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This paper obtains sensible estimates of the own and cross-price eladticities of demand
for 164 car models by using a smple discrete choice model for market level data that combines
varying coefficients with a nested logit estimation. The specification exploits the likely congtraints
that income imposes on preference-based consumer car choices. Segment-idiosyncratic price
coefficients are shown to embody information of varying margind utility of income according to
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1. Introduction

This paper obtains sensible estimates of the own and cross-price eadticities of demand
for 164 car models by usng a smple discrete choice modd for market level data that
combines varying coefficients and a nested logit estimation. The specification exploits the likely
congraints that income imposes on preference-based choices. Segment-idiosyncratic price
coefficients are shown to embody information of varying margind utility of income according to
consumers wedth, and thisinformation is used to estimate the patterns of substitution.

Discrete-choice modeds have become a popular aternative to modd and estimate the
demand of markets with product differentiation (see Nevo 2000, for alist of recent works and
discusson). These models, especidly under the random: coefficients methodology promoted
by Berry (1994), and Berry, Levinsohn and Pakes (1995) —henceforth BLP-, show a number
of advantages. In particular, they dlow for areduction of the dimengondity of the problem of
edimating demand parameters with many products, give ways to treat the endogeneity of
prices, and permit the modelling of consumer heterogeneity.

However, income effects, one of the most important sources of consumer
heterogenety in many markets (e.g. automobiles), have only been margindly treated until now.
The traditiond quadlinear specification of utility has generdly smply ignored these effects.
Alternaivey, the full random coefficient models obtain ther achievements by focussing on
completdy unspecified, and consequently very generd, forms of heterogeneity. Here, building
from the ideas of these heterogeneous-consumers discrete choice modes, we show that
focussng on the likely effects of income heterogeneity uncovers rdevant information on
consumer behaviour and may be auseful way of obtaining reliable estimates.

We gart by considering the congtraints that income imposes on the preference-based
choice through varying margind utility of income* Any consumer has a different probability of
choosing a specific product according to their income, and consumers with different income
levels are likdly to cluster around specific products or product classes. Accordingly, product

market shares are expected to be associated with different income levels, and hence to

! The setting may be seen as avariant of the “ vertical product differentiation model”, see e.g. Shaked and
Sutton (1983). Bresnahan (1987) applied it to automobile, in aversion of consumers heterogeneousin
tastes.



idiosyncratic price coefficients which reved different average margind utilities of income. In
particular, price coefficients of the high priced dternatives are expected to be lower. As a
consequence, product dadticities are linked, in addition to consumer taste variety, to consumer
clustering. Consumers of high (low) priced dterndives subgtitute them with other high (low)
priced dternatives with a higher probability. The estimation of product or class-idiosyncretic
price coefficients dlows us to congtruct estimates of these dadticities. The empirical exercise
uses the monthly sales of 164 modds in the Spanish automobile market from 1990 to 1996,
together with information on their price and attributes.

As a matter of fact, income effects are important in many markets, and empirica
sudies reved their role. BLP and Petrin (1999), moddling the automobile market, use utility
specifications log-linear in income together with data on the actua income ditribution, which
imply an important implicit impact of this variable on the estimated dadticities. Goldberg
(1995) sysematicdly finds lower price coefficients the higher the automobile segments. And
even Nevo (2001) finds evidence on the price-coefficient impact of lower margind Utility of
income of above-average income consumersin the a priori more income-effect-free ready-to-

edt cered consumption.

The edimation of reliable own and cross-price dadticities is crucid for a series of
exercises. In particular, the assessment of market power and welfare gains and loses relies
heavily on these esimations. In addition, product location decisons are likely to be closely
related to these eadticities and hence any exercise on firms product strategies needs these
esimations. The specification that we use in this paper gives explicit expressons which can be
used in these exercises when income effects are likely to play arole, and can help to solve a a

low cogt the estimation of sengble dadticities.

The rest of this paper is organised as follows. Section 2 develops a smple
determinigtic individud framework of discrete-choice under variable margind utility of income
and then sats its stochastic counterpart. Section 3 examines the consequences of this
framework of choice for the specification of market product share equations and the
interpretation and measurement of eadticities. Section 4 explains the econometric estimation

and results of a demand for cars that implements the previousingghts. Section 5 concludes.



2. Demand with varying income mar ginal utility.
2.1 Consumer choice

Let U(m,x) be the (contingent) utility derived from the consumption of a composite
good m and the variant s of a unit demand good characterised by the vector of attributes Xs.
Let y be income, ps the price of good s, and normdise the price of good m to unity.
Unconditional indirect utility can be written as V(y- p;.x;)= Msax\7(y- Ps,Xs) , ad Roy’s

identity holds as dj=- %/ﬂﬂy =1 for the chosen dternative and dg =0 for
j

st j (McFadden, 1981.)
Many empirica andyses specify V as
V(y- pj,xj)=a(y- pj) +u(x;) (1)

where a dands for condant margind utility of income, and u(.) is usudly taken linear in
dtributes, i.e., u(x;) =x;b. This specification has the advantage of smplicity and it can be

employed to derive draghtforwardly an esimable sysem of demands for differentiated
products (Berry, 1994.) It presents, however, the important drawback that it can hardly
explain how consumer’ income influences decisons, hindering the andyss of abasic dimenson

of consumer’ heterogendty.

