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Motivation

I

much of the information required to analyze the incentives
firms facing in a market

I

these incentives play a major role in determining profits to be
earned
I
I

I

different pricing decisions
alternative investments: new products, advertising (how to
regulate it?)

typical empirical questions: response of prices and product
development due to policy or environmental changes
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Motivation (Cont’d.)

I

many other components determining the profitability of
pricing and product development, but typically hard to analyze
I

static response to a change in the environment: cost function,
equilibrium assumption
I
I

cost data are typically proprietary
analyzing the nature of competition: less progress using
equilibrium assumptions than demand systems
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Welfare Analysis
I

demand analysis framework: aggregated from individual
specific utility functions and choices to market level
I
I

pricing or product placement decisions could be discussed
analysis of distributional impacts on utility resulted from policy
or environmental changes
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Welfare Analysis
I

demand analysis framework: aggregated from individual
specific utility functions and choices to market level
I
I

I

pricing or product placement decisions could be discussed
analysis of distributional impacts on utility resulted from policy
or environmental changes

consumer surplus gains to product introductions, e.g.,
Minivan (Petrin 2002 JPE), PC (Hendel 1999 REStud), cloud
computing
I

I

determine society’s gain from private R&D activity (which is
often subsidized)
evaluate the effectiveness of the proprietary rights established
to foster inventive and creative activity (patents, copyright,
trademarks)
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Regulatory Policies
I

pricing policies: regulated utilities, e.g., water pricing
(Timmins 2002 ECMA)

I

decisions to either foster or limit the marketing of goods and
services in regulated markets: advertising restrictions,
regulatory delay, auctioning off the spectrum
I
I

I

regulations on content of advertising: FTC
spectrum and telecommunication rules: FCC

note: regulatory decisions are motivated by non-market
factors, e.g., insure access to particular services to all
members of community, political requirements
I

I

cannot only focus on mean/median: need to evaluate the full
distribution of implications/impacts
seems quite useful in China because of heavy regulations in
many industries
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Single-Product Demand Function: Simultaneity Problem
I

assume an iso-elastic (log-log) demand
log (qjt ) = αj log (pjt ) + Xjt β + ξjt
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Single-Product Demand Function: Simultaneity Problem
I

assume an iso-elastic (log-log) demand
log (qjt ) = αj log (pjt ) + Xjt β + ξjt

I

price endogeneity: suppose ξ is correlated with log (p), e.g.,
E (ξjt log (pjt )) 6= 0
ξjt = λ log (pjt ) + εjt , E [εjt log (pjt )] = 0
so that we can re-write the demand function as
log (qjt ) = (αj + λ) log (pjt ) + Xjt β + εjt

I

the estimated α will be biased upwards (downwards) if λ is
positive (negative)
I
I

I

typically cannot get experimental data in IO
unlike econometrics, we need to think about what goes into
the “unobservables” (instead of just an “error term”)
it is important to recognize that the firm will react to the
unobservable: we do not have data does NOT mean the firm
does not either
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Demand System
I

goal: estimate markups, this requires estimates of demand
and supply
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p is J dimensional vector of prices
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Demand System
I

goal: estimate markups, this requires estimates of demand
and supply

I

suppose there are J products, the demand system is given by
q = D(p, x)
where
I
I
I

I

q is a J-dimensional vector of quantities demanded
p is J dimensional vector of prices
x is a vector of demand shifters

need to specify a functional form for the demand system that
is consistent with choice theory and flexible enough to fit the
data
I

examples: translog, Almost Ideal Demand System (AIDS),
linear expenditure system, etc
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Dimensionality Problem

I

basic problem in IO (in contrast to labor, transportation,
etc.): number of alternatives J is typically quite large
I
I
I

number of beer brands are at least 50
number of models of cars is over 100
number of houses/apartments is over 10,000
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Dimensionality Problem

I

basic problem in IO (in contrast to labor, transportation,
etc.): number of alternatives J is typically quite large
I
I
I

I

number of beer brands are at least 50
number of models of cars is over 100
number of houses/apartments is over 10,000

the number of parameters to be estimated (i.e., own/cross
price elasticities) is on the order of J 2 - way too many
parameters
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Solutions
I

focus on an aggregate (e.g., Porter aggregates all eastbound
shipments rather than differentiating across destination cities)
or on a small subset of the products (Baker and Bresnahan
study a particular segment of the beer industry)
I

basic question: do you need to estimate the full demand
system to answer the question in which you are interested?
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Solutions
I

focus on an aggregate (e.g., Porter aggregates all eastbound
shipments rather than differentiating across destination cities)
or on a small subset of the products (Baker and Bresnahan
study a particular segment of the beer industry)
I

basic question: do you need to estimate the full demand
system to answer the question in which you are interested?

