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An Empirical Analysis of Equilibrium Pricing and Advertising in the Ready-To-Eat Cereal Market

Abstract

We introduce a model of dynamic price and advertising competition and use the model to investigate

a popular segment of the Ready-To-Eat Cereal Market. It is well understood that advertising is a key

non-price strategic demand determinant in differentiated product markets. Two popular and compatible

models for the role of advertising have emerged. One model specifies advertising as a determinant of

a consumer’s level of product awareness (informative) and the other model specifies advertising as a

complimentary product attribute (persuasive). Without specific information on a consumer’s level of

awareness the two roles cannot be simultaneously identified within a demand model. One must then

decide how advertising enters the demand model. To explore the implications of this specification decision

on the assessment of price and advertising competition we: Estimate heterogeneous consumer logit

demand models for each advertising specification; define a model of price and advertising competition

for multi-product firms; and compute the distribution of equilibrium price and advertising strategies to

asses the fit against the observed price and advertising strategies. To illustrate how the market model

may be applied we investigate a segment of the ready-to-eat cereal market and evaluate a hypothetical

brand acquisition. The analysis provides three key empirical findings: Upward pricing pressure, due

to the acquisition, is larger when advertising is incorporated into the demand model as a result of

estimation bias; the informative advertising model yields downward pressure on price while the persuasive

advertising model yields upward pressure on price; and the information theoretic model fits the data

better.

Keywords: Pricing, Informative and Persuasive Advertising, Demand Estimation, Competition, Adver-

tising Dynamics
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1 Introduction

Economic theory recognizes and empirical studies document the crucial role advertising plays in determin-

ing prices and firm profitability. The classic article by Dorfman and Steiner (1954) demonstrates that in

a static duopoly, a firm’s brand advertising, as well as its pricing, influences its performance. Advertising

can shift and rotate the demand curve, reducing a brands’ own price elasticity and producing higher price-

cost margins in equilibrium. These higher margins can also increase the optimal amount of advertising.

Friedman (1983) generalizes the Dorfman and Steiner model to a dynamic setting that recognizes how

current period advertising contributes to a stock that depreciates over time. In the Friedman model, a

firm’s brand advertising influences demand in future periods as well as in the current period. Structural

empirical industrial organization models of differentiated product markets have focused on pricing or media

advertising in isolation but not together. This paper introduces an empirical modeling framework inclu-

sive of advertising stock dynamics to analyze pricing and advertising equilibria in differentiated product

markets.

The stock effects of advertising on consumer demand have been recognized since Nerlove and Arrow

(1962) who model the cumulative “goodwill” effect of advertising for a single firm. Until recently the

empirical literature investigating the impact of advertising on demand has limited advertising’s role to

preference-enhancer. Dubé, Hitsch, and Manchanda (2005) incorporate the “goodwill” effect and offer a

dynamic advertising model that identifies when pulsing, which is heavy ad placement in some periods and

none at other times, or continuous advertising is optimal. Other empirical work by Shum (2004) measures

how brand advertising expenditure, as a proxy for exposure, induces consumers to switch from other

brands. Rather than television and other measured media advertisements, Slade (1995) examines retail

advertising in newspapers produced within the context of a manufacturer’s trade promotion. In “retailer

push” promotion programs, manufacturers offer the retailer lower priced products in return for retail price

reductions, aisle end display, or shelf signage, as well as a “price reduction” advertisement in their weekly

promotion circular (Gerstner & Hess, 1991). An earlier structural econometric study by Gasmi, Laffont,

and Vuong (1992) presents a static duopoly model to test for collusive advertising and pricing between Pepsi

and Coca-Cola in the carbonated soft drink industry. Recently, Goeree (2008) investigates the personal

computer market and develops a model that allows for consumer information heterogeneity within a Berry,
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Levinsohn, and Pakes (1995) (BLP) random coefficients logit demand model by incorporating consumer

awareness as a function of current period advertising. In Goeree’s model, product demand depends on the

probability that consumers are “aware” of that product as well as competing products. Related research

by Draganska and Klapper (2012) offers a similar conceptual demand model and exploits consumer survey

data on brand recall to better isolate the awareness effects of advertising from the preference augmenting

impact of advertising.