Let us specify utility keeping separability but alowing for a varying margind utility of
income

V(y- pj,xj) =h(y- pj) +u(xj) (¢)

where h(.) isafunction with h(0)=0, which we will assume to be only monotonicaly increasing

and concave. This specification encompasses expression (1) as a particular case, but shows

decreasng marging utility if h(.) isgtrictly concave. In order to compare utilities among them,

let uswrite (2) as

V(y- pj,Xj)=h(y)- h&y-1pj)pj +u(xj)=h(y)- a(y,pj) p; +u(x;) (3



where | T (0,1) and depends on the values of y and p;. The first equality is obtained applying
the mean vaue theorem. The second establishes that margind utility of income a is now a

function of y and pj, with E—a <0 and J—s > 0. Expression (3) gives consumer utility derived
y .

j
from any consumption in terms, among other things, of the associated margind utility of

income.

For a given consumer V(y- pj,%j)> V(y- pk,x), " k* j, if ad only if
-a(y, pj) pj +u(xj)>-a(y, px)px +u(xk) (we will cdl these lagt terms utility

contributions). As in the standard specification, the consumer can strongly prefer the attributes
of k (a high qudity verson), but be deterred from its consumption by the counterbaancing
weight of its higher price. But now this effect may crucialy change according to the income
that characterises a particular consumer, even if consumers share the same attributes valuation.
Some consumers with higher incomes (lower a’s) will choose, a the same prices, more

expendve varieties.

Let us now represent in Figure 1 consumer’ choices as a function of income, drawing
on Bresnahan's (1987) discussion of heterogeneous tastes. To smplify the representation (and

only with this purpose), assume a grictly concave function with h@= 0, which implies that

2
ﬂ_a<0 isaconstant and ﬂ_«’;lzo_ Utility contributions V - h(y) © u, can be represented in

Ty fy
the plane (y,u) by Sraight linesas

Us = U(Xs) - a(y,ps) Ps (4)
with dope incressing in price ( 1];_52 - psg—a >0). Thes lines gart from the fourth
y y
u(xs)

quadrant® and cross the y-axis a the points y, thet verify a(ys, ps) = . Let ustake two

S

vaiants such as u(xk) >u(x;) (i.e, the good Kk is superior in the attributes vauetion), and

2 A consumer will only consider buying the good s at price psif he has enough income. If y = ps ., he gets
utility ug = u(xg) - h(pg) , presumably anegative value because of the high marginal utility of incomein
the absence of other consumption.



U(Xk) ulx;)

Pk > pjinaway that implies ——= o
k j

(| e., the price of quality increases faster than its

vauation.) Then a(yk, pk) £a(yj,pj) and, as‘l?—pa>0,thisimplies Yk > Yj -

j
The figure illugrates the way in which the choice among the different varieties depends
on consumer’ income. The consumer will only decide to buy one of the product varieties when

his income reaches y’, even if he had dready been able to afford the variety j before
(yj = yl > p;). Attheinterva (y’, y*) hewill buy the variety j and, if vyl (y*,y"), hewill
choose the superior variety k. At higher incomes he will switch his consumption to higher price

dternatives. Notice that, with the standard specification (1), this dependence of choices on
income is completely missed: contributions to utility are given by horizonta sraight lines.

2.2. Industry demand

Congder now an industry with differentiated products which are demanded by a
populaion of consumers that, for smplicity, we suppose are endowed with the same V, but
with different incomes distributed in (0, y,,, ]. Varieties and their prices are given as the result
of previous producers decisons. Products can be ranked from 1 to n such as
u(x)/u(x;) £ px/p;j for any two varieties if j<k. It is dear that consumers with different
incomes will cluster buying their mogt stisfactory dternative given their income. For example,
consumers with income yT (y!,y*) will buy variety j. Therefore, the Smple introduction of
vaying maginal utility of income in the basc modd has been enough to determine an

association in consumption between quality varieties and consumers' income®,

Let us now enlarge the set of products in a direction inspired on the rea structure of
many markets. We dlow for the exisience of varieties with the same globa vauation and

¥ Moreover, products present two (perfect information) boundary characteristics. Firstly, agood priced the
same as another and characterised by an inferior valuation will not be demanded (its utility contribution is
a downward parallel displacement of another). Secondly, a good with a valuation identical to another but
with ahigher price will not be sold (lineswill not cross within the relevant range).



identica price (i.e, their lines are superposed), and we assume that they will share the demand
of the corresponding income leve. Thus, consumers with incomes belonging to the interva
(y',y*) will duster buying aterndtive j or any one of the equivaent varieties (class-g
varieties) This agrees very well with the currently assumed consumer taste for variety. In fact,
indudtries conssting of severd income-related classes of varieties (market segments), in which
severd varieties compete among them more intensdly than with the varieties belonging to other
classes, are frequent. In fact, verticad and horizonta differentiation coexist with each other, and
tagtes rule the choice among the smilar varieties while income has a role when comparison
involves verticaly differenced products. The automobile industry, with products grouped in the
standard modd categories of small, compact, intermediate and luxury cars, isagood example.

