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Abstract

My research investigates the determinants of the variety of products o�ered in consumer

goods industries. Firms in consumer goods industries must decide which set of product

lines to o�er. I model this as an entry-exit decision across a set of possible product

markets. Understanding how the variety of products o�ered by firms is determined is

important due to its large impacts on consumer welfare. Also, the e�ect of changes in

market concentration, like mergers, on product variety, depends on the specific features of

the industry: the elasticity of demand, types of product di�erentiation available to firms,

and competition from regional or niche producers.In Chapter 2 I lay out the theoretical

model of product choice that I will estimate in two steps in the remaining two chapters.

I provide a brief discussion of the incentives in the model for firms to introduce a new

product.

In Chapter 2, I estimate a model of product entry and exit in the U.S. yogurt industry

from 2001-2011 using supermarket scanner data from the IRI Marketing Database. I

use a two-step procedure. I first estimate yogurt industry demand and variable costs

using the standard framework of Berry et al. (1995). I account for store level adoption

of product lines, and brand advertising decisions in a reduced form. I also study the

consumer welfare changes that have occurred in the U.S. Yogurt industry due to the

adoption of several new products lines between 2001 and 2011. Previous work on changes

in consumer welfare in consumer goods industries has focused on the introduction of one

or two new products or brands. The U.S. Yogurt industry has seen the introduction of

16 new product lines in my sample period. In my data, controlling for price changes, the
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largest direct benefit from a new product is $3.6 million from the introduction of Greek

yogurt, however, the direct benefits only account for less than 5% of the total increases

in consumer welfare from new products. Price decreases after product introductions are

the main source of consumer welfare gains.

In Chapter 3, I estimate the fixed costs of o�ering a product. Estimation of the fixed cost

is complicated because firms can o�er any subset of the potential product lines in the

industry, but I only observe in the sample a small number of the possible combinations of

products. I apply the pairwise maximum score estimator of Fox (2007), which provides

consistent estimates in settings with large choice sets. I use the first stage estimates to

compute firms’ expected variable profits from o�ering alternative sets of products and

choose the fixed costs parameters to maximize the number of times the model predicts

that the firms’ observed choices were optimal. In a counterfactual analysis, I find that

after a merger the merged firm may have a preference, depending on its fixed costs, to

o�er more unique products than the competitive industry, but that the incentive is not

significantly stronger than the incentives already present in the competitive industry.

Consumer welfare is lower after a merger regardless of the number of products. Together

this leads consumers to prefer the competitive market structure since they may expect

similar levels of product variety and lower prices.
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1 Introduction to Product Choice in

Di�erentiated Product Markets

1.1 Introduction

Product variety, the number of unique products o�ered by firms, determines price com-

petition, profitability, and consumer welfare in an industry. A firm cannot remain com-

petitive without adjusting the set of products it o�ers to keep up with consumer taste.

For example, in the U.S. Yogurt industry in 2016 Greek yogurt accounted for half of

the sales of all yogurts but only accounted for 21% of General Mills yogurt sales. In

response, General Mills, the owner of Yoplait, has announced in 2016 it will make adjust-

ments to two-thirds of its product o�erings Kell (2016). When adopting new products

to match changing consumer demand, firms pay direct costs for marketing, producing,

and distributing the new products, and indirect costs as consumers substitute away from

existing towards the new product and competitors alter their prices. Consumers benefit

from the product directly when they prefer it to existing products and indirectly when

its introduction results in lower prices for competing products. In order to better un-

derstand how market structure and product di�erentiation determine firms’ incentives to

adopt products in consumer goods industries, I will estimate a model of product entry

and exit in the U.S. Yogurt industry from 2001 to 2011.

Firms can change the variety of products they o�er in two ways1. The first way is a
1Quelch and Kenny (1994) discusses this distinction in depth terms of business strategy and I borrow
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product line extension. Product line extensions in the yogurt industry would include:

changing branding, packaging, and package size, as well as adding a new flavor (e.g.

adding a strawberry low-fat yogurt where only vanilla low-fat was o�ered before). The

second way is to adopt or introduce a new product line. Examples of product line

introductions in the yogurt industry during my sample include the introduction of drink,

greek, and probiotic yogurts. In addition to these new categories of yogurt, firms also

adopt new combinations of existing categories. For example, after the introduction of

probiotic yogurts, a firm could choose to combine probiotic yogurt with the existing

category of lite (diet) yogurt to create probiotic lite yogurt. The distinction between

an extension and a new product line is relevant to firms for two reasons. First, new

product lines may cost more than line extensions. They require changes to production

and shipping technology, and while consumers are relatively well informed about the

attributes of a product line extensions, new marketing expenses may be required to

inform consumers about a new product line. Second, product lines tend to be priced

together. The extension may raise the value of the product line allowing a higher price

to be charged, but this price will be the same across products in the line. A new product

line will usually be o�ered at a new price point, which reflects its cost and demand by

consumers for the new type of product.

Product line adoption lends itself to a simple model of product entry and exit. Product

lines are di�erent from each other in discrete ways, particularly in the yogurt industry,

and each is o�ered at its own price point. I think of an industry as a group of closely

related product markets–one product market per possible product line. In each period,

firms choose which markets they will o�er products in from among this set. A standard

model of entry and exit would predict that firms would enter until the expanding supply

lowers the price enough that the marginal firm would not be able to cover their fixed

costs. If the product markets were independent then this intuition would be correct,

and standard methods for estimating entry and exit games could be applied directly.

their definition.
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Product markets within an industry are not independent, however, and as prices fall in

one market, demand will rise for that product and fall for other products.

The inherent interdependence between product markets means that I will need to adapt

existing models of entry and exit in two ways. First, I will need to estimate the demand

system for the yogurt industry in order to estimate how firms would expect demand curves

in each product market to respond when they enter or exit products. Second, since firms

can enter products in any subset of the product markets in the industry the number of

possible actions is large, and this will pose a challenge for estimation. In later chapters, I

will take up these issues and estimate demand and fixed costs of o�ering products. In the

current chapter, I will review the literature on product choice in Section 1.1.1, lay out my

model of product choice in Section 1.2, and then in Section 1.3 I discuss the incentives for

firms to introduce products in the model and how they may relate to market structure.

1.1.1 Literature Review

There is a considerable literature in economics and related business fields about the design

and choice of products, but relatively few papers that study product variety empirically

using entry and exit models. I will focus on reviewing the literature on product entry

and exit since my model will not say anything about product design or business strategy;

my model focuses on estimating fixed costs using the revealed preference approach that

is common in the entry and exit literature. Firms choose best responses, and I look for

parameters that rationalize their behavior. First, I will review the literature on modeling

the entry and exit of products. Then, I will discuss the related literature on firm entry

and exit from which the modeling strategy is drawn. The model that I estimate adds

additional assumptions to the standard product entry and exit model to achieve point

rather than partial identification of the fixed costs, and complements the literature on

product entry and exit by studying an industry where product di�erentiation is more

di�cult and competition stronger than in previously studied settings.
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One of the earliest empirical investigations into the relationship between product variety

and market structure was Connor (1981), which examined a cross section of food indus-

tries and reported a positive correlation between market concentration and new product

introduction. A structural model of product choice was estimated by Draganska et al.

(2009) in the ice cream industry. They consider the entry and exit of flavors of vanilla

ice cream. This limits the number of potential products to 3 potential products. When

Draganska et al. (2009) was written, game estimation relied on solving for equilibria as

the inner loop in a nested fixed point algorithm. I update their work on product variety in

consumer goods industries by taking advantage of advances in estimation that avoid solv-

ing for equilibria. Their model assumes firms have private information about their fixed

costs of o�ering flavors, and firms play a Bayes Nash Equilibrium in a two stage game

where they first choose which products to o�er and then set prices in a second stage. The

authors find that in counterfactuals where firms merge, the variety of products o�ered

increases or decreases depending on market conditions. By focusing on the adoption of

product lines, I also study a di�erent type of product variety. The yogurt industry has

experienced the introduction of several new product lines, e.g. greek yogurt, and drink

yogurt, that are di�erent from existing products in a way that flavors of vanilla ice cream

are not. Other empirical work has investigated product line extensions in the yogurt

industry: Kadiyali et al. (1999) and Draganska and Jain (2005). Generally, product line

extensions appear to increase market power of the firm o�ering the extension and appear

to benefit consumers more than firms–firms would prefer a world without product line

extensions since the proliferation of extensions in equilibrium is costly.

Recent work on product entry and exit has also focused on consumer durables. By study-

ing the yogurt industry I update the recent product entry and exit literature to include

perishable consumer goods. Fan and Yang (2016) study the variety of products o�ered

in the U.S. cellphone industry. They estimate demand for models of cellphones using

a random coe�cients logit model estimated from aggregated data. They then use this

model to back out a model of marginal cost and compute firm’s variable profits as a
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function of which products they o�er. They assume that firms choose products according

to a Nash Equilibrium and use the Nash Equilibrium necessary conditions to partially

identify the fixed costs of o�ering di�erent models of cellphones. They find that increases

in market concentration have a negative impact on the variety of products o�ered by

firms. I find the opposite: the monopolist often prefers adding products to the set of-

fered by the competitive industry. One explanation for this di�erence is that it relates

to the type of product di�erentiation possible in each industry. Fan and Yang (2016)

model di�erentiation using a single index of product quality determined by underlying

product characteristics, and these characteristics are often continuous variables (for ex-

ample screen size). In the yogurt industry, I model product di�erentiation as a function

of membership in discrete product categories: a yogurt is either Greek or not Greek, and

either marketed toward kids or not. This makes di�erences between products discrete. A

single index of quality in this setting would have only a finite number of points available

for firms to occupy. Thus it is easier in the context of cellphones to produce a new close

substitute to rival products, but in the yogurt industry potential new products will be

less likely to be close substitutes. For firms with more market power in the cellphone

industry, close substitutes generate too much cannibalization of sales to be profitable,

but in the yogurt industry there is less cannibalization of sales to deter the monopolist

from adding products.

The estimation strategy outlined above was first proposed by Eizenberg (2014) in study-

ing product variety in the personal computer industry, and I follow a similar strategy

adding an assumption when estimating fixed costs in order to apply maximum score and

get point estimates. I depart from this strategy which is used in Fan and Yang (2016)

by applying pairwise maximum score rather than partial identification. Both methods

attempt to find parameters of the fixed costs function that make the observed choices best

responses, but maximum score imposes the additional assumption of exchangeability on

the unobservables. Under this added assumption point identification is possible. Besides

contributing an empirical strategy used in several papers on product entry, Eizenberg
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(2014) reports an interesting distributional issue that arises because there are price sen-

sitive consumers who are not well served by the industry because manufacturers over

provide expensive cutting edge PCs instead of older cheaper models. Another paper that

considers product variety in a durable goods market is Wollmann (2014), which investi-

gates product variety in the commercial vehicles market (cargo vans and light trucks).

That paper partially identifies fixed costs in a dynamic model of product choice, and

finds that after a merger product entry by un-merged firms can make up for the welfare

losses from the merger.

A notable early paper combining product and firm entry is Mazzeo (2002), which extended

the literature on firm entry and exit that began with Bresnahan and Reiss (1991) to allow

firms to choose first whether to enter, and then to choose a market segment in which to

compete. Draganska et al. (2009) can be viewed as an extension of this literature to

the case where firms are multi-product. Recently, Cilberto et al. (2015) have extended

the firm entry and exit literature significantly by estimating demand, marginal cost,

and fixed costs simultaneously, rather than estimating demand and marginal cost in a

first step and then using computed di�erences in variable profits to identify fixed costs

as in Eizenberg (2014); Fan and Yang (2016); Wollmann (2014) and this paper. They

partially identify the entire system using the N.E. necessary conditions. This allows them

to consider correlation between unobserved shifters of demand, marginal cost, and fixed

costs. They find that this correlation is important in the U.S. airline industry and leads

to under-estimates of mark ups when demand is estimated separately. This correlation

may be more important in the airline industry relative to the yogurt industry and other

consumer goods industries because of how markets are defined. In the airline industry

markets are usually defined as origin-destination airport pairs. Therefore, airlines can

often easily enter or exit a market in response to current period shocks to demand or

variable costs since they are often already flying in and out of at least one of the airports

that makes up the market. Further, the computational complexity of the Cilberto et al.

(2015) estimator would increase dramatically if firms were choosing from a large set of
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products to o�er rather than making a binary entry and exit decision.

The theoretical literature on product choice is broad. I will focus on reviewing a strand

of papers on product choice that is closely related to the model I estimate in three ways:

demand is based on a logit model, product choice is a discrete entry and exit decision for

each product, and prices are endogenous and determined after products are chosen. The

seminal paper in this strand of the literature is Anderson and de Palma (1992), presents

a two-stage game where firms choose a set of products and then determine prices. The

demand is nested logit with no outside option, and the product’s qualities are identical.

They consider the case where the brands form the nests (so that consumers can be viewed

as first choosing among the brands, then choosing a product from their preferred brand).

Their setting makes it so that firms charge the same price for all products, and the number

of products o�ered by the firm is all that matters for product choice. They show that

the number of products is below the social optimum for a given number of firms. They

note that this was in contrast to existing work which tended to point to over entry due to

business stealing in other settings. In their setting firms internalize some of the business

stealing, because they o�er multiple products, reducing the incentive for over-entry. In

their model additional firms cause existing firms to decrease the number of products they

o�er. This is because price competition increases with both the number of products and

the number of firms so that firms accommodate the entrant by decreasing the number

of products they o�er as a substitute for lowering prices. The internalization of business

stealing and price competition e�ects identified in Anderson and de Palma (1992) remain

in the model that I consider, although the conclusions of Anderson and de Palma (1992)

do not necessarily hold since I do no maintain many of their simplifying assumptions (for

example the qualities of products will not be equal).

Aydin and Ryan (2000) and Besbes and Saure (2016) generalize the model in Anderson

and de Palma (1992) by allowing for products to have di�erent qualities and costs so

that product identities matter not just the total number of products. They also do not

adopt the nested demand where consumers select brands and then products, but Besbes
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and Saure (2016) does discuss an extension to the nested case. While products are no

longer o�ered at equal prices, both papers show that the equilibrium markups of each

firm’s products will be equal. This equality of markups is a general property of the logit

model related to the independence of irrelevant alternatives assumption since this implies

all products compete equally with each other. This property means that if the firm adds

a product that provides more average utility to consumers it will increase its equilibrium

markup (charging a higher markup or prices on all products). The equal markups in

the more general case are similar to the equal prices in Anderson and de Palma (1992)2.

In the discussion in Section 1.3 of the incremental profits from adding a product, this

will be referred to as the own price e�ect (which has a direct e�ect via the change in

prices, and an indirect e�ect as consumers respond to the price increase). The own price

e�ect in the random coe�cients model of demand cannot be easily characterized since the

markups of products are no longer equal. Both Aydin and Ryan (2000) and Besbes and

Saure (2016) find that firms competing in an oligopoly market have a strong incentive

to o�er products; both papers present cases where firms o�er all available products up

until fixed costs or constraints make added products too costly or infeasible to add.

Besbes and Saure (2016) find that with exogenous prices the monopolist will o�er fewer

products than the competitive market, and because markups are equal when prices are

endogenous the results for the exogenous prices case generalize to the endogenous case.