In the absence of data that reasonably allows one to separately identify awareness from preference

effects, and without evidence that the two are independent, the model specification dictates how advertising

influences demand and consequently industry price and advertising dynamics. For example Doraszelski and

Markovich (2007) provide a theoretical investigation of advertising competition that analyzes the impact

“goodwill” versus “awareness” advertising has on firm entry or exit from a market and find different

industry dynamics for each role of advertising. Because we do not observe information about consumer

awareness and because it is not part of market sales data, our empirical investigation explores the impact

this modeling assumption has on implied firm pricing and advertising equilibria.

We consider two alternative demand models: One incorporates advertising as an instrument to

augment the level of product awareness (Grossman & Shapiro, 1984), the other incorporates advertising

as a preference shifter (Becker & Murphy, 1993). Our limited-awareness demand model extends Goeree’s

conceptual model by specifying awareness as a function of advertising stock to capture the dynamics of

product salience in the marketplace. This view is consistent with a continuous level of awareness rather than

a discrete one, and by allowing product set awareness to be a function of awareness levels for competing

products, we are able to model a consumer’s cognitive limitations in maintaining the salience of every

product within a product category. If we believe that once a product has a consumer’s attention and

that they evaluate it independent of advertising, then this is an appealing model setup. However, if we

believe all products are equally salient to the consumer and advertising is a complimentary attribute of the

product, then the full awareness BLP model inclusive of an advertising goodwill component is appropriate.

It is probable that reality lies somewhere between the two models yet such a model is not empirically

identifiable without knowledge of consumer awareness levels.

To estimate both demand models, we use a mathematical programming equilibrium condition (MPEC)

estimation approach (Dubé, Fox, & Su, 2009). Aside from the MPEC estimation method, our estimation
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of the limited awareness demand model differs from Goeree’s because we do not simulate latent choice sets;

rather we directly integrate over all possible latent choice sets, thereby eliminating error caused by choice

set simulation.1 In addition to the Berry et al. (1995) macromoments (market level), we use supplemental

micromoments in the spirit of Petrin (2002) to aid identification of the heterogeneity parameters. The

micromoments we specify are consistent with the approach outlined by Chintagunta and Dube (2005),

who estimate heterogeneity parameters using observed consumer purchases conditional on mean market

preference. However we incorporate them into the MPEC estimation framework, by specifying the score

condition for the density of consumer purchases, with respect to heterogeneity parameters, as additional

equilibrium constraints.

Our empirical analysis investigates the taste enhanced wholesome (TEW) segment of the U.S. ready

to eat (RTE) breakfast cereal market. Our market data are from daily A.C. Nielsen Homescan purchases

for 8 brands in 8 television markets and are aggregated at the biweekly market level. This aggregation

allows us to match our Homescan data with market level advertising data. We also reap the benefits of the

Homescan data by using observed consumer product choices to identify the distribution of consumer tastes.

Using data at both levels has the additional benefit that we can instrument for endogenous regressors using

IV estimation methods in the spirit of BLP. The Nielsen Media Research data provide brand level measures

of advertising penetration (Gross Rating Points), advertising frequency, and expenditures on advertising.

These data permit measurement of the price per unit of advertising penetration and thus estimation of

the impact of both advertising demand and cost on optimal price and advertising strategies. To model

oligopolistic competition, we use demand estimates in the firm’s problem and solve for the optimal price

and advertising levels. In our setting the advertising game is dynamic; thus we solve for the set of Markov

perfect equilibrium pricing and advertising strategies. This approach parallels Dubé et al. (2005) who solve

for the Markov perfect advertising strategy equilibria and Benkard (2004) who studies pricing dynamics.

In contrast, our analysis solves pricing and advertising strategies for a set of multi-product firms. We apply

the Pakes and McGuire (1994) general approach for solving games with strategic interactions.

To illustrate how the model may be applied, we generalize a unilateral effects merger analysis to

incorporate advertising impacts and simulate a counterfactual merger. The evaluation of horizontal merger

1We are able to avoid choice set simulation for two reasons. One, our empirical analysis considers a manageable number of
product choices. Two, we exploit the sparsity of choice sets with relatively few options to improve computational efficiency.
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analysis in differentiated product industries has relied upon estimation of brand level demand systems and

focused upon the price impacts that arise from the internalization of own price elasticities, while ignoring

the internalization due to the impact of advertising (Hausman, Leonard, & Zona, 1994; Nevo, 2000).

