in order to consunigunits. All of the above algebra has an interpietathat

is independent of the hedonic model; it is simplyeaposition of how to derive a willingness

171f the periodt indifference curve intersects both axes, tgéut ,Z) will only be defined for a range of non-
negativeZ up to an upper bound.




to pay price and value function using a consunmaegerences defined over two products.

21.35 Itis assumed now that the consumer has a sepaalietility function f(z,...zv)

that gives the consumer the sub-utility- f(2) from the purchase of one unit of the complex
hedonic product that has the vector of characteristies(z,... zv). Note that it has been
assumed that the functidis time invariant. Let the consumer’s pertadtility function be
U'(X, f(2)). The above algebra on willingness to pay i$ wdilid. In particular, the new period
t willingness to pay price function, for a partiaulaodel with characteristics= (z,... zv), is:

w(f(2),u,p') = -p' ag'(u',f(2))/0Z (21.13)

The new period willingness to pay value function (which is theamt of money the
consumer is willing to pay to have the servicea afodel with characteristics vectris:

V(f(2),u,p") = f@wW(f(2),u,p) = f(2) p' ag'(u',f(2))/0Z (21.14)

21.36 Now suppose that there aemodels available to the consumer in petioghere
modelk sells at the per unit price Bf' and has the vector of characteristi¢s (zi' ,...Zu)
fork=1,2,..K. If the consumer purchases a unit of mddel periodt, then the model price

t
P can be equated to the appropriate willingnessajovalue defined by equation (21.14),

t
wherezis replaced b\’ i.e., the following equation should hold:
P! = 4(z) p'og (U, f(zh))/0Z for t=1,..T; k=1,..K' (21.15)

What is the meaning of the separability assumptum®pose the hedonic product is a car
and suppose that there are only three charactsristimber of seats in the vehicle, fuel
economy and horsepower. The separability assumptaans that the consumer can trade
off these three characteristics and determine titiy wf any car with any mix of these three
characteristics, independently of his or her otmices of products. In particular, the utility
ranking of automobile models is independent ofrtheber of children the consumer might
have or what the price of petrol might be. Obvigutiie separability assumption is not likely
to be exactly satisfied in the real world, but thisnewhat restrictive assumption is required
to make our model tractable.

18 If a consumer purchases, say, two units of a matlgriceP that has characteristias...zv then we can
model this situation by introducing an artificiabdel that sells at priceP2and has characteristicg:2..,2.
Thus the hedonic surfacg=f(2) consists of only the most efficient models inéhgdthe artificial models. We
do not assume thf{z) is a quasi-concave or concave functioz.dfi normal consumer demand thedty) can
be assumed to be quasi-concave without loss ofrgktyebecause linear budget constraints and teemagtion
of perfect divisibility will imply that “effective”indifference curves enclose convex sets. As R¢s8R4; 37-
38) points out, however, in the case of hedonidpets, the various characteristics cannot be uniitedeover,
perfect divisibility cannot be assumed and notpalsible combinations of characteristics will baikable on
the marketplace. Thus the usual assumptions mdteimal” consumer demand theory are not satisfietthe
hedonic context. Note also that while we place aathmess assumption on the macro funct@qsz), namely
the existence of the partial derivatidg(u,2)/0Z, we do not place any smoothness restrictions erhédonic
sub-utility functionf(z).




Another aspect of our model needs some furthera@sgpion. It is being explicitly assumed
that consumers cannot purchase fractional uniéaoh model.; they can purchase only a non-
negative integer amount of each model. That igyisithilities are being explicitly assumed

on the supply side of our model. Thus, in eachqgokithere are only a finite number of

models of the hedonic product available. Whiledbesumer is assumed to have continuous
preferences over all possible combinations of diarsstics #,...zv) in each period, there

are only a finite number of isolated models thatarailable on the market.

At this point, the model is further specializedislassumed that evecpnsumer has the same
hedonic sub-utility functio¥i f(zZ) and consumerhas the followindinear indifference curve
macro utility functiorin periodt:

g'(u,2)=-azZ+b'u' for t=1,..T and i=1,...] (21.16)
wherea' andb' are positive constants.
For each periotland each consumegrthe period indifference curve between combinations
of X andZ is linear, with the constant slop& being the same for all consumétlote that
this slope is allowed to change over time. Nowead#htiate equation (21.16) with respect to
Z and substitute this partial derivative into eqouiatf21.15). The resulting equatiorfis:

't=paf(z') for t=1,..T and k=1,...K" (21.17)

Define the aggregate price of one unit of Z in peti as*

r=pa for t=1,..T (21.18)

1% The sameness assumption is very strong and neewusjastification. This assumption is entirely amggius
to the assumption that consumers have the sametheticopreferences over, say, food. Although this
assumption is not justified for some purposesyfiices for the purpose of constructing a pricesixébr food,
since we are mostly interested in capturing thestsuition effects in the aggregate price of foodresrelative
prices of food components vary. In a similar fashiwe are interested in determining how the “avetag
consumer values a faster computer speed againstmmemory; i.e., we are primarily interested in hedo
substitution effects.

20 We do not require a linear indifference curve glbbbut only locally over a certain range of puasks.
Alternatively, we can view the linear indifferencerve as providing a first-order approximation toc-linear
indifference curve.

2L Comparing equation (21.17) with equation (21.15an be seen that the simplifying assumptions1@1

t t
enable us to get rid of the tem?g’(ui , f( % ))/0Z, which depend on individual consumer indifferecceves
between the hedonic commodity and other produictee Ihad individual household data on the consuonpoif
hedonic and other products, then we could use racoresumer demand techniques in order to estinfege t
parameters that characterized these indifferencasu

22 There has been a switch to subscripts from supptsdn keeping with the conventions for parameter
regression models; i.e., the constantwill be regression parameters in what follows. éNatso that; is the
product of the price of the “other” prodygttimes the period slope parametex . We need to allow this slope
parameter to change over time in order to be abladdel the demand for high technology hedonic pets]
which have been falling in price relative to “othproducts; i.e., we think od' as decreasing over time for high
technology products.




Now substitute equation (21.18) into equation (Z1ith order to obtain ourasic system of
hedonic equation?®

Pé=rf(z') for t=1,.T andk=1,..K" (21.19)

21.37 All that is needed is to postulate a functionafridor the hedonic sub-utility
functionf and add a stochastic specification to equatiorl@lo yield a basic hedonic
regression model. The unknown parametefsaiong with the periotihedonic price
parameters; can then be estimatétlIt is possible to generalize the above modelgetthe
same model (21.19) if the composite “other” prodiid replaced b¥(x), wherex is a
consumption vector arfdis a linearly homogeneous, increasing and conaggeegator
function. Instead of equation (21.17), under thems assumptions, the following equation
results:

Pé=c(pha f(z) fort=1,.T andk=1,..K (21.20)

wherep' is now the vector of prices for tlkgoroducts in period andc is the unit cost or
expenditure function that is dual hd® Now redefine; asc(p")a' and the basic system of
hedonic equations (21.19) is still obtained. Equa{R1.19) has one property that is likely to
be present in more complex and realistic modetoatumer choice. This property is that the
model prices in periotlare homogeneous of degree one in the generallpxiegd' . Thus if
p'is replaced byp' for anyi > 0 (think of a sudden hyperinflation whéres large), then
equations (21.17) and (21.19) imply that the mquiigles should becomid! . Note that this
homogeneity property will ndtold for the following additive hedonic model:

Pé=r+f(z) for t=1,.T and k=1,..K' (21.21)
21.38 Thus hedonic regressions based on the linear nfaiiél1) may be ruled out on a

priori grounds. Note that hedonic models that tideelogarithm of the model prid&!' as the
dependent variable will tend to be consistent wikic hedonic equations (21.19) whereas

2 The basic model ends up being very similar to aiduellbauer’s (1974; 988-989) hedonic models; isee
particular his equation (32).

2t is possible to rework the above theory and giveproducer theory interpretation. The countdrfmthe
expenditure minimization problem (21.8) is now fokowing profit maximization problem: max{PZ -w'X:X
= g'(k' ,2)} where Z is hedonic output anB' is a periodt price for one unit of the hedonic output,is the
periodt price of a variable input and is the quantity used of ik' is the period quantity of a fixed factor
(capital say) andy is the firm’s factor requirements function. AssaguithatZ = f(z), we end up with the
following producer theory counterpart to equati@®L.(5): P! = f(z) og'(k.f(z))/0Z. The counterpart to
assumption (21.16) is, for firmy gi'(k',2) = a'Z - b k! and the counterpart to equation (21.17) becores
waf(z"). The producer theory model assumptions are, hewewt as plausible as the corresponding consumer
theory model assumptions. In particular, it is wety likely that each producer will have the saneeiqu t
aggregate price for a unit of variable inpdtand it is not very likely that each firm produciimythe hedonic
market will have the same technology paramaterThe key assumption that will not generally bsiad in
the producer context is that each producer is @bpgoduce the entire array of hedonic modelsereas, in the
consumer context, it is quite plausible that eamiisamer has the possibility of purchasing and amirsy each
model.

% Definec asc(p’) = min {px : h(x) = 1} wherepx denotes the inner product between the vegtaadx.




linear models like (21.21) will not be consisterithithe normal linear homogeneity
properties implied by microeconomic theory.

B.7 Markupsand imperfect competition

21.39 In Section B.5 it was shown there was some ambyiguaiithe interpretation of
hedonic coefficients. A user-value or resource-gustpretation was possible if there was
uniformity in buyer’s tastes or suppliers’ techrgilss, respectively. In Section B.6 an
assumption of price-taking behavior on the pafirais was introduced and a formal setting
given to a user value interpretation, albeit inundysome restrictive assumptions. Yet the
approaches in Sections B.5 and B.6 both assumegblgrEompetitive behavior, and the
discussion extends now to the effects of markupsiperfect competition. Feenstra (1995)
notes that in imperfect competition, when pricia@bove marginal cost, the hedonic
function should include a term for the price-costrkup.

21.40 Pakes (2001) has developed the argument focusitigeostudy of new products as
the result of prior investments in product develeptrand marketing. A competitive

marginal cost-pricing assumption would require #ittter (i) products with identical
characteristics are developed from such investmeatthat the law of one price for these
identical products will eliminate any margin, dj @ll products lose their investment
(markup) in the new products. Neither of these#&sonable. Indeed, varying markups are a
feature of differentiated products (see FeenstdaLavinsohn, 1995, for example). Pakes
(2001) argued that markups should change over ite2n new products are introduced, the
improvements, and associated markups, are diréateltaracteristics where markups have
previously been high. The markups on existing petelwith these characteristics will fall,
and hedonic coefficients will thus, change overetifakes (2001) also argued that there may
be an ambiguity as to the signs of the coefficierttsat there is no economic reason to
expect a positive relationship between price addsarable characteristic. Such a conclusion
would be at odds with a resource-cost or user-vappgoach. If the characteristics being
compared argertical—that is, they are characteristics, of which evag/aould like
more—then we can expect the sign to be positivevever, Pakes (2001) has argued that the
sign onhorizontalcharacteristics—that is, for which the orderinghd desirable amounts of
characteristics is not the same for all consumea-be negative. The entry of new products
aimed at some segments of the market may drive dio&vmarkup on products with more
desirable attributes. For example, some consumayshave a preference for television sets
with smaller screen sizes and be willing to payeapum price. Indeed, the required
technology for the production of these sets mayehaquired increased investment and thus,
increased expected markups. It may be that thetguadlthe picture on these sets is such that
it drives down the price of large-sized sets, tisglin an inverse relationship between price
and screen size, where the latter is taken as ai@le over the full range of screen sizes.
Prior (to the modeling) information on the two metkwould allow the regression equation
to be appropriately specified, with dummy slope antércepts for the ranges of screen sizes
with new and old technologies.