The literature summarized above highlights the role that the functional form assumptions

about demand may play in determining predictions about the incentives of firms. Not

only does the multinomial logit model impose unrealistic structure on demand, but it

also imposes considerable structure on markups and the firm’s incentive to introduce

products. To address this concern I do not use the multinomial logit, but instead use the

random coe�cients logit model.
2There is another parallel between the extended model and the earlier model of Anderson and de Palma

(1992): Besbes and Saure (2016) show that with the multinomial logit model the choice of products
can be reduced to the choice of by the firm of the expected value (or inclusive value) to the consumer
of purchasing exclusively from that firm. This reduction is similar to the simplification in Anderson
and de Palma (1992) that reduces product choice by firms to a choice of the number of products to
o�er (with equal qualities increasing the number of products increases the inclusive value).
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1.2 Product Choice Game

Firms compete in a two-stage game. In the first stage, firms select the products that they

plan to o�er. Denote the firms choice in stage one by a

f a J-vector of product activity

indicators (each element a

f

j

is 1 or 0 depending on whether firm f o�ers product j), and

let A be the set of all distinct a

f . Based on its choice of a

f the firm can compute its fixed

costs C(af

, ÷

f ), which are also a function of an unobserved firm-specific state ÷

f œ E .

Let J = |A| and E = RJ , so that ÷

f is a vector with elements ÷

f (af ). In the second

stage, firms observe the o�ered products and choose prices. I assume firms play a Nash

Equilibrium in prices in the second stage, and that they anticipate this in the first stage.

Thus a firm knows that if it o�ers a

f and the opposing firm o�ers a

≠f in demand state

D it will receive variable profits �f (af

, a

≠f

, D). This separates the game into a stage

where fixed costs are determined, and a stage where variable profits are determined. The

firm does not completely observe the state of demand when the choice of which products

to o�er is made. Divide D into two parts D = (d, e), where d is the observed or known

state of demand in the first stage and e is the unobserved state of demand (random from

the perspective of the firm) in the first stage. Define the expectation with respect to the

demand shock e of second stage profits as fi

f (af

, a

≠f

, d) © E

e

�f (af

, a

≠f

, D).

Definition 1. Product Choice Game

• Set of players {f, ≠f}

– Set of types for each player E

– Set of actions for each player A

– Payo� function: fi(af

, a

≠f

, d) ≠ C(af

, ÷

f )

In order to characterize product choice in the first stage, it is necessary to characterize

the solution to the price setting game in the second stage. After firms choose what

products to o�er, they observe shocks to marginal cost and demand and then set prices.

Let p denote the full vector of all prices, with p

f being the prices of firm f ’s products

9



and p

≠f the prices the other firm’s products. Similarly, I will denote the market shares

as s =
1
s

f

, s

≠f

2
, and note that the market shares are all functions of the prices and

other parameters so that the share of good k is s

k

= s

k

(p, Ë, D). Denote the per unit

costs c =
1
c

f

, c

≠f

2
, and the markups as b =p ≠ c. Define the firms profit function as

Pf (pf

, p

≠f

, Ë, D) =
1
p

f ≠ c

f

2
s

f (pf

, p

≠f

, Ë, D). The firm solves:

max

p

f
Pf (pf

, p

≠f

, Ë, D) (1.1)

s.t. p

≠f = argmax

p

≠f

P≠f (pf

, p

≠f

, Ë, D).

For each firm this leads to a first order condition:

s

f + (pf ≠ c

f )D
p

f s

f = 0. (1.2)

The matrix D

p

f s

f is the Jacobian of the market shares with respect to prices and has

elements
Ë
D

p

f s

f

È

kh

= ˆsk(p,Ë,D)
ˆph

, where k and h index products owned by firm f . The

Nash equilibrium prices can be characterized by stacking each firm’s first-order conditions

on top of the other. This is because in equilibrium both firms first order conditions

must be satisfied by definition of the pricing problem. Morrow and Skerlos (2010) refer

to these conditions together as the simultaneous stationarity conditions and prove that

solutions to this system must be Nash equilibria. Let D

p

s be defined with elements
Ë
D

p

f s

È

kh

= ˆsk(p,Ë,D)
ˆph

1
Ó
a

f

k

a

f

h

= 1 or a

≠f

k

a

≠f

h

= 1
Ô
. I follow the terminology of Morrow

and Skerlos (2010)again and call D

p

s the inter-firm Jacobian of market shares and its

elements are 0 whenever the product k is not owned by the firm setting the price h. Using
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this new Jacobian matrix the simultaneous stationary conditions can be written as:

s + (p ≠ c) D

p

s = 0. (1.3)

Computing Nash Equilibrium prices and the equilibrium profits reduces to solving this

non-linear system of equations. (1.3) implicitly defines the equilibrium price function,

and (1.2) implicitly defines firm f ’s reaction function (or best response function) which

characterizes how it responds to changes in other firm’s products (or an exogenous change

in the price of one of its own products). In the next section, I will use the equations (1.2)

and (1.3) to characterize how prices and market shares change when a new product is

introduced.

The following assumptions describe the information structure of the game and are the key

to the identification and estimation procedures. I will briefly describe each assumption

here, and then describe their role in full when they are used in the following sections.

Assumption 1. Complete Information:

• Assume that the vector ÷

≠f is known to firm f when it makes its product choice

decision

• g(÷f |D) is the same for both firms, and ÷

f does not depend on the actions of the

other firm

• ÷

f ‹ ÷

≠f

Assumption 1 states that the product choice game is a game of complete information.

This assumption motivates the use of the Nash equilibrium concept. In Nash equilibrium

firm’s choices or products are best responses. This generates inequalities of the form:

given a

≠f and d, fi(afú
, a

≠f

, d) ≠ C(af

, ÷

f ) Ø fi(af

, a

≠f

, d) ≠ C(af

, ÷

f ) for any a

f ”= a

fú.

These inequalities for the basis for estimating the fixed cost parameters. fi(af

, a

≠f

, d),
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the expected variable profits, are computed using estimates of demand and variable cost.

Then given a parametrization of the cost function I make pairwise comparisons between

the chosen set of products a

fú and alternatives a

f , and maximize the number of times

the observed choice is optimal (which is Manski’s score function).

Assumption 2. Exchangeability:

• Let g(÷f |D) denote the distribution of the firm’s type vector conditional on the

state variable D, and let g be absolutely continuous with full support

• Assume that g(÷f |D) is exchangeable in the elements of the vector ÷

f

Assumption 2 makes the joint distribution of elements of ÷

f (conditional on the state)

exchangeable. This is one of the su�cient conditions for consistency of the pairwise

maximum score estimator (Fox, 2007). The exchangeability property is key to making

the choice set rank ordered by the observable component of payo�s. Also note that the

distribution does not depend on a

≠f . This means that regardless of what the other firm

chooses the fixed costs disturbances are exactly the same for any action. Estimation

of fixed costs based on this type of exchangeability assumption and the N.E. necessary

conditions derived from Assumption 1 can also be found in Ellickson et al. (2013).

Assumption 3. Conditional Independence:

• E(e|÷f ) = 0

• E(e|d) = 0

Assumption 3 makes the firm’s fixed cost draw (type) uninformative about the marginal

cost and demand shocks that are captured by the unobserved state variable e. This

assumption is one of the su�cient conditions for the identification strategy proposed by

Eizenberg (2014) for the variable profit parameters. Assumption 3 means that the choice

of a

f is made only based on the observable shifters of demand and variable costs–d, and

the fixed costs unobservable ÷

f which is uninformative about demand and variable cost.

In turn, this means that the actions a

f should be uncorrelated with the ethe second stage
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unobservable demand and variable cost shocks. This exclusion restriction is the basis

for instrumenting for prices and ruling out selection bias when estimating demand. I

further assume that there is one marginal cost shock and one demand shock per product-

brand pair in each market quarter and that these shocks are independent and identically

distributed.

So based on Assumption 3 I am able to consistently estimate demand and variable

costs using standard methods. This is the first step in estimating the fixed costs of

o�ering products and can be thought of as estimating the parameters of the function

�(af

, a

≠f

, D). I do this estimation in Chapter 2. The second step is to simulate

fi(af

, a

≠f

, d) © E

e

�(af

, a

≠f

, D) in order to estimate fixed costs. For this I use the resid-

uals from the first stage as estimates of e. I simulate fi(·) for many di�erent alternative

a

f that were not chosen, and the third step uses these alternatives to form the pairwise

maximum score estimator for the parameters of the fixed cost function C(·). I describe

the simulation of expected variable profits and the estimation of the fixed costs in Chapter

3.

1.3 Characterization of Incremental Profits

A firm will choose to add a product when the incremental profits from doing so are

positive. Specifically, if a

f+ denotes a

f with one product added, then firms will o�er the

set of products a

f+ if:

fi

f (af+
, a

≠f

, d) ≠ fi

f (af

, a

≠f

, d) Ø 0

If the demand and marginal cost shocks are i.i.d. (in particular their distribution does

not depend on the number or type or products o�ered|), then the di�erence in expected

variable profits can be characterized by the incremental variable profits, letting the new
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product be indexed j and the existing products be indexed by 1 up to J :

⁄ Œ

≠Œ

⁄ Œ

≠Œ
...

⁄ Œ

≠Œ
�f (af+

, a

≠f

, d, e) ≠ �f (af

, a

≠f

, d, e) dF (e1)...dF (e
J

)dF (e
j

)

The term �f (af+
, a

≠f

, d, e) ≠ �f (af

, a

≠f

, d, e) is the incremental variable profits and will

determine the profitability of entry.

In order to characterize the incremental profits, I will re-write them in terms of the

equilibrium prices and market shares. First, define p

ú to be the vector of equilibrium

prices if the product is introduced. The equilibrium prices when the new product, product

j, is not in the market can be usefully thought of in terms of the virtual price of product

j (Hausman and Leonard (2002)). There are some technical issues with virtual prices3,

here I use them simply as a notational convention to denote prices without product j.

Call this price p

v

j

, and denote the equilibrium prices when product j is priced at its virtual

price: p

v

≠j

. Then the incremental profits from o�ering product j are:

1
p

úf

j

≠ c

j

2
s

f

j

+
1
p

úf

≠j

≠ c≠j

2
T

s

f

≠f

(pú
≠j

, p

úf

j

) ≠
1
p

vf

≠j

≠ c≠j

2
T

s

f

≠j

(pv

≠j

, p

vf

j

)

This equation divides the incremental profits into a benefit: the markup and revenue from
3The idea is that if the price is large enough, it is possible to make the consumer’s demand for product

j arbitrarily close to 0, and with the market share essentially 0 treat the product as unavailable.
Further, it is possible to choose the virtual price such that the firms revenue from product j is
arbitrarily close to 0, and the prices that solve the simultaneous stationarity conditions (equation
1.3) when the price of product j is exogenously set to the virtual price are arbitrarily close to the
equilibrium prices when the product is removed from the market. It is necessary that the price
sensitivity is bounded in some sense (Morrow and Skerlos (2010) give some conditions for this and
discussion of this issue). In particular, if there is a random coe�cient on price in the consumer’s
utility function which has unbounded support then it is possible that there are consumers for whom
prices increase utility. For these consumers, no price would set their demand to 0, and the existence
of such consumers would imply that the limit of the aggregate demand as price increases would not go
to 0 as price rises (which is what is required to apply the virtual price idea). In my empirical model
of demand I do not place bounds on random coe�cient on price so technically virtual prices are not
applicable to my model, but in practice, the measure of consumers with positive price coe�cients is
too small to matter.
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the new good,
1
p

úf

j

≠ c

j

2
s

f

j

, and the change in profits of existing products is the remaining

two terms. Given the the new product is a substitute for existing products the second

two terms would seem to represent a cost. I will refer to the change in profits of existing

products as the cost of adding a product in the discussion that follows. However, these

are di�erences in equilibrium profits, therefore, it is not just consumers that respond the

introduction of a new product by substituting toward it, but also firms who may respond

by altering prices. This means there would be additional work required beyond noting

that the products are substitutes to fully sign the cost term. For example, if the firm

raises the prices of its own goods, it is not clear, without additional work, that profits

will fall.

It is important to consider both the price changes and substitution patterns, and to

illustrate these I will subtract and add the term
1
p

úf

≠j

≠ c≠j

2
T

s

f

≠j

(pv

≠j

, p

vf

j

) to the cost of

adding a product to decompose it into two e�ects:

1
p

úf

≠j

≠ c≠j

2
T

1
s

f

≠j

(pú
≠j

, p

úf

j

) ≠ s

f

≠j

(pv

≠j

, p

vf

j

)
2

+
1
p

úf

≠j

≠ p

vf

≠j

2
T

s

f

≠j

(pv

≠j

, p

vf

j

)

This divides the cost of the new product into two parts. The first part might be termed

the substitution e�ect, and the second termed the price e�ect. There are several prices

that might change in the substitution e�ect: the firm’s own prices, the other firms’ prices

(if there is another firm), and the price of the new good falling from its virtual price.

Adding and subtracting suitable terms decomposes the substitution e�ect into three parts:

• Own price substitution: s

f

≠j

(púf

≠j

, p

ú≠f

≠j

, p

úf

j

) ≠ s

f

≠j

(pvf

≠j

, p

ú≠f

≠j

, p

úf

j

)

• Price competition e�ect: s

f

≠j

(pvf

≠j

, p

ú≠f

≠j

, p

úf

j

) ≠ s

f

≠j

(pvf

≠j

, p

v≠f

≠j

, p

úf

j

)

• Cannibalization: s

f

≠j

(pvf

≠j

, p

v≠f

≠j

, p

úf

j

) ≠ s

f

≠j

(pvf

≠j

, p

v≠f

≠j

, p

vf

j

)

The cannibalization e�ect will be negative in the random coe�cients demand model that

I estimate, and that this e�ect is negative can be easily verified for the simple logit
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specification4. Let u

k

for k œ {1, ..J} be the indirect utilities that consumers get from

consumer the existing products when the are priced according to
1
p

vf

≠j

, p

v≠f

≠j

2
, and take

the new product j ”œ {1, ...J} with utility u

j

when its price is p

ú
j

. Then the cannibalization

e�ect for product k owned by firm f can be written:

s

f

k

(pvf

≠j

, p

v≠f

≠j

, p

úf

j

) ≠ s

f

k

(pvf

≠j

, p

v≠f

≠j

, p

vf

j

) =
e

uk

1 + e

uj + q
J

h=1 e

uh1{a

f

h

= 1 or a

≠f

h

= 1}
≠ e

uk

1 + q
J

h=1 e

uh1{a

f

h

= 1 or a

≠f

h

= 1}
=

e

uk(≠e

uj )
1
1 + e

uj + q
J

h=1 e

uh1{a

f

h

= 1 or a

≠f

h

= 1}
2 1

1 + q
J

h=1 e

uh1{a

f

h

= 1 or a

≠f

h

= 1}
2 =

≠s

f

k

(pvf

≠j

, p

v≠f

≠j

, p

vf

j

)s
j

(pvf

≠j

, p

v≠f

≠j

, p

úf

j

) =

The cannibalization e�ect is therefore negative as expected. In general, cannibalization

will a�ect the oligopoly less than the monopolist. Consider the case where firm f o�ers

the same products if it is in competition or if its a monopolist, so that the only di�erence

between the two cases is whether there are any products where a

≠f

h

= 1. These added

products enter the denominator of both s

f

k

(·)and s

f

j

(·) in the same way (all products

that are not product j are held at their p

v

≠j

values), and therefore the multiplication of

s

f

k

(·)sf

j

(·) will be smaller for the oligopoly case. The existence of competing products

softens cannibalization. This e�ect might be referred to as business stealing and has

been pointed to as driving the incentives for competitive firms to enter products in other

settings (see Tirole (1994)).