Recently, Tenn, Froeb, and Tschantz (2010) have expanded the theory of unilateral analysis to include

promotions as well as price. To the best of our knowledge the literature has not incorporated advertising

dynamics to analyze price impacts due to a merger in a differentiated product industry. We simulate and

compare pre- and post- merger equilibrium implied by our model to that implied by the extant price only

Nevo (2000) approach.

We demonstrate that a brand’s advertising has two impacts on the merger analysis. First is the

impact on demand for that and other differentiated products and hence an impact on the price after the

merger. Generalizing the Bertrand oligopoly model to include demand side advertising effects destroys the

unambiguous prediction wherein the internalization of positive cross price elasticities produces elevated

prices for all products postmerger (Deneckere & Davidson, 1985; Hausman et al., 1994; Martin, 2002).

Second advertising is viewed as a strategic, i.e. variable input that influences marginal costs. Thus one

might observe “efficiency” gains that offset any estimated demand side price increases so that the prices

are lower post-merger.

After an introduction to the taste enhanced wholesome segment of the ready to eat cereal market

and our data, we introduce the demand model, the oligopolistic model of pricing and advertising, and the

Markov perfect equilibrium concept we apply. Next, we discuss estimation identification details. Then we

outline the demand estimation approach and present our demand estimation results. Before concluding,

we use the demand estimates and our model of firm conduct to asses the impact of a merger on price and

advertising levels. We compare the results implied by our model of competition to a price only model and

investigate the implications of demand model specification.

2 Data

The market data we use is from the 2006 to 2008 A.C. Nielsen Homescan database for ready to eat

breakfast cereals. It records daily purchasing from about 2,700 households in a variety of store types

across 8 designated marketing areas (DMA) (Atlanta, Boston, Chicago, Houston, Los Angeles, New York,
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Philadelphia, and Seattle-Tacoma) over 152 consecutive weeks. In addition, we use data from Nielsen

Media Research that also covers the 2006 to 2008 period and is provided on a weekly basis across multiple

television outlets (cable, network, syndicated, and spot). To combine these data we aggregate household

transactions to market level prices and quantities over 76 biweekly periods, creating a balanced panel to be

used for analysis. This market level data is supplemented with the household level choice data to identify

market idiosyncracies.

2.1 The Taste Enhanced Wholesome Cereal Segment

The RTE cereal market contains hundreds of products that are often classified in four major categories -

All Family Basic, Simple Health Nutrition, Kids, and Taste Enhanced Wholesome. The taste enhanced

wholesome segment makes up over 20% of the U.S. RTE cereal market2, and due to the nature of compe-

tition, the TEW segment is identified as a segment appropriate for isolation in research. For example, in

a letter to Kraft General Foods proposing to evaluate the impact of couponing and trade deals on brand

volume, Nielsen Marketing Research executives state:

The scope of this analysis will be Taste Enhanced Wholesome (TEW) cereals. ... We are
choosing to evaluate this part of the entire RTE cereal category for the following reasons:

• The TEW segment consists of brands that possess strong interactions with each other.

• Including other category segments into the evaluation may “dilute” the switching patterns
observed in the data. For example, a household may always purchase a Traditional Kid
cereal and a TEW cereal for different members of their household. However, the data does
not reflect the intended user of each brand, and in effect may falsely indicate a switch form
[sic] a Traditional Kid brand to TEW.

[State of New York v. Kraft General Foods et al. 93 Civ 0811 (KMW) @ KGF048666, PX853]

The reasoning precisely supports our focus on TEW brands in this paper.

Table 1 provides key descriptive statistics for the 8 brand, 8 DMA panel data set used in this study.