21.41 Pakes (2001) takes the view that no meaning caattbibuted to estimated




coefficients and predicted values should be usegrioe comparisons of models of different
quality attributes, rather than the individual dmiénts. There are many good reasons for
this, as discussed in Chapter 7, Section E.4.3action G.2.2, and the Appendix 21.1 to
this chapter. Yet, it must be stressed that foticarcharacteristics the coefficients may be
quite meaningful, and even for horizontal charasties or new characteristics, embodied
with the latest research and development, some smmsbe made by recourse to the above
considerations. But again, theory does not supporteasy answer to the interpretation of
the coefficients from hedonic regressions. Thdevance is that they emanate from market
data, from the often complex interaction of demand supply and strategic pricing
decisions. That theory warns us not to give sirtipliaterpretations to such coefficients, and
allows an understanding of the factors underlyhegm, is a strength of theory. Yet they
remain and are generally regarded (Shultze and ia2R02) as the most promising
objective basis for estimating the marginal valtiquality dimensions of products, even
though a purist interpretation is beyond their ¢alfg. 2°

C. Hedonic Indices
C.1 Theneed for such indices

21.42 In Section A it was noted that hedonic functiors maquired for two purposes with
regard to a quality adjustment. The first is wharntam is no longer produced and the
replacement item, whose price is used to contihaeséries, is of a different quality from the
original price basis. The differences in quality ¢g established in terms of different values
of a subset of the price-determining variables. The coefficients frdra hedonic

regressions, as estimates of the monetary valaddifional units of each quality component
z, can then be used to adjust the price of theteld 5o that it is comparable with the price of
the neww’—so that, again, like is compared with like. Thieqgess could be described as
“patching,” in that an adjustment is needed topttiee of the old (or new replacement) series
for the quality differences, to enable the newesetd be patched onto the old. A second use
of hedonic functions referred to in Section A is éstimatinghedonic indicesThese are
suitable when the pace and scale of replacemeiitsna$ is substantial and an extensive use
of patching might (i) lead to extensive errorshiéite were some error or bias in the quality-
adjustment process and (ii) lead to sampling frdmaaed replacement universe as outlined
in Section A. Hedonic indices use data in eachopefriom a sample of items that should
include those with substantial share of sales nes«ersampling in each period from the
double universe. There is no need to establislica pasis and for respondents to keep
guoting prices from that basis. What is requireslsamples of items to be redrawn in each
month along with information on their prices, chaegisticsz, and, possibly, quantities or
values. The identification of multiple charactddstin the hedonic regressions controls for
quality differences, as opposed to the matchingrick quotes on the same price basis by the

ZDjewert (2002f) goes further in suggesting posisign restrictions should be imposed on the cdefiis in
the econometric estimation, particularly when tlgdnic regression is being used to adjust the pfca
replacement item in order to make it comparablé wie price of an item that has disappeared.

Z’Mechanisms for such adjustments are varied, afedtin Chapter 7, Section E.4.3, and Triplett @00
They include using the coefficients from the saliggt of characteristics or using the predictedieslfrom the
regression as a whole and, in either case, makimgdjustment to the old for comparison with the,ner to
the new for comparison with the old, or some effecaverage of the two.




respondents. A number of procedures for estimdtedpnic indices are briefly considered
below.

C.2 Theoretical characteristicspriceindices

21.43 Theoretical cost of living indices are defined inapter 17 and practical index
number formulae are considered as estimates of thdices. Theoretical cost of living
index numbers are defined here not just on the gpoaduced, but also on their
characteristics. The Konus (1924) familytafe cost of living indicepertaining to two
periods, where the consumer faces the strictlytipesprice vectorg® = (p.°,...,p°%) andp' =
(p,...,pnY) in periods 0 and 1 respectively, was definedha@er 17 as the ratio of the
minimum costs of achieving the same utility leuel f(g) whereq = (q, ...,0v) iS a positive
reference quantity vector; i.e.,

Px(p°%p",9)=Cl[u,p'}/C[u,p’]=C[f(q),p")/ C[f(a).p’] (21.22)

For theoretical indices in characteristic space révenue functions are also defined over
goods made up of bundles of characteristics reptegddy the hedonic functich:

Px(p°%p",9)=Clu,p*,p(z1)]/ C[u,pp(z0)]=C[f(q) p*,p(z:))/ C[f(0),p°,p(20)] (21.23)

21.44 The theoretical price index defined by equationZ3}is a ratio of the period 1 to
period 0 hypothetical costs to consumers of achgesi given utility. Equation (21.23)
incorporates substitution effects: if the pricesoifne characteristics increase more than
others, then utility-maximizing consumers can shvitteir output mix of characteristics in
favour of such characteristics. The numerator ima¢ign (21.23) is the cost of the maximum
utility that the consumer could attain if facedwibhe product prices and implicit hedonic
shadow prices of period fitandp(Z'), while the denominator in equation (21.23) is the
maximum utility that the consumer could attaing€éd with the product and characteristic
prices of period Op°andp(2’). Note that all of the variables in the numeratod

denominator functions are exactly the same, extbgpithe product price and characteristic
price vectors differ. This is a defining characttd of a price index. As with the economic
indices in Chapter 15, there is of course an efdimgly of indices depending on which
reference utility level is chosen. Some explicifiolations are considered in paragraphs
21.48 to 21.58, including a base period 0 referdenel and a current period 1 reference
level analogous to the derivation of the Laspewras Paasche indices in Chapter 17,
paragraph 17.12. Before considering such hedodices in paragraphs 21.48 to 21.58, two
simpler formulations are first considered: hedaeigressions using dummy variables on
time, and hedonic imputation indices. They are ##mgnd widely used because they require
no information on quantities or weights. They alsonot require matched data, so can be

2 Triplett (1987) and Diewert (2002d), following Rk (1975), consider a two-stage budgeting process
whereby that portion of utility concerned with iterdefined as characteristics has its theoreticixrdefined
in terms of a cost-minimizing selection of charasti&s, conditioned on an optimum output level for
composite and hedonic commodities. These quanttieshen fed back into the second-stage maxiroizaif
overall revenue.




used when resampling all of the data. Yet thegrimetation from economic theory is
therefore more limited on account of this. As Wil shown in the Appendix, however,
weighted formulations are possible using a weiglgadt squares estimator.

C.3 Hedonicregressonsand dummy variables on time

21.45 Let there be&K characteristics of a product, and let model anit@f the product in
periodt have the vector of characterist&s [z4',...z«"] fori = 1,....N andt = 1,...T. Denote
the price of model in periodt by pi'. A hedonic regression of the price of moidiel periodt
on its characteristics satis given by

K
In pit =y, +yD' +Zﬂk4kt +‘9it
k=1

whereD; are dummy variables for the time periobs being 1 in period = 2, zero
otherwise;D; being 1 in period = 3, zero otherwise, and so on. The coefficigrdase
estimates of quality-adjusted price changes, hastimgrolled for the effects of variation in

K

Zﬂkzikt
quality (via k=1 ) — although see Goldberger (1968) and Teeken¥aeds (1972) for
the adjustment for estimation bias.

(21.24)

21.46 The above approach uses the dummy variables ortdim@npare prices in period 1
with prices in each subsequent period. In doingls®y parameters are constrained to be
constant over the peridd 1,...,T. Such an approach is fine retrospectively, bueal time
the index may be estimated as a fixed-base or eddiase formulation. THeed-base
formulation would estimate the index for periodnd&, 1, ,, using equation (21.24) for= 1,
2; the index for period 3,5 would use equation (21.24) for t = 1, 3; for pdr#,l. 4, using
equation (21.24) for= 1, 4; and so forth. In each case the index caimstithe parameters to
be the same over the current and base period.efi-ddase, bilateral comparison using
equation (21.24) makes use of the constrained pearastimates over the two periods of
the price comparison. ghainedformulation would estimath 4, for example, as the product
of a series of linksli 4= 11, % 3% 1342° Each successive binary comparison or link is
combined by successive multiplication. The indexdach link is estimated using equation
(21.24). Because the periods of time being comparedlose, it is generally more likely
that the constraining of parameters required bynethtime dummy hedonic indices is
considered to be less severe than that requirdteoffixed base counterparts.

21.47 There is no explicit weighting in these formulasipand this is a serious
disadvantage. In practice, cut-off sampling migheinployed to include only the most
important items. If sales data are available, a Vilk&ighted by relative sales shares—see
Appendix 21.1 and Diewert (2005)) estimator shdaddused instead of an ordinary least
squares (OLS) estimatéhA WLS estimator is equivalent to replicating tlznple in
proportion to the weights and applying an OLS eaton

2Chapter 15, Section F contains a detailed accduritained indices.
3Ypannidis and Silver (1999) and Bode and van D4R001) compared the results from these different
estimators, finding notable differences, but natlircases (see also Silver and Heravi, 2002).




C.4 Period-on-period hedonic indices

21.48 An alternative approach to comparing prices inquefl and 1 is testimate a
hedonic regression for period 1 and insert theegbf the characteristics of each model

existing in period 0 into the period 1 regressioptedict, for each item, its pri B (Zl) . This
would generate predictions of the price of itemisteng in period Qat period 1shadow

prices, R (Zl) i =1,..N. These prices (or an average) can be comparbedtivé average
of) the actual prices of moddls 1,....N models in period 0. The averages may be
arithmetic, as in a Dutot index, or geometric,raa Uevons index. The arithmetic
formulation is defined as follows:

N

> AIN)R (2)

2 @N)R’(3%)

i=L (21.25a)
21.49 Alternatively, the characteristics of models exigtin period Ican be inserted into a
regression for period 0. Predicted prices of petidédms generated at period O shadow
prices (or an average) can be compared with (teeage of) the actual prices in period

N

2 @IN)p(7)

i=1
N

> AN)R(Z)

21.25h)

21.50 For a fixed-base bilateral comparison using eidwgration (21.25a) or (21.25b), the
hedonic equation need be estimated only for oniegheFhe denominator in equation
(21.25a) is the average observed price in periaehch should be equal to the average price
a hedonic regression based on period 0 data veitlipr using period 0 characteristics. The
numerator, however, requires an estimated hedegiession to predict period 0
characteristics at periodhedonic prices. Similarly, in equation (21.25bhealonic

regression is required only for the denominator.rféasons analogous to those explained in
Chapters 15, 16, and 17, a symmetric average sétimglices should have some theoretical
support.

21.51 Note that all the indices described in Sectionsadd C.2 use all the data available
in each period. If there is a new item, for examplgeriod 4, it is included in the data set
and its quality differences controlled for by tlegression. Similarly, if old items drop out,
they are still included in the indices in the pddan which they exist. This is part of the
natural estimation procedure, unlike using mataegd and hedonic adjustments on non-
comparable replacements when items are no longduped.