I

product space model: impose structure on preferences such as
symmetry or separability to restrict the substitution patterns
across products

I

characteristic approach: define products as bundles of a
limited number of characteristics and define preferences on
characteristics rather than products
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Dixit-Stiglitz or CES Model
I

the CES utility function

U (q1 , ..., qJ ) = 

J
X

1/σ
qjσ 

j=1

where σ measures rate of substitution across products
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Dixit-Stiglitz or CES Model
I

the CES utility function

U (q1 , ..., qJ ) = 

J
X

1/σ
qjσ 

j=1

where σ measures rate of substitution across products
I

maximizing U subject to a linear budget constraint yields
demand
−1/(1−σ)
pj
I
, j = 1, ..., J
qj = P
−σ/(1−σ)
J
p
k=1 k
where I is consumer income

I

cost of using CES is that it imposes strong and implausible
restrictions on own and cross price elasticities
∂qi pj
∂qk pj
=
, for all i, j, k
∂pj qi
∂pj qk
I

rules out differential substitution, like simple logit (but even
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More General Approach: AIDS in Deaton and Mullbauer
(1980)
I

divide products into smaller groups and allow for flexible
functional form within each group
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More General Approach: AIDS in Deaton and Mullbauer
(1980)
I

divide products into smaller groups and allow for flexible
functional form within each group

I

two ideas: separability and multi-stage budgeting

I

(weakly) separable
preferences: q can be partitioned into

q1, . . . , qN

 

U = f v1 q 1 , . . . ., vN q N

where vK q K is a sub-utility function (i.e., represents a
preference ordering over q K ) and f is an increasing function in
all of its arguments
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Two-Step Optimization
I

implication: maximizing U subject to linear budget constraint
is equivalent to following two step optimization program
I

step 1: fix allocation of income across the commodity groups
I 1 , . . . , I N and solve N optimization problems of the form
max vK q K

s.t. p K q K = I K , K = 1, .., N



the solution to each of these subproblems is a set of subgroup
demands of the form

qK = g K pK , I K
I

step 2: substitute subgroup demands into subgroup utility 
functions to obtain the indirect utility functions ψ K p K , I K ,
the choose allocation of income to solve
max f ψ

(I 1 ,...,I N )

1

1

p ,I

1



, ..., ψ

N

N

p ,I

N



s.t.

N
X

IK = x

K =1
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Separable Preferences

I

weak separability is a necessary and sufficient condition for the
first step
I

I

preferences are typically assumed to be additively (strong)
separable over time
preferences over goods are typically assumed to be separable
from leisure
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Separable Preferences

I

weak separability is a necessary and sufficient condition for the
first step
I

I

I

preferences are typically assumed to be additively (strong)
separable over time
preferences over goods are typically assumed to be separable
from leisure

separability implies a reduction in the number of parameters
I

I

suppose each group consists of m products, number of
parameters is Nm2 /2 rather than (Nm) 2 /2
it can be tested because it imposes restrictions on the
substitution matrix
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Multi-stage Budgeting

I

in the second step, we often would like to treat the
optimization problem as one in which the consumer chooses
quantities of the composite commodity groups to maximize
utility
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Multi-stage Budgeting

I

in the second step, we often would like to treat the
optimization problem as one in which the consumer chooses
quantities of the composite commodity groups to maximize
utility

I

for example, consumer demands for food, clothing, shelter,
and entertainment are often expressed as functions of price
indices for these commodities and income
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Application: Hausman Papers on Demand in Beer and
Cereal Market
I

Hausman, Leonard and Zona (1994) and Hausman (1996)
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Application: Hausman Papers on Demand in Beer and
Cereal Market
I

Hausman, Leonard and Zona (1994) and Hausman (1996)

I

data: brand j’s prices and shares, by city c and quarter t

I

multi-level demand system with three levels
I

I

I

top level: overall demand for the product, e.g., beer or
ready-to-eat cereal
middle level: demand for different market segments, e.g., in
beer, lager, pilsner and ale; in cereals, family, kids and adult
cereals
bottom level: a system of demands for different brands in each
segment
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Bottom Level
I

demand for brand j within segment g in city c in quarter t is
 X

Jg
Igct
+
sjct = αjc + βj log
γjk log (pkct ) + εjct
Pgct
k=1

where sjct is segment expenditure share of brand j
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I

here Pgct is the price index for segment g in city c in quarter
t and Jg is the number of brands in segment g
I