On the other hand, the price competition e�ect does not enter into the monopolist’s ’cost’

term lowering his costs of adding products. I expect the price competition e�ect to be

negative, since by an application of the mean value theorem it can be written for p̃

≠f

≠j

in

the convex hull of p

ú≠f

≠j

and p

v≠f

≠j

as:

4The proof for the logit model given here generalizes to the random coe�cients model as long as the
distribution of the random coe�cients does not change with the introduction of a new product.

16



D

p

≠f
≠j

s

f

≠j

(pvf

≠j

, p̃

≠f

≠j

, p

úf

j

)
1
p

ú≠f

≠j

≠ p

v≠f

≠j

2

The derivatives of the firm’s market shares with respect to the other firm’s prices are

positive, and in empirical work, the average change in price for competitors after the

introduction of a new product has been negative (Giacomo (2008)). It should be noted

that in theory (and even in practice) prices may not all fall in response to the introduc-

tion, so the overall magnitude and possibly sign of this term is uncertain. However, the

countervailing e�ects of decreased price competition and increased cannibalization for the

monopolist in comparison to the oligopoly make predicting the e�ect of market structure

on product entry and exit di�cult.

Further complicating the comparison between oligopoly and monopoly, is that own price

substitution and direct price e�ects do not have obvious signs and magnitudes. In the

simple logit and nested logit models reviewed in Section 1.1.1 the sign of these terms were

negative for the indirect and positive for the direct e�ect. New products, as long as they

were of higher quality than existing products, allowed the firm to raise markups on all of

its products. In the random coe�cients logit model markups are not necessarily equal,

however, the intuition from the simple logit case may be a good prediction. Comparing

the monopoly to the oligopoly is not straightforward, since even though the monopoly may

charge higher prices the change in prices after the product introduction is what matters for

the incremental profits not the absolute size of the prices. Still if the monopolist enjoys

greater pricing power, perhaps it faces more inelastic demand, then the indirect price

e�ect may be smaller for the monopolist increasing the returns from adding a product.

Overall, there are two forces at work. The monopolist’s pricing power, or lack or price

competition, relative to the oligopoly reduces his cost when adding a product. It may also

allow him to charge a higher price on the new product than the oligopolist other things

being equal. But the oligopolist benefits from the reduced cannibalization, which reduces
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his cost of adding a product. Because of the countervailing forces at work the di�erence

between the incremental profits for the two market structures is unclear without estimates

of the demand and prices before and after the introduction of a product.

1.4 Conclusion and Preview of Chapters 2 and 3

Product choice plays a key role in market conduct. The goal of the remaining chapters

is to examine the question of product choice’s role in consumer welfare in Chapter 2,

and in Chapter 3 to look at the e�ect of market structure on the incentives of firms

to add or drop product o�erings. Both of these chapters will estimate elements of the

product choice game using data from the U.S. Yogurt Industry. In Chapter 2, I estimate

the demand and variable cost curves in the U.S. Yogurt Industry from 2001-2011. This

allows me to compute the incremental profits that arise when products are added or

dropped by firms, which will be an important input to work done in Chapter 3. I also

compute the changes in consumer welfare that have occurred after the introductions of

15 new products during the sample period. In 3, I estimate the fixed costs of o�ering

products using the information about the incremental profits obtained from the demand

and variable cost estimates. I then counterfactually change the market structure in order

to predict the e�ect of a merger on the incentives of firms to add or drop products.
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2 Product Variety in the U.S. Yogurt

Industry: Demand and Welfare

2.1 Introduction

When firms adopt a new product, previous work has estimated large increases in consumer

welfare1. These studies take a new product introduction or adoption as an exogenous

event, uses estimated demand and marginal cost curves to compute welfare changes for

firms and consumers, and are quick to point out that they do not say anything about

the costs of firms to o�er these new products. In all studies, welfare changes are in the

millions of dollars for both industry profits and consumer welfare. Closely related to my

work, Giacomo (2008) studies the introduction of a new low-fat and regular fat brands

in the Italian yogurt industry. She finds that there is only a small 6 million euro gain

by consumers directly from variety. Rather than creating new product categories firms

in her paper are adopting existing product characteristics, either low or regular fat, so

it is unsurprising that the direct e�ect of variety is small. Consumers gain 389.6 million

euros due to the decreases in prices that occur after the addition of these products. The

firm introducing the brand increased its average mark-up, while its competitors lowered

their prices in response. Giacomo also finds that industry profits fell by 365 million

euros. These studies clearly indicate that product variety plays a key role in determining
1For example, by Petrin (2002) in the consumer automobile industry, Hausman (1996) in the ready to

eat cereal industry, Hausman and Leonard (2002) in the bath tissue industry, and Giacomo (2008)
in the Italian yogurt industry.
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the strength of price competition and the resulting consumer welfare, but studies in this

literature take the adoption of a new product as given when it is actually a key strategic

variable for firms. Additional work has found that introductions of new product categories

in the U.S. may have important implications for consumer diets (Taylor et al. (2017)),

and that consumers value positively many of the health related product attributes that

new yogurt products have been marketed with in the last 10 years (Bonanno (2016)).

In this chapter I will estimate demand for yogurt using a random coe�cients logit model,

and use the results to document changes in consumer welfare that result from the in-

troduction of 15 new yogurt product lines during my sample. I replicate the qualitative

result of Giacomo (2008) that price e�ects account for an order of magnitude more of

the change in consumer welfare than direct e�ects. The demand and variable cost curves

estimated in this chapter will also form the basis of Chapter 3, where I estimate of fixed

costs of o�ering products, and simulate the e�ect of potential mergers on the products

o�ered in the industry. In that chapter, I hope to address the limitation of previous work

that takes these introductions as exogenous and is therefore limited in what it can say

about the e�ect of market structure on incentives to o�er products.

I model firms as playing a two stage game (see 1 for more details). In the first stage firms

choose which products to o�er, and then, conditional on the set of products o�ered by

all firms, firms set prices in the second stage. Eizenberg (2014) shows that this timing

assumption allows demand and variable costs to be estimated using standard methods e.g.

Berry et al. (1995) and Berry (1994). This estimation strategy has been standard across

several recent works on product entry and exit, for example: Wollmann (2014) and Fan

and Yang (2016). Given estimates of demand and variable cost, it is possible to simulate

the variable profits firms would receive for o�ering di�erent sets of products. Di�erences

in variable profits across alternative choices with di�erent numbers of products provides

the variation that I use in Chapter 3 to identify the fixed costs of o�ering product lines.

In this chapter I will use the estimates of demand to compute the changes in consumer

welfare changes that occurred after the introduction of each of the new categories of
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yogurt in my data. I find that introductions of new products in the yogurt industry

resulted in a total of $205.4 million dollars of increased consumer welfare from 2001-2011.

2.2 Data and Industry

I am going to study the relationship between market structure and product variety in

the U.S. Yogurt Industry, using data from the IRI marketing database and auxiliary

sources. The IRI marketing database contains scanner data on products typically o�ered

in super markets. The data allow me to observe sales, prices, and product characteristics

for yogurt at the store level weekly from 2001-2011 in a cross section of 48 geographic

markets defined by IRI. The IRI geographic markets vary considerably in population from

about 0.5 million to 19 million and the number of constituent counties in an IRI market

ranges from 1 county to a maximum of 78 counties. I aggregate the data across weeks to

quarters, and across stores to the market level. I also aggregate up the sales and price

data to the product line level using my own definitions of product lines based on the

IRI product characteristics, see section 2.2.2 for a detailed description of how products

are defined, section 2.2.1 for a discussion of the yogurt industry and top brands, and

appendix 2.1 for more detail on data aggregation.

The IRI data lists the counties contained in each IRI market, and I am able to use

this information to supplement the IRI marketing database with demographic and cost

data. I use data from the 2000 U.S. Census to explain di�erence in demand for yogurt

across markets. I include data on the median income, percent white, and percentage

of household with children. In order to model variable costs: I pull data on county

level average weekly wages from the Quarterly Census of Employment and Wages, and

annual state level commercial electricity retail prices from the U.S. Energy Information

Administration. In addition I was able to determine the locations of the manufacturing

facilities where all of the main brands of yogurt are produced from their websites, customer

service representatives, and local news articles accessed online. I use this information to
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calculate the average distance from each plant to the counties in each geographic market.

The distances to manufacturing facilities turn out to be an important cost shifter and

a strong valid instrument for prices. The last auxiliary data comes from the annual

intercensal population estimates from 2000-2011 provided by the U.S. Census bureau,

which I use to determine the number of possible yogurt sales in a geographic market

and time period. I calibrate the market size to be one yogurt per person per week–so

thirteen times the population. This strategy matches that used by Villas-Boas (2007)

and Giacomo (2008)for estimating demand for yogurt. I update the market size annually

to allow for changing population over the decades.

Tables 2.1, 2.2, 2.3 give descriptive statistics for demographics, prices and competitive

conditions, and cost data respectively. Table 2.1 reports some standard demographics

from the 2000 U.S. census; median income is reported in thousands of U.S. dollars and

population in thousands. ’Dist. to Closest Plant’ is the distance in kilometers to the

nearest manufacturing facility for a products brand. ’ The large maximum of 3356 km is

closer than the distance from New York, NY to Los Angeles, CA and is consistent with

the location of several smaller brand’s manufacturing facilities in upstate NY and New

England (e.g. Chobani in New Berlin, NY, and Stonyfield in Londonberry, NH). The

two largest brands Dannon and Yoplait have several manufacturing facilities spread out

across the midwest, south, and west, which sets them apart from the smaller producers.

Table 2.2 reports descriptive statistics for variables that vary across quarters and overtime

. ’Electricity Price’ is the average price paid for electricity for commercial use in cents

per kilowatt. The average weekly wage is the average wages in U.S. dollars per week for

workers in a market-quarter. Each product-quarter-market observation is an aggregation

of several UPCs across weeks and stores, and the variable ’Avg. Frac. Featured’ records

the fraction of UPC-week-store observations where a product was recorded by IRI as

having been featured. ’Avg. Frac. of Stores with Product’ looks at each product and

calculates the fraction of stores during that market-quarter observation that carried that

product line. ’Frac. of Stores with Private label’ is simply the fraction of stores in
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a given market-quarter that carried one or more private label yogurt brands. I also

report the average fraction featured and fraction of stores with product for each brand

in a market-quarter. ’Num Stores’ is the number of retail stores (in the IRI sample) in

a market quarter observation. ’Retail HHI’ is the Herfindahl Index computed for the

retailers using IRI’s estimated total sales per store. Finally, Table 2.3 shows descriptive

statistics for the price of a standard 6oz unit of yogurt and other competitive variables.

It also reports ’Frac. Featured’ which is the number of store-weeks a given product is

featured–this is aggregated to become ’Avg. Frac. Featured’, and it reports fraction of

stores that o�ered a given product (’Frac. Stores with Product’)–which is aggregated

to become ’Avg. Frac. of Stores with Product’. The distributions of the disaggregated

versions of these variables are similar to the aggregated versions, implying that there

is little within brand-market-quarter variation across products in these variables and

supporting the use of the aggregate versions when estimating demand.

Table 2.1: Descriptive Statistics: Demographics

Variable n max. mean min. std. dev.
Median Age 2000 47430.0000 38.3487 35.0380 27.4391 1.8502
Median Income 2000 47430.0000 64.9065 44.5703 29.9851 6.7108
Perc. White 2000 47430.0000 96.5593 77.4488 54.4219 11.3994
Population 2000 47430.0000 18893.1120 3629.6957 526.6240 3475.3177

Descriptive statistics for data that is only at the market level. For demographics: variables
reported are weighted averages across counties within IRI geographic markets (using census
weights) of variables from the 2000 U.S. census. "Median Age 2000" is the average median
age in years. "Median Income 2000" the average median income in 1000s of U.S. dollars.
"Perc. White 2000" is the average percentage of the population that is white. "Population
2000" is the total population in 1000s of persons of each the IRI market in 2000. ’Dist. to
Closest Plant’ is the distance to the closest plant for each manufacturer and is measured in
kilometers.

2.2.1 Industry and Firms

The yogurt industry in the United States is dominated by two major brands: Dannon

and Yoplait. Combined these two firms control about eighty percent of sales over the

sample period, and each controls around forty percent of sales. Dannon and Yoplait each
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Table 2.2: Descriptive Statistics: Market level variables

Variable n max. mean min. std. dev.
Median Age 48 38.3487 34.9358 27.4391 1.9266
Median Income 48 64.9065 44.4122 29.9851 6.8852
Dist. to Closest Plant 48 3356.7326 974.5851 42.3331 714.4255
Percent White 48 96.5593 77.2394 54.4219 11.5610
Population (2000) 48 18893.1120 3532.9965 526.6240 3390.4963

Descriptive statistics for price and promotion data. "Brand Avg. Frac. Featured" is the average
fraction of store-weeks in a market-quarter pair that a brands products are featured. "Brand
Avg. Stores with Product" is the average fraction of stores carrying a brands products in
a market-quarter observation. "Frac. Featured" is the fraction of store-weeks in a market-
quarter pair that a product is featured. "Frac. Stores with Private Label" is the fraction
of stores in market-quarter observation that o�er a private label yogurt product. "Frac.
Stores with Product" is the fraction of stores carrying a brands products in a market-quarter
observation. "Price" is the average price of a product per standard 8oz unit of yogurt during
a market-quarter observation. "Stores per Market" is the number of stores per IRI geographic
market during a quarter.

o�er several product lines in most of the IRI markets. While the industry is dominated

nationally by the leading manufacturers, competition from regional and niche producers

plays an important role in determining the degree of price competition and profitability

of yogurt products.

There are several smaller brands that appear in the data. Some smaller brands are

also associated with premium products, quality or local ingredients, and particular styles

of yogurts. Others simply represent regional dairies that have traditionally produced

yogurt. Finally some brands are new entrants into the Yogurt market. For example,

greek yogurt made Chobani one of the top yogurt brands in the country with about

25% of total yogurt sales in 2015Giammona (2015). In order to account for competition

from secondary brands, I will model demand for their products and allow them to adjust

prices in response to changes in product variety, but for simplicity I leave them out of

the product level entry and exit model by assuming they would o�er the same products

regardless of what Dannon and Yoplait choose to o�er. In this way I include the next

ten largest brands, after Dannon and Yoplait, by total sales over the sample. I do not

consider the demand for any brands outside of this set of 12. Figure 2.1 gives the complete
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Table 2.3: Descriptive Statistics: Product level variables

Variable n max. mean min. std. dev.
Frac. Featured 47430 1.0000 0.0820 0.0000 0.0830
Frac. Stores with Product 47430 7.8177 2.0956 0.6326 0.7022
Price per 6oz 47430 0.9474 0.5281 0.0056 0.2233

Descriptive statistics for cost shifters. "Avg. Weekly Wage" is computed using the county
average weekly wages reported in the Quarterly Census of Employment and Wages averaged
over the counties in the IRI geographic market. "Electricity Price" is the average retail price
of electicity for commericial use average over the counties in the IRI geographic market. "Min.
Dist. Firm." is the average distance in 1000s of km from the geographic centers of the counties
in the IRI geographic market to the nearest yogurt manufacturer. "Retail HHI" is an HHI
index computed for retail chains in each IRI geographic market using total sales reported by
IRI.

list of 12 brands that I consider, and shows their share of industry sales by quarter over

the period2.

