Empirical Micro
L Discrete-Choice Utility

» Vertical Model Example: (Shaked and Sutton, Bresnahan 97)

Ujj = ViXj = Pj

» x; is the quality of the product
> v; is the consumer’s taste for quality (ie willingness to pay)



Empirical Micro
L Estimation of Random Utility Discrete Choice Models

Random Utility Model (RUM)(McFadden)

> U,-J*- usually specified as a sum of two parts

U;(X_]a PJ',Pz,}’i) = \/U(X_/a Pj, Pza}/i) + Ejj

» ¢ i.i.d. across products and consumers; represents consumer
tastes (observed by consumer but not by the researcher)



Empirical Micro
L Estimation of Random Utility Discrete Choice Models

One Product Example
» Buy good 1 (and not outside good j = 0) if
Viot+eio < Viit+en < Vio— Vi1 <ei1 —<io



Empirical Micro
leplications of Assumptions on Error Term

Independence of Irrelevant Alternatives (IIA)

» ratio of choice prob (odds ratio) does not depend on the
number of alternatives available

sj _ exp(Vy)

Sin’ exp(Vin)

» Red bus/blue bus problem: Walk or take red bus
» If consumer walks half the time then sy = s;ipg = 0.5
» odds ratio walk/RB=1
> Introduce a red bus
» odds ratio between walk/BB is 1
» But buses are perfect substitutes
» new choice prob should be sjy = 0.5; s;rg = sigg = 0.25
» new odds ratio should be walk/RB=2
> IIA is especially troubling if want to predict penetration of
new products



Empirical Micro
leplications of Assumptions on Error Term

Price Elasticities of Demand

> Let Vjj = ap; + x;3
> then own and cross-price elasticity of demand between two

products

8pj
Ipk

= —asj(l - sy)

= QsjSjk



Empirical Micro
leplications of Assumptions on Error Term

Price Elasticities of Demand

> Let Vjj = ap; + x;3

> then own and cross-price elasticity of demand between two

products
85,-J-
U — _asi(1—s:
apj U( U)
85,'] sis
20— gsis
Opk yoik

» Is it concerning that they depend only on the market shares of
the products?



Empirical Micro
leplications of Assumptions on Error Term

Price Elasticities of Demand

> Let Vjj = ap; + x;3

> then own and cross-price elasticity of demand between two

products
85,-J-
U — _asi(1—s:
apj U( U)
85,'] sis
20— gsis
Opk yok

» Is it concerning that they depend only on the market shares of
the products?

> Yes, do not depend on the degree to which products have
similar characteristics



Empirical Micro
leplications of Assumptions on Error Term

Counter-intuitive substitution patterns:

> Not only from the distributional logit assumption



Empirical Micro
LBLp

Berry, Levinsohn, Pakes (BLP) 1995 ECMA

» Method for estimating demand in differentiated product
markets using aggregate data (ie only data on market shares
not individual choices)

» endogenous prices and random coefficients.

> consistent estimation even with imperfect competition

» To motivate framework consider Berry (RAND, 1994)

» Thereare i =1,...,/ = oo agents in t = 1,..., T markets who
choose among j = 1, ..., J mutually exclusive alternatives



Empirical Micro
LBLp

» Consumer i's indirect utility is given by

Uje = XjeB — apje + &je +ije

~~

= jf



Empirical Micro
LBLp

» construct the moment condition

J
LS EL5(S) ~ X + api) 2] = Qula, )
j=1



Empirical Micro
LBLp

» construct the moment condition

J
LS EL5(S) ~ X + api) 2] = Qula, )
j=1

» Can estimate « and 3 by minimizing

r;g’iﬁn th(av 6)2

» Why does this work?



Empirical Micro
L Instruments

What are appropriate instruments?

v

IV for j should be correlated with p; but not with structural
error §;

Usual demand case: cost shifters

» but we have cross-sectional (across products) data, so we
require IV to vary across products within a market

v

v

Example: cars, one natural cost shifter are wages in Michigan

v

Here doesn’t work because its the same across all products
» if ran 2SLS with wages in Michigan as IV, first stage regression
of price on wage would yield the same predicted price for all
products



Empirical Micro
L Instruments
Random Coefficient Logit

» A well-known solution to problems with logit is to interact
product and consumer characteristics (second contribution of
BLP)

» ¢ is EV, like the logit, but 3;, «; are consumer-specific random
coefficients from a parametric distribution

uj = XiBi — aipj + & + €jj

» Variance is added to the term « or 8 so substitution patterns
can become more reasonable

» Assume that 3; and «; are distributed across consumers
according to some parametric distribution

» The own- and cross-derivatives are more flexible. Why?



Empirical Micro
L cmm (Generalized Method of Moments) Estimation Algorithm

Intuition of the Estimation Algorithm

» The model is one of individual behavior, yet only aggregate
data is observed.