Stone logarithmic price index
X
Pgct =
sjct log (pjct )
j∈g

I

Deaton and Mullbauer exact price index
X
XX
Pgct = α0 +
αj pjct +
γjk log (pkct ) log (pjct )
j∈g

j∈g k∈g
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Bottom Level
I

demand for brand j within segment g in city c in quarter t is
 X

Jg
Igct
+
sjct = αjc + βj log
γjk log (pkct ) + εjct
Pgct
k=1

where sjct is segment expenditure share of brand j
I

here Pgct is the price index for segment g in city c in quarter
t and Jg is the number of brands in segment g
I

Stone logarithmic price index
X
Pgct =
sjct log (pjct )
j∈g

I

Deaton and Mullbauer exact price index
X
XX
Pgct = α0 +
αj pjct +
γjk log (pkct ) log (pjct )
j∈g

I

j∈g k∈g

with stone price index, brands demand can be estimated using
linear methods; the Deaton and Mullbauer price index requires
non-linear methods
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Middle and Top Level Demands
I

middle level
log (qgct ) = βg log (Ict ) +

G
X

δg log (πgct ) + αgc + εgct

g =1

where qgct is the composite quantity of the g segment in city
c in quarter t, πgct are the segment price indices computed as
above
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Middle and Top Level Demands
I

middle level
log (qgct ) = βg log (Ict ) +

G
X

δg log (πgct ) + αgc + εgct

g =1

where qgct is the composite quantity of the g segment in city
c in quarter t, πgct are the segment price indices computed as
above
I

top level
log (qct ) = β0 + β1 log (Ict ) + β2 log (πct ) + θZct + εct
where qct is the quantity of beer (or cereal) in city c in
quarter t, Ict is the expenditure on beer in cityc in quarter t,
πct is the price index for beer, and Zct are demand shifters
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Another Application: Hausman (1997)

I

issue: regulatory delay in the introduction of
telecommunications innovations
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Another Application: Hausman (1997)

I

issue: regulatory delay in the introduction of
telecommunications innovations

I

in 1947, Bell Labs (the research arm of) AT&T worked out
the technology that makes mobile phones practical

I

AT&T proposed that FCC allocate a large number of
radio-spectrum frequencies for mobile phone service

I

FCC decided to limit frequency availability, AT&T slowed its
investment in mobile technology
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Regulatory Delay
I

in 1968, FCC reconsidered, if the technology became available
they would increase the spectrum allocation
I

by 1977 AT&T Bell Labs and then Motorola had a prototype
cellular system
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Regulatory Delay
I

in 1968, FCC reconsidered, if the technology became available
they would increase the spectrum allocation
I

I

FCC authorize the use of cellular service in 1982 and the first
system were setup in 1983 and 1984
I

I

by 1977 AT&T Bell Labs and then Motorola had a prototype
cellular system

meanwhile, NTT in Japan had a citywide cellular network
launched in 1979, Denmark, Finland, Sweden, Norway had
systems in 1981

US corporations has lost much of the international market by
the time they start
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Why the FCC Delayed So Long?

I

maybe they worried about the competitive effects of granting
AT&T a mobile phone license at the same time that it had
monopoly rights over hard line technology
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Why the FCC Delayed So Long?

I

maybe they worried about the competitive effects of granting
AT&T a mobile phone license at the same time that it had
monopoly rights over hard line technology

I

the problem of course was that they did not take into account
the costs of such delay and they were very large

I

Hausman estimates the consumer surplus gain of introducing
cell phone, which is about 30 billion dollars a year, and it does
not count the losses which resulted from not marketing earlier
in foreign countries
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Discrete Choice Models

I

products are bundles of characteristics: j = 0, .., J where 0 is
the outside good
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Discrete Choice Models

I

products are bundles of characteristics: j = 0, .., J where 0 is
the outside good

I

consumer preferences are defined on space of characteristics

I

each consumer i = 1, .., N chooses at most one unit of one of
the inside goods, the choice maximizes utility