Figure 2.1 shows that Yoplait and Dannon are consistently getting between 30 and 45

percent of industry sales. The next three producers Chobani, Breyers, and Stonyfield each

at some point acheive around 10% of industry sales. Chobani of course is a successful

new entrant with rapidly increasing sales. Stonyfield entered the yogurt market producing

organic and premium yogurts prior to the sample and have been successful throughout.

They were acquired by the same holding company that owns Dannon in 2003, but I

model their brand separately since they appear to have maintained their own brand

identity throughout the sample. Finally, Breyers yogurt has been declining throughout

the sample. Ownership of the brand changed hands twice during the sample as its value

decreased. Further complicating matters is that the YoFarm brand was marketed by

Breyers from 2005-2010, which explains YoFarm’s lack of sales over this period. Besides

the ownership change for YoFarm the rest of the bottom five yogurt producers in my

sample have relatively consistent or declining and small shares of the industry.

The competition from regional and niche producers means that in many markets there

will be several firms o�ering any given product line. In a counterfactual that removes

2Share of industry sales is not the same as market share. Market share is the share of potential sales,
while share of industry sales is the brands share of total realized sales by the industry
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this competition, there will be three potential e�ects on the variety of products that

are o�ered. First, removing niche producers will decrease competition in these product

categories increasing the incentive to enter. On the other hand, there will be a reduction

in the business stealing incentive. This is because when a firm introduces a product,

mechanically more of the added product’s sales will be cannibalized from the firm’s own

existing products rather than competitors’ products. Finally, prices for traditional yo-

gurt products that where Dannon and Yoplait face the most competition from regional

producers may rise when that competition is removed. Increases in prices for traditional

yogurts may reduce consumer to substitution away from niche products toward cheaper

traditional o�erings.

Figure 2.1: Share of Industry sales by quarter
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Plot of each brand’s share of total industry sales using standardized 8oz units. The top graph
shows the top 2 brands and three other producers with national level distribution and brand
recognition. The bottom graph shows smaller producers who are largely regional producers
of yogurt with limited brand recognition.
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2.2.2 Product Categories

The yogurt industry in the U.S. has been driven by innovation. Originally, plain yogurt

was a staple food for some european immigrant groups, but in the 1950s Dannon added

fruit to their yogurt creating a sweeter product that appealed to a broader group of

American consumers. From the 1980s onward yogurt expanded to new categories. Dan-

non launched Danimals(TM) target to kids in 1994. Yoplait responded with its successful

Go-Gurt(TM) brand aimed at kids in 1999. The pattern of product innovation contin-

ued in the 2000s. Yogurt companies responded to diet fads with high-fiber and low carb

yogurts, and added yogurt beverages with Dannon beginning production of its drinkable

yogurts in 20003. The history of new product introductions makes the yogurt industry

an ideal setting to learn about product variety in consumer goods industries.

I divide the yogurt market into seven product categories: Greek, Lite, Active, Fiber, Carb,

Kids, and Drinks4. Products can belong to several categories. I define a product line

to be a unique combination of category membership. A yogurt might be both targeted

towards Kids and Health. In order to construct the product categories and assign UPC

codes to product lines I combined the existing product characteristics coded in the IRI

data with information that could be gleaned from reading the product description leaf5.

3Information on these product introductions comes from the manufacturer webpages. Introductions in
the period 2001-2011 are covered by my data.

4Lite is yogurt that appears targeted towards health conscious consumers sometimes with restricted
calories, but I do not reliably observe calories and instead rely on the branding containing the term
’lite’ or ’light’. Active yogurt contains pro-biotic or active bacterial cultures. Fiber yogurt has added
dietary fiber, and Carb has lower carbohydrates which would usually require reduced sugar content.
Kids yogurt is marketed toward kids, and the branding usually makes this clear–I include in this
category tie-in products with Disney characters or other media properties under the assumption this
is directed at children. Greek yogurt is a thicker yogurt, which is based on a traditional method
of straining moisture out of the yogurt, but many firms rely on thickeners and other techniques to
replicate the traditional method. Drink yogurts are thinner yogurts designed to be consumed as a
beverage.

5The product description leaf L5 provides the “brand name” of a yogurt e.g. ’Dannon Light’. These
descriptions provide some information in and of themselves: ’Dannon Light’ is a light yogurt, further,
the product description can be google searched and the results of the search used to further confirm the
product characteristics. Often searching for the product description returns images of the packaging,
a manufacturer’s page with a more detailed description, nutritional information, advertisements, and
even customer reviews. I made heavy use of images of the packaging to gather information about
product characteristics, since the packaging tends to contain marketing information about a products
intend ended category.
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Product lines abstract away the many di�erent versions of a product line that might be

o�ered. Yogurt producers usually o�er several flavors in each of their product lines. In

addition I observe several other characteristics that firms could use to create di�erent

versions of their product lines like fat content, and textures. I capture di�erentiation

within products by including brand-product interactions in demand estimation. This

allows each firm to occupy a di�erent position along a single axis of di�erentiation within

each product market. I am forced to limit the number of categories because while I am

able to handle a high dimensional choice set when firm’s choose products using maxi-

mum score, demand estimation is still based on the logit model and additional products

requires additional product fixed e�ects increasing the number of parameters. The type

of product di�erentiation helps to predict the equilibrium product variety. Since the in-

dustry is characterized by a set of discrete product characteristics and a corresponding

discrete set of products it is not as easy to create close substitutes to a competitors prod-

uct that di�er in more ways than brand identity. If there is more scope for di�erentiation

along observable characteristics firms would be able to reduce the competition for their

products. In the way I model di�erentiation firms have a limited ability to spread out

within product markets leading to increased competition within markets, and remov-

ing competition from other firms within each market should therefore make entry more

profitable.

Product lines are the key unit of observation for this study. I aggregate the UPC level

price observations to the product line level, by calculating an average price per ounce

for each product line. Using these prices and the observed quantities I estimate demand

for product lines and the decision of by firms of which product lines to o�er in each

market and time period. Table 2.4 shows all of the potential product lines. These are

combinations of product categories that I observe in the sample. Firms are not limited to

choose from among this set since when I estimate the model. The method of maximum

score is still consistent even when only part of the choice set is observed. Restricting

attention to only product lines that I observe prevents me from considering products
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that were actually outside of the choice set. I also avoid ad hoc restrictions on the choice

set.

Table 2.5 reports descriptive statistics for the number of product o�ered by each brand.

Dannon and Yoplait stand out with an average number of products over the sample of

9.5 and 5.61 respectively, and both of their maximums are a bit more than twice their

minimum number of products, which is driven by the net entry of products that has

occured in the industry. BlueBunny, Breyers, and Stonyfield o�er several products and

have national distribution for most of the sample period. Stonyfield focuses on niche

products, while Breyers and BlueBunny focus on more traditional yogurt products. The

remaining firms are all regional diaries during the sample, except Chobani which does

have national level distribution by the end of the sample even though it focuses on only

one product.

2.3 Demand Model and Estimation

In order to evaluate the welfare impacts of the introduction of new products, I will

need to predict prices in counterfactuals where those products are not o�ered. This

requires estimating both the demand and marginal cost curves to use as inputs for those

counterfactuals. In Chapter 3 I will also use both curves together to assess the profitability

of o�ering alternative sets of products, and use di�erences in profitability between the

observed set of products and alternatives that were not o�ered to estimate the fixed costs

of o�ering products. Estimating these two components can be done using the familiar two

step procedure of estimating demand (recovering the revenue function) and then using

the N.E. pricing first order conditions to recover marginal cost. First in section 2.3.1, I

will lay out the demand specification, then explain the how I take the model to the data,

and identify the parameters of interest. Second in section 2.3.2 I show how the demand

estimates can be used to recover variable costs and estimate a model for those costs using

my data on cost shifters.
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Table 2.4: Potential Product Lines

Product Name Greek Kids Drink Lite Active Carb Fiber
Regular
Lite X
Carb X
Kids X
Kids Drink X X
Active X
Lite Active X X
Lite Carb X X
Drink Lite Carb X X X
Lite Fiber X X
Drink X
Drink Lite X X
Drink Active X X
Drink Lite Active X X X
Drink Carb X X
Greek X
Fiber X
Active Fiber X X
Greek Active X X
Greek Kids X X
Greek Drink X X

"X" indicates that a product line is in the product category indicated by the collumn. These 21
product lines are the combinations of product categories observed in the data.

2.3.1 Demand Estimation

Estimating demand when the set of o�ered products is endogenous presents a possible

selection problem. Shares and prices are only observed when firms choose to o�er a

product. Consistent estimation of the demand parameters will therefore have to rely on

the two stage timing of the pricing and product choice decisions, and on Assumption 3

which makes the firm’s information at the time it chooses products uninformative about

later shocks to demand and marginal cost. At the time that the firm chooses a

f

tm

the firm

has observed: ÷

f

tm

, ÷

≠f

tm

, and d

tm

(which contains the demographics d0m

as well as marginal

cost shifters). Since �›

f

mjt

is one of the unobservable e

tm

state variables, �›

f

mjt

has mean

zero expectation conditional on each variable in the information set by Assumption 3.

Because a

f

tm

is a function of only the variables in the information set, E(�›

f

mjt

|af

tm

) = 0.
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Table 2.5: Number of Products by Brand

Brand Mean Std. Dev. Min. Max.
AEDairy 2.00 0.00 2.00 2.00
BlueBunny 3.82 1.39 2.00 7.00
Breyers 2.66 0.78 2.00 4.00
Chobani 1.00 0.00 1.00 1.00
Columbo 1.97 0.16 1.00 2.00
Crowley 2.41 0.76 1.00 3.00
Dannon 9.50 2.95 4.00 13.00
LaYogurt 2.00 0.00 2.00 2.00
Stonyfield 3.27 0.73 2.00 5.00
Tillamook 1.00 0.00 1.00 1.00
YoFarm 1.07 0.26 1.00 2.00
Yoplait 5.61 1.48 3.00 8.00

Descriptive statistics, computed across all market and quarter observations, for the number of
product lines o�ered by each of the 12 brands.

This is essentially a selection on observables argument, which may not be appropriate if

firms have access to special knowledge about demand shocks (like market research) that

I do not observe6. However, there are only 6 instances where a brand o�ers a product

for a year of less. There are also no cases where a product persists in being o�ered in

only a single market. This suggests that when firms o�er products they are responding

to longer term changes in consumer taste rather than market quarter specific shocks.

The model of demand I use is based on the following specification for the indirect utility

for consumer i purchasing product j o�ered by firm f at time t in market m:

u

f

ijtm

= p

f

jtm

–

ip

+ r

f

tm

–

r

+ ff

tm

–f + ›

f

jt

+ �›

f

mjt

+ ‘

f

ijtm

.

The price p

f

jtm

has an individual specific coe�cient –

ip

. The parameter –

ip

determines the

6For a complete discussion of this assumption see: Eizenberg (2014) who first proposed this modeling
paradigm. Recent work by Cilberto et al. (2015) allows for correlation between the fixed cost shocks
(firm types) ÷f

tm and the unobserved state variable etm. The authors of that paper find evidence for
selection bias in the airline industry. I would argue that entry and exit decisions by airlines are more
likely to respond to transitory market specific shocks to demand than are product choice decisions,
but also concede that a model without the selection on observables argument is probably preferably.
Their model is already computational challenging with binary entry and exit choices by firms, and
it is not clear that it would be feasible to translate to the high dimensional product choice setting
without restrictive assumptions to reduce the size of the choice set.
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markups and substitution patterns. Higher average –

ip

leads to more inelastic demand

and higher markups. Cross price elasticities also depend on the distribution of –

ip

, and

when its variance increases the demand system will deviate more from the independence

of irrelevant alternatives (IIA). I specify –

ip

as a random coe�cient with distribution

N(–, ‡

2
–

). I will estimate the model using the nested fixed point estimator of Berry et al.

(1995).

Prices p

f

jtm

are still endogenous even if selection is ruled out because they are chosen in

the second stage after firms observe the demand and marginal cost shocks. Therefore

a set of instruments for prices and these variables will be required. Eizenberg (2014)

proposes to use counts of the number of products of each category o�ered by each firm,

the standard Berry et al. (1995) (BLP) instruments. Since E(�›

f

mjt

|af

tm

) = 0 implies that

functions of either firm’s chosen set of products will be valid instruments. I also know

the average distance of each market to the firms’ manufacturing facilities. I use this as

an instrument for price, and refer it as the Cost instrument. The Cost instrument is valid

under the assumption that the locations of manufacturing facilities are independent of the

�›

f

mjt

demand shocks. During the sample period I am not aware of any major changes in

the locations of manufacturing facilities in the yogurt industry. Given that the locations

are plausibly determined prior to the demand shocks their independence can be justified

by the same type of timing argument as the BLP instruments. However, the locations

and other cost shifters do not vary by product making these unsatisfactory instruments

for prices. Berry and Haile (2014) point out that identification of the random coeficients

requires one additional instrument per coe�cient7. For product j o�ered by firm f , in

a market-time observation, I count the number of products in a

f

≠j

and a

≠f in each of the

seven product categories. This gives me a total of 14 instruments, and in estimation I

use a third degree polynomial of each instrument for a total of 42 instruments. This gives

7They consider the problem from the perspective of estimating inverse demand functions. Price enters
the inverse demand function both linearly through the mean utility with parameter –and through
the BLP fixed point (see equation 33 in Berry and Haile (2014)). The BLP fixed point in the
specification I consider is parameterized by the single random coe�cient on price. To identify this
parameter seperately and additional exclusion restriction is needed.
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me more than enough instruments to identify the coe�cient on price and the random

coe�cient parameter.

The variable ›

f

jt

represents the average taste for product brand pair at time t. I handle

these parameters in two steps as in Nevo (2001). When I estimate demand the ›

f

jt

are

treated as brand-product-time (BPT) fixed e�ects8. Later I decompose the BPT fixed

e�ects as a function of the brand, product line, and time period. I use a non-parametric

kernel regression for discrete variables from Li and Racine (2007) (Nevo (2001)uses OLS to

do this decomposition). Since the regressors in the decomposition are discrete using OLS

is equivalent to splitting the sample and taking sample averages. The kernel regression

avoids splitting the sample and therefore can perform better in small samples. It also

provides some flexibility to handle interactions between brands, products, and time. The

estimating equation for this kernel regression can be written:

›

f

jt

= h(f, x

j

, t) + ›̇

where h(·) is the unknown regression function, and x

j

is a vector of dummies indicating

the category membership of product j, and ›̇ denotes the deviation of the BPT fixed

e�ect from the mean e�ect of brand, product characteristic and time period. This means

that if I were to predict demand for a product in period t that was not actually o�ered

by firm f the model would combine information from similar products o�ered by firm f ,

the same and other similar products o�ered by the rival firm, and the same and other

similar products o�ered by both firms in the previous and subsequent time periods.