21.52 As with the dummy variable approach, there is nedrfer matched data . Yet there
is also no explicit weighting in these formulaticared this is a serious disadvantage. Were
data on quantities or values available, it is imiagdy apparent that such weights could be
attached to the individuak 1,... N prices or their estimates. This is consideredértext




section.
C.5 Superlative and exact hedonic indices

21.53 In Chapter 17 Laspeyres and Paasche bounds wiamedien a theoretical basis, as
were superlative indices, which treat both per®gametrically. These superlative formulae
included the Fisher index, which was seen in Chaiido have desirable axiomatic
properties. Furthermore, the Fisher index was stip@drom economic theory as a
symmetric average of the Laspeyres and Paaschel$oamd was found to be the most
suitable such average of the two on axiomatic gisufhe Tdrngvist index also possessed
desirable axiomatic properties, seemed to be bast the stochastic viewpoint, and also did
not require strong assumptions for its derivatimmt the economic approach as a superlative
index. The Laspeyres and Paasche indices were fowrmrespond to (be exact for)
underlying (Leontief) aggregator functions with substitution possibilities, while

superlative indices were exact for flexible funoibforms including the quadratic and
translog forms for the Fisher and Tdérngvist indicespectively. If data on prices,
characteristics anguantities are available, then analogous approaate$indings arise for
hedonic indices; see Fixler and Zieschang (199&)Feenstra (1995). Exact bounds on such
an index were defined by Feenstra (1995). Considetheoretical index in equation (21.23),
but now only defined over items in terms of thdiaacteristics. The prices are still of items,
but they are wholly defined througiiz). An arithmetic aggregation for a linear hedonic
equation finds that a Laspeyres upper bound (astigiea suppliedlecreaseawith increasing
relative prices) is given by:

N

Z X N H[

=25

B . C u? |o(zt
z t-1 t—l i=1
=1

pit—l - C ut—l Zt—l

(21.26a)

where the right-hand side expression is the rdtthecost of achieving a peri¢d. level

of utility (u**) during periods (t-1) and t, where utility is anfition of the vector of
t-1 _ t-1

quantities; i.e.Y = f(x ; the price comparison is evaluated at a fixedlle¥periodt-1
quantities and;*‘1 are the shares in the total value of expenditarproduct in periodt-1:

t-1 ,t-1 tltl
_X pl ZX

21.54 The difference between a Laspeyres formula antefhdand side of equation
(21.264) is that the price in the numerator ofléiehand side of equation (21.26a) is a
predicted price:

K
b=pi(2)= Az
pe=} (21.26b)

or, if a non-comparable replacement is used, themptedicted price adjusts for the
difference in quality between the old and new itefiigat is, the predicted price




K
p=p - Bz -z
=} (21.26¢)

is the price in periotladjusted for the sum of the changes in each guaiaracteristic
weighted by their coefficients derived from a linbadonic regression. Note that the
summation is over the sam@ both periods since replacements are includeshvam item is
missing, and (21.26c¢) adjusts the prices in perfod quality differences via

K
> Bz~ 7z
k=1 .

21.55 A Paasche lower bound is estimated as:

> xp " ”
i=1

21.27a
. ( )

s =xp /%P

where = and
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(21.27b)

pt=p~ Z “(z, -
(21.27c)

which are the imputation and replacement adjustspeaspectively. The latter are the prices
in periodst-1 adjusted for the sum of the changes in eachtyudlaracteristic weighted by
their respective coefficients derived from a lineadonic regression.

Following from the inequalities in (17.5) wherethaspeyre®, and Paaschis indices
form bounds (17.8) on their “trué€x economic theoretic indices:

P<P <P orP <P <PR. (21.28)

a suitable index is thus a Fisher geometric medheoLaspeyreB, and Paaschier indices,
which incorporate hedonic adjustments for qualiffecences.

21.56 The approach based on using superlative and egdonit indices thus, first,

applies the coefficients from hedonic regressionshianges in the characteristics to adjust
observed prices for quality changes. Second, drpmrates a weighting system using data on
the quantities sold of each model and their chargstics, rather than treating each model as
equally important. Finally, it has a direct corresgence to the formulation defined using
economic theory.




21.57 Semi-logarithmic hedonic regressions would suppdgteof coefficients suitable
for use with the base and current period geombtimds:

”(@?'J CI(J p(l) ”(F’. J } (21.29a)
efine

(21.29b)
pr=p eXp[Z (2 - z)]
=p GXD[—Zﬂi(z‘k -zM]
= (21.29c¢)

21.58 In the inequality (21.29a), the two bounds on #spective theoretical indices have
been shown to be brought together. The calculaticGuch indices is relatively
straightforward for matched data, but for unmatctieth is no small task. For an example of
its application for unmatched comparisons over tisee Silver and Heravi (2002 and 2003)
and Chapter 7, paragraphs 7.132 to 7.152, and skesKi, Moulton and Zieschang (1999)
for matched price comparisons across regions otatcy.

21.59 Exact hedonic indices can also be defined usinghtheretical framework outlined
by Diewert (2003a}! Recall the basic hedonic equation (21.19). Asstiraethe pricéP is
the average price for all the models of tymold in period and letgd be the number of
units sold of modek in periodt. Recall that the number of models in the markat@lduring
periodt isK'. Assume that there akemodels in the market-place over alperiods in our
sample period. If a particular modeis not sold at all during peridgthen it will be
assumed thd® andqy' are both zero. With these conventions in mindoted value of
consumer purchases during period £qual to:

K
> P'q, zr f(z
=Rl (2 ) for t=1,.T (21.30)

21.60 The hedonic sub-utility functiohhas done all of the hard work in the model in
converting the utility yielded by modklin periodt into a “standard” utilityf(z) that is
cardinally comparable across models. For each ntggek, it is only necessary to multiply
by the total number of units sold in peripdy' , in order to obtain thital period t market
quantity of the hedonic prodye®: say. This yield¥:

31 The assumptions are quite different from thoseertadFixler and Zieschang (1992) who took yet a@oth
approach to the construction of exact hedonic eslic
%2 This is a counterpart to the quantity index dedfibg Muellbauer (1974; 988) in one of his hedonadels;
see his equation (30). Of course, treatirgs a price for the hedonic commaodity quantity aggte defined by
equation (21.31) can be justified by appealing icksl (1946; 312-313) aggregation theorem, sineertiodel




K
=y f(z
Q K (2 ki for t=1,.T (21.31)

21.61 The aggregate price for the hedonic product coomrding toQ:is r.. Thus in the
highly simplified model outlined in Section B.6gthggregate exact period t price and
guantityfor the hedonic product areandQ; defined by equation (21.31), which can readily
be calculated provided the parameters in the hedegression have been estimated and
provided that data on quantities sold are availableh periody .>* Oncer; andQ: have been
determined fot = 1,...T, then these aggregate price and quantity estinfiatéise hedonic
product can be combined with the aggregate pricdgjaantities of non-hedonic products
using normal index number theory. Any of the indexnber formulae considered in Chapter
17, including Laspeyres, Paasche and Fisher, casdmrdingly defined based on the use of
guantity information.

21.62 The above illustrates how weighted quality-adjugtede index number formulae
might be constructed using data on prices, questénd characteristics of an item. The
method using dummy variables of time, describe8ention C.3, does not require matched
data. Appendix 21.1 discusses a weighting systdm.uBe of weighted superlative indices
for matched data is outlined above. Weighted sapied indices may also be applied to
unmatched data, using a method outlined in Chapéerd in Silver and Heravi (2001a)
(2001b) and (2003). But what of unweighted indiegsich was the concern of the initial
section of this chapter? What correspondence dhaesriweighted hedonic dummy time
index (outlined in Section C.3), which uses althaf data, have to the matched unweighted
index number formulae? This is a critical quesfmproduct areas where there is a rapid
turnover of items. It was suggested above thattiremy time variable method be used
instead of the matched method. So how do theyrdiffeunweighted indices? The effect and
use of weights is considered in the Appendix te thapter.

C6. The difference between the period on period and time dummy appr oaches

21.63 The dummy variable method outlined in section C3 tre period-on-period

hedonic indexes, outlined in sections C4 and C5e-adferred to as “hedonic imputation
indexes” by Silver and Heravi (2006b) and as “chemastic price index numbers” by

Triplett (2004) —not only correct price changesdbanges in the quality of items
purchased, but also allow the indexes to incorparstched and unmatched models. They
provide a means by which price changes can be meghguproduct markets where there is a
rapid turnover of differentiated models. Howeviey can yield quite different results.

Silver and Heravi (2006b) provides a formal expogibf the factors underlying such
differences and the implications for choice of noethThis was undertaken for the Tornqvist

t
prices Pk = r.f(z) all have the common factor of proportionality

t
33 |f data are available for tt Ik , then it is best to run sales-weighted regressias discussed in Appendix

21.1. If we do not have complete market data orviddal model sales but we do have total salesaiche

period, then the hedonic regression model can beising a sample of model prices, and petisdles can be

divided by our estimate ,rt parameter in order to obtain an estimatorGor




index, but the analysis can be readily extendaattter formulas. They found that differences
between the two approaches may arise from bothhpea instability over the two periods
compared and changes over the two periods compathd characteristics of the models
sold, and that such differences are compounded Wwb#gnsuch changes occur. They further
showed that similarities between the two approacksdlted if there was little difference in
either component change.

21.64 The above in section C has illustrated how weiglviddx number formulas might

be constructed using data on prices, quantitiabcharacteristics for an item when the data
are not matched. But for analytical purposes itsisful to decompose price changes into that
due to matched price changes, that due to unmatahednodels introduced, and that due to
unmatched old models that are retired. The anailysiseful for determining the bias in just
using matched models.

C.7  Decomposing price changesinto matched and unmatched components

21.65 Triplett (2004) argues and Diewert (2003) showsnfally that an unweighted
geometric mean Jevons index for matched data ¢fimesame result as a logarithmic hedonic
index run on the same data. There is simply notpoiastimating hedonic indices using
matcheddata. An index from a dummy variable hedonic regia such as (21.29), but in
log-log form, for matched models can be shown (8ibe, Corrado, and Doms, 2001 and
Silver and Heravi, 2005b) to equal:

)3 >
In pdpea = ™™ (IN Pt — Zm)/ Mt = ™M (1IN Pita — Zm)/Mia (21.32)

wheremis the matched sample anfiandZ._;are in principle the quality adjustments to the

K

Y,
dummy variables for time in equation (21.24), ﬁlsa; “ . Equation (21.32) is simply the
difference between two geometric means of qualijysted prices. The sample spate
M: = M1 is the same model in each period. Consider thedaottion of a new model
introduced in periodwith no counterpart ih— 1 and the demise of an old modedo it has
no counterpart im. So in period, M;is composed of the periddnatched items and the
new itema, and in period — 1, Mi_1is composed of the peridgel matched itemm and the
old items. Silver and Heravi (2005b) have showndhmmy variable hedonic comparison to
now be

In p/per = [MV(m+ n) Z (IN Pt — Ze)/M + /(M + n); (IN Pre—Zo)/n]
— [m(m+0) Zm: (InPrea —Zw)/m +0/(m+ 0) Z (I Pora—Zo)/0]
=/(m+ n) 2 (IN Pt = Ze)/m — m¥(m + 0) 2 (IN Proea — Zen)/M]
+ [n/(m+n) Z (In pnt—Zy)/n —0l(m+ 0) Z (IN Por-1—Zo)/ ). (21.33)

21.66 Consider the second expression in equation (21E33) there is the change for




matched observations. This is the change in mdaagof matched modeis in periodt and
t—1 adjusted for quality. Note that the weight imipet for this matched component is the
proportion of matched observations to all obseovetiin period. And, similarly, for period
t—1, the matched weight depends on how many unmatdkesbservations are in the
sample. In the last line of equation (21.33) thaengje is between the unmatched new and the
unmatched old mean (quality adjusted) prices ifopst andt—1. Thus, matched methods
can be seen to ignore the last line in equatiorB@land will thus differ from the hedonic
dummy variable approach. The hedonic dummy variapfgoach in its inclusion of
unmatched old and new observations can be seenefoiation (21.33) possibly to differ
from a geometric mean of matched prices changeseXtent of any difference depends, in
this unweighted formulation, on the proportion®lof and new items leaving and entering
the sample and on the price changes of old andteevs relative to those of matched items.
If the market for products is one in which old duyahadjusted prices are unusually low while
new quality-adjusted prices are unusually highnttiee matched index will understate price
changes (see Silver and Heravi, 2005b, and Belrivtly, and Kyle, 2003, for examples).
Different market behavior will lead to differentrfos of bias. The above expression is for
unweighted price changes, but the principles extersimilar findings for weighted price
changes and, by association, weighted index numhBsrshown in Silver and Heravi
(2005b). As noted in the Appendix to this chapaeid argued in Diewert (2005), different
weighting systems in a weighted least squares liedegression correspond to different
index number formulae.