I

consumers are heterogeneous: they have different preferences
for different characteristics, the distribution of heterogeneity is
parameterized
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Discrete Choice Models (Cont.)
I

in this model, we are estimating the joint distribution of
preferences over characteristics
I

the number of parameters is primarily determined by the
dimensionality of the characteristics and independent of the
number of products
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valuation of characteristics: if a new good is introduced, we
can value that good since it is simply a bundle of
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I

we can also predict outcomes demand for the old and new
goods in the expanded choice set
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Discrete Choice Models (Cont.)
I

in this model, we are estimating the joint distribution of
preferences over characteristics
I

I

the parameter estimates measure the consumers’ marginal
valuation of characteristics: if a new good is introduced, we
can value that good since it is simply a bundle of
characteristics
I

I

the number of parameters is primarily determined by the
dimensionality of the characteristics and independent of the
number of products

we can also predict outcomes demand for the old and new
goods in the expanded choice set

caveat: the new good cannot be too “new” – i.e., possess a
new characteristic
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Basic Model

I

utility of consumer i for product j is given by
uij = U (xj , pj , ξj , υi ; θ)
where
I
I
I
I
I

xj : a vector of observed characteristics of product j
ξj : unobserved characteristic of product j
pj : price of product j
υi ∼ F : unobserved preference characteristics of consumer i
θ: vector of utility parameters to be estimated
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Choice Probability
I

define the subset of “consumers” (preferences) that lead to
choice j as
Aj (θ) = {υ |uij > uik , ∀k }
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then the probability that consumer i chooses product j is
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associated with F
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Choice Probability
I

define the subset of “consumers” (preferences) that lead to
choice j as
Aj (θ) = {υ |uij > uik , ∀k }

I

then the probability that consumer i chooses product j is
Z
f (υ) dυ
σj (x, p, ξ; θ) =
υ∈Aj (θ)

where x = (x1 , ..., xJ ), p = (p1 , ..., pJ ) and f is the density
associated with F
I

under the assumption that “market size” M is very large and
υi ’s are i.i.d. across consumers, the Law of Large Numbers
implies that market demand converges to Mσj (x, p, ξ; θ)
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Remarks

I

if there is no outside good, then the market is covered and
aggregate demand is M, the number of consumers in the
market → inelastic market demand, no market expansion
effects
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Remarks

I

if there is no outside good, then the market is covered and
aggregate demand is M, the number of consumers in the
market → inelastic market demand, no market expansion
effects

I

normalizations: choices of individual consumers are invariant
to affine transformation of utilities
I

I

invariance to additive shifts implies normalizing mean utility of
outside good to zero → deduct ui0 from each uij for j = 1, .., J
invariance to scale leads to normalizing one of the other
parameters (typically variance of F ) to one
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Generation I Models

I

data: {sj , pj , xj } where sj is the observed market share of
product j
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Generation I Models

I

data: {sj , pj , xj } where sj is the observed market share of
product j

I

basic idea is to estimate θ (which includes the parameters of
F ) by minimizing the distance between the predicted choice
probabilities and observed market shares
I
I

the choice model determines (σ0 (θ) , σ1 (θ) , ..., σJ (θ))
each consumer is an independent draw from F , then the
distribution of product choices is given by a multinomial
distribution
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Estimation
I

let qj denote the number of consumers who choose product j,
the likelihood function for the data is
L = ΠJj=0 [σj (θ)]qj
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Estimation
I

let qj denote the number of consumers who choose product j,
the likelihood function for the data is
L = ΠJj=0 [σj (θ)]qj

I

taking logs, choose θ to
max M
θ

I

I

J
X
j=0

sj log [σj (θ)] ⇔ min
θ

J
X
[sj − σj (θ)]2
σj (θ)
j=0

last statement follows from taking a Taylor series
approximation of σj (θ) around the data point sj
the latter statistic is called a minimum χ2 , if we use observed
shares in denominator, then it is modified χ2
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Example: Logit Model
I

utility function
uij = xj β − pj + ij
where ij is distributed i.i.d. with mean zero across products
and consumers and its distribution is Type I extreme value,
i.e., F () = exp [− exp (−)]
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Example: Logit Model
I

utility function
uij = xj β − pj + ij
where ij is distributed i.i.d. with mean zero across products
and consumers and its distribution is Type I extreme value,
i.e., F () = exp [− exp (−)]

I

predicted choice probabilities (market shares)
σj (θ) = PJ

exp (xj β − pj )

k=0 exp (xk β

I

− pk )