2.3 Sochastic set-up

Assume now that an individud’s behaviour cannot be completely predicted by any of
the usudly alleged reasons (see Anderson et al., 1992.) Then some random component must
be included in the utility contributions. The smplest ecification, which gppends to utility an

additive random term with zero mean assumed i.i.d. across varigties, is
U(Xs)' a(y, ps)ps+es ° us+es (5)

If the €'s aredidributed asatype| extreme value random variable, the probability of
choosing good j for aconsumer with income'y is now given by the logit formula®

Y

P<J|y>:1+2—eus (6)

S

Thelines of Figure 1 and the critica income vaues y® now only hold as relations for the
average Uutility contribution (i.e, a the zero mean of the random terms.) But they dlow us to
eedly follow the evolution of probabilities of buying different goods aong incomes by looking
a the rdlative vaues of the utility contributions u, and thinking of them as arguments of

* The alternative of “buying nothing” isindexed by 0 and given null utility contribution.



formulas (6). For example, variety | presents the highest probability of being the one chosen
by a consumer with an income that beongs to the interva (y!,y*), followed by the

probabilities of acquiring k and then |. In particular it is clear that the higher the income,
varieties with higher prices become the most probable choice.

This mode is especidly suited to accommodate the existence of the (income leve
related) classes of varieties. If varieties belonging to aclass are identicd in price and attributes
vauation, they will exhibit identicad income conditiond probabilities of choice (they will show
the same average utility contribution). But now varieties can even be only “gpproximately”
equivadent, showing minor differences in the tota attributes vauation, and they will present

amilar conditional probabilities of choice.
Asfar asthe probabilities evolution is concerned, it is easy to show the following

Lemma P(0|y) is continuoudy decressng in y and P(j|y) is for each j, ether a
continuoudy increesing function of y or reaches a maximum and then decreases. The
dternatives whose probability reaches a maximum are the lowest priced ones, and they reach
it a asequence of y vaues that reproduce the price ordering.

Proof. See Appendix.

3. Product sharesunder income effects
3.1. Product shares

Assume a lage sample of M consumers, endowed with income-conditiona
probabilities of buying each dternative of the J product varieties of the industry. Consumer i-th
has income y; and the probability dengty function f (y) characterisestheincome distribution

among consumers. Given product prices, it turns out that observed market shares will
converge in probability to expected market shares that can be approximated by the logit
expressons evauated a sample average utility levels. The average Utility level of dternative |



is given by u;, vauated a an a equd to consumers mean margind utility of income

conditiona on choosing dterndtive j .

To see why, note firdly that the number of buyers of product | isthe sum of alarge

sample of Bernoulli independent variables x; with means E(x;;) = P(j | y;) and variances
V(%) =P(jly)@- P(jly)). The observed share P(j) =é;1xij /M will converge in
probability, by the law of large numbers, to P(j) :éi1 E(x;)/M :é? P(j/y;)/M , which,
usng f (y) , wewill witeas P(j) = & P(j | y)f(y).

y

Associated to this share there is an expected income, or mean income, that buyers

of | are expected to exhibit, obtainable by weighting each income by its probability. That is,

é u
o & PO =D g _o yPUIYIY . .
e i u i
y=ay fo0———— = - . Applying Bayes's rule we can write
A ga P(>91=1)§ ;A PUINTY)
i j

y; = é yf(y]|j), wheewewill cal f(y]]) the probability dengty function of income

y

conditiona on choosng product j. See Figure 2 for an example of the typicd pattern
expected for conditiond dendties. Smilarly, P(j) dso has an associated margind utility of
income, or mean margind utility, thet buyers of | are expected to experience, which we can

write, by the same reasoning, as a; = é a(y,p,)f(ylj).
y

It is naturd to approximate shares as a function of these values. To see how, firdly

note thet, given prices, (individud) margind utilities of income a(y, ps) = as(y) can betaken

as varigbles with probability density functions g.(a) = f (@;'(@))|a;''(a) | and conditiond

densties g(a|s). Then recdl that P(j) :é_ P(j|y)f(y) implies an average across
y

income dengities of dl margina utilities of income. Then replace this expectation by the function

P(j|.) evauated at the vector of expected income margind utilities a = (a,,...,a,) . Cdling

thisapproximeation P(j;a), we have



Yj

P(j) » P(j;a>=1+‘fcol—eus )

S

where u, = u(x,)- a,p, and a, =  a(y, p,) f(y|s) = ag(als).
y a

~ p
We had dready esteblished that P(j)® P(j) » P(j;a) . Now it is clear what the
contents of the a, specific price coefficients a expected “aggregated” logit formulas are:

expected average utilities of income associated with choosing each dternative. Moreover,

given prices and product attributes (and normaising u, ), a unique vector of shares P will

correspond to each vector a, and there is only one vector a corresponding to a vector of

shares P (see Berry, 1994.) Then, it seems natural to interpret observed shares P as
coresponding to average magind Utilites a converging to a, tha is

plim P(j) = plim P(j;&) = P(j;a).