D. New Goods and Services

21.67 This section briefly highlights theoretical isswekting to the incorporation of new
goods into the index. Practical issues were owtlineChapter 8, paragraphs 8.43 to 8.60.
The term “new goods” will be used here to refethimse that provide a substantial and
substantive change in what is provided, as opptusatbre of a currently available set of
service flows, such as a new model of an automahéehas a bigger engine. In this latter
instance, there is a continuation of a service@onduction flow and this may be linked to
the service flow and production technology of tkisting model. The practical concern with
the definition of new goods as against quality ¢jeenis that the former cannot be easily
linked to existing items as a continuation of aisémng resource base and service flow,
because of the very nature of their “newness”. &lage alternative definitions; Oi (1997)
directs the problem of defining “new” goods to tbatefining a monopoly. If there is no
close substitute, the good is new. A monopoly sepphay be able to supply an item with
new combinations of the hedordcharacteristics because of a new technology anel ia
monopoly power in doing so, but in practice the m@ad can be linked via the hedonic
characteristics set to the existing goods. Inhé&tical sense, such goods are not considered
“new” for the purposes of the Manual.

21.68 The terminology adopted here is that used by Mg2@00) for the measurement of
producer price indices, but considered in the cdrdEéconsumer price indices (CPIs). The
aim is to distinguish betweeavolutionaryandrevolutionarygoods. Evolutionary goods are
replacement or supplementary models which contioyeovide a similar service flow,
perhaps in new ways or to different degrees. Iriragh revolutionary goods are goods that




are substantially different from pre-existing gootlsey are generally produced on entirely
new production lines or with substantially new proton inputs and processes than those
used to produce preexisting goods. These diffeeen@ke it virtually impossible, both from

a theoretical and practical standpoint, to qualijust between a revolutionary good and any
preexisting good.

21.69 The main concern regarding the incorporation of gewds into the CPI is the
decision on the need and timing for their inclusidfaiting for a new good to be established
or waiting for the rebasing of an index before mparating new products may lead to errors
in the measurement of price changes if the unysizé movements at critical stages in the
product life cycles are ignored. There are prattpproaches to the early adoption of both
evolutionary and revolutionary goods. These arérmd in Chapter 8 Section D.3. For
evolutionary goods, such strategies include thagielg of the index, re-sampling of items
and introduction of new goods as directed samaplestitutionssee Merkel (2000). Also of
use are hedonic quality adjustments and indicdsedtin Chapter 7, Section E4, and
Section C above that facilitate the incorporatibsuch evolutionary goods, since they
possess a similar characteristic set to existimgigpbut deliver different quantities of these
characteristics. The modified-short-run or chaifrachework outlined in Chapter 7 Sections
H-G may also be more appropriate for product angtisa high turnover of items. These
approaches can incorporate the price change ofyoeds into the index as soon as prices
are available for two successive periods, althaaghes relating to the proper weighting of
such changes may remain.

21.70 However, for revolutionary goods, however, subtitumay not be appropriate.
First, revolutionary goods may not be able to bindd within the existing classification
systems. Second, they may be primarily sold inva oatlet, which will require extending
the sample to such outlets. Third, there will bgonevious items to match them against and
to make a quality adjustment to prices, since bindion they are substantially different
from pre-existing goods. And, finally, there isweight to attach to the new outlet or item.
Sampleaugmentations appropriate for revolutionary goods, as oppdseshmple
substitution for evolutionary goods. It is neceggarbring the new revolutionary goods into
the sample in addition to what exists. This maylag extending the classification, the
sample of outlets, and the item list within neveristing outlets (Merkel, 2000).

21.71 The second measurement issue with respect to redugts is the incorporation of
the welfare effect of those products at introductibhe preceding discussion has been
concerned with the incorporation of price changes the index once two successive
guotations are available. Yet there is a gain éocttnsumer when comparing the price in the
first of these periods with the price in the peribdt preceded its introductidrad it existed.
In the context of the CPI, the appropriate pericmhddow price for the new good is that
price that just induces the consumer of the newlgo@onsume zero quantities in the
preceding period. This is a hypothetical pricet i$ relatively high in the period before the
introduction of the good, but the actual pricelia period of introduction is much lower,
then the introduction of the new good is clearl\soifne benefit to the consumer. To ignore
this benefit, and the change from the virtual pt@éhe actual price in its period of
introduction, is to ignore something of the priceuvaments that give rise to expenditure




changes.

21.72 The sample augmentation procedures miss the effaqtsice between the period
preceding the introduction of a new good and itutuction. There exist in economic
theory and practice the tools for estimating suédces; see Hicks (1940) and Diewert
(1980; 498-503). This involves setting a virtuatprin the period before introduction. This
price is the one at which supply is set to zera Vintual price is compared with the actual
price in the period of introduction and this is dise estimate the welfare gain from the
introduction of the good. Hausman (1997) providase estimates of consumer welfare for
the introduction of a new brand of breakfast cexe@pple-Cinnamon Cheerios. He
concludes:

“The correct economic approach to the evaluatiomeo? goods has been known for over
fifty years, since Hick’s pioneering contributiddowever, it has not been implemented by
government statistical agencies, perhaps becauteanfmplications and data requirements.
Data are now available. The impact of new goodsamsumer welfare appears to be
significant according to the demand estimatesisfghper, the CPI for cereal may be too
high by about 25 percent because it does not atéounew cereal brands. An estimate this
large seems worth worrying about.”

21.73 Shapiro and Wilcox (1997; 144) share the same cosce

o the rare new item that delivers services radycdifferent from anything previously
available. For example, even the earliest generatigpersonal computers allowed
consumers to undertake tasks that previously wioal@ been prohibitively expensive.
“This problem can be solved only by estimatingd¢basumer surplus created by the
introduction of each new item. Hausman (1997) asdhat this must involve explicit
modeling of the demand for each new item. ........ Alidilo explicit modeling of demand
may be of dubious practicality for widespread imnpdstation in the CPI, strategic
application in a few selected cases might be wdrilew

21.74 The expertise required for such estimates is censide, and even when applied, is
not beyond dispute; see Bresnahan (1997) on tligp&int. An alternative approach is
outlined for the CPI by Balk (2000b) with empiriedtimates provided by de Haan (2001),
the details being provided in Chapter 8 and AppeBd2. While this approach is simpler

than that undertaken by Hausman (1997), both requinsiderable statistical and
econometric expertise. The inclusion of such effect a routine basis is not something being
actively considered, even by statistical officethwiell-developed systenis.

34 Even if virtual prices were estimated, there woslitl be problems with including new goods in ioe
such as the Laspeyres index because of the absEweidghts in the base period.




Appendix 21.1: Some Econometric | ssues

21.75 Hedonic regression estimates will have been se@hapter 7 to have potential use
for the quality adjustment of prices. There areimber of issues arise from the specification
and estimation of hedonic regressions, the uséaghdstic statistics, and courses of action
when the standard OLS assumptions are seen to Bogak Many of these issues are
standard econometric ones and not the subjectsofféinual This is not to say they are
unimportant. The use of hedonic regressions willilee some econometric or statistical
expertise, but suitable texts are generally avhdle®ee Berndt (1991)—particularly the
chapter on hedonic regressions—and Maddala (1988Kannedy (2003), among many
others. Modern statistical and econometric softwanee adequate diagnostic tests for testing
when OLS assumptions break down. There remain, Yermveome specific issues that merit
attention, although it must be stressed that thes#s are over and above, and should not be
taken to diminish, the important standard econametsues found in econometric texts.

Identification and appropriate estimators

21.76 Wooldridge (1996, pp. 400-01) has shown on staneemdometric grounds that the
estimation of supply and demand functions by OLKBiasedand this bias carries over to the
estimation of the hedonic functidnis first useful to consider estimation issuesha supply
and demand function¥hese functions are rarely estimated in practite more common
approach is to estimate offer functions, with trergimal price offered by the firm dependent
upon chosen attributes (product characteristicg)fiam characteristics, and to estimaid

or valuefunctions, with the marginal prices paid by a caneudependent on chosen
attributes and consumer characteristiods noted earlier, the observed prices and quastiti
are the result of the interaction of structural dachand supply equations and the
distributions of producer technologies and consuiagtes; they cannot reveal the parameters
of these offer and value functions. Rosen (19p450-51) suggested a procedure for
determining these parameters. Since these estirmuae®nditioned on tastas) @nd
technologies 1), the estimation procedure needs to include eoglimeasures or “proxy
variables” ofa and 1. For the tastes of consumers, the empirical counterparts may be
sociodemographic and economic variables, which imeyde age, income, prices and
quantities of nonhedonic products demanded by tmlds® education, and geographical
region. For technologies variables may include technologies and factargwi First, the
hedonic equation is estimated without these vaeialrl the normal manner using the best-
fitting functional form. This is to represent thege function consumers and producers face
when making their decisions. Then, an implicit niaagprice function is computed for each

characteristic a0 p(2)/ 0z= b(z)where ) is the estimated hedonic equation. Bear in
mind that in normal demand and supply studiepfoducts the prices are observed in the

%These are equivalent to inverse demand (supplytifums, with the prices dependent upon the quastiti
demanded (supplied) and the individual consumerdocer) characteristics.

% The consumer theory approach used by Diewert (2@08eriving the hedonic function rested on rather
strong separability assumptions on consumer prefese Once these separability assumptions areerkldixe
demand for nonhedonic commaodities will provide angefor identification of the hedonic preferences.




market. Foicharacteristicghat are unobserved, the first stage must betimats the
parameters from the hedonic regression. The actliaés of eacld bought and sold is then
inserted into each implicit marginal price functimnyield a numerical value for each
characteristic. These marginal values are usdtkisécond staéfeof estimation as
endogenous variables for the estimation of the delns&de:

A21.1) PD=F(z,.... 2 o)
wherea* are the proxy variables for tastes.

The supply side estimating equations might look:lik

(A21.2) PA=F(z,....z,T%),

where T* are the proxy variables for technologies.

The variable:T* drop out when there is no variation in technoésganc P@is an estimate
of the offer function. Similarly the variable drop out when sellers differ and buyers are
identical and cross-section estimates trace oupeosated demand functions.

21.77 Epple (1987) has argued that Rosen's modelingeglyas likely to give rise to
inappropriate estimation procedures of the demadsapply parameters. The hedonic
approach to estimating the demand for charactesists a difficulty arising from the fact
that marginal prices are likely to be endogenousy-ttepend on the amount of each
characteristic consumed and must be estimatedtfierhedonic function rather than
observed directly. There are two resulting problefirst, there is an identification problem
(see Epple, 1987) because both the marginal pfiaecbaracteristic and the inverse bid
depend on the levels of characteristics consumetbr#l, if important characteristics are
unmeasured and they are correlated with measuadatiristics, the coefficients on
measured characteristics will be biased. This apyib all econometric models, but it is
particularly relevant to hedonic models; on thisnpsee Wooldridge (1996, 400-01). The
equilibrium conditions for characteristic pricegiyfunctional relationships among the
characteristics of demanders, suppliers, and ptedtibis in turn reduces the likelihood that
important excluded variables will be uncorrelatathwhe included variables of the model
(see also Bartik, 1988, on this point). The biasesrbecause buyers are differentiated by
characteristicsy(a) and sellers by technolog T sThe type of item buyers will purchase is
related to ¥,a) and the type sellers provide 12 On the plane of combinations of
transacted, the equilibrium ones chosen may bemically related; the characteristics of
buyers are related to those of sellers. Epple (1G8&s the example of stereo equipment: the
higher income of some buyers leads to purchasbigbfquality equipment and the technical
competence of sellers leads them to provide it. ddvsumer and producer characteristics
may be correlated.