, j = 0, 1, ..., J

remark: McFadden (1974) shows that the multinomial logit
model is derived from utility maximization if and only if {ij }
are independent across products and distributed Type I
extreme value
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Example: Logit Model (Cont.)
I

normalize the mean utility of the outside good to zero implies
that
1
σ0 (θ) = PJ
k=0 exp (xk β − pk )
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Example: Logit Model (Cont.)
I

normalize the mean utility of the outside good to zero implies
that
1
σ0 (θ) = PJ
k=0 exp (xk β − pk )

I

match predicted market shares to observed ones: the model is
correctly specified
sj = σj (θ) , j = 0, 1, ..., J

I

therefore
log (sj ) − log (s0 ) = xj β − pj
I

no additional taste parameter so θ = β
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Vertical Model: Bresnahan (1981)
I

utility function
uij = υi ϕj − pj , υi > 0
where ϕj measures the quality of good j and is assumed to be
strictly increasing in j
I

no unobserved product characteristics: ϕj = xj β
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Vertical Model: Bresnahan (1981)
I

utility function
uij = υi ϕj − pj , υi > 0
where ϕj measures the quality of good j and is assumed to be
strictly increasing in j
I

I

no unobserved product characteristics: ϕj = xj β

product choice probabilities (product demands)
I

necessary condition of positive demand
υϕj − pj > υϕj+1 − pj+1
υϕj − pj > υϕj−1 − pj−1
which implies
pj+1 − pj
pj − pj−1
<υ<
ϕj − ϕj−1
ϕj+1 − ϕj
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Market Shares
I

define
∆j =

pj − pj−1
, J>j >0
(xj − xj−1 ) β

and ∆0 = −∞, ∆J = ∞
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Market Shares
I

define
∆j =

pj − pj−1
, J>j >0
(xj − xj−1 ) β

and ∆0 = −∞, ∆J = ∞
I

necessary and sufficient condition for demands for all J goods
to be positive is that ∆j is strictly increasing in j

I

market share of product j is
σj (θ) = F (∆j+1 ) − F (∆j )
where F is the distribution of υ
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Remarks

I

normalizations: (i) ϕ0 = 0, (ii) p0 = 0
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I

here θ = (β, λ) where λ is the parameter of F : choose θ to
minimize the difference between the observed and predicted
market shares
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Remarks

I

normalizations: (i) ϕ0 = 0, (ii) p0 = 0

I

here θ = (β, λ) where λ is the parameter of F : choose θ to
minimize the difference between the observed and predicted
market shares

I

differences between actual market shares and the choice
probabilities can only be due to sampling error
I
I

as M → ∞, sj → ∞, model should fit exactly
lack of prediction error means model is certain to be rejected
by the data: no value for β such that actual shares =
predicted shares
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Generation II: Berry (1994)

I

theory of the error is unobserved product characteristics: ξj

I

mean utility for product j is
δj = xj β − αpj + ξj

I

vertical model is a special case: ϕj = xj β + ξj , α = 1 and the
mean of υ is normalized to 1
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Endogeneity
I

main problem: firms know ξ when they set prices so prices are
correlated with the error which in turn is buried in a highly
non-linear set of equations
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Endogeneity
I

main problem: firms know ξ when they set prices so prices are
correlated with the error which in turn is buried in a highly
non-linear set of equations

I

solution: assume M is large enough that
sj = σj (δ ∗ )
where δ ∗ ≡ (δ1∗ , ..., δJ∗ ) solves the system of J independent
equations

I

Berry shows that δ ∗ is unique and BLP provide a contraction
mapping to find it
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known nonlinear transformation of the market share data
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Estimation: F is known

I

if we assume that F is known, then δ ∗ can be treated as a
known nonlinear transformation of the market share data

I

using δ ∗ as data, run the regression
δ ∗ (s) = xj β − αpj + ξj
I

ξ is correlated with p, we need to find instruments: cost
shifters, (exogenous) characteristics of other products
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Estimation: General Case

I

more generally, when F is not known, then δ ∗ depends on the
unknown parameter λ of F

I

for each value of (β, λ), there exists a unique solution of ξ
that makes the predicted market shares equal to actual shares

I

let ξ (θ) denote this solution and then use the moment
conditions
E [ξ (θ0 ) Z ] = 0
to estimate θ0 , where Z is a set of instrumental variables
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Examples

I

Logit model
log (sj ) − log (s0 ) = δj
I

no need to numerically compute δ’s, simply run 2SLS of
difference in log shares on (xj , pj ) with instruments for price
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Examples