In addition, expected mean margind utilities will show a very definite pattern with
respect to product prices/qudity, as the following proposition establishes.

Proposition. With decreasing margind utility of income, products with higher prices have lower
expected average margind Utilities.

Proof. See Appendix.

3.2. Elasticities

Replacing sums by the integral Sgn, in order to smplify notation, the own-price and
cross-price eadticities of the expected product j market share P( j) can be written as

=P

h; P(i) AP 1Y)- P(j | y)) f(y)dy "ji=1..,J (8.9)

10



h, "kl 8.b
, P() j j (8.)

al) ﬂ;l()u a(y, p,)1+9,). Thedadtcity g,of margind utility
s u

with respect to the product price may be consdered small if price is not too big with respect

where a =a(y, p,

to the relevant income. Moreover, in many cases these eagticities can be sensbly assumed to
be independent from income. We will assume this henceforth, without loss of generdity, in
order to smplify notation.

Expressons (8) present the generd form corresponding to logit dadticities under
consumer’ attribute-related heterogeneity (see, for example, Nevo 2000). But the focus on

income heterogeneity alows us to be more specific. These dadticities can be rewritten as

h =- %[ﬁi P(j)(L- P(j)) +Cov(@P(j | y).P(j | y)]=-& p,Ji- P())(a+w)]

I CX:)

jk

_ P?kj) [&P(K)P(j) +Cov (&P (K | y),P(j | y))]= & p,P(K)(L+W,)

"ikt (9.0)
waPKly) . PGlY) . . .
where w, = — - 1)( —- 1) f(y)dy, w, isthe corresponding expression for
T P(j) |
j , the w factors fulfil the congtraint w; = - (P(s)/ P(j)w , and &, standsfor the mean

margind utility of income associated to product k augmented in the price variation effect, that

isa, = (gaf (y[K)dy)1+g,) =a,(1+g,).

Eladicities in (9) show two important changes with respect to the sandard logit
eadicities. Firgly, margind utility parameters a are now product specific. Thisreflects, aswe
have shown above, the different average margina utilities associated with each product.
Secondly, cross-price eadticities with respect to the price of product k vary across the
subgtitutes |, in contrast with the uniform effects which characterise the standard logit modd.
This variation reflects that the modd is now digtinguishing among products “closer” and

“farther” to product k in avery precise meaning, cast in the covariance term. This term shows

1



that a price increase of product k will induce a high subgtitution by the products that exhibit a
high probability of being chosen a the same income levels, and a low subditution by the
products that are the typical choices at other income levels.

The differences between the formulas (9) and the standard ones is easy to interpret.
Let us fird examine the conventiond logit price effects, given by the firgt term of the sumin the
first part of the equdities 9.a and 9.b. In 9.a we find the share reduction provoked by a price
increase of product j, - & P(j)@- P(j)) =-&,P(j)[P(0) + § P(s)], whichin case of a

price increase of product k will be - &, P(K)[P(0)+ & P(j)]. In 9b we find the
i
corresponding increment of al the other market shares &, P(k)P(0) + é_ a P(k)P(j),which

J

turns out to be proportiond to their relative importance.

It is smply naturd to expect and specify such a proportiond effect in anindividud that
we are only able to characterise up to a set of probabilities of buying the adternative products.
If one probability is going to be reduced, we expect the probabilities of dl the other
dternatives to benefit proportionaly from this reduction. But, when we look at the distribution
of buyers, we mugt take into account that this Smple change modifies the reative individua
probabilities of dl buyers. If buyers cluser around dternatives, in the sense that some
consumers have higher probabilities of buying some dternatives than others, individua changes
will induce expected aggregated changes according to the patterns of subgtitution given by the
cugering. This is what is reflected by the covariance term, raising what can be cadled
“aggregated” dadticities (BenrAkivaand Lerman, 1985).

3.3. Nested probabilities

The present formulation can be combined with the specification of nested logit
probabilities. In this case, the nesting must be intended to reflect the structure of the individua
preferences and hence probabilities of choice given income. That is, as products to be chosen
by any consumer present among them different degrees of “smilarity” and “dissmilarity” in
attributes, the model avoids the 11A property by grouping together smilar dternatives. Then

12



the rest of the modd applies.

One paticular versgon of this combination is obtained by assuming that income does
not influence the choice among dternativesingde anest. That is, dl products grouped at anest
present conditiona probability choices that evolve with income a the same pace as the
probability of choosing the group (segment). This corresponds to the smple graphicd example
of sets of products represented for the same line. It can be regarded asasmplified Stuation in
which income and tastes influence globa choice, but only tastes determine the choice ingde the
segment. This Stuation is likely to emerge when producers choose to locate products dightly
differentiated in nests characterised by the same price.