21.78 Wooldridge (1996, pp. 400-01) suggests that indi@idconsumer and firm

$This two-stage approach is common in the literatah®ugh Wooldridge (1996) discusses the joint
estimation of the hedonic and demand and suppéyfsidctions as a system.




characteristics such as income, education, and pnes should be used as instruments in
estimating hedonic functions. In addition, variabd¢her than a good’s characteristics should
be included as instruments if they are price deténg, such as geographical location—say
proximity to ports, good road systems, climate, sma@n. Communities of economic agents
are assumed, within which consumers consume amtipeos produce for each other at
prices that vary across communities for identicadds. Variables on the characteristics of
the communities will not in themselves enter themded and supply equation but are price
determining for observed prices recorded acrosswamities. Tauchen and Witte (2001)
provide a systematic investigation of the cond#ionder which consumer and producer and
community characteristics will affect the hedonizgmeter estimates for a single-regression
equation estimated across all communities. A keycem is whether the hedonic price
function error term represents factors that arébsanved by both the economic agents and
the researcher, or by the researcher only. Inattericase the error term may be correlated
with the product attributes and instrumental vddadstimation is required. If the error term
is not correlated with the product characteristics—pmiees are quasi-linear—then a
properly specified hedonic regression, includinghowinity-specific characteristics or
appropriate slope dummies, can be estimated udir®) @ other cases, depending on the
correlation between consume and producer charsitstiassumptions about the error term
and the method of incorporating community charasties into the regression, instrumental
variables, including consumer or producer or comitgudummy or characteristics, may need
to be used.

Functional form

21.79 Triplett (1987; 2004) argues that neither classitiity theory nor production theory
can specify the functional form of the hedonic fiime.* This point dates back to Rosen
(1974, p. 54) who describes the observations aglfea joint-envelope function and cannot
by themselves identify the structure of consumefgrences and producer technologies that
generate them.” feriori judgments about what the form should lodelimay be based on
ideas about how consumers and production techredagspond to price changes. These
judgments are difficult to make when the observetiare jointly determined by demand and
supply factors but not impossible in rare instanddewever, it is complicated when pricing
is with a markup, the extent of which may vary otrer life cycle of a product. Some tied
combinations of characteristics will have higherkogs than others. New item
introductions are likely to be attracted to thessaa of characteristic space, and this will
have the effect of increasing supply and thus, towgethe markup and price (Cockburn and
Anis, 1998; Feenstra, 1995, p. 647; and Tripl€&x871 p. 38). This again must be taken into
account in any priori reasoning—not an easy or straightforwardterat

21.80 It may be that in some cases the hedonic functifumstional form will be very
straightforward. For example, prices on the webdibe options for products are often
additive. The underlying cost and utility structare unlikely to jointly generate such linear
functions, but the producer or consumer is alsanggfor the convenience of selling in this

%Arguea, Hsiao, and Taylor (1994) propose a lineamfon the basis of arbitrage for characteristiedg to
be likely in competitive markets, although Tripl2004) argues that this is unlikely to be a réigliscenario in
most commodity markets.




way and is willing to bear losses or make gairikéfcost or utility at higher values nare
priced lower/worth more than the price set. Bugémeral, the data should convey what the
functional form should look like, and imposing &ciial structures simply leads to
specification bias. For examples of econometritirtgof hedonic functional form, see
Cassel and Mendelsohn (1985); Cropper, Deck, anddvinell (1988),\; Rasmussen and
Zuehlke (1990); Bode and van Dalen (2001); andy;Wiorgan, and Silver (2001).

21.81 The three forms prevalent in the literature aredin semilogarithmic, and double-
logarithmic (log-log). A number of studies have disgonometric tests, in the absence of a
clear theoretical statement, to choose between.thbare have been a large number of
hedonic studies, and, as illustrated in Curry, Morgand Silver (2001), in many of these the

quite simple forms do well, at least in terms @&f R* presented, and the parameters accord
with a priori reasoning, usually on the consumde sOf the three popular forms some are
favored in testing. For example, Murray and Sasafit®99) favored the semilogarithmic
form, while in others—for example Hoffmann (1998}etthree functional forms were
found to scarcely differ in terms of their explasgtpower. That the parameters from these
simple forms accord with a priori reasoning, ugufithm the consumer side, is promising,
but researchers should be aware that such mateermaassured. Of the three forms, the
semilogarithmic form has much to commend it. ThHenpretation of its coefficients is quite
straightforward—the coefficients represent propordite changes in prices arising from a
unit change in the value of the characteritithis is a useful formulation since quality
adjustments are usually undertaken by making nlidéfve instead of additive adjustments
(see Chapter 7, Section C.3). The semilogarithonimf unlike the log-log model, can also
incorporate dummy variables for characteristics &éna either present,= 1, or notz= 0

21.82 More complicated forms are possible. Simple for@sehthe virtue of parsimony

and allow more efficient estimates to be made fgivan sample. However, parsimony is not
something to be achieved at the cost of misspetific bias. First, if the hedonic function is
estimated across multiple independent markets, ittteraction terms are required (see
Mendelsohn, 1984, for fishing sites). Excludingrthis tantamount to omitting variables and
inappropriately constraining the estimated coedfits of the regression. Tauchen and Witte
(2001) have outlined the particular biases thatarése from such omitted variables in
hedonic studies. Second, it may be argued thdutieional form should correspond to the
aggregator for the index—linear for a Laspeyregidogarithmic for a geometric
Laspeyres index, translog for a Térnqvist indexd quadratic for a Fisher index (Chapter

Mt is noted that the anti-log of the OLS-estimatedefficients is not unbiased—the estimation of
semilogarithmic functions as transformed linearresgions requires an adjustment to provide minimum-
variance unbiased estimates of parameters of thdittanal mean. A standard adjustment is to acdettoalf of
the coefficient’'s squared standard error to theneded coefficient (Goldberger, 1968, and Teekemskoerts,
1972).

“Diewert (2002f) argues against the linear form lo@ grounds that, while the hedonic model is lingae,
estimation required is of a nonlineaggressionmodel, and the semi-log and log-log models arealine
regressionmodels. He also notes that semi-log form has th&dstantage against the log-log of not being able
to impose constraints of constant returns to sdailewert (2002d) | think that you call this Diewd&003)
elsewhere; i.e., my NBER paper that started oud &®mment on your paper. also argues for the use of
nonparametric functional forms and the estimatibrinear generalized dummy variable hedonic regogss
models. This has been take up in Curry, Morgan,&ihar (2001), who use neural networks that amwshto
work well, although the variable set required fogit estimation has to be relatively small.




17). However, as Triplett (2004) notes, the purpafsestimating hedonic regressions is to
adjust prices for quality differences, and imposanfyinctional form on the data that is
inconsistent with the data might create an errdhénquality adjustment procedure. Yet, as
Diewert (2003) notes, flexible functional forms enmgpass these simple forms. The log-log
form is a special case of the translog form agjuee¢ion 17.11, and the semi-log form is a
special case of the semi-log quadratic form agjuagon 17.16. If there are a priori reasons
to expect interaction terms for specific charastess, as illustrated in the example in
Chapter 7, Section E.4, then these more generakfaflow this, and the theory of hedonic
functions neither dictates the hedonic form notrigs it.

Changing tastes and technologies

21.83 The estimates of the coefficients may change orer.tSome of this will be

attributed to sampling error, especially if multlswarity is present, as discussed below.
But, in other cases, it may be a genuine refleatiothanges in tastes and technologies. If a
subset of the estimated coefficients from a hedmageession is to be used to quality adjust a
noncomparable replacement price, then the usdtiofasd out-of-date coefficients from
some previous period to adjust the prices of thve mglacement model would be
inappropriate. There would be a need to updatitliees as regularly as the changes
demand* For estimating hedonic indices, the matter is noomplicated. The coefficients in
a simple dummy time-period model as in Sectionf®® have different estimates of the
parameters in each period. Silver (1999), usinigngle example, shows how the estimate of
quality adjusted price change from such a dummyabée model requires a reference basket
of characteristics. This is apparent for the heclimputation indices where separate indices
using base-and current-period characteristics strmated. A symmetric average of such
indices is considered appropriate. A hedonic inggesed on a time dummy variable

implicitly constrains the estimated coefficientsrfr the base and current periods to be the
same. Diewert (2003) formalizes the problem of g the reference characteristics when
comparing prices over time when the parametersehedonic function may themselves be
changing over time. He finds the results of hedamiices tonot be invariant to the choice

of reference-period characteristic vectoraséthe use of a sales (quantity) weighted average
vector of characteristics proposed by Silver (198%pnsidered, but Diewert notes that over
long time periods this may become unrepresent&ti@é.course, if the dummy-variable
approach is used in a chained formulation as @dlin Section C.3, the weighted averages
of characteristics remain reasonably up to dateigh chaining has its own pros and cons
(see Chapter 15). A fixed-base alternative noteBieyvert (2003) is to use a Laspeyres-type
comparison with the base-period parameter setadPmhsche-type current-period index with
the current-period parameter set, and take the gmnmean of the two indices for reasons
similar to those given in Chapter 17, Section Bl3e resulting Fisher-type index is similar

to that given in equation (21.32) proposed by Fear{d995)** A feature of the time dummy
approach in is that it implicitly takes a symmetricerage of the coefficients by constraining

“In Chapter 15, Section C.3, the issue of adjustirgbase versus the current period’s price is sl
since there are different data demands.

“Other averages may be proposed—for example, thdsnet an index representative of the “typical”
establishment would be better met by a trimmed nezanedian.

“Diewert (2002c) also suggests matching items wpessible and using hedonic regressions to impwe th
prices of the missing old and new ones. Differemtis of weighting systems, including superlativesincan




them to be the same. But what if, as is more likieé/case, only base-period hedonic
regression coefficients are available? Since hedodices based on a symmetric average of
the coefficients are desirable, the spread or idiffee between estimates based on either a
current or a reference-period characteristicssseniindication of potential bias, and
estimates of such spread may be undertaken rettbsglg. If the spread is large, estimates
based on the use of a single period’s characiesisét, say the current period, should be
treated with caution. More regular updating of hieelonic regressions is likely to reduce
spread because the periods being compared wéllolser and the characteristics of the items
in the periods compared more similar.

Weighting

21.84 OLS estimators implicitly treat each item as bedfigqual importance, although
some items will have quite substantial sales, wioiteothers sales will be minimal. It is
axiomatic that an item with sales of more than 6,i00a month should not be given the same
influence in the regression estimator as one widwatransactions. Products with very low
sales may be at the end of their life cycles ocumom made. Either way, their (quality-
adjusted) prices and price changes may be unffsBath observations with unusual prices
should not be allowed to unduly influence the intfekhe estimation of hedonic regression
equations by a WLS estimator is preferable. Thisnegor minimizes the sum efeighted
squared deviations between the actual prices angrédicted prices from the regression
eqguation, as opposed to OLS estimation, which asesgjual weight for each observation.
There is a question as to whether to use quanwiityifhe) or expenditure weights. The use of
guantity weights can be supported by consideriegititure of their equivalent “price.” Such
prices are the average (usually the same) priceaowember of transactions. The underlying
sampling unit is the individual transaction, soréhis a sense that the data may be replicated
as being composed of, say, 12 individual obsermatissing an OLS estimator, as opposed to
a single observation with a weight of 12 using aS\dstimator. Both would yield the same
result. Inefficient estimates arise if the variané¢he errorsV(u), is not constant—that is,
they are heteroskedastic. WLS is equivalent toragguthat the error variances are related
to the weights in a multiplicative manner, 34w) = c?w;>.*® A priori notions as to whether a
hedonic regression model predicts better/worséfatrent levels of quantities or
expenditures may help in identifying which weighte appropriate; however, statistical tests
or plots of heteroskedasticity may be more useful.