The variable r

f

tm

is the log of a brand’s average fraction of stores o�ering its products
8I also estimate the model with other fixed e�ect specifications. Estimates without BPT fixed e�ects

lead to inplausably low estimates of –even in specifications with instruments for prices–the elasticity of
demand would imply negative marginal costs. This is because the BPT fixed e�ects capture important
ommitted variables. For example it appears that both brand-product interactions are important as
well as brand-time interactions and ommitting them biases estimates. Therefore despite a risk of
overfitting the only way to fit a reasonable model is to include the BPT fixed e�ects. See Appendix
2.2 for estimates using di�erent fixed e�ect specifications.
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within market m at time t. The parameter –

r

is intended to model the increase in demand

that should occur when products are o�ered at more stores in a market. Increased

adoption of a product by stores lowers the e�ective price, increasing the indirect utility

from the product. This e�ect is particularly important in the yogurt industry because

yogurt is sold in refrigerated isles shelf space for yogurts is more scarce than for other

grocery items. Competition by firms to get their products adopted by stores is therefore

important in the industry as documented by Hristakeva (2016). Potentially o�ering more

products in an industry may crowd out competing products or the firm’s own products.

Also an additional product may not be accessible to consumers since it will only be on

the shelves at a few stores. By allowing the demand model to capture the response of

demand to the number of stores o�ering a product, I capture the firm’s marginal revenue

that is generated by store level adoption decisions. I abstract away from the process that

determines the equilibrium adoption, and simply include a brand’s average fraction of

stores o�ering its products. Modeling the process of store level adoption as a function

of the products To understand this simplifying assumption let r

f

jtm

denote the log of the

fraction of stores o�ering product j, and consider a simple model for r

f

jtm

:

r

f

jtm

= r

f

mt

+ r

f

jt

+ �r

f

jtm

.

This model decomposes the product specific value into two parts: the average adoption

of a brand in a market at time t, the average adoption of a brand-product pair at time t

across markets, and a market specific shock to store level adoption of brand f ’s product

j. If the true model of indirect utility included r

f

jtm

multiplied by a coe�cient –

r

then

substituting and re-organizing terms would yield:
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This can be re-interpreted as the original model proposed for indirect utility if the term

–

r

r

f

jt

becomes part of the BPT fixed e�ects, and the term –

r

�r

f

jtm

becomes part of the

market specific demand shock. Implicit in this reduced form approach is that store level

adoption of product j depends only on the total number of products o�ered through the

coe�cients —

r1 and —

r2, that the deviations �r

f

jtm

are treated as random mean zero shocks

when firms make their choices of products in the first stage. Estimating the simple linear

model for r

f

jmt

gives an adjusted R

2 of 80%, which implies that this simple specification

even if unrealistic does explain a significant portion of the observed variation in store level

adoption of products. This reduced form approach also makes predicting demand after

counterfactual changes in products simple, avoiding the need for an additional structural

model to make these predictions. I also include, ff

tm

, the average percentage of store-weeks

in a market quarter that a brands products are featured (advertised or promoted in some

way). This variable can also be treated in the same reduced form way as the store level

adoption, and the coe�cients in the indirect utility function re-interpreted again.

To complete the model of demand, I let u0 = ≠d0mt

“

d

+ ‘0 be the indirect utility from

consuming the outside option, where d

mt

is a vector of market level demographics. I take

three demographsic from the the 2000 U.S. Census and they are: normalized median

household income, percentage of the population that is white, and the median age. I also

include the number of stores that o�ered private label yogurt in a market during that

quarter. Any of these demographics could also be added to the equation for store level

product adoption and their coe�cients re-interpreted as reduced form estimates.

Table 2.6 reports the coe�cients on price, the elements of P

f

tm

, and demographics. I

normalize all of the demographic variables, so the coe�cients are marginal e�ects of in-
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creasing a variable by one standard deviation. The cost instruments and BLP instruments

provide comparable but di�erent estimates of the price sensitivity parameter. For more

details about the instruments see Appendix 2.2. Estimating the model with a random

coe�cient on price provides similar estimates of mean price sensitivity. The own price

elasticity evaluated at the mean price, mean market share, and mean price sensitivity –

p

is approximately . The mean marginal e�ect of price on market share is .

Table 2.6: GMM Estimates of Demand

No IV BLP (poly.) Rand. Coef.
Price ≠1.0480úúú

(0.0178)
Brand Avg. Frac. Featured 2.2404úúú 0.4631úú 0.8706úúú

(0.0856) (0.1445) (0.0005)
Brand Avg. Stores with Product 5.0461úúú 3.9842úúú 4.2277úúú

(0.0358) (0.0657) (0.0026)
Frac. Stores with Private Label ≠1.7766úúú ≠1.0842úúú ≠1.3883úúú

(0.0376) (0.0622) (0.0031)
Med. Income 0.2651úúú 0.3999úúú 0.4009úúú

(0.0045) (0.0082) (0.0046)
Perc. White 0.0729úúú ≠0.0657úúú ≠0.0286úúú

(0.0049) (0.0089) (0.0046)
Med. Age 0.2563úúú 0.3311úúú 0.3241úúú

(0.0048) (0.0077) (0.0046)
Price (IV) ≠5.4944úúú ≠4.3392úúú

(0.1527) (0.0101)
Num. obs. 47430 47430 47430
‡

–

0.4633
s.e. ‡

–

0.0106
úúú

p < 0.001, úú
p < 0.01, ú

p < 0.05

Estimates of demand for yogurt; all of the models have brand-product-time fixed e�ects. The
first four variables are defined in Table 2, and the next three in Table 1. "No IV" reports
estimates without instrumenting for price. "BLP (poly.)" reports estimates instrumenting for
price with polynomials of the BLP instruments. "Rand. Coef." reports that model with a
random coe�cient on price. The standard deviation of the random coe�cient is listed as ‡

–

.

2.3.2 Variable Costs

Given estimates of the price sensitivity parameter and the observed market shares and

prices it is possible to infer the variable costs using the first order condition for N.E.
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pricing. To see this organize the shares and prices in a market at a given time into

vectors: s

tm

=
1
...s

f

jtm

...

2
and p

tm

=
1
...p

f

jtm

...

2
. Let c

tm

=
1
...c

f

jtm

...

2
be the per unit

cost of yogurt. Then the firm’s first order conditions can be written:

s

tm

+ (D
p

s

tm

) (p
tm

≠ c

tm

) = 0

The matrix (D
p

s

tm

) is the ’intra-firm’ Jacobian of the market shares: (D
p

s

tm

) © ˆ

ˆpk
s

jtm

1[af

jtm

=

a

f

ktm

= 1 or a

≠f

jtm

= a

≠f

ktm

= 1]. The first order condition can be solved for the variable

costs:

c

tm

= (D
p

s

tm

)≠1 (s
tm

) + p

tm

Under the assumption that firms choose prices according to the NE first order condition,

the observed shares and prices can be plugged in to yield estimates of the variable costs.

Table 2.7 gives descriptive statistics on the recovered mark-ups and variable costs. Having

recovered the variable costs I regress them on cost shifters denoted d

ctm

, BPT fixed e�ects

denoted ’

f

jt

, which leaves a residual �’

f

jtm

:

ln c

jtm

= ‹d

ctm

+ ’

f

jt

+ �’

f

jtm

I again decompose the BPT fixed e�ects using a non-parametric regression: ’

f

jt

= h

c

(f, x

j

, t)+

’̇. Table 2.8 reports the estimates of the marginal cost model, and I normalize electricity

prices and wages for regression, so coe�cients should be interpreted as marginal e�ects

of one standard deviation changes in a given variable.
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Table 2.7: Markups and Variable Cost Descriptive Data

Variable n max. mean min. std. dev.
Marg. Cost 47430.0000 7.5927 1.8629 0.3997 0.7010
Markup 47430.0000 0.3192 0.2327 0.2149 0.0034
Price 47430.0000 7.8177 2.0956 0.6326 0.7022

"Marg. Cost" is the marginal or equivalently variable cost recovered using the N.E. pricing
conditions. "Markup" is the di�erence between the price and variable cost per unit. "Price"
is the price, as defined in Table 2, for comparison.

Table 2.8: OLS estimates of Marginal Cost model

Log Marginal Cost
Intercept ≠0.484449úúú

(0.067835)
Min. Dist. Firm 0.000069úúú

(0.000000)
Commercial 0.009184úúú

(0.000235)
Avg. Weekly Wage 0.000406úúú

(0.000007)
R2 0.881318
Adj. R2 0.877322
Num. obs. 47430
RMSE 0.117374
úúú

p < 0.001, úú
p < 0.01, ú

p < 0.05

Regression of log marginal cost on cost shifters (see Table 3 for definitions) and brand-product-
time fixed e�ects. Coe�cients reported as average marginal e�ects. ’Min. Dist. Firm’ is in
kilometers here.

2.4 Product Variety and Welfare

When new products are introduced they cause changes in prices and give consumers new

options to purchase. Hausman and Leonard (2002) provide a strategy for decomposing

the total change into the two e�ects. Their decomposition takes advantage of the idea of

virtual prices (see Chapter 1 Section 1.3 for more on virtual prices). The virtual price is

a price that sets the demand for a product equal to 0, in the case of demand based on

the logit model with no income e�ects such a price does not exist but the demand for
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a good can be made arbitrarily close to 09. The compensating and equivalent variation

for a change in price from p

b to p

a for an individual in logit models without income

e�ects are both equal to the di�erence in the individual’s inclusive values divided by

their price sensitivity parameter (McFadden (1981)). The aggregate consumer welfare is

the expectation of the individual equivalent variations with respect to the distribution of

the random coe�cients:

EV

i

(pa

, p

b) =
⁄ Œ

≠Œ

IV

i

(pa) ≠ IV

i

(pb)
–

i

dF (–
i

)

Let p

a be the prices after a new product is introduced, and p

b be the prices before hand.

The decomposition of the total welfare change of a product introduction is based on cal-

culating EV

i

(pv

, p

b) and EV

i

(pa

, p

v), where p

vsets the price of a new product to the virtual

price. EV

i

(pa

, p

v) measures the direct e�ect of the new product, while EV

i

(pv

, p

b) isolates

how welfare changes after the other products prices adjust for the product introduction.

I implement these measures for 15 new products introduced during my sample period.

These products are each by di�erent brands, and are not introduced in every geographic

market in very period. Therefore I calculate the welfare changes at the for each brand-

product pair’s introduction to each geographic market. I then aggregate across brands

and geographic markets to get the total e�ects for each product. For each brand-product-

market pair’s introduction date, I determine a post-introduction period. I define the post

introduction period as the quarters after and including the first quarter the product

is introduced where all products and firm identities in the market remained the same.

In this way I do not conflate the welfare e�ects of later product introductions (and

eventual exits) with the e�ect of the new products. Figure 2.2 shows the results for

9In practice computational software will often have a special constant the exponential of which is defined
to be exactly 0 and I use this to get ’exact’ virtual prices. Also note that the virtual prices here only
need to make it as if the product is not available to consumers–prices are simulated based on the
product actually being in the market or out of the market.
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each of the 15 product lines in millions of U.S. dollars. The price e�ects account for

most of the total welfare changes, about 95% on average. This is similar to the findings

in Giacomo (2008) where the direct e�ect of the introduction of two product lines by

a single brand was 6 million euros compared to a total change of 395.6 million euros.

In both cases many of these product’s characteristics do not di�er much from existing

products. Greek yogurt is one of the main exceptions with a direct e�ect of around $3.6

million dollars. This introduction is the first product line in the Greek category and of

course has been successful since its introduction (the total e�ect accumulating till the

present is likely larger than my sample indicates). Other categories like Drink with $1.1

million and Fiber with $0.71 million also have large direct e�ects when their first product

line is introduced. Clearly, the price e�ects are important, and consumers may gain

significantly with the introduction of products that are not innovative like Greek yogurt

has been. This means that concerns about product choice and variety are relevant to

mergers even outside of industries traditionally associated with these issues due to their

innovativeness or emphasis on vertical quality. In Chapter 3 I will consider the incentives

of firms before and after a merger to introduce products (or adjust the set of products

o�ered) in the U.S. Yogurt Industry.
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Figure 2.2: Welfare E�ects of New Products
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E�ects on consumer welfare, in millions of U.S. dollars, of introductions of 15 products appearing
for the first time from 2001-2011. Calculated based on average post-introduction costs and
taste.

A concern when computing welfare with demand curves based on the logit model, is that

the value of a new product may be partially due to the addition of a new draw from the

distribution of the type-1 extreme value errors (T1EV). Both Petrin (2002) and Ackerberg

(2005) raise concerns about the role of the unobserved errors in measures of consumer

welfare. Petrin (2002) finds that without random coe�cients and detailed demographic

data unobserved product quality and the T1EV errors account for most of the value of

a new product and overstate the total value of the new product (in fact in the simple

logit specification he reports that consumers dislike the observable product attributes and

gained welfare purely from the unobserved attributes). Ackerberg (2005) are similarly

concerned that new products in the standard logit type models do not crowd each other

out. This is because each product has its own independent T1EV, essentially allowing

the product space to grow with the number of products. I have not included this in the

demand specification, but it may be an important extension for future work to consider.
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Instead, I can decompose the direct welfare e�ects reported in Figure 2.2 into the parts

that come from the observed product attributes versus the unobserved T1EV errors. I

do this by counterfactually o�ering consumers the new product at the equilibrium price

with the consumer taste (”f

jtm

) set to 0, so that utility comes only from unobservables:

from the unobserved demand shock and the T1EV error (�›

f

mjt

+‘

f

ijtm

). Figure 2.3 shows

these e�ects. Greek yogurt, a successful and relatively novel product, shows the largest

e�ect from the observed product attributes. Some products like low Carb yogurt have

a negative e�ect from the observed product attributes, and a positive e�ect on welfare

from the unobservable. For most products the observed product attributes account for a

significant proportion of the direct welfare gains from that product’s introduction10. This

suggests that there are real welfare e�ects from new products. Comparing the magnitude

of my results with those in Giacomo (2008) no combination of two product introductions

in my data can come close to the 360 million euro increase in welfare she measures from

two new product introductions. Her demand is based on a nested logit, and consistent

with Petrin (2002), when I approach the problem with a random coe�cients logit I get

significantly smaller welfare increases from a new product.

10A similar decomposition for the price e�ects is less informative, since the equilibrium price for a
product with no observable product quality is low, and the other firm’s do not need to respond by
adjusting prices when the firm adds this low quality product. The largest welfare change due to prices
responding the introduction of a product with only unobserved product attributes is abut -$2000.
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Figure 2.3: Direct Welfare E�ects of New Products
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Direct e�ects on consumer welfare, in millions of U.S. dollars, of introductions of 15 products
appearing for the first time from 2001-2011. Calculated based on average post-introduction
costs and taste. Decomposes introduction into ’Observed’ the part stemming from consumer
taste for the observed product attributes, and ’Unobserved’ the part stemming from the
unobserved quality of the products.

2.5 Conclusion

In this chapter, I have estimated a random coe�cients logit model of demand in the U.S.