I

Logit model
log (sj ) − log (s0 ) = δj
I

I

no need to numerically compute δ’s, simply run 2SLS of
difference in log shares on (xj , pj ) with instruments for price

vertical model: δj = ϕj − pj
I

I

I

sj = F (∆j+1 ) − F (∆j ) implies ∆j = F −1 (F (∆j+1 ) − sj ) with
initial condition ∆J = F −1 (1 − sJ )
the values of ϕj can be obtained from the recursion
p −p
ϕj = ϕ1 + j ∆jj−1
treat ϕj as data and regress δ on x (use IVs if necessary)
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Demand for Differentiated Products: Generation III Models
I

our basic problem is that choices are correlated
I

if a consumer chooses product j, it means that she values the
characteristics of product j, therefore, when pj increases, she
will tend to choose a product with similar characteristics
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the correlation in individual choices occurs through the
idiosyncratic term εij : in the previous models, these shocks
were assumed to be i.i.d
I

why not assume that they are correlated across products and
estimate the variance-covariance matrix of εij ?
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I

our basic problem is that choices are correlated
I

I

the correlation in individual choices occurs through the
idiosyncratic term εij : in the previous models, these shocks
were assumed to be i.i.d
I

I

if a consumer chooses product j, it means that she values the
characteristics of product j, therefore, when pj increases, she
will tend to choose a product with similar characteristics

why not assume that they are correlated across products and
estimate the variance-covariance matrix of εij ?

the problem is that this approach simply reintroduces the
2
dimensionality problem: have J2 parameters to estimate
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correlation as a linear function of the product characteristics
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Random Coefficients
I

an alternative approach is to impose structure on the form of
correlation in idiosyncratic shocks: the idea is to specify the
correlation as a linear function of the product characteristics

I

consumer i’s utility for product j
uij = xj βi − αpj + ξj + ij
where βik = βk + σk ςik , k = 1, ..., K

I

thus,
uij = xj β − αpj + ξj + νij
where νij =
I

PK

k=1 xjk σk ςik

+ ij

ij is i.i.d. Type I extreme value, ςik is standard normal
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Comments
I

the idiosyncratic shock νij =
across products
I

I

PK

k=1 xjk σk ςik

+ ij is correlated

if consumer i has a high realization of ςik for characteristic k,
then she values this characteristic in all J products
consequently, if pj increases, she will tend to switch to a
product that has a lot of xk
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Comments
I

the idiosyncratic shock νij =
across products
I

I

PK

k=1 xjk σk ςik

+ ij is correlated

if consumer i has a high realization of ςik for characteristic k,
then she values this characteristic in all J products
consequently, if pj increases, she will tend to switch to a
product that has a lot of xk

I

in modeling the correlation in this way, we have added K
parameters to the model, one for each characteristic

I

the variation that identifies σ = (σ1 , ..., σK ) are changes in
prices or products that generate substitution patterns that
differ from those predicted by the logit model
I

if the data-generating model is logit, then we will estimate σ
to be zero (i.e., the distributions of βi is degenerate at β)
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Estimation Algorithm
I

integrate over νij to obtain market shares


P
Z
exp δj + K
x
σ
ς
k=1 jk k ik

 dΦ (ς)
sj (δ, θ) =
P
PJ
x
σ
ς
1 + m=1 exp δm + K
mk
k
ik
k=1
I

this is K -dimension integral which cannot be computed easily
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I

this is K -dimension integral which cannot be computed easily

Monte Carlo simulation: draw {ςikr }R
r =1 from Φ (·) and take
the average


PK
r
R
exp
δ
+
x
σ
ς
j
k=1 jk k ik
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J
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1
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Estimation Algorithm
I

integrate over νij to obtain market shares


P
Z
exp δj + K
x
σ
ς
k=1 jk k ik

 dΦ (ς)
sj (δ, θ) =
P
PJ
x
σ
ς
1 + m=1 exp δm + K
mk
k
ik
k=1
I

this is K -dimension integral which cannot be computed easily

I

Monte Carlo simulation: draw {ςikr }R
r =1 from Φ (·) and take
the average


PK
r
R
exp
δ
+
x
σ
ς
j
k=1 jk k ik
1X


sj (δ, θ) =
P
PK
J
R
r
1
+
exp
δ
+
x
σ
ς
m
r =1
m=1
k=1 mk k ik

I

equate actual to simulated market shares and invert the
system to obtain the mean utilities, or equivalently ξ (θ, s),
then interact ξ (θ, s) with instruments z and find the value of
θ that makes the sample moments as close to 0 as possible
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Remarks
I

the simulated market shares enter non-linearly in the moment
conditions so nice properties of simulation estimators are not
valid
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Remarks
I

the simulated market shares enter non-linearly in the moment
conditions so nice properties of simulation estimators are not
valid