Formaly, let g =1,...,G index the groups of products and let J, represent the set of
productsin group g . We will use the notation P, (k|y) =P(k|y)/P(J,|y) for theintra-

group share of product k, where P(J, |y)= é P(s|y). According to the above

sl g
suggestion assumethat B, (k| y) =P, (k) , whichisequivadentto f (y|k) = f(y[J,) . Then,

it is easy to check that nested eadticities with consumer income heterogeneity are given by

~ 4 . 53 U -
hy =-&p, gl- P()L+w,)+——(- Pg(n)‘é j (10)
h, =& p, SP()(L+w, ) +—> P, (k)Y "ik1joif gkl d (10.b)
ik k Mk jk 1-s ¢ H ) ) g .
or h, =&, pP(K)(1+w,) "j,k1 j otherwise (10.c)

3.4. Measuring elasticities

Formulas (9) or (10) have two advantages. Firstly, they provide explicit expressions
for the rlevant dadticities (which gpply under a particular form of consumer heterogeneity).
This is important, for example, a the time of specifying price equations (see Mord and
Jaumandreu, 2000). Secondly, eladticities can be estimated (up to the factors g) given

13



esimates of the a parameters. Covariance terms can be gpproximated in different ways (see
Appendix).

4. Data, econometric estimation and results

Over the seven years 1990-96, we observe the monthly regigtrations (sdes) in the
Spanish market of a tota of 182 car modds. These unbaanced panel data have been
elaborated and matched to a database on prices and technical and physica characteristics of
the models.”

Applying the logit linear tranformation to equations like (7), and dlowing explicitly for

atime subscript, our estimating equation can be written as

NP, - InP, =x,b" - a;p, +h; +x, +x,, j,t with jT J_ (12)

g

where we gpply the nested type specification, with segment-idiosyncratic coefficients (the
adterisk indicates that the coefficients must be understood to be divided by the factor (1- s)).
This specification can be seen as splitting unobserved utility effectsin three components: h,, a
segment effect that we will take as time invariant and in which we will condition the estimation

(see below); X;, atime invariant component related to the stable unobservable characteristics

of modd | ; and X, , the remaning time varying zero-mean unobserved effects on mean utility

it

of model j. We will estimate the h,’s by means of segment dummies, interpreting their vaues

as the redlizations of the random variables conjugated to the extreme value errors that raise
nested probabilities (Cardell, 1997).

Edimation of (11), usng the condraint é (h, - h) =0 to secify dl the segment
9

effects (h represents the average of these effects), gives coefficient estimates up to the scae

factor (1- s) and mixes two unidentifiable components in the regresson congtant. Then, to

® Thereis an average of 110 models marketed per month and an average of 50 monthly observations per
model. Details on the database can be found in Moral and Jaumandreu (2001).

14



Yj

esimatethe s parameter, we construct estimates of the “inclusivevelues’ D, = ae* uw

i 3

to amultiplicative constant and perform the regressior?
InP(g)- INP(0) =c+(1-s)InD; (12)

The dependent variable of (11) condgsts of the (log of the) modd monthly share
observations minus the (log of the) monthly shares of the outside good.” Both shares are
computed taking the current number of households as the market size. To control for
seasondity and unspecified time effects (for example, a fdl in demand happened a mid-
period), we include a set of monthly dummies and another of yearly time dummies,
respectively. In addition, we control for age-of-the-mode effects (the time the model has been
marketed) by including a polynomia of order three with age measured in months and a set of
dummies interacted with price (margind utility effects). Moral and Jaumandreu (2001) develop
in detail the meaning and results of the age effects.

The specification employs dmost the same attributes as BLP, replacing the air
conditioning “luxury” proxy for the maximum speed in km/h (Maxspeed), probably a better
proxy for qudity in Spain during the nineties. The other employed dtributes are the power
measure ratio cubic centimetres to weight (CC/Weight), thefud efficiency ratio kmto litre
(kmvl), and the measure of sze and safety length times width (Sze). The use of other

characterigtics or amore complete list does not change the main results.

We group modds into 6 categories that closely resemble common industry and
marketing classfications. The main classes of cars considered are: amal-mini, andl-domestic,
compact, intermediate, and luxury. We separately group minivans, which were at that moment
a product beginning their market penetration. The consideration of two different subgroups in
the smdl cars, one condituted mainly for the very popular non-mini domestic brand cars,

proved to be important for the nesting in practice. We estimate, however, only 5 different

® To avoid simultaneity biases we construct the “inclusive values’ with the price values predicted using
the instruments.
"Montly shares are previously multiplied by 12 in order to facilitate comparability with elasticities obtained
with yearly data.
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segment price effects amall, compact, intermediate, luxury and minivan. The number of models
in each segment are, respectively, 33, 37, 56, 47 and 9.