Empirical Micro
LGmm (Generalized Method of Moments) Estimation Algorithm

Overview GMM Estimation Algorithm

» Guess a parameter vector 6
» Solve for § and therefore £

> Interact £ and instruments Z these are the moment
conditions Q(0)

» Calculate the objective function f(6)= Q'AQ for some

positive definite A



Empirical Micro
L Simulation of Market Shares
Steps for Simulation

» There are essentially four steps (plus an initial step) to follow
in computing the estimates:

0 prepare the data including draws from the distribution of v
and D



Empirical Micro
L Estimation of Supply Side

Supply Side

» Simplest models of product differentiation involve single
product firms each producing a differentiated product

» We could begin by specifying a demand system for this set of
related products, together with cost functions and an
equilibrium notion.



Empirical Micro
L Estimation of Supply Side

» where the price-cost markup is

b(p) = ’;’—

6pj

» Assume that marginal cost is

mcj = wji + Aqj + wj

» where w; might consist of X and input prices and q is output
> wj is a supply shock unobserved to the econometrician



Empirical Micro

L Firm Behavior with Multi-Product Firms

Multi-Product Firms

» Non-cooperative oligopolistic Bertrand competition
» Firm f produces a subset j € Jr of the products: Profits

> (pj — me)Ms;(p, X, & 0)
JETF
» where M is market size
> s; is the simulated aggregate market share
» Marginal costs
m¢; = an + wj

» Any product must have prices that satisfy

Sj(p7 a) + Z (Pr - mcr)M

=0
reJs apj



Empirical Micro

L Firm Behavior with Multi-Product Firms

» In vector form, the J FOC are

s—Q(p—mc)=0
» Notice this implies a markup equation p — mc = Q7 1s
» Q is called the ownership matrix (of dimension JxJ)

» Each element takes on the value of Js,(p, a)/0p; for every
product that the firm owns

» To estimate the FOC think of estimating the equation

m¢; = pj — bj(p, x,&0) = wjn+w;



Empirical Micro
L Firm Behavior with Multi-Product Firms

» In vector form, the J FOC are

s—Q(p—mc)=0
» Notice this implies a markup equation p — mc = Q7 1s
» Q is called the ownership matrix (of dimension JxJ)

» Each element takes on the value of Js,(p, a)/0p; for every
product that the firm owns

» To estimate the FOC think of estimating the equation

mej = pj — bj(p. x, & 0) = win + w;

v

Just as in estimating demand, estimates of the parameters 7
can be obtained from orthogonality conditions between w and
appropriate instruments



Empirical Micro
L Nevo, ECMA (2001)

Nevo: Measuring Market Power in the RTE Cereal Industry

» The ready-to-eat (RTE) cereal industry is characterized by
high price-to-cost margins (PCM) and high concentrations
» Antitrust authorities accused firms of collusive pricing behavior
> Nevo tests whether this is the case by estimating the
price-cost margin (PCM) and decomposing it into 3 sources:
1 that due to product differentiation

2 that due to multiproduct form pricing and
3 that due to price collusion



Empirical Micro

L Nevo, ECMA (2001)

Model and Data

> Indirect utility is
uje = aipje + XjfBi + &§ + A& + €

» uses brand dummy variables (;) to capture the mean
characteristics of RTE cereal

» once brand dummy variables are included in the regression, the
error term is the unobserved city-quarter specific deviation
from the overall mean valuation of the brand :structural error
is the change in &; over time (denoted A¢j)

» Cannot use BLP Type Instruments

> there is no variation in each brand's observed characteristics

over time and across cities



Empirical Micro
L Nevo, ECMA (2001)

Vs with brand dummies

» Exploit the panel structure of the data (similar to those used
by Hausman (1996))

» The identifying assumption is that, controlling for brand
specific means and demographics, city-specific valuations are
independent across cities (but are allowed to be correlated
within a city)

» Given this assumption, the prices of the brands in other cities
are valid IV's.
» prices of brand j in two cities correlated due to the common mc
» but due to the independence assumption will be uncorrelated
with market specific valuation.
» One could potentially use prices in all other cities and all
quarters as instruments

» Independence assumption may not hold (for instance, if there
is a national demand shock related to health of cereal)



Empirical Micro
L Nevo, ECMA (2001)

|dentifying Collusive Behavior

» Recall the markup is given by

p—mc=Q s



Empirical Micro
L Nevo, ECMA (2001)

|dentifying Collusive Behavior

» Recall the markup is given by

p—mc=Q s

» With single product firms the price of each brand is set by a
profit-maximizing firm that considers only the profits from
that brand. In this case the ownership matrix will be diagonal

» With multi-product firms, firms set the prices of all their
products jointly.