I

IIA property continues to hold at the individual level: ratio of
choice probabilities does not depend upon number or utility of
the other alternatives

I

but, market shares no longer have the IIA property,
aggregating over the realizations of ς implies that ratio of
market shares depends upon the number and characteristics of
alternative products
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Data on Consumer Characteristics
I

in many cases, we can observe the distribution of consumer
characteristics
I

e.g., from census data, we can learn the income, education,
age, and family size of consumers living in a particular
geographical market
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Data on Consumer Characteristics
I

in many cases, we can observe the distribution of consumer
characteristics
I

I

e.g., from census data, we can learn the income, education,
age, and family size of consumers living in a particular
geographical market

let zi denote the vector of observable consumer
characteristics, then our model of how consumer preferences
vary as a function of observed and unobserved individual
characteristics is that
νij =

K
X

xjk (πk zik + σk ςik ) + ij

k=1
I

the choice probabilities for consumer i are obtained by
integrating over the idiosyncratic shock  as above
42 / 61

Estimation Algorithm
I

to obtain the market share of product j, we need to integrate
over
I

I

the unobserved characteristics ς which are distributed as
standard normal
the observed characteristics which are distributed in the
population according to some joint distribution G , this
distribution is obtained (parametrically or non-parametrically)
from census data
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Estimation Algorithm
I

to obtain the market share of product j, we need to integrate
over
I

I

I

the unobserved characteristics ς which are distributed as
standard normal
the observed characteristics which are distributed in the
population according to some joint distribution G , this
distribution is obtained (parametrically or non-parametrically)
from census data

estimation
I

I
I

draw vectors of consumer characteristics from these
distributions, determine individual choices
aggregate to obtain predicted market shares
solve demand system to obtain ξ (θ, s) and then interact with
instruments (x, w ) to do GMM
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Remarks
I

the demographic information reduces the reliance on
parametric assumptions about the distribution of consumer
heterogeneity
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Remarks
I

the demographic information reduces the reliance on
parametric assumptions about the distribution of consumer
heterogeneity

I

it also allows the model to incorporate differences in the
distribution of consumers across markets and their impact on
aggregate demand
I

I

I

for example, all empirical evidence suggests that the impact of
price on consumer demand depends on the consumer’s income
so if the distribution of income varies across geographical
market, then each market has a different price coefficient
the random coefficients model with demographic
characteristics captures this interaction
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Remarks (Cont.)

I

it provides an approximation to the demand surface that is
tailored to each market and does not impose one
approximation to all markets
I
I

better fit leads to more precise parameter estimates
provides a tool for making predictions of likely outcomes in
new markets or from policies that would affect the distribution
of consumer characteristics
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Pricing Equations

I

suppose there are N firms in the market, indexed by t
I

I

firms may produce more than one product, let Jt denote the
number of products by firm t
firms choose prices, let pt denote the price vector for firm t
and p−t the prices of its rivals
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I

suppose there are N firms in the market, indexed by t
I

I

I

firms may produce more than one product, let Jt denote the
number of products by firm t
firms choose prices, let pt denote the price vector for firm t
and p−t the prices of its rivals

each firm t choose pt to maximize
X
pj Msj (x, p, ξ) − Ct (qt , xt )
πt (pt , p−t ) =
j∈Jt
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FOC

I

first-order equations for product j is
sj (x, p, ξ) +

X
r ∈Jt

(pr − mcr )

∂sr
=0
∂pj
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FOC

I

first-order equations for product j is
sj (x, p, ξ) +

X

(pr − mcr )

r ∈Jt
I

∂sr
=0
∂pj

in matrix notation
s + (p − mc) ∆ = 0
where ∆ij is nonzero for the elements of a row that are
produced by the same firm as the row good (diagonal if each
firm produces only one good)
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Estimation Equation
I

to complete the model, we need to specify a functional form
for marginal cost
log (mcj ) = wj γ + ωj
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substituting back, we obtain the pricing equations
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Estimation Equation
I

to complete the model, we need to specify a functional form
for marginal cost
log (mcj ) = wj γ + ωj