21.85 The sole use of statistical criteria for decidimgvehich weighting system to use has
rightfully come under some criticism. Diewert (2@0and 2005) and Silver (2002) have
argued that what matters is whether the estimatesegresentative of the target index in

be applied to this set of price data in each peiwodoth matched and unmatched data.

4“Such observations have higher variances of theor éerms, leading to imprecise parameter estimdteis
would argue for the use of WLS estimators with ditarsold as the weight. This is one of the staddar
treatments for heteroskedastic errors (see Beta@tl).

4See Berndt, Ling, and Kyle (2003), Cockburn andsAi998), and Silver and Heravi (2002) for examples
Silver and Heravi (2002) show old items have abaverage leverage effects and below-average residiat
only are they different, but they exert undue iefiae for their size (number of observations).

“Estimating an equation for which each variableivéded by the square root of the weight using Ok
equivalent procedure.




mind. Conventional target index numbers such apéwes, Paasche, Fisher, and Térngvist
weight price changes by expenditure shares, anitiee two formulas have received
support from the axiomatic, stochastic, fixed-base economic theoretic approaches, as
shown in Chapters 15-18. Thus, value weights afeped to quantity weights: “The
problem with quantity weighting is this: it wikihd to give too little weight to cheap models
that have low amounts of useful characteristicgégrt, 2002c, p. 8). He continues to
argue that for a WLS estimator of hedonic time dynwariable indices, expenditushare
weights should be used, as opposed tw#hae of expenditure, to avoid inflation increasing
period 1 value weights, resulting in possible hetkedastic residuals. Furthermore, for a
semilogarithmic hedonic function when models aespnt in both periods, the average
expenditure shares in periods 0 and Infidgtems, Y260 + Sm), should be used as weights in
the WLS estimator. If only matched models exighi@ data, then such an estimator may be
equivalent to the Térngvist index. If an obsermatn is only available in one of the periods,
its weight should bew or sm accordingly, and the WLS estimator providegeaeralization

of the Térnqvist index.

21.86 Silver (2002) has shown that a WLS estimator usadge weights will not
necessarily give each observation a weight equitd telative value. The estimator will give
more weight to those observations with high leveraffects and residuals. Observations
with values of characteristics with large deviatidrom their means—say, very old or new
models—have relatively high leverage. New and otdlefs are likely to be priced at quite
different prices than those predicted from the imézlcegression, even after taking into
account their different characteristics. Such @iessult, for example, from a pricing strategy
designed to skim segments of the market willingag a premium for a new model, or from
a strategy to charge relatively low prices for &hraodel to dump it to make way for a new
one. In such cases the influence these modelsdraderiving the estimated coefficients will
be over and above that attributable to their valaghts. Silver (2002) suggests that
leverage effects should be calculated for eachreasen, and those with high leverage and
low weights should be deleted, and the regressamm. Thus, while quantity or value
weights are preferable to no weights (that is, Qi8lue weights are more appropriate than
guantity ones and, even so, account should be w@kabservations with undue influence.

21.87 Diewert (2002f) has also considered the issue aflwtig with respect to the time
dummy hedonic indices outlined in Section C.6. Tike of WLS by value involves weights
being applied to observations in both periods. Haeif, for example, there is high

inflation, then the sales values for a model indberent period will generally be larger than
those of the corresponding model in the base pgegiod the assumption of homoskedastic
residuals is unlikely to be met. Diewert (2002f &0d5) suggests the use of expenditure
sharesin each period, as opposed to values, as weighWES for time dummy hedonic
indices. He also suggests that an average of ekpemdhares in the periods being compared
be used for matched models.

21.88 Data on sales are not always available for weidhtsthe major selling items can
generally be identified. In such cases, it is ini@atr to restrict the number of observations of
items with relatively low sales, the extent of teetriction depending on the number of
observations and the skewness of the sales ditnibun some cases, items with few sales




provide the variability necessary for efficientiegttes of the regression equation. In other
cases, their low sales may be due to factors th&erthem unrepresentative of the hedonic
surface, their residuals being unusually high. Aaneple is low-selling models about to be
dumped to make way for new models. Unweighted ssjpas may thus suffer from a
sampling problem—even if the prices are perfectigliy adjusted, the index can be biased
because it is unduly influenced by low-selling igewith unrepresentative price-
characteristic relationships. In the absence ofltsi regression diagnostics have a role to
play in helping to determine whether the unduearare in some observations belongs to
such unusual low-selling items.

21.89 There is a situation in which an unweighted OL$wesstor is preferred. This is when
markets are in perfect hedonic equilibrium. Obsiowna with unusual characteristics, say

old or new models, would take values which wergigaarly dispersed from their means

and thus increase the variation of the samplehf@isame underlying model. Such increased
variation leads to an increase in the efficiencthefestimates. However, theory and
empirical observation (see Silver and Heravi, 2QGBlal that such outliers do not have the
same structural relationships as other modelbelsales shares of these new and old models
are low relative to the number of models they repnt¢in the market, then an OLS

regression would give them undue weight.

21.90 Multicollinearity.

21.91 There are a priorieasons to expect for some products that the i@miat the values

of one characteristic will not be independent of on a linear combination of other
characteristics. As a result, parameter estimatiébevunbiased, yet imprecise. To illustrate
this, a plot of the confidence interval for onegraeter estimate against another collinear one
is often described as elliptical, since the comtidmes of possible values they may take can
easily drift from, say, high values pf and lowp. to higher values d§;and loweof ..

Since the sample size for the estimates is effelgtireduced, relatively small additions to

and deletions from the sample may affect the patemestimates more than would be
expected. These are standard statistical issuégharreader is referred to Maddala (1988)
and Kennedy (2003). In a hedonic regression, nallin@arity might be expected as some
characteristics may be technologically tied to c@hBroducers including one characteristic
may need to include others for it all to work, vehibr the consumer side, purchasers buying,
for example, an up-market brand may expect a cebtandle of features to come with it.
Triplett (2004) argues strongly for the researdbdye aware of the features of the product
and consumer market. There are standard, thougtongtletely reliable, indicators of
multicollinearity (such as variance inflation fady but an exploration of its nature is

greatly aided by an understanding of the marketgaleith exploration of the effects of

47A less formal procedure is to take the standardiesitiuals from the regression and plot them agaioslel
characteristics that may denote low sales, sucie’sin brands (makes) or vintage (if not directly
incorporated) or some technical feature that mékadikely that the item is being bought in quantHigher
variances may be apparent from the scatter ploertfin features are expected to have, on ave@geales,
but seem to have high variances, leverages, ailieds (see Silver and Heravi, 2002), a case efdstat least
downplaying their influence. Bode and van DalerO@Quse formal statistical criteria to decide betwe
different weighting systems and compare the resfil@LS and WLS, finding, as with loannidis andv8il
(1999), that different results can arise.




including and excluding individual variables on #igns and coefficients and on other
diagnostic test statistics (see Maddala, 1988).

21.92 If a subset of the estimated coefficients from ddméc regression is to be used to
quality adjust a noncomparable replacement pricé ifathere is multicollinearitypetween
variables in this subsanhdother independent variables, then the estimatdseafoefficients
to be used for the adjustment will be imprecisee Wulticollinearity effectively reduces the
sample size, and some of the effects of the vagsainl the subset may be wrongly ascribed to
the other independent variables. The extent ofetrigr will be determined by the strength of
the multiple-correlation coefficient between altbdindependent” variables (the
multicollinearity), the standard error or “fit" dlfie regression, the dispersion of the
independent variable concerned, and the sampleizse all affect the precision of the
estimates, since they are components in the stdmdeor of the-statistics. Even if
multicollinearity is expected to be quite high garsample sizes and a well-fitting model
may reduce the standard errors ontthtatistics to acceptable levels. If multicollinigais
expected to be severe, the predicted value fareams price may be computed using the
whole regression and an adjustment made usingréuicped value, as explained in Chapter
7, Section E.4, since there is a sense in whialoitld not matter whether the variation was
wrongly attributed to eithds, or B.. If dummy variable hedonimdicesare being calculated
(Section B.3 above), the time trend will be colinevith an included variable if a new
feature appears in a new month for the vast mgjofithe items, so that the data are not rich
enough to allow the separate effects of the cdefftoon the time dummy to be precisely
identified. The extent of the imprecision of theffwient on the time dummy will be
determined by the aforementioned factors. A sindlgument holds for omitted variable
bias.

Omitted variable bias

21.93 The exclusion of tastes and technology and commuehiracteristics has already
been discussed. The concern here is with prodaehcteristics. Consider again the use of a
subset of the estimated coefficients from a hedmageession to quality adjust a
noncomparable replacement price. It is well esshblil that multicollinearity of omitted
variables with included variables leads to biagh@estimates of the coefficients of included
ones. If omitted variables amedependenof the included variables, then the estimatesef t
coefficients on the included variables are unbia$éds is acceptable in this instance; the
only caveat is that it may be that the quality atfient for the replacement item also
requires an adjustment for these omitted varialaled,this, as noted by Triplett (2004), has
to be undertaken using a separate method andRlatahat if the omitted variable is
multicollinear with a subset of included ones, #meke included ones are to be used to
guality adjust a non-comparable item? In this csmcoefficients on the subset of the
included variables may be wrongly picking up sorhthe omitted variables’ effects. The
coefficients will be used to quality adjust pridesitems that differ only with regard to this
subset of included variables, and the price corapamwill be biased if the characteristics of
both included and omitted variables have diffemite changes. For hedoniticesusing a
dummy time trend, the estimates of quality-adjugtede changes will suffer from a similar

“®Triplett (2004) stresses the point tl R’ alone is insufficient for this purpose.




bias if excluded from the regression are omittetdhbdes multicollinear with the time
change. What are picked up as quality-adjustect pfianges over time may, in part, be
changes due to the prices of these excluded vasabhis requires that the prices on the
omitted characteristics follow a different trendic8 effects are most likely when there are
gradual improvements in the quality of items, sastihe reliability and safety of consumer
durables’? which are difficult to measure, at least for taenple of items in real time. The
quality—adjusted price changes will thus overspaige changes in such instances.

“There are some commodity areas, such as airlinéocgrthat have been argued to have overall pattefn
decreasing quality.




Figure 21.1. Consumption and Production Decisionsfor Combinations of Char acteristics
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Appendix 21.1 Some econometric issues

1. Hedonic regression estimates are seen in Chaptehave a potential use for quality
adjustment to prices. A number of issues arise fitwrspecification and estimation of
hedonic regressions, the use of diagnostic stajsdind courses of action when the standard
assumptions of ordinary least squares (OLS) ane teelbreak down. Many of these issues
are standard econometric ones and not the sulfjfisonanual. This is not to say they are
unimportant. The use of hedonic regressions regjgioene econometric and statistical
expertise, but suitable texts are generally avid|aee Berndt (1991) — particularly the
chapter on hedonic regressions — and Maddala (1888Kennedy (1998) amongst many
others. Modern statistical and econometric softwa®adequate diagnostic tests for testing
when OLS assumptions break down. There remain, W@wsome specific aspects which
merit attention; these points are over and aboséntiportant standard econometric
considerations dealt with in econometric texts.