Let us detail our identification framework. Prices are likely to be corrdated with the
X, and x;, components of the disturbance (the impact of model unobserved characteristics

and the shocks.) In the first case this happens because there are presumably many unobserved
characteridtics that enter the determination of the modes margina cos, and hence their
prices, which amultaneoudy influence consumers' utility. In the second case, it occurs because
prices are determined at the same time as consumers demand, and both variables are likely to
be influenced by common market shocks® Accordingly we will use asinstruments, in aGMM
framework, the differences of the prices with respect to ther individud time means,

Py =Py - (1/T)é_ P, » lagged a number of periods. This instruments prices with their past

time variations, avoiding the use of their leve variaions across models. In addition, to test the
vdidity of the employed insruments, we employ the Sargan test Satistic of the overidentifying

restrictions.®

Severd instrument sets were tested, manly usng price differences with respect to the
individua time means with different lags, obtaining very smilar results™ The reported estimate
uses as ingruments the sixth and twefth lags of the (segment) price variables in differences
(see detals in Table 1). The number of overidentifying redtrictions is 25, dthough very smilar

results are obtained with a smaler number of instruments.

The reported coefficient edtimates are one step GMM estimates, obtained by

employing the dandard weighting matrix (the inverse of E(Z,xX,Z,), where

X, = (X, +X1,... X +X;;)" and Z, represents the set of instruments for individua j,

® The most standard way of treating such a setting is the estimation of the equation taking first differences
in order to difference out the individual correlated component, and the use of lags of the endogenous
variable to set valid moment restrictions (see, for example, Arellano and Honore (2000)). In our case, thisis
an undesirable alternative because T is short in relation to the pace of variation of attributes (many
attributes change very little or not at all in the seven years). The differentiation of the attributes would
eliminate crucial information contained in the levels equation and would exacerbate the variance of the
disturbances.

° A more detailed justification of the estimation procedure may be found in Moral and Jaumandreu (2001).
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esimated by (§ Z.Z,)*"). All the saistics are then computed using the robust to
j

heteroskedasticity and seria autocorrelation “two-step” weighting matrix.* The reported

Sargan test is a0 a two-step statistic. To estimate a robust inverse of E(Z x,X,Z,), we
assumethat XX, =W, are matrices corresponding to conditional homoskedastic errors, and

we obtan \7Vj vaues usng the Newey-West Bartlett kernd computations for the

autocovariances of individud j. Then we employ the usud “two-step’ edtimate

A ZJT\7V].Z].)'l . We use 72 time observations as the maximum lag that we take into account

J

in the Bartlett kernd.

Table 1 presents the results of our preferred estimation. The Satistics and estimated
coefficients look sengble. The Sargan test confirms the vdidity of the employed instruments.
Regresson residuals show a strong autocorrelation, but the use of a robust covariance matrix
makes the inferences reliable. Control variables present reasonable patterns. Attributes are
ggnificant and show the expected sgn. And the price effects clearly exhibit the expected
pattern: the higher the segment, the lower average margind Utility is. All own-price implicit
edimated dadticities are, as expected from theory, higher than onein absolute vaue.

Let us focus on the edimated eadicities Edimated eadicities are no longer
exclusvely ruled by the product prices and shares, and they reved patterns of subgtitution
which deserve detailed comment. Table 2 reports a sample of these dadticities, which includes
three models for each segment. Firdtly, own-price eadticities of intermediate and luxury cars,
mogtly preferred a higher income levels, are clearly lower than the eadticities shown by the
small and compact cars. However, cars at the bottom of the attributes/price scae (small-mini)
ads tend to show dightly lower own-price dadticities than the average of smdl-compact

classes of cars.

9 We also experimented with sums of characteristics across own-firm products and rival firm products, in
their totality and by segments. In general they revealed to be poorer instruments than the lagged price
differences and tended to produce worse values for the Sargan statistics.

! The use of arobust to serial autocorrelation weighting matrix is especially important because monthly
shares data tend to induce strongly autocorrelated disturbances.
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Secondly, intra-segment cross-price eadticities tend to be lower the higher the
segment, while the ratios of the cross-price eadticities shown by one mode to its own-price
eadicity dways reman roughly within the same range. This smply means that cross intra
segment  eadticities tend to follow the same income-related pattern as the own-price

eladicities,

Thirdly, cross-segment cross-price eadticities are sgnificantly lower, presenting a fall
thet is highly influenced by a high estimated level of smilarity among modes ingde the nests
(0.84, which notwithstanding turns out to be alow vaue when compared with the s obtained
in standard nested estimations). Cross-segment cross-prices, however, show a very definite
pattern. Price changes of smdl-mini and luxury cars, the two extremes of the scae, have very
amdl impacts on the demands for cars of dl the other segments. Price changes of smdl-
domestic and compact cars, however, have higher effects more or less disseminated among al
the other classes. And the price of intermediate cars has manly sgnificant impacts on the
demand for luxury cars. Reading the other way, the smdlest cars are rdatively good
subdtitutes for other smal and compact cars, and luxury cars especidly for the intermediate
cars, while price changes of the smdlest and luxury cars promote subgtitution relatively more
intensaly indde the ssgment.