Yogurt Industry from 2001-2011. I estimate demand at the IRI geographic market and

quarterly level for 21 di�erent product lines o�ered during the sample period, and I define

product lines as unique combinations of 7 underlying product characteristics recorded in

the IRI data and supplemented by my own research on the products. The model allows

for a random coe�cient on price, and I use brand product time fixed e�ects to allow

consumer taste for products to change overtime in a flexible way. The model estimates

imply demand is inelastic and are consistent with estimates of demand using the same

data found in Hristakeva (2016). I also estimate the variable costs of firms as a function of

market level variables like distance to the nearest manufacturing facility for each brand,
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as well as, on brand product time fixed e�ects. These estimates form the basis of work in

Chapter 3, where I consider the problem of estimating a fixed cost of o�ering products,

and counterfactual simulations of mergers. I also use the estimates to compute the

total gains in consumer welfare that have occurred when 15 new product introductions

occurred during the sample period. I found that consumers gain considerable welfare

from reductions in the prices after products are introduced, these gains represent about

95% of the total welfare gains from new products, and these price e�ects occur even

when the new product line is simply a new combination of product characteristics that

were already available to consumers. There are smaller increases in consumer welfare

when new product characteristics become available, for example, Greek yogurt generates

about $3.6 million dollars. These gains in consumer welfare, especially the large gains

from changes in prices after new products are introduced, underline the importance of

considering the potential e�ects of market structure on the number and types of products

available in an industry.
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3 Market Structure’s Impact on

Product Choice:

3.1 Introduction

Prices and consumer welfare in an industry depends on the number and types of prod-

ucts available, and therefore product entry and exit is of prime importance when assessing

market conduct. Further, the relationship between the market concentration in di�eren-

tiated consumer goods industries, and the entry and exit of products in those industries

is key to predicting the e�ect of mergers on both consumers and competitors. In order

to understand product entry and exit, in this chapter I will adapt existing econometric

methods used to study firm entry and exit to the problem of product entry and exit,

estimate a fixed cost of o�ering products in the yogurt industry, and then simulate coun-

terfactual mergers in the U.S. Yogurt industry to learn about the relationship between

the number of competitors and the set of products that is o�ered in the industry.

Entry and exit is usually studied by estimating a discrete game, which is itself and

extension of the larger literature on modeling discrete choices. Unlike entry and exit,

product choice is not a single discrete choice. Instead it consists of multiple simultaneous

discrete choices. Firms choose a subset of a set of potential products. In my data I

observe 22 di�erent products lines, and therefore firms could be o�er 222 di�erent sets

of products. This large choice set poses problems for both estimation and simulating
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counterfactuals.

I deal with the large choice set by applying Manski’s method of maximum score. Fox

(2007) shows that the method of maximum score can still provide consistent estimates

of parameters even when only a subset of the choice set is actually observed. Because

maximum score uses information on the relative ranks of alternatives, and ranks are pre-

served in any subset of the full choice set, estimation based on the observed set of choices

will still be consistent. This property makes the method attractive for estimating fixed

costs of o�ering product lines. The method of maximum score is also attractive for high

dimensional choice sets because it involves sums of indicator functions. In comparison

the likelihood would be a function of probabilities that are mechanically small due to the

large number of potential outcomes, and this leads to numerical instability. Much of the

recent existing literature on product entry and exit, e.g. Fan and Yang (2016), Wollmann

(2014), and Eizenberg (2014), has applied partial identification methods. These methods

also avoid the numerical instability of maximum likelihood, and do not require observing

the entire choice set. In order to simulate counterfactuals I will need to make distribu-

tional assumptions that I think are reasonable and that are consistent with the identifying

assumptions of maximum score. This means I would not be able to take advantage of

the primary benefit of partial identification, which is its lack of strong assumptions.

The method of maximum score is based on the ranks of alternatives, and therefore it can

only ’ordinally’ identify counterfactuals. After a counterfactual merger I can compute

the preference ordering for the merged firm over sets of products. For example, whether

the merged firm ranks o�ering 1 additional product higher than leaving the set of prod-

ucts the same as that o�ered before the merger. However, to compare across decision

making regimes–to compare the merged firm with the un-merged firm, I will need more

than ordinal information (I need to make an interpersonal comparison of utility). I make

this comparison by assuming that the unobservables follow a type-1 extreme value dis-

tribution, so that the probability of a set of products being chosen has the logit form.

This simplifies the analysis of the counterfactuals because the odds of a firm o�ering a
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given set of product compared to another depends only on the di�erence in their expected

profitability.

In the next section (Section 3.2), I explain how I use the estimated demand and variable

cost curves to simulate the expected variable profits that firms will receive when the o�er

a set of products. Under the assumption that the observed choices of firms were best

responses–more profitable choices–than unobserved choices, these changes in expected

variable profits across alternative sets of products provide the variation that identifies the

fixed costs of o�ering a products. In Section 3.3, I explain the details of the maximum

score estimator, and report the estimated fixed cost parameter. The fixed costs of o�ering

an additional product for an entire year nationwide is estimated to be around a quarter

of a million dollars. Then in Section 3.4, I explain the counterfactual simulations and

report the results. I find evidence that the incentives to add or drop products do not

change much when the market becomes more concentrated, but that consumer welfare

would be lower at any given number of products. I conclude, that increases in product

variety that may occur after a merge, could be better provided by a competitive market.

3.2 Simulating Variable Profits

The next step to estimate the fixed costs is to compute the variable profits firms in stage

one expect to receive in stage two when they o�er alternative sets of products. In other

words I need to be able to evaluate the function:

fi(af

, a

≠f

, d) © E

e

�(af

, a

≠f

, D)

The function fi(·) is actually a composition of two operations. The outer operation

takes expectation over the distribution of the demand and variable cost shocks e =
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1
�’

f

jtm

, �›

f

mjt

2
1. The inner operation, evaluates �(af

, a

≠f

, D), the value function from

the firms N.E. pricing problem. I will explain how I implement each operation in turn.

Both the estimation of the marginal cost model and the demand model did not make

assumptions about the distributions of any of the residuals beyond conditional mean

zero requirements. Therefore, I evaluate the expectation by drawing directly from the

residuals, rather than introducing additional modeling assumptions. In both cases the

regressions contain BPT fixed e�ects which makes the mean of the residuals 0 across

brands, products, and time periods, however, the mean is free to vary across markets. So

when taking draws for simulating expected variable profits in a given market, I draw only

from residuals that occurred in that market. Given that there are 40 time periods and 7

or more products in each market, I have at least 210 residuals per market. In order to

compute the variable profits of a firm who o�ers J products, I need to take J draws from

that market’s demand and variable cost residuals. Then to approximate the expectation

I repeat that process five-hundred times, and take an average.

For each potential product line given a time period and firm I can use the decompositions

of the BPT fixed e�ects to predict ›

f

jt

and ’

f

jt

. Define ›̂

f

jt

= h(f, x

j

, t) and ’̂

f

jt

= h

c

(f, x

j

, t).

I then add to these the values of ‹d

cmt

and “d0mt

this gives me, and a draw from the

residuals to get:

ĉ

f

jtm

© ‹d

cmt

+ ’̂

f

jt

+ �’

f

jtm

”

f

jtm

© ›̂

f

jt

+ d0m

“ + �›

f

mjt

ĉ

f

jtm

is the predicted variable cost for a product, and ”

f

jtm

is the predicted mean utility

1I ignore the errors ’̇ and ›̇ because these residuals are extremely small (on the order of 10≠3 or less)
due to the non-parametric regression’s ability to achieve a close fit within the sample. Keeping
track of these errors does not make sense in the since firm profits and estimators are all computed
numerically. Further, previous work on product introduction usually fixes the product attributes in
counterfactuals to some post introduction average level. The non-parametric estimator used to predict
product attributes is just a particular weighted average of post introduction product attributes.
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of consumers for a product. Now for any vector of prices I can compute market shares,

variable costs for both firms, and from the market shares the matrix (D
p

s

tm

) can also be

computed. This allows me to evaluate the first order condition and search numerically

for a vector of prices that satisfies the first order condition simultaneously for both firms.

The first order condition can be re-written as follows to highlight the fact that it defines

a fixed point for N.E. prices:

p

tm

= c

tm

≠ (D
p

s

tm

(p
tm

))≠1
s

tm

(p
tm

)

There are several approaches in the literature for doing this computation. Morrow and

Skerlos (2010) show that solving the first order conditions as a system of non-linear

equations or iterating directly on the fixed point above are not reliable ways to compute

prices when starting the search from an arbitrary vector of prices. Instead they propose

a fast and reliable alternative fixed point that they call the ’zeta-fixed-point’. This fixed

point mapping always moves in the direction of steepest ascent. It therefore has some of

the nice properties of more general Newton or quasi-Newton root finding algorithms, but

involves less computational burden. They also show that the matrix D

p

s

tm

(p
tm

), which

needs to be inverted to solve the first order conditions, can be decomposed into two parts

in a way that simplifies the computation of the inverse. I use my own implementation

of their method2and compute the N.E. prices and then variable profits from each draw

of variable cost and demand shocks. Taking the average over many draws completes the

evaluation of the variable profit function fi(af

, a

≠f

, d).

Finally, I will need to evaluate fi(·) for the observed choices a

f

tm

and for a series of

alternative choice a

f in order to compare the profitability of the observed choices with

choices that were revealed to be unprofitable in equilibrium. As discussed previously the

2I have written an R package for computing N.E. prices in logit and random coe�cient demand models,
which can be found on github at ’joearossetti/SimNashPrice’. See Appendix1 for additional details
about the computational approach.
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pairwise maximum score estimator is consistent even if estimation is based on a subset of

the observed choices. As alternatives I start with a relative wide set of possibilities, and

the consider the robustness of the fixed cost estimates to using di�erent assumptions. The

main decision is when a product should be available to firms. My preferred specification

is to limit firms to o�ering a product line only beginning in the period it was actually

introduced. This prevents the estimation from relying on di�erence in variable profits

between sets of products firms may not have been considering e.g. the addition of Greek

yogurt 7 years prior to its first appearance in the U.S.. On the other hand, some product

lines may have been known options before they were actually introduced, so I also simulate

alternatives where firms have access to all 21 products that are available by the end of

the sample. I find the particular alternatives I use by adding and dropping one product

at a time, allowing the firm to o�er all products, allowing the firm to o�er each product

alone, I sample 15 ways to add or drop 2 product and 15 ways to add or drop 3 products,

and finally, I choose at random 7 di�erent possible numbers of products and sample 15

di�erent sets of products that have each of the 7 numbers of products. I also normalize the

variable profits of o�ering no products to 0, and include this as an option for firms. Let

the set of alternative markets be A

f

tm

. Once the sets of alternative markets have been set

up for each market and time period I compute: fi(af

tm

, a

≠f

tm

, d), and
Ó
fi(af

, a

≠f

tm

, d)
Ô

a

f
tmœA

f
tm

.

3.3 Fixed Cost Estimation

Estimating the fixed costs is relatively straightforward once the expected variable profits

for alternative choices of products have been computed. Recall the firm’s total profit

from o�ering a set of products is:

fi(af

tm

, a

≠f

tm

, d) ≠ C(af

tm

, ÷

f

tm

)
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I will parametrize the fixed cost function as a function of the number of products o�ered

n

f

tm

(af

tm

):

C(af
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, ÷
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tm

) = ≠◊n

f

tm
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) ≠ ÷

f

tm

(af

tm

)

Plugging this into the total profits yields:
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This equation is divided into an observable part which I will refer to as fĩ(af

tm

, a

≠f

tm

, d; ◊) ©

fi(af
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tm

, d

tm

) + ◊n

f

tm
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), and the unobservable part ÷

f

tm

(af

tm

). In Nash Equilibrium

it must be the case that no firm has a unilateral deviation that is profitable. Therefore

if a

f

tm

is chosen then conditional on the other firms choice it must be the case that:

1[af

tm

= a

úf ] = 1[fĩ(aúf

, a
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tm

, d; ◊) ≠ fĩ(af
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]

A traditional discrete choice estimation procedure could be used to estimate ◊ if the

distribution of ÷

f

tm

(af ) ≠ ÷

f

tm

(aúf ) was known. For example if the distribution of ÷

f

tm

(af )

was type one extreme value, then the familiar multinomial logit model could be used.

Such an approach would not be appropriate in this case for two reasons. First, the

model is incomplete: there are multiple N.E. for some values of the error terms and

therefore no unique outcome predicted by the model. Often this leads researchers to

consider the model only partially identified, however, Tamer (2003) suggests that point

identification is still possible via a semi-parametric estimation procedure: replace the ill-

defined probabilities from the model with probabilities based on the empirical distribution
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of outcomes. Second, most parametric discrete choice estimators require the researcher

to observe or know about all of the possible choices3.

In order to apply the maximum score estimator the key assumption is that fĩ(aúf

, a

≠f

tm

, d; ◊)

rank orders the choices. Rank ordering implies that if fĩ(aúf

, a

≠f

tm

, d; ◊) > fĩ(af

, a

≠f

tm

, d; ◊)

for a

fú
tm

”= a

f

tm

then Pr(afú
tm

) Ø Pr(af

tm

). According to a lemma in Fox (2007), the

assumption 2 implies, by the lemma in Fox (2007), that the choices will be rank ordered.

It is important to note that the errors are the same regardless of the choices of the other

firm and independently and identically distributed across firms. This means that they

are not only exchangeable conditional on the state vector D = (d, e), but also conditional

on the other firm’s choices. The i.i.d. assumption may be stronger than necessary to

guarantee rank ordering, but I have not explored this possibility. This is a strong on

the distributions of the unobservables (plural because there is one per choice) conditional

on the observables. Fox (2007) points out that heteroskedasticity that does not increase

monotonically with the observable component of payo�s will violate the rank-ordering

assumption. In single agent discrete choice models this rules out some random coe�cient

specifications, which rules out important types of unobserved heterogeneity without which

it is impossible to generate realistic prediction for consumer behavior. It is not clear what

types of behavior are ruled out by the rank ordering assumption in the case of discrete

games and whether these would be empirically important.

The maximum score estimator will still be consistent even if the full choice set, A, is

not observed. Therefore I am able to use only the choice sets A

f

tm

that I described in

Section 3.2. The set A is large with the full set of potential products there are 221 choices

3Another approach to replacing probabilities in the likelihood with empirical analogues is to use the
method of maximum score, however, this approach does require more assumptions than either partial
identification or the semi-parametric approach of Tamer (2003). These additional assumptions have
as a special case the multinomial logit model, and are therefore weaker than many common assump-
tions. Also in order to simulate counterfactuals parametric assumptions about the distribution of
unobservables will turn out to be useful to get clearly interpretable results. Further, the method of
maximum score is particularly appealing in this setting due to the high dimensional choice set. The
Tamer (2003) would fail because the empirical probability of any given action could not be estimated
without observing the entire large choice set. In contrast the maximum score estimator generates
point estimates when only part of the choice set is observed.
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available. If firms consider all of these when choosing products and they are rank ordered

then any pairwise comparison or ranking of a subset will maintain the ordering of the

full set. But if firms do not consider every possible choice in A then the ranking may not

hold in every subset. Call the set of products the firm does consider the consideration

set and denote it Ã. From the perspective of the econometrician this set is unobserved,

so it makes sense to model it as random. Fox (2007) shows that if the probability of this

set being the firms consideration set increases when it contains more choices with higher

observable payo�s (fĩ(·)), then the pairwise maximum score estimator is still consistent.

This implies that the observed choices more likely to have been in the firm’s consideration

set. This o�ers some robustness to the idea that firms may have been aware of some new

products in periods prior to when they are introduced.

The pairwise version of the maximum score estimator is attractive because it is simple

to compute. Given the simulated expected variable profits for each alternative choice

computed in Section 3.2 and a guess of the parameter ◊ the pairwise maximum score

objective function is:

Q(◊) =
Nÿ

m=1

Tÿ

t=1

ÿ

a

f œA

f
mt

1[fĩ(aúf

, a

≠f

tm

, d; ◊) ≠ fĩ(af

, a

≠f

tm

, d; ◊) Ø 0]

The term pairwise comes from the pairwise comparison of the chosen action with each

alternative. Maximizing this objective function is di�cult since it is not smooth, and

therefore a global numerical optimization routine is needed. I use the Improved Stochastic

Ranking Evolution Strategy algorithm implemented in the NLopt library (Johnson, 2016).