Identification and appropriate estimators

2. Wooldridge (1996, pp. 400-401) has shown on stahdconometric grounds that the
estimation of supply and demand functions by OLBiased and this bias carries over to the
estimation of the hedonic functioh is first useful to consider estimation issuegareling
demand and supply functioriehe demand and supply functions are rarely estiinate
practice. The more common approach is to estiwff¢e functions, with the marginal price
offered by the firm dependent upon chosen attrb(peoduct characteristics) and firm
characteristics, anoid or valuefunctions, with the marginal prices paid by a cansu
dependent upon chosen attributes and consumerctdastics>’ As noted earlier, the
observed prices and quantities are the resulteoirteraction between structural demand and
supply equations and the distributions of prodieehnologies and consumer tastes; they
cannot reveal the parameters of the offer and Valogtions. Rosen (1974, pp. 50-51)
suggested a procedure for determining these pagasn&ince these estimates are
conditioned on tastéa ) and technologie<1) , the estimation procedure needs to include
empirical measures or “proxy variables”«ofnd 1. For the tastes of consumers, the
empirical counterparts may be socio-demographicesmetiomic variables, which may

include age, income, education and geographicadme§or technologies variables may
include types of technologies, scale and factarasri First, the hedonic equation is estimated
in the normal manner, without these variables,qsiie best-fitting functional form. This is

to represent the price function that consumerspaoducers face when making their

decisions. Then, an implicit marginal price funatie computed for each characteristicdas

@)/ 9 zi= P@ where @ is the estimated hedonic equation. Bear in miadithnormal
demand/supply studies fproducts the prices are observed in the market. Prices for
characteristicsare unobserved; this first stage is to estimatgtrameters from the hedonic
regression. The actual values of eadtought and sold are then inserted into each iplic
marginal price function to yield a numerical vafoe each characteristic. These marginal
values are used in the second stagkestimation as endogenous variables for thenasiton

%0 These are equivalent to inverse demand (or sufphgtions, with the prices dependent upon the tities
demanded (or supplied) and the individual consujeproducer) characteristics.




of the demand side:

P@=F,....2 o) (A21.1)
wherea* are the proxy variables for tastes; and the supjdle:
P@=F(z,..2,T (A21.2)

where T* are the proxy variables for technologies.

The variable:T* drop out when there is no variation in technoésganc P@is an estimate
of the offer function. Similarly, the variable$ drop out when sellers differ and buyers are
identical, and cross-section estimates trace aupensated demand functions.

3. Epple (1987) has argued that Rosen’s modelliragegty is likely to give rise to
inappropriate estimation procedures of the demandsapply parameters. In the hedonic
approach to estimating the demand for charactesisai difficulty arises from the fact that
marginal prices are likely to be endogenous — ttepgend on the amount of each
characteristic consumed and must be estimatedtfierhedonic function rather than
observed directly. There are two resulting problefirst, there is an identification problem
(see Epple (1987)) because both the marginal pfieecharacteristic and the inverse bid
depend on the levels of characteristics consumetbr#l, if important characteristics are
unmeasured and they are correlated with measugdatieristics, the coefficients of
measured characteristics will be biased. This appb all econometric models, but is
particularly relevant to hedonic models; on thisnpasee Wooldridge (1996, pp. 400-401) in
particular. The equilibrium conditions for charattgc prices imply functional relationships
among the characteristics of demanders, supplietpeoducts. This in turn reduces the
likelihood that important excluded variables will bncorrelated with the included variables
of the model; see also Bartik (1988) on this poitie bias arises because buyers are
differentiated by characteristicg,¢) and sellers by technologi 's The type of item buyers
will purchase is related ty,¢) and the type sellers provide T2 On the plane of
combinations of transacted, the equilibrium ones chosen may kersadically related; the
characteristics of buyers are related to thoseltérs. Epple (1987) uses the example of
stereo equipment: the higher income of some bugads to purchases of high-quality
equipment, and the technical competence of sddads them to provide it. The consumer
and producer characteristics may be correlated.

4, Wooldridge (1996, pp. 400-401) suggests thawviddal consumer and firm
characteristics, such as income, education and pnues, should be used as instruments in
estimating hedonic functions. In addition, variabd¢her than a good’s characteristics should
be included as instruments if they are price-det@ng, such as geographical location
(proximity to ports, good road systems, climate an@n). Communities of economic agents
are assumed, within which consumers consume amtlipeos produce for each other at
prices that vary across communities for identicadds. Variables of the characteristics of
the communities will not in themselves enter themded and supply equation, but are price-
determining for observed prices that are recoraedsa communities. Tauchen and Witte

1 This two-stage approach is common in the litemtiuhough Wooldridge (1996) discusses the joint
estimation of the hedonic, demand-side and supplyfsinctions as a system.




(2001) provide a systematic investigation of thedittons under which the characteristics of
consumers, producers and communities will affeetitbdonic parameter estimates for a
single regression equation estimated across alieonities. A key concern is whether the
error term of the hedonic price function represéatsors that are unobserved by both the
economic agents and the researcher, or only bsetearcher. In the latter case, the error
term may be correlated with the product attribuitestrumental variable estimation is
required. If the error term isot correlated with the product characteristics —gnexfices are
quasi-linear — then a properly specified hedongression, including community-specific
characteristics or appropriate slope dummies, eagstimated using ordinary least squares.
In other cases, depending on the correlation betweasumer and producer characteristics,
assumptions about the error term and the methawtofporating community characteristics
into the regression, instrumental variables, inicigeconsumer, producer or community
dummy or characteristics, may need to be used.

Functional form

5. Triplett (1987 and 2002) argues that neithersitas utility theory nor production
theory can specify the functional form of the hedduanction3? This point dates back to
Rosen (1974, p. 54) who describes the observatisfieing “... a joint-envelope function
and cannot by themselves identify the structureoosumer preferences and producer
technologies that generate them”. A priori judgetsers to what the form should look like
may be based on ideas as to how consumers andctimdtechnologies respond to price
changes. These judgements are difficult to makenthe observations are jointly
determined by demand and supply factors, but npogsible in rare instances. They are,
however, complicated when pricing is with a mark-ihg extent of which may vary over the
life cycle of a product. Some tied combinationgla@racteristics will have higher mark-ups
than others. New item introductions are likely toditracted to these areas of characteristic
space, and this will have the effect of increasingply and thus lowering the mark-up and
price; see Cockburn and Anis (1998), Feenstra (1199647) and Triplett (1987). This again
must be taken into account in any a priori reagprimot an easy or straightforward matter.

6. It may be that in some cases the hedonic funstfomctional form will be
straightforward. For example, prices on the wedssior options for products are often
additive. The underlying cost and utility structsigre unlikely jointly to generate such linear
functions, but the producer or consumer is alsanggfor the convenience of selling in this
way and is willing to bear losses or make gainbefcost or utility at higher values nare
priced lower or worth more than the price set.éngyal, the data should convey what the
functional form should look like; imposing artifadistructures simply leads to specification
bias. For examples of econometric testing of hexlumictional form, see Cassel and
Mendelsohn (1985), Cropper, Deck and McConnell 89Basmussen and Zuehlke (1990),
Bode and van Dalen (2001) and Curry, Morgan ange6{2001).

7. The three forms prevalent in the literature aredr, semi-logarithmic and double-

52 Although Arguea, Haseo and Taylor (1994) proposdinaar form on the basis of arbitrage for
characteristics, held to be likely in competitivankets, Triplett (2002) argues that this is unlke be a
realistic scenario in most commodity markets.




logarithmic (log-log). A number of studies have digeonometric tests, in the absence of a
clear theoretical statement, to choose between.tiibare have been a large number of
hedonic studies and, as illustrated by Curry, Morgiad Silver (2001), in many of these the

quite simple forms do well, at least in terms a&f R? presentetf and the parameters
according with a priori reasoning, usually on tbasumer side. Of the three popular forms,
some are favoured in testing; for example, Murnag 8arantis (1999) favoured the semi-
logarithmic form, while others, for example Hoffrma(1998), found that the three functional
forms scarcely differed in terms of their explamatoower. That the parameters from these
simple forms accord with a priori reasoning, ugufithm the consumer side, is promising,
but researchers should be aware that such mateermtiassured. There is much that may
happen on the supply side to affect parameter salndeed Pakes (2001) has argued that no
intuitive sign can be given to the parameters efvériables, since producers may vary their
price mark-ups on characteristics in ways that woeabult in counter-intuitive negative signs
on some desirable characteristics.

8. Of the three forms, the semi-logarithmic form hasch to commend it. The
interpretation of its coefficients is quite straiginward, as proportionate changes in prices
arise from a unit change in the value of the cheratic* (see Chapter 7, paragraphs 7.39
and 7.40). This is a useful formulation since gyaldjustments are usually undertaken by
making multiplicative as opposed to additive adjests.

9. The semi-logarithmic form, unlike the log-log nebdcan incorporate dummy
variables for characteristics which are either @néz=1, or not,z=0. Furthermore, Diewert
(2002e) has argued that it is more likely thatehrers from a semi-logarithmic hedonic
equation are homoskedastic (have a constant vajiaompared to the errors from a linear
hedonic equation, since items with very large ctiaréstic values will have high prices and
are very likely to have relatively large error tatrdn the other hand, models with very small
amounts of characteristics will have small priced amall means, and the deviation of a
model price from its mean will necessarily be sifailhce an assumption of OLS is that the
residuals are homoskedastic, the semi-logarithioniagon is preferred to the linear one.

10. More complicated forms are, of course, possiilgple forms have the virtue of
parsimony and allow more efficient estimates tortaele for a given sample. However,
parsimony is not something to be achieved at tisé @iomisspecification bias. First, if the
hedonic function is estimated across multiple iredejent markets, then interaction terms are
required (see Mendelsohn (1984) for fishing sitEgkluding them is tantamount to omitting
variables and inappropriately constraining thenested coefficients of the regression.

53 While the use o R? as a criterion for deciding between the fit of ségarithmic and log-log models has
some validity, its use is not advised for compatingar models with either of these logarithmicnfiolations, a
number of tests being appropriate for such compasissee Maddala (1988).

~

5 There are two caveats: firse,ﬂ ! is required for the interpretation of the coe#itis, Whereﬁ is the
estimated coefficient. Second, the anti-logarithfrth® OLS estimated coefficients are not unbiasethe-
estimation of semi-logarithmic functions as tramsfed linear regressions requires an adjustmentduige
minimum variance unbiased estimates of parametetfeo conditional mean. A standard adjustment is to
subtract half of the coefficient’'s squared standzmrdr from the estimated coefficient; see Goldber(d 968)
and Teekens and Koerts (1972).




Tauchen and Witte (2001) have outlined the pamichiases that can arise for such omitted
variables in hedonic studies. Second, it may baetdghat the functional form should
correspond to the aggregator for the index — lifi@aa Laspeyres index, logarithmic for a
geometric Laspeyres index, translogarithmic foilbanfvist index, and quadratic for a Fisher
index (see Chapter 17). As Triplett (2002) notesyéver, the purpose of estimating hedonic
regressions is to adjust prices for quality differes; imposing a functional form on the data
which is inconsistent with the data might createeaor in the quality adjustment procedure.
Yet, as Diewert (2003a) notes, flexible functioflains encompass these simple forms, the
log-log form being a special case of the transtogifgiven in equation (17.42) and the semi-
log form being a special case of the semi-log qaigxiform given in equation (17.49). If
there area priori reasons to expect interaction terms for speckfaracteristics, as illustrated
in the example in paragraph 7.99, then these memergl forms allow this. The theory of
hedonic functions neither dictates the form offtedonic form nor restricts it.