5. Conclusion

This paper has obtained sensible own-price and cross-price dadticity estimates for the
high number of car models that congtitute a market (the Spanish market during a Sx-year
period) by usng a smple discrete choice modd, applicable to market level data, which
combines segment-idiosyncratic coefficientswith a nested logit estimation.

Our garting theoretica development has shown the effects that consumer income
heterogeneity is likely to have on consumer choices, product market shares and demand
eladticities, and hence the consequences for the specification estimation of market equations
based on these shares. Edtimation has shown that segment coefficients embody consistent
information on margind utilities of income conditional on choosing the cars that belong to the
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segment. The use of this information gives reasonable patterns of subgtitution: luxury, and to
some extent the bottom modes of the smdl cars category, show rdatively less dadtic
demands; intra-segment subgtitution is very intense and aso tends to decrease with the car
range, the smales and luxury cars are relaively good subgtitutes for the intermediate
categories but their price changes have a very limited impact on other ssgments.

A market structure consisting of consumers clugtering at classes of cars according to
income levels is confirmed. The recognition (when relevant) of this structure alows for the
derivation of useful market product dadticity-explicit formulas and easy ways to estimate them.
Future work must improve the estimation of eadticities by usng more complete specifications
of the varying price coefficients, but we intend this approach to be especialy suited for the
smultaneous specification and estimation of price determination or product location equations,
in which jointly determined market dadticities are likdly to play acrucia role.
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Appendix
Proof of the Lemma
Note that the e"s areincreasngin y. Hence P(0|y) =1/(1+ é e") iscontinuoudy

decreesng in y. On the other hand, ech P(jly) will incesse if

PG ly) - Taly. p;)

q : P(j |y)[pj - 8 a,P(s| y)p,] >0, where the terms q have the
y y s

aly, p; . . :
form q = fay, ps)/‘ﬂ (%/ypj) >0 and fufil g >q if p, > p, . Wha we need isthe

iy
positiveness of the term between brackets. With J varieties ordered according to prices

(from the lowest to the highest), the positiveness of conditions from 1to J form asystem of
inequdities in which the condraints will be violated in turn as y grows (the condraints are
easer to be fulfilled the bigger the price). Then the corresponding probabilities will begin to

decrease.

Proof of the Proposition.

We want to show that, if pc>p;, then a,<a;. We have
a, - a, = gy, ) F(yl ey - Ga(y. p)f (K Iy)dy = galy. p,)- ay, p) f(y1)-
- (y, pOF (Y1 )- f(y|k»=-q‘%‘j(pk- p)T(yli)- o’%—";‘wwm- F(y 1K)

where the first term of the last equality congtitutes a first order gpproximation and the second
is obtained by integration. This expresson can be agpproximated by the integrd

- (‘)?(F(y- Dp|y)- F(y|K)).A sufficient condition for this integra to be positive is the
y

gtochastic dominance of the distribution F(y- Dp|y) over the didributionF(y|K). Aswe

are going to see, this is what we must expect when p, > p; and prices are not too big with

respect to income.



Given the previous Lemma, it is easy to check that the ratio of probabilities of

dtemative k to | is increesing, that is ﬂ(P(“y%/P(”y)Bo. Ths implies
y

PUKIY) ¢ty < & PRI PUINT)
Or(iy Y P(”V)Qy“”p(jly)f<y>dy '

PK) _ PKIN Ty gPKINT(y)dy
PO PUINTIY  §P(j|y) f (y)dy

V . J
Hence, @ f(ylj)dy>gq f(ylk)dy or

F(y|j)>F(y|K). If prices are not too big with respect to income, this will imply the

required dominance.

Approximating the covariance terms

Asume that the g factors are negligible, and thet the terms a(y, p,) can be
aufficiently gpproximated a a(y,0) =a(y) . Then conditiona probabilities may be seen as a
function of only the varigble y or, more conveniertly, a . Define a, asthe unique a vadue
for which P(k |a,) = P(k) holds. The differences under the integrd sign may then be

gpproximated asfunctionsof (a - a, ) . Thuswe have

Cov@P(k | y),P(j|)) » - 5“""?2' ) “Pfﬂg N (a- a))a- a)g(@)da =

= P(K)P(Y)1- a, p)p V@) +@- a))a-a))]

where p| =p;, - A P(s)p,. The vdues a, ae unknown, but using the equality

[} a
ps - a P(S) psj
L However,

P(j;a)=P(j|a;)’theycmbeapproximatedasa’; =a, YT
S S

in practice, there can be dmost no change from usng a; or a;. In any case
wj » L/, - p)pji (@), which is an expression that can be evaluated using estimates of

a.
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Tablel
Reaultsfrom modd esimation

Dependent varigble: In I5J - In FA’O
Sample period: 1-1991 to X11-1996
Obsarvations': 7,122

N° of models: 164

Estimation method: GMM?