Global optimization is not as time consuming in this case compared to other cases because

the objective function can be computed quickly: the parameter ◊ enters linearly, the

expected variable profits are pre-computed, and most modern statistical programming

languages contain fast vectorized condition checking. The main drawback of maximum

score is that it does not have a limiting distribution that can be used to calculate standard
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errors. The most common solution is to used the smoothed maximum score estimator of

Horowitz (1992), however, I have not adopted this method since inference about the fixed

cost estimates would also require correcting the standard errors for the presence of the

estimated expected variable profits, and this is the primary barrier to inference rather

than the maximum score estimator itself.

Maximum score requires that the coe�cient on one of the regressors be normalized to 1

(Manksi 1975). In the above exposition, I implicitly normalized the coe�cient on variable

profits to 1 by omitting its coe�cient in the equation for fĩ, thus ◊ will be immediately in

dollar units. Another thing to note about ◊ is that it measures only the marginal fixed

cost from adding or dropping a product. There may be other fixed costs that a firm

faces when it chooses to operate in a market at a given time. These fixed costs may be

traditional fixed costs, or they may be fixed costs that result from activities required to

maintain brand image or equity. If these fixed costs are additively separable from the

fixed costs that result from the number of products ◊n

f

tm

then these costs would drop

out of the observable profit di�erences, fĩ(aúf

, a

≠f

tm

, d; ◊) ≠ fĩ(af

, a

≠f

tm

, d; ◊). The pairwise

maximum score estimator therefore can be thought of as controlling for brand, market,

and time fixed e�ects, but it does not identify these fixed e�ects.

Table 3.1 gives my estimates of fixed cost. The first line of the table shows the fixed costs

when I limit firms to only o�ering product lines beginning in the period when they are

first introduced. This estimate is much smaller than the estimate in the second line of

the table, which allows firms to introduce any product that was available over the whole

sample in any period. The second estimate results in fixed costs that are 4.82 times the

expected variable profits in the average market. These fixed costs are implausibly large,

and therefore I use the estimates from the first row in the counterfactuals. There is a sense

in which the first row estimate may be a conservative estimate, but it is not clear what

would be the right assumption to generate estimates between the two in the table. The

fixed costs are relatively small, about 1/3 of variable profits, but it is important to keep in

mind that this is the fixed costs that stem only from the number of products o�ered–firms
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may also face fixed costs of being active in the market which are not estimated here.

Small fixed costs of o�ering additional products do not directly imply that the monopolist

may o�er additional products compared to the competitive industry, because as discussed

in Chapter 1 there are additional costs due to cannibalization of sales that need to be

considered. However, the low fixed costs remove a potential brake on o�ering products.

If fixed costs were large, then even if the monopolist faced low cannibalization of sales

he might not increase the number of products. Importantly, the fixed costs are not

implausibly small. Hristakeva (2016) estimates payments from yogurt manufactures to

retailers that are designed to get retailers to o�er products (essentially purchasing shelf

space). Her estimates are on the same order of magnitude as my estimates (under the

assumption that products are only available beginning in the first period they are o�ered).

This suggests that perhaps these payments to retailers are one of the primary contributors

to the fixed costs of o�ering new products in the yogurt industry. An avenue for future

research would be to include strategic interactions in the fixed cost estimates to test if

firms are able to impact their competitors costs of o�ering products when they choose to

introduce a new product.

Table 3.2 gives estimates of fixed costs under the assumption that firms are only able

to o�er product lines beginning in the period when they are first introduced. Yoplait

o�ers few product lines than Dannon on average during the sample, and the fixed cost

estimates rationalize this di�erence by making Yoplait’s fixed costs significantly higher

than Dannons. This di�erence is fixed cost has important e�ects on the incentives of

the firms after a merger. The low fixed costs of Dannon will generate incentives in all

counterfactuals to increase the number of products. However, for Yoplait only in the

competitive market will it have an incentive to increase the number of products it o�ers.
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Table 3.1: Estimates of Fixed Cost Parameter

Cost per Prod. per mkt-qrtr ($s) ◊ Avg. Fixed Cost Avg. Fixed Cost Ratio
Limited Available Lines 1290.9
All Lines Available 19355

Estimates based on pairwise maximum score of fixed costs per product in U.S. dollars. ’Avg.
Fixed Cost’ is the average fixed cost found by multiplying the parameter estimate times by
the number of products observed in each market. ’Avg. Fixed Cost Ratio’ is the average
ratio of fixed costs at each observation to expected variable profits.

Table 3.2: Estimates of Fixed Cost Parameter by Brand

Cost per Prod. per mkt-qrtr ($s) ◊ Avg. Fixed Cost Avg. Fixed Cost Ratio
Yoplait 4989.3 25938.61 0.87
Dannon 575.8 5009.66 0.19

Estimates based on pairwise maximum score of fixed costs per product in U.S. dollars with
a seperate parameter for each brand. ’Avg. Fixed Cost’ is the average fixed cost found by
multiplying the parameter estimate times by the number of products observed in each market.
’Avg. Fixed Cost Ratio’ is the average ratio of fixed costs at each observation to expected
variable profits. Standard errors are in progress.

3.4 Counterfactual Product Choice

The goal of estimating the fixed costs of o�ering products was to compare the product

variety o�ered by the duopoly of Dannon and Yoplait to that o�ered if either firm took

over as a monopolist or they merged. Since I estimate the model using pairwise maximum

score I have not imposed a distribution on the unobserved component of fixed costs, and

therefore, I cannot yet solve the model directly for counterfactuals. In this section,

I impose the assumption that the unobservable ÷

f (af

tm

) is i.i.d. type-1 extreme value4.

This assumption is su�cient to guarantee the exchangeability and therefore rank ordering

properties that the maximum score estimator requires. This is an advantage of the point

identification approach since the fixed costs estimates are internally consistent with the

assumptions needed to evaluate the counterfactuals.

I have in mind two counterfactuals. In the first, Yoplait or Dannon becomes a monopolist
4Earlier versions of this paper attempted to use just the rank ordering property to draw qualitative

(ordinal) conclusions about the counterfactuals. This is fine for studying the preferences of a single
decision maker, e.g. the monopolist, but does not allow comparison across decision makers (as this
would be an interpersonal comparison of utility).
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(I consider both possibilities). In particular, in this counterfactual I eliminate the com-

petition from fringe and regional yogurt producers. In the second, Yoplait and Dannon

merge (and inherit the brand label of one or the other firm–again I consider both pos-

sibilities). I drop duplicate products and assume that the products are produced at the

monopolist’s (or merged firm’s) manufacturing facilities. In the event of a real merger no

doubt the manufacturing locations would change to take advantage of economies of scale,

but without additional information I cannot make this prediction. Also the goal is not to

simulate a realistic merger, but instead evaluate the e�ect of competition on the variety

of products o�ered. I also switch that products to the monopolist’s (or merged firm’s)

brand. This simplifying assumption means that occasionally consumer surplus may rise

as a brand that is more preferred to another takes over production in a market. This

leads to three di�erent decision making regimes: competition, monopoly, and a merged

industry. The question is: which of these decision maker has the strongest incentives to

o�er products?

I evaluate the counterfactuals using the total profits computed for alternative product

assortments like those used in estimating the fixed costs. The type-1 extreme value

assumption implies the odds of these alternatives being chosen by each decision making

regime are directly related to the change in total profits that decision making regime can

expect from changing the set of products it o�ers. This approach leaves out alternative

sets of products that were not used in estimation, and so any predictions from it are

conditional on the set of alternative I examine. As in the estimation I try to pick both

some sets of products that may be informative like o�ering each product alone, and some

alternatives that are reasonable especially the one product deviations from the observed

set of products. The idea of the first approach is that if we consider two sets of products

that di�er in the number of products o�ered: a

f+
tm

and a

f

tm

where a

f

tm

has for example one

additional product, then the odds of a

f+
tm

being chosen over a

f

tm

can be written:
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fĩ(af
tm,a

≠f
tm ,d)

/

q
a

f œA e
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Taking the log of both sides yields the log odds as a function of the di�erence in observable

profitability between the two options:

ln Pr(af+
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In order to implement this idea I need to pick a reference set of products. In order

to address the question of whether the counterfactual monopolist or merged firm would

increase the number of products available to consumer, I use the set of products the

merged firm or monopolist would inherit. This means that if Dannon and Yoplait merger,

I combine the sets of products the o�er by dropping duplicate product lines, and assigning

all of them to the brand identify of the firm who is leading the merger (I compute the

counterfactual for both Dannon and Yoplait as the leader). The base number of products

for the counterfactuals is therefore higher than what either Dannon or Yoplait were

o�ering by themselves. In order to get at the e�ect of this I compute the di�erences in

total profits using the actual sets of products that Dannon (or Yoplait) o�ered, and a

third counterfactual where Dannon is given the set of products it would have if it merged

but Yoplait remains a competitor. The average di�erence in total variable profits for

alternatives that add 1, 2 or 3 products and drop 1,2 or 3 products as well as alternatives

where the firm o�ers all available product lines or each product line alone are plotted in

Figure 3.1.

All of the decision making regimes for Dannon have an incentive to add products. Dannon

has lower fixed costs than Yoplait, which means o�ering and additional product is more

likely to increase total profits. Total profits also decrease when products are dropped.
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Previously, a working paper version of these results reported the results for just the

’Monopoly’ counterfactual, reporting that the monopolist has a preference to increase the

number of products, but did not impose the needed assumptions to make comparisons

across counterfactuals nor did it estimate separate fixed costs for Dannon and Yoplait.

The incentive to increase the number of products remains for Dannon, although all of

the counterfactual decision making regimes appear to prefer to add products with about

the same strength. On the other hand, Yoplait once it acquires the products it would

have it merged with Dannon no longer has an incentive to add products. Yoplait o�ers

fewer products than Dannon throughout the sample, and faces a higher fixed cost. The

’Combined’ counterfactual, where Dannon (or Yoplait) is given the products it would

have after the merger is similar to ’Merged’ and ’Monopoly’ counterfactuals, and these

counterfactuals in turn are also similar. This suggests that much of the incentive to add

products is driven by the products o�ered rather than the market structure, so that giving

the firm with more products market power does not inhibit the incentive to add products.

However, market power also decreases consumer welfare via higher prices. Figure 3.2

plots the minimum consumer welfare for alternative product o�erings as a function of

the number of products. Conditional on the number of products the consumer is always

better o� with the more competitive market. If the competitive market will have similar

or greater incentives to add products, then from the consumer’s perspective this market

structure would be preferred.

3.5 Conclusion

I have estimated a model of how firm’s choose the products o�ered in an industry. In

particular I model the incentives to adopt a type of product that has already been intro-

duced for the first time. The model had two stages. In the first stage firm’s determine

which products to o�er based on their expected profits in the second stage. After the set

of products is determined firms observe demand and variable cost shocks and set prices.
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The model was estimated by exploiting the timing of the game to split estimation into

two parts. Because the set of products is determined before firms learn about the demand

and variable cost shocks their choice of products is independent of the realization of these

shocks. This identification strategy based on timing was proposed by Eizenberg (2014)

and has been used in other papers studying product variety like Fan and Yang (2016),

Wollmann (2014), and Hristakeva (2016). In Chapter 2 I was able to estimate demand

using random coe�cient logit model using the standard Berry et al. (1995) instruments.

In this chapter, given estimations of demand and variable cost, I simulated the variable

profits firm’s would expect to receive if they o�ered alternative sets of products. Under

the necessary conditions of N.E. the observed set of products should have higher total

profits, variable profits minus fixed costs, than any alternative set. Rather than use these

inequalities to partially identify the fixed costs as in most previous work on product va-

riety, I use the pairwise maximum score estimator of Fox (2007) to point identify fixed

costs under the assumption that the unobservable components of fixed costs follow and

exchangeable distribution.

Based on this estimation procedure I find that the fixed costs for o�ering a product

is on average 1/3 of variable profits. Using my estimate of fixed costs, and the added

assumption that the fixed cost errors are type-1 extreme value I characterize product

variety in two counterfactual settings: one, where the firms merge, and two, where one

firm is given a monopoly. The incentives to add products did not appear to change

dramatically between the monopoly, merger, and existing competitive market structure.

In the case of Dannon, this meant that all three market structure appeared to have

incentives to add products rather than drop them. While Yoplait only had an incentive to

increase the number of products in the current duopoly market structure. The di�erence

is attributable to the higher fixed cost of Yoplait, and an incentive for Yoplait to add

products Dannon is o�ering but it is not. Even though increased market concentration

did not diminish the incentive to add products–which would be good new for consumers,

at any given number of products consumer welfare is lower under the more concentrated
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industry.

The results in this chapter are consistent with the literature. They are consistent with

the literature on the welfare e�ects of new products (Giacomo, 2008) as well as my own

estimates in Chapter 2 of the welfare e�ects of new product in the U.S. Yogurt Industry.

In Chapter 2, like the existing literature, I found that much of the consumer’s benefit

from new product lines was due to changes in price competition. It makes sense then

that when the pricing power of firms increases, consumers are unable to benefit from new

products. The results in this chapter are also consistent with work in other industries that

found decreases in product variety after an increase in market concentration (Fan and

Yang, 2016). The policy implication is that even when increases in market concentration

provide incentives to increase product variety, those incentives may exist at nearly the

same strength under more competitive conditions. If increases in product variety, or at

least the same level of variety, can be provided in a competitive setting–as they appear

to be in the U.S. Yogurt industry–then that would be preferred.

Future, research on this question should focus on the relationship between the demand

system and the incentives to add and drop products. The functional form assumptions in

the demand estimation play an important role in determining the simulated prices before

and after the merge, the strength of cannibalization, and the importance of the price

competition term in the cost of adding a product. In more general settings, especially,

with more complex consumer hetereogeneity the incentives of the firms to add products

and how those incentives change with market structure may be quite di�erent. It also

appears possible to simulate the product choices that would occur under di�erent coun-

terfactuals, and even consider the optimal choice of products by a social planner. This

is because the conditional probability of a product being o�ered is tractable under the

type-1 extreme value assumption, and therefore Monte Carlo methods might be used to

simulate the distribution of product choices.
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Figure 3.1: Di�erences in Total Variable Profits for Categories of Alternatives
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Figure 3.2: Minimum Consumer Welfare and the Number of Products
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Appendix A: Technical Details and

Data

1 Simulation of Nash Equilibrium Prices

This appendix deals with the computational details used to compute the Nash equilibrium

prices in Section 3.2 of Chapter 3. The methods described here are implemented in an

R package, SimNashPrice, available to install from GitHub. Recall, from Chapter 1 that

the problem of solving for Nash equilibrium prices reduces to solving:

s + (p ≠ c) D

p

s = 0. (1)

Morrow and Skerlos (2010) Proposition 2.3 applies the Leibniz rule to show that the

inter-firm Jacobian, D

p

s, in a random coe�cients logit model can always be written as

the sum of two matrices: D

p

s = �s ≠ �s, where �s is diagonal. In order to define these

matrices, it is necessary to review the demand system. In the random coe�cients demand

model the indirect utility of consumer i from consuming product k is denoted:

u

ik

= –p

k

+ –

i

p

k

+ ”

k

+ µ

ik

+ ‘

ik
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where –is the average disutility from price and –

i

is consumer i’s deviation from that

average, ”

k

is the average utility from consuming product k and µ

ik

is consumer i’s

deviation from that average, and ‘

ik

is a type-1 extreme value random shock to utility.