Changing tastes and technologies

11. The estimates of the coefficients from a hedogngession may change over time.
Some of this change will be attributed to sampéngr, especially if multicollinearity is
present, as discussed below. But in other caseayitbe a genuine reflection of changes in
tastes and technologies. If a subset of the estilnadefficients from a hedonic regression is
to be used to make a quality adjustment to a nompeoable replacement price, then the use
of estimated out-of-date coefficients from somevjmes period to adjust the prices of the
new replacement model may be inappropriate. Theaeieed to update the indices as
regularly as the changes demanefdgistimating hedonic imputation indices is more
complicated. Silver (1999), using a simple examgit®mwed how the estimate of quality-
adjusted price changes requires a reference bak&bkaracteristics. This is apparent for the
hedonic imputation indices in paragraphs 21.371t6@ where separate indices using base
and current period characteristics are estimatesimmetric average of such indices is
considered appropriate. A hedonic index basedtomeadummy variable implicitly
constrained the estimated coefficients from thes lzasl current periods to be the same.
Diewert (2003a) formalized the problem of choodimg reference characteristics when
comparing prices over time, when the parametetiseohedonic function may themselves be
changing over time. He found the results of hedordaesnotto be invariant to the choice
of reference period characteristic vectorsétie considered the use of a sales-weighted
average vector of characteristics, as proposedibgr$1999), but he notes that over long
time periods this may become unrepresentdfi@.course, if a chained formulation is used,
the weighted averages of characteristics remaworebly up to date, although chaining has
its own pros and cons (see paragraph 17.44 to bf @8apter 17). A fixed base alternative
noted by Diewert (2003a) is to use a Laspeyres ¢ppaparison with the base period
parameter set, and a Paasche type current pede# with the current period parameter set,
and take the geometric mean of the two indicesdasons similar to those given in Chapter
15, paragraphs 15.18 to 15.32. The resulting Fisiperindex is akin to a geometric mean of

%5 Adjusting the base versus the current period peitils different data demands, see Chapter agpaph
7.49.

% Other averages may of course be proposed; for gearthe needs of an index representative of the
“typical” establishment would be better met byientned mean or median.




Laspeyres and Paasche indices — given in equdari26) and (21.27) — based on Feenstra
(1995)%" A feature of the time dummy approach in paragr&ih40 to 21.42 is that it
implicitly takes a symmetric average of the coédfits by constraining them to be the same.
But what if, as is more likely the case, only bpedod hedonic regression coefficients are
available? Since hedonic indices based on a syrmasterage of the coefficients are
desirable, the “spread” or difference between edtibased on either a current or a
reference period characteristic set is an indicatiopotential bias and estimates of such
spread may be undertaken retrospectively. If theagpis large, estimates based on the use of
a single period’sharacteristics set, say the current period, shogifdeated with caution.
More regular updating of the hedonic regressiotlikédy to reduce spread because the
periods being compared will be closer and the dtaristics of the items in the periods
compared more similar.

Weighting

12. Ordinary least squares estimators implicitlatreach item as being of equal
importance, even though some items will have cuuitestantial sales, while sales of others
will be minimal. It is axiomatic that an item wifales of over 5,000 in a month should not
be accorded the same influence in the regresstonager as one with a few transactions.
Items with very low sales may be at the end ofrtlifei cycles or be custom-made. Either
way, their (quality-adjusted) prices and price demmay be unusu®Observations with
unusual prices should not be allowed unduly taiigrice the inde%.

13.  The estimation of hedonic regression equatigre Wweighted least squares (WLS)
estimator is preferable. This estimator minimizes$um ofveightedsquared deviations
between the actual prices and the predicted pfioesthe regression equation, as opposed
to ordinary least squares (OLS), which uses anleggight for each observation. There is a
guestion as to whether to use quantity (volumedxpenditure weights. The use of quantity
weights can be supported by considering the natutteeir equivalent “price”. Such prices
are the average (usually the same) price over deauof transactions. The underlying
sampling unit is the individual transaction, soréhis a sense that the data may be replicated
as being composed of, say, 12 individual obsermatissing an OLS estimator, as opposed to
a single observation with a weight of 12 using aS\dstimator. Both would yield the same
result. Diewert (2002e) has argued on the groufidspresentativity that sales values are the
appropriate weights. Quantity weighting gives titttel weight to models with high prices

and too much weight to cheap models that haveivelgiow amounts of useful
characteristics. The need to equate the weightsneiative expenditure or sales value arises
from a prime concern with index numbers: that thesve to decompose changes in value

5" Diewert (2002e) also suggests matching items whessible, and using hedonic regressions to imgete
prices of the missing old and new ones. Differemtis of weighting systems, including superlativesincan
be applied to this set of price data in each peidothoth matched and unmatched data.

% Such observations would have higher variancesheir terror terms, leading to imprecise parameter
estimates. This would argue for the use of weigltedt squares estimators with quantity sold asmtight.
This is one of the standard treatments for hetedesstic errors; see Berndt (1991).

% Silver and Heravi (2002) show that old items hab®ve-average leverage effects and below-average
residuals. Not only are they different, but thegrxundue influence for their size (number of olkagons).
See Berndt, Ling and Kyle (2003), Cockburn and A@98) and Silver and Heravi (2002) for examples.




into their price and quantity components. SilveédQ2) has shown that a WLS estimator
using value weights will not necessarily give eabkervation a weight equal to its relative
value. The estimator will give more weight to thedservations with high leverage effects
and residuals. Observations with values of chariatites with large deviations from their
means, say very old or new models, have relatiliglg leverage. New and old models are
likely to be priced at quite different prices thawnse predicted from the hedonic regression,
even after taking into account their different @weristics. Such prices result, for example,
from a pricing strategy designed to skim segmehtseomarket willing to pay a premium for
a new model, or from a strategy to charge relatil@v prices for an old model to dump it to
make way for a new one. In such cases, the inflaémese models have on deriving the
estimated coefficients will be over and above #ttitbutable to their value weights. Silver
(2002) suggests that leverage effects should loeileééd for each observation, and those
with high leverage and low weights should be delesad the regression rerun. Thus, while
guantity or value weights are preferable to no Weidi.e., OLS), value weights are more
appropriate than quantity ones and, even so, atsbuld be taken of observations with
undue influence.

14. Diewert (2002€) has also considered the issueeimfhting with respect to the
dummy time hedonic indices outlined in paragraphd@to 21.42. The use of WLS by
value involves weights being applied to observaionboth periods. However, if, for
example, there is high inflation then the salesi@sifor a model in the current period will
generally be larger than those of the corresponitiadel in the base period and the
assumption of homoskedastic residuals is unlikelye met. Diewert (2002e) suggests the
use of expenditureharesin each period, as opposed to values, as weight#&/LS for time
dummy hedonic indices. He also suggests that amgeef expenditure shares in the
periods being compared be used for matched models.

15. Data on sales are not always available for visjdiut the major selling items can
generally be identified. In such cases, it is ini@atr to restrict the number of observations of
items with relatively low sales, the extent of teetriction depending on the number of
observations and the skewness of the sales ditnibun some cases, items with few sales
provide the variability necessary for efficientiegttes of the regression equation. In other
cases, their low sales may be due to factors th&erthem unrepresentative of the hedonic
surface, their residuals being unusually high. Aareple is low-selling models about to be
dumped to make way for new models. Unweighted ssjpas may thus suffer from a
sampling problem — even if the prices are perfeqiglity adjusted, the index can be biased
because it is unduly influenced by low-selling itewith unrepresentative
price—characteristic relationships. In the absafaeeights, regression diagnostics have a
role to play in helping to determine whether thelumvariance in some observations belongs
to such unusual low-selling iterffs.

%0 A less formal procedure is to take the standaddiesiduals from the regression and plot them aganodel
characteristics that may denote low sales, sucie’sin brands (makes) or vintage (if not directly
incorporated), or some technical feature which reakenlikely that the item is being bought in gtign
Higher variances may be apparent from the scalverlpcertain features are expected to have,\arage, low
sales, but seem to have high variances, leveragereaiduals (see Silver and Heravi (2002)), a eassds for
at least down-playing their influence. Bode and Baten (2001) use formal statistical criteria tecide
between different weighting systems and compareesbelts of OLS and WLS, finding, as with loannidied




Multicollinearity

16.  There are a priori reasons to expect, for someéygts, that the variation in the value
of one quality characteristic is not independemimd quality characteristic or a linear
combination of more than one such characteristicaAesult, parameter estimates will be
unbiased yet imprecise. To illustrate this, a plahe confidence interval for one parameter
estimate against another collinear one is ofteordeed as elliptical, since the combinations
of possible values they may take can easily diditrf, say, high values ¢f and low values

of , to high values of;and lowvalues off:. Since the sample size for the estimates is
effectively reduced, additions to and deletionsrfithe sample may affect the parameter
estimates more than would be expected. Theseandat statistical issues, dealt with by
Maddala (1988) and Kennedy (1998). In a hedonicession, multicollinearity might be
expected, as some characteristics may be techoalbygfied to others. Producers including
one characteristic may need to include othershiemptroduct to work, while consumer
purchasing, say, an up-market brand may expeattaicéundle of features to come with it.
Triplett (2002) argues strongly for the researdbdye aware of the features of the product
and the consumer market. There are standard, thwatgtompletely reliable, indicators of
multicollinearity (such as variance inflation fact)) but an exploration of its nature is
greatly aided by an understanding of the marketgaleith exploration of the effects of
including and excluding individual variables on #igns and coefficients and on other
diagnostic test statistics; see Maddala (1988).

17. If a subset of the estimated coefficients fronedonic regression is to be used to
guality-adjust a non-comparable replacement pend, if there is multicollinearity between
variables in this subset and other independenabba$, then the estimates of the coefficients
to be used for the adjustment will be imprecisee Wulticollinearity effectively reduces the
sample size, and some of the effects of the vagsainl the subset may be wrongly ascribed to
the other independent variables. The extent ofetrigr will be determined by the strength of
the multiple correlation coefficient between altkuindependent” variables (the
multicollinearity), the standard error or fit ofethegression, the dispersion of the
independent variable concerned and the sampleTiese all affect the precision of the
estimates since they are components in the stamdandof thet-statistics. Even if
multicollinearity is expected to be quite high garsample sizes and a well-fitting model
may reduce the standard errors ontthtatistics to acceptable levels. If multicolliniéais
expected to be severe, the predicted value foreams price may be computed using the
whole regression and an adjustment made usingtbdicted value, as explained in Chapter
17, paragraphs 17.103 to 17.109. There is a sanghich it does not matter whether the
variation that, for example, should have beentattad tg5, was wrongly attributed t6,, or
vice versa if the predicted price based on igetinds; is used.

Omitted variable bias

Silver (1999), that different results can arise.

51 Triplett (2002) stresses the point t Rzalone is insufficient for this purpose.




18. The exclusion of tastes, technology and commuahiaracteristics has already been
discussed. The concern here is with product cheriatits. Consider again the use of a
subset of the estimated coefficients from a hedmdcession to quality-adjust a non-
comparable replacement price. It is well estabtisthet multicollinearity of omitted

variables with included variables leads to biathamestimates of the coefficients of included
ones. If omitted variables are independent of Mictuded variables, then the estimates of the
coefficients on the included variables are unbia3éds is acceptable in the present instance,
the only caveat being that the quality adjustmenttie replacement item may also require
an adjustment for these omitted variables and éisisioted by Triplett (2002), has to be
undertaken using a separate method and data. Baitifthe omitted variable is

multicollinear with a subset of included variablesich are to be used to quality-adjust a non-
comparable item? In this case, the coefficienhefdubset of the included variables may
wrongly pick up some of the effects of the omittediables. The subset of included
variables will be used to quality-adjust pricesitems which differ only with regard to this
subset, and the price comparison will be biaséukifcharacteristics of included and omitted
variables have different price changes. For hedimwliices using a dummy time trend, the
estimates of quality-adjusted price changes wiflesifrom a similar bias if omitted variables
that are multicollinear with the time change areleded from the regression. What are
picked up as quality-adjusted price changes owaz thay, in part, be changes attributable to
the prices of these excluded variables. This happéren the prices of the omitted
characteristics follow a different trend. Such eféeare most likely when there are gradual
improvements in the quality of items, such as tiibility and safety of consumer

durables? which are difficult to measure, at least for taenple of items in real time. The
quality-adjusted price changes will thus oversfatee changes in such instances.

2 There are, of course, some commodity areas, ssichirine comfort, which have been argued to have
overall patterns of decreasing quality.