I

substituting back, we obtain the pricing equations

log p − ∆−1 s − w γ = ω (θ)

I

note that ∆ is the derivative of market demand so it depends
on the demand parameters
I

the pricing and demand equations can be estimated jointly
using simulated method of moment estimator
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Remarks

I

in practice, the inclusion of the pricing equations really helps
identify the demand parameters of the random coefficient
model
I

the demand model is often too flexible for the data: not
enough variation across products and markets relative to the
approximations
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Remarks

I

in practice, the inclusion of the pricing equations really helps
identify the demand parameters of the random coefficient
model
I

I

the demand model is often too flexible for the data: not
enough variation across products and markets relative to the
approximations

in some cases, the authors does not estimate product marginal
costs but back them out estimates from FOC directly
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BLP (1995)

I

goal: provide a framework for obtaining estimates of demand
and cost parameters for a class of oligopolistic differentiated
good markets using only aggregate data on product shares
and prices

50 / 61

BLP (1995)

I

goal: provide a framework for obtaining estimates of demand
and cost parameters for a class of oligopolistic differentiated
good markets using only aggregate data on product shares
and prices

I

extends the literature in two important ways
I

I

relax the strong functional form assumptions that restrict the
substitution pattern
accounts for the endogeneity of prices
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Data
I

product characteristics: number of cylinders, number of doors,
weight, engine displacement, horsepower, length, width,
wheelbase, EPA miles per gallon rating, and indicator
variables for whether the car has front wheel drive, automatic
transmission, power steering and air conditioning
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Data
I

product characteristics: number of cylinders, number of doors,
weight, engine displacement, horsepower, length, width,
wheelbase, EPA miles per gallon rating, and indicator
variables for whether the car has front wheel drive, automatic
transmission, power steering and air conditioning

I

price is list retail price for the base model, measured in 1983
dollar, quantity is sales in the US

I

all models marketed during the 20 year period from 1971 to
1990, treating model/year as an observation, total sample size
is 2217, number of distinct models is 997

I

additional data: price of gasoline, number of HH in US, etc.
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Data Overview

I

number of products rises from 72 in 1974 to high of 150 in
1988, sales per model trend down
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Data Overview

I

list prices have risen almost 50 percent during the 1980s but
characteristics are also changing so not clear what is
happening to cost per car with fixed characteristics

I

HP/weight trended down and then up, mostly due to changes
in weight, fuel efficiency trends up

I

air conditioning is increasingly part of the base model

I

market share of domestics fall from 93% to 68%, mostly to
Japanese models
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OLS and IV Logit Results
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OLS and IV Logit Results
I

OLS estimates
I

I

I

most of the estimates have the right sign but not very precisely
estimated
price coefficient is implausibly small: 1494 of the 2217 models
have inelastic demands, which is not consistent with
profit-maximization
61 percent of the variance in mean utility is due to unobserved
product characteristics
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OLS estimates
I

I

I

I

most of the estimates have the right sign but not very precisely
estimated
price coefficient is implausibly small: 1494 of the 2217 models
have inelastic demands, which is not consistent with
profit-maximization
61 percent of the variance in mean utility is due to unobserved
product characteristics

IV results
I

I

I

all characteristics enter positively and significantly (except for
MP$)
price coefficient increases: products with higher unobserved
quality sell for higher prices
number of products with inelastic demands drops to 22
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Random Coefficient Model with Pricing Equations

I

the standard deviations of the random coefficients are quite
important
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Substitution Patterns
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Remarks

I

cross-price elasticities are large for cars with similar
characteristics

I

magnitudes of the impact of price increases of the higher price
cars are much smaller than they are for the lower-priced cars

I

patterns seem plausible: Lexus is closest substitute for BMW
735, Accord is the closest substitute for Taurus
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Markups
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Remarks and Conclusions

I

remarks on the markup
I

I

average markup is $3,753 and average ratio of markup to retail
price is .239
patterns are plausible: markups are higher on higher-priced
models
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Remarks and Conclusions

I

remarks on the markup
I

I

I

average markup is $3,753 and average ratio of markup to retail
price is .239
patterns are plausible: markups are higher on higher-priced
models

conclusions
I
I

price endogeneity matters
allowing for more flexible utility specifications generates a more
realistic picture of demand and equilibrium
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Reading for Next Class

I

A. Nevo and C. Wolfram, “Why Do Manufacturers Issue
Coupons? An Empirical Analysis of Breakfast Cereals,”
RAND Journal of Economics, 2002.
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