The probability consumer i purchases good k is s

ik

= exp(–pk+–ipk+”k+µik)q
h

exp(–ph+–iph+”h+µih) , and the

aggregate market share for product k is s

k

= E

–iEµik
s

ik

. Now define the matrices �s and

�s:

[�s]
k

= E

–iEµik
(≠(– + –

i

)s
ik

) (2)

[�s]
kh

= E

–iEµik
(s

ik

s

ih

(≠ (– + –

i

))) 1
Ó
a

f

k

a

f

h

= 1 or a

≠f

k

a

≠f

h

= 1
Ô

(3)

Plugging this into the simultaneous stationarity condition gives:

s + (p ≠ c)D
p

s = 0

s + (p ≠ c)�s ≠ (p ≠ c)�s = 0

p = c ≠ s (�s)≠1 + (p ≠ c) (�s) (�s)≠1

p = Z(p) (4)

This form of the simultaneous stationarity condition gives a fixed point mapping Z which

is called the zeta fixed point mapping by Morrow and Skerlos (2010), and iterating this

fixed point mapping proves in my experience and their numerical simulations to be a

reliable and e�cient method to calculate Nash equilibrium prices. One obvious advantage

of this approach is that the matrix that needs to be inverted is diagonal, and inverting a

diagonal matrix is much faster than inverting an arbitrary dense matrix (in fact it is as

simple as taking reciprocals). Thus most of the computational time is spent computing

the expectations E

–iEµik
that define the matrices �s and �s. By eliminating the need

to invert a dense matrix computational speed of computation scales linearly with the

number of products rather than polynomially, and I find that the fixed point converges
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to prices that solve the first order conditions of all firms within machine precision in

about 45 fixed point iterations.

The implementation of these methods relies on R’s R6 object-oriented programming sys-

tem. I represent markets as objects, which carry with them all of the information and

functions needed to compute Nash prices (and other quantities of interest like consumer

welfare, profits, markups, and shares). There are two advantages to this approach. First,

it abstracts away from the product level observations within each market, by treating the

entire market as a single object with attributes like prices, shares, and product character-

istics. This makes simulating counterfactuals conceptually easy since the object in e�ect

updates its internal state after changes and reports the new equilibrium. Secondly, the

R6 system is unique in R in that it allows for pass by reference. In standard R whenever

changes were made to an object, for example, a fixed point iteration applied, a copy of

that object would usually be created, and this copying would slow down computation.

R6 does not create copies, and therefore can o�er important speed benefits for code that

will be run iteratively or repeatedly.

2 Data and Estimation Appendices

2.1 Data

The data used in this paper largely come from two sources. The first is that provided by

IRI. This data is protected by an NDA, and therefore cannot be made publicly available.

The second is data that largely comes from the U.S. government, and is freely available

for download. Some additional data I construct using publicly available information. In

this appendix, I will describe in what detail what processing steps I applied to the IRI

data, and how I linked to it the data that is freely available (as well as any processing

steps that were done on the freely available data).

The IRI data comes at the weekly, store, and product UPC level. The primary data set
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records for each UPC and store the total weekly purchases, average weekly prices, and

three weekly measures of product promotion. IRI provides this data over 11 years from

2001 to early 2011 in 11 flat files. I pull all of the data on the yogurt industry and use it

to construct a Postgresql database. When I do this I divide the data evenly into 13-week

artificial quarters. The advantage of doing so is that the data splits evenly into forty-four

13 week quarters, but the disadvantage is that the quarters do not line up precisely with

traditional calendar or fiscal year definitions. I also record the flat file that the data is

read in order to facilitate matching the purchase data with other IRI data provided on a

yearly basis. I convert prices to prices per standard 6 oz unit of yogurt. This size is the

standard size given by IRI and used by Giacomo (2008) and Villas-Boas (2007).

I add to the database information provided by IRI about product ownership and charac-

teristics. IRI provides this data for 2001-2006, 2007, and 2008-2011. Because IRI recodes

the data three times I will later use the product descriptions and internet research to

create a unified list of products and their characteristics. The first step in doing so is to

find all of the unique combinations of the L5 product description provided by IRI and

5 of the product characteristics that are provided by IRI: Product type, Fat content,

Calorie level, Style, and Type of Yogurt. The L5 product description contains the name

of the product and resembles what might be printed on the package in the store or used

in advertising. For example ’YOPLAIT EXTRA CREAMY FAT FREE’ or ’DANNON

DANIMALS’. These product descriptions, as well as the 5 variables mentioned above,

provide enough information for me to understand what the product is and what its char-

acteristics are, and to confirm characteristics by googling the L5 description which acts

as a product name.

IRI also provides information about the stores at which the products were purchased.

The first use of this data is to match the stores with the IRI markets, which are multi-

county geographic regions. Then I can match demographic, cost, and population data

given at the county level to the appropriate markets and stores. The second use of this

data is to provide some additional controls and cost shifters. I keep track of the number of
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stores and retail chains operating within each region, and the number of stores and retail

chains o�ering each potential product. The availability of the product across the region

is an important determinant of demand. I also compute the annual market shares of each

chain within the market using IRI’s estimates of annual sales. From the annual market

shares, I can compute the Herfindahl-Hirschman Index for each market and year. I use

the concentration index as a cost shifter since it will reflect the retail chains price-setting

power.

Taken together the data on stores, products, and purchases can be matched together and

aggregated to the IRI market quarter level. I aggregate by summing the 6oz units sold,

averaging prices, and counting the number of store-week observations for which a product

was featured, promoted, or in a special display. For the annual measures of stores, chains,

and retailer concentration in any 13 week quarters that contain data from multiple years

I use the value for the year of the first week of the quarter.

After compiling the quarterly demand data I construct several supplementary data sets

that provide demographic controls and cost shifters. First I will discuss the cost shifters. I

downloaded the Quarterly Census of Employment and Wages County High-Level NAICS-

based datasets for the years 2001-2012 from the BLS. From this, I am able to get county-

level average wages that can be matched to IRI-markets using the store location data

discussed previously. I got average annual retail electricity prices from 1990 by state

and industrial sector from the U.S. Dept. of Energy. I assign each county an annual

electricity price and then aggregate up to IRI markets by taking the average (which

may involve averaging prices across state lines). The last cost shifter that I construct is

based on the distance between Yoplait’s and Dannon’s manufacturing facilities and each

market. I searched for each manufacturer online and found information on their company

website, by contacting their customer support, or in local newspapers about where their

manufacturing facility or facilities had been located during the sample period. I then

use the U.S. Census Bureau’s 2010 U.S. Gazetteer File, which provides the latitude and

longitude coordinates of each county in the U.S to compute the straight-line distance
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between each county and each manufacturing facility. I aggregate these distances up by

averaging across counties within an IRI market.

I use the U.S. census to construct demographic variables downloaded via the U.S. Census

Bureau’s FTP server. I used the Profile of General Population and Housing Characteris-

tics for 2010 and 2000, income data from the 2000 Census Summary File 3, and the 2010

American Community Survey 5-year estimates. From these files, I obtained the following

demographic variables at the county level: median income, percent of population white,

number of households with children under 18, and median age. I aggregate these variables

up to the IRI market level using population-weighted averages (using the census popu-

lation for the year of the data 2000 or 2010). Also from the U.S. Census Bureau, I get

the 2000-2010 intercensal population estimates and the 2010-2016 population estimates

at the county level. This gives the annual estimated population for each county during

my sample period. I sum the population of the counties in each IRI geographic market

in each year, and I match this data to my 13 week quarters using the population at the

start date of each quarter. I use the changes in population to calibrate the size of the

yogurt market.

2.2 Demand Estimation Additional Specifications

In this appendix, I report several alternative demand specifications. In Table A.1 I

report several specifications of the instrumental variables. Table A.2 shows the e�ect

of using di�erent fixed e�ects specifications. Last in Table A.3 I consider instrumenting

for additional variables that may be endogenous like promotional intensity, the average

number of retailers o�ering a brand’s products, and the number of competing private

label brands.

I have two basic sources of exogenous variation. The first is that created by the tim-

ing of the model, which make product entry and exit decisions independent of market

level demand shocks. This exclusion restriction implies that any functions of the set of
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products o�ered by firms will be valid instruments.Berry et al. (1995) suggest for each

brand-product pair in a market counting counting the number of products in the same

product categories o�ered by the brand and by competing brands. This forms two types

of instruments that I refer to as the BLP instruments. For example, consider Yoplait

o�ering the Lite Active product line. There would be seven instruments of the first type:

the number of Lite Yogurts, the number of Active yogurts, the number of non-Drink

yogurts, the number of non-Greek yogurts, the number of non-Fiber yogurts, the number

of non-Kids yogurts, and the number of non-Carb yogurts o�ered by Yoplait. The second

type generates the same seven instruments except counting products o�ered by Yoplait’s

competitors rather than by Yoplait. The second source of exogenous variation is the

distance between the IRI geographic markets and the manufacturing facilities of the dif-

ferent yogurt firms. I use these distances to calculate the minimum distance between the

market where a brand o�ers a product and one of that brands manufacturing facilities.

I will refer to this as the distance instrument or cost instrument (for perishable goods

transportation costs make up a significant part of the variable cost).

Each of these sets of instruments generates a di�erent pattern of variation in prices and

a di�erent estimate of the structural parameter. This can be seen in Table A.1, which

shows di�erent but relatively similar estimates using several di�erent sets of instruments.

BLP 1 is the counts of products of each category o�ered by the same firm, BLP 2 the

counts of products of each category o�ered by other firms, BLP 12 combines the two,

and BLP (poly.) uses third-degree orthogonal polynomials of the BLP 12 instruments.

The Cost instrument is simply the distance measure described above, and Cost (poly.) is

a sixth degree orthogonal polynomial of the distance measure.

Table A.2 shows how di�erent sets of fixed e�ects change the estimates of price sensitivity.

The model names denote the fixed e�ects: B stands for brand, P for product, and T for

time. When the fixed e�ects appear additively their abbreviations are separated by a

space, and when there is an interaction there is no space in between. In all cases, I have

instrumented for prices using both of types of BLP instruments. The main pattern here
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is that without either brand product or brand time interactions the parameter on price

implies an elasticity of demand that is less than unit elastic, and that implies negative

marginal costs (when the first order condition for prices is inverted see 2.3.2). The

apparent importance of both brand-product e�ects and brand-time e�ects leads me to

use the brand-product-time (BPT) fixed e�ects.

It is also possible that other variables are endogenous besides prices, the last robustness

check in Table A.3, addresses this by instrumenting for additional variables that might be

chosen by firms in equilibrium. These variables are a brand’s average promotional inten-

sity, a brand’s average fraction of retailers o�ering its product, and the average number

of retailers o�ering private label competitors to a brand’s products. In all cases, I use

the BLP 12 polynomials as instruments since instrumenting for five variables will not be

possible using just the distance instrument. Adding additional endogenous variables does

not change the price coe�cient, and this coe�cient is the most important for simulat-

ing variable profits and computing counterfactuals. Instrumenting for the store adoption

and feature do significantly alter the estimates of their e�ects. For Store, the measure of

store adoption the e�ects are not too large. There is a large change in the coe�cient on

Feature, the measure of promotional intensity. I plan to check the robustness of the fixed

costs estimates and counterfactuals to the possibility that Feature and Stores should be

treated as endogenous. Instrumenting for the number of private products changes the

sign of the coe�cient from negative, the expected direction since more private products

should imply reduced demand for name brand products, to positive. I do not report the

first stage, but it appears that the available instruments do not predict the number of

private products well enough to be valid.
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Table A.2: Alternative Fixed E�ects

P B P B T PT B PT BT BP T BPT
Feature 1.67úúú 1.37úúú 1.35úúú 1.86úúú 1.41úúú 0.98úúú

(0.11) (0.11) (0.11) (0.11) (0.11) (0.12)
Stores 5.35úúú 5.41úúú 5.35úúú 4.89úúú 5.17úúú 4.29úúú

(0.04) (0.04) (0.04) (0.05) (0.04) (0.05)
Private ≠1.81úúú ≠1.90úúú ≠1.88úúú ≠1.64úúú ≠1.74úúú ≠1.29úúú

(0.05) (0.05) (0.05) (0.05) (0.05) (0.05)
Med. Income 0.25úúú 0.26úúú 0.26úúú 0.28úúú 0.29úúú 0.36úúú

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Perc. White 0.08úúú 0.08úúú 0.06úúú 0.05úúú 0.04úúú ≠0.03úúú

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Med. Age 0.25úúú 0.25úúú 0.25úúú 0.26úúú 0.26úúú 0.31úúú

(0.01) (0.01) (0.01) (0.01) (0.01) (0.01)
Price (IV) ≠1.01úúú ≠1.27úúú ≠1.32úúú ≠1.66úúú ≠2.13úúú ≠4.20úúú

(0.03) (0.04) (0.05) (0.05) (0.06) (0.11)
Num. obs. 47430 47430 47430 47430 47430 47430
úúú

p < 0.001, úú
p < 0.01, ú

p < 0.05

Estimates of demand for yogurt. The first four variables are defined in Table 2, and the next
three in Table 1. "No IV" reports estimates without instrumenting for price. ’P’ stands for
product fixed e�ects, ’B’ for brand fixed e�ects, and ’T’ for time fixed e�ects. When two
letters are adjacent I use their interaction e.g. ’BPT’ is the interaction between products,
brands and time.
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Table A.3: Instrumenting for Additional Variables

1 2 3 4 5
Price ≠1.05úúú

(0.02)
Feature 2.24úúú 0.98úúú

(0.09) (0.12)
Stores 5.05úúú 4.29úúú 4.12úúú

(0.04) (0.05) (0.06)
Private Products ≠1.78úúú ≠1.29úúú ≠1.22úúú ≠1.84úúú

(0.04) (0.05) (0.05) (0.18)
Med. Income 0.27úúú 0.36úúú 0.33úúú 0.32úúú 0.36úúú

(0.00) (0.01) (0.01) (0.01) (0.01)
Perc. White 0.07úúú ≠0.03úúú ≠0.03úúú ≠0.05úúú ≠0.14úúú

(0.00) (0.01) (0.01) (0.01) (0.01)
Med. Age 0.26úúú 0.31úúú 0.29úúú 0.30úúú 0.38úúú

(0.00) (0.01) (0.01) (0.01) (0.01)
Price (IV) ≠4.20úúú ≠4.13úúú ≠4.06úúú ≠4.22úúú

(0.11) (0.11) (0.11) (0.12)
Feature (IV) 4.84úúú 2.49úú 5.02úúú

(0.59) (0.88) (0.99)
Stores (IV) 5.37úúú 4.39úúú

(0.36) (0.40)
Private Products (IV) 1.29úú

(0.41)
Num. obs. 47430 47430 47430 47430 47430
úúú

p < 0.001, úú
p < 0.01, ú

p < 0.05

Estimates of demand for yogurt; all of the models have brand-product-time fixed e�ects. The
first four variables are defined in Table 2, and the next three in Table 1. Each successive
model instruments for one additional short run variable. Starting with Price, then Feature,
Stores, and finally Private Products.
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