Vaidble Coefficient t-raio®
Congtant -15.840 -6.70
Attributes:
CC/Weight 1.332 2.46
Maxspeed 0.034 2.92
Km/l 0.071 1.61
Sze 0.651 342
Prices;
Smdl -4.916 -2.67
Compact -3.374 -2.65
Intermediate -0.931 -3.53
Luxury -0.593 -2.97
Minivan -2.575 -3.12
Segment effects”:
Smdl-domedtic 5.152 3.49
Intermediate -2.831 -1.97
Luxury -4.969 -3.57
Seasonal effects included
Time dummies included
Age polynomial included
Age-price interactions included
S estimate 0.842 7.51
Sargan test® (25 degrees of freedom ) 35.86
Notes:

1. Instruments lagged 12 months imply that models with 12 and fewer observations must be removed.
2. Instruments: differences of segment-prices with respect to their time mean lagged 6 and 12 months,
20 age dummies (years) and interactions of the age dummies with the price differences lagged 12
months.

3. Standard errors are robust to heteroskedasticity and serial correlation.

4. Smdl-mini, compact and minivan coefficients constrained to be equal to the average effect.

5. Two-step statistic.



Table2
A sample of own and cross-price elagticities'
(x100 cross-price cross-segment dadticities)

Small mini Small Compact Intermediate Luxury

Fiat Seat Rover Ford Seat Peugeot Ford Opel VW Citroen Ford Opel BMW Mercede Volvo
Uno Marbella 114 Fiesta Ibiza 205 Escort  Astra Golf Xantia Mondeo Vectra 525 s 300 850

Fiat Uno -4.033 1.185 0.169 0.421 0.390 0.203 0.279 0.420 0.278 0.019 0.024 0.021 0.007 0.017 0.014
Seat Marbella 1.396 -3.235 0.144 0.417 0.399 0.192 0.278 0.394 0.277 0.037 0.042 0.034 0.007 0.017 0.012
Rover 114 1.215 1.085 -6.227 0.410 0.381 0.167 0.282 0.400 0.266 0.014 0.017 0.038 0.007 0.016 0.013
Ford Fiesta 0.081 0.060 0.010 -5.776 0.913 0.455 0.280 0.405 0.267 0.010 0.012 0.019 0.007 0.016 0.013
Seat Ibiza 0.081 0.060 0.010 0.949 -5.820 0.455 0.280 0.404 0.268 0.010 0.012 0.019 0.007 0.017 0.013
Peugeot 205 0.081 0.059 0.010 0.949 0.913 -5.899 0.280 0.400 0.269 0.009 0.011 0.021 0.007 0.017 0.013
Ford Escort 0.080 0.058 0.010 0.415 0.399 0.193 -5.294 0.909 0.616 0.207 0.231 0.139 0.009 0.018 0.006
Opel Astra 0.044 0.049 0.007 0.387 0.389 0.140 0.721 -5.764 0.586 0.210 0.234 0.081 0.009 0.016 0.005
VW Golf 0.080 0.059 0.010 0.414 0.399 0.193 0.740 0.909 -7.030 0.254 0.285 0.155 0.010 0.018 0.004
Citroen Xantia 0.017 0.045 0.005 0.417 0.430 0.140 0.297 0.361 0.256 -2.449 0.643 0.440 0.011 0.013 0.000
Ford Mondeo 0.019 0.044 0.005 0.414 0.424 0.139 0.294 0.359 0.255 0.580 -2.410 0.438 0.011 0.014 0.000
Opel Vectra 0.076 0.051 0.009 0.422 0.402 0.189 0.280 0.403 0.267 0.581 0.651 -2.477 0.017 0.023 0.000
BMW 525 0.074 0.046 0.008 0.425 0.403 0.186 0.284 0.426 0.253 1.567 1.748 1.021 -2.631 0.545 0.433
Mercedes 300 0.073 0.044 0.008 0.427 0.404 0.185 0.286 0.440 0.243 2.012 2.239 1.201 0.321 -3.258 0.433
Volvo 850 0.032 0.040 0.006 0.403 0.407 0.134 0.273 0.382 0.248 1.206 1.349 0.301 0.350 0.515 -2.797

1. Cdl entriesj,k wherej indexes row and k column, give the percent change in sales (or market share) of model j with a one percent change in price of model k.
2. Cross- price elasticities between models of different segments are multiplied by 100 (the sampleincludes an average of 110 models/year).



Figurel

Utility and choices as a function of consumer’ income.




Figure 2: Income densities given consumer car model choices
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Note: The figure depicts the f (y|s) digtributions for the outsde good and three choice
dternatives in a Sylised case based on some red data. The function h(y)is smply taken as
1- e, the vector of vauationsas u = (1,1.2,1.3) , and pricesas p=(1,1.6,2.3). Incomeis
assumed to be digtributed lognorma with parameters (0,1), which implies E(y)=1.6 and
V(y)=4.7. Vauations and prices are proportiona to the average maximum speeds and prices

of the car modds in three ssgments of the automobile market (smdl, compact and
intermediate).