The data set contains 2 Post, 1 Kashi, 4 Kellogg’s, and 1 Private Label brand.3 Demand shares are

computed based on consumption weight of cereal. Post Honey Bunches of Oats has the largest market

share, 4.38%. The next highest market share is Kellogg’s Raisin Bran with 2.53%. Other brands from

major RTE firms are Post Raisin Bran (1.44%), Kellogg’s Special K Red Berries (1.42%), Kellogg’s Raisin

2Author’s calculations from IRI Marketing Fact Book, 2007
3Fixed product characteristics are provided in the appendix.
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Bran Crunch (1.06%), and Kellogg’s Smart Start (0.94%). Kashi GoLean Crunch! brand, a leading fringe

firm brand in this industry, has a very respectable 1.21% market share and Private Label Raisin Bran has

1.24%.4 These 8 brands account for 14.21%, on average, of the potential RTE cereal market. Average price

per pound across the branded cereals ranges from $3.17 for Kellogg’s Special K Red Berries to $1.71 for

Post Raisin Bran. Private label Raisin Bran is 5 cents higher at $1.76, thus Post Raisin Bran has virtually

no brand equity.

2.2 Advertising in the Taste Enhanced Wholesome Cereal Segment

Gross Rating Points (GRPs) are a measure of the advertising penetration as composed of its reach (the

size of the audience viewing the ad) and frequency (the number of times the audience views the ad). GRPs

provide a measurement of the total exposure a typical household has to a particular advertisement in a

given market period. The extent of advertising, as measured by biweekly GRPs in Table 1, varies greatly

across the 8 brands. The Private Label Raisin Bran and Post Raisin Bran have no advertising. Post

advertises its other TEW product, Honey Bunches of Oats, which has the highest advertising penetration

in this segment (GRP=354.54). The four Kellogg’s brands have advertising ranging from 0.01 GRP for

Raisin Bran to a GRP of 235.33 for Raisin Bran Crunch. Kashi GoLean Crunch! has an advertising GRP

of 91.00.

The advertising price per GRP in Table 1 ranges from $259.38 for Kellogg’s Raisin Bran whose

advertises very little (GRP=0.01) to a low value of $93.71 for Kashi GoLean Crunch! whose GRP are

91.00. The advertising price across the four Kellogg’s TEW brands ranges from $121.62 to $259.38,

averaging $180.89, almost double that of Post Honey Bunches of Oats and Kashi GoLean Crunch!.

With respect to advertising conduct, past research formalizes pulsing of advertising as Effective

Frequency Planning (EFP) (Naples, 1979), which justifies pulsing as a response to the existence of a

critical level of goodwill stock and diminishing marginal returns to advertising. Ultimately pulsing is

recommended as a means to generate a sufficient level of goodwill stock on a limited advertising budget.

Dubé et al. (2005) note that pulsing is justified as technically optimal under general conditions, and when

advertising stock slowly decays over time. Table 2 identifies brands that pulse advertising. It gives the

4The RTE cereal industry routinely recognizes adult cereals with more than 1% of actual sales as brands above minimum
efficient scale. Brands with lower shares risk discontinuation over time.
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percent advertising frequency which is the percent of biweek periods where one or more advertisements for

a particular brand appeared. Kellogg’s Smart Start, for example, advertised in only 10.5% of the possible

biweek periods. Therefore, it is pulsing its advertisements into the market in a very sporadic fashion. Kashi

GoLean Crunch! brand is also pulsing its ads, but ads are appearing in 38.2% of the bi week periods. Post

Honey Bunches of Oats in comparison does very little pulsing with ads appearing in 93.3% of the possible

bi week periods. No TEW cereal advertises in every bi week period in all 8 markets.

2.3 Reporting Errors in Homescan Data

Given that our research uses the Nielsen Homescan consumer panel data to determine market prices,

we have considered and addressed issues of the accuracy and reporting problems with self-reported data.

Einav, Leibtag, and Nevo (2010) perform a validation study on 2004 Homescan data in two unidentified

metropolitan markets. From this study the authors document recording discrepancies and formulate a

method using their validation sample to control for recording errors in Homescan data. In correcting for

measurement errors one needs to assume that the distribution of errors in the validation sample are the

same as the primary data. To evaluate if this is a reasonable assumption, we consider the variables observed

in our data.

One variable of particular importance that we have, and is not available to Einav et al. (2010), is an

indicator of the source of price for each observation. From the products we use in this study over 50% are

store reported prices, and thus not subject to self-reporting errors. Store reported prices, however, may

be subject to imputation errors in the way Nielsen determines prices. The distribution of errors between

these two different reporting problems may be different, yet the validation sample is not capable of making

this distinction. This is one reason that we do not believe the validation approach is plausible for our

particular study.

An additional difference between Nielsen store imputed prices and actual purchase price for a house-

hold comes from the timing of prices used in imputation as opposed to actual date of purchase. The

process of imputing a store level price for a given week requires aggregating across a 7 day period. While

it is unknown what weekly period Nielsen uses to impute prices, it is known that different retail chains

follow different pricing weeks. It is highly likely that imputed prices of a given week may incorporate two

different prices for the same item when in fact the household actually faced only one of those prices. Our
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data aggregation method aggregates daily purchases to biweekly weighted average purchases, resulting in

an average price for the period. We believe this reduces errors that may exist as a result of purchase timing

and imputation process, and thus do not correct our data for differences in reported prices due to purchase

and reporting variations.

3 Models

This section introduces our models of consumer and firm behavior and the market equilibrium concept

we employ. It begins by specifying the limited awareness demand model and the full awareness demand

model with advertising goodwill specified as a complementary consumption attribute. Next we describe

how advertising produces goodwill stock which is specified to influence demand. Then it details firm profit

and behavioral assumptions. Finally it establishes the equilibrium concept we apply.

3.1 Demand Models

We begin by specifying a discrete choice demand model with random utility. Consumers, denoted by i,

enjoy utility from consuming product j in market t according to:

uijt = δjt + µijt + εijt. (1)

Here δjt = x′jβ − αppjt + ξjt is the market mean utility a consumer derives from product j, β represents

the mean marginal utility of product characteristics xj ; and αp measures the mean marginal utility of

income. ξjt is an i.i.d. product specific demand shock partially observed by firms and unobserved by

the econometrician. The random shock µijt + εijt, captures consumer taste heterogeneity. εijt is an

independently and identically distributed (i.i.d) type I extreme value model error. The µijt term specifies

consumer specific deviations from the mean utility as a function of observed consumer attributes, Dit;

unobserved to the econometrician consumer taste shocks, υi; and product characteristics and prices. That

is,

µijt = [x′j pjt](ΩDit + υiΣ
1/2), υi ∼ N(0, Ik). (2)
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where Ω translates how tastes vary with Dij . The model assumes that tastes are normally distributed with

variance parameter, Σ. Consumers can choose an outside option that may include no purchase or purchase

of alternatives outside of the set of brands considered for analysis. The outside option is the zero utility

option, specified as:

ui0t = ξ0t + εi0t. (3)

We fix ξ0t at zero to achieve identification of the inside option utility levels relative to the utility of the

outside option.

Our demand model, following Goeree (2008), relaxes the classical assumption that consumers are fully

informed about market offerings at the point of sale. In particular, consumer demand share is a function

random latent choice sets where the probability that consumer i purchases product j, is a function of

the probability that the consumer is aware of product j; the probability they are aware of other products

competing with j; and the probability they would purchase j conditional on their choice set, S. Recognizing

that consumers can always choose to purchase an outside option or not to purchase at all, consumer i’s

demand share for product j in market t is:

sijt =
∑
S∈Cj

∏
l∈S

φilt
∏
r 6∈S

(1− φirt)
exp(δjt + µijt)

1 +
∑

k∈S exp(δkt + µikt)
, (4)

where Cj is the set of all choice sets that include product j and φijt is the probability that the consumer is

informed and aware of products j. This model includes the standard full awareness logit share expression

as a limiting case where the consumer is aware of all the choices in Cj . The specific form of the awareness

probability, after integrating out the type I extreme value consumer information shock is:

φijt =
exp(γjt + τijt)

1 + exp(γjt + τijt)
, (5)

where γjt captures mean awareness utility, and τijt captures the consumer specific information hetero-

geneity. In the full awareness demand model setting advertising may be specified as a complementary

consumption attribute by adding γjt + τijt to uijt in equation (1). The specific functional form for the
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utility from advertising component, γjt, is:

γjt = Γ(gajt), (6)

where,

Γ(gajt) =

 αalog(1 + ga), if ga ≥ 0;

0, otherwise.
(7)

This particular functional form is required due to the S-shape of the logit sales response function, whereby

the share function exhibits increasing returns to indirect utility for δij + µijt < 0. Under the specification

defined in (7), we test whether αa is strictly concave in goodwill stock ga.5 The functional specification

for the augmented goodwill stock ga is discussed in detail below. The information utility component τijt

is defined as:

τijt =
Γ(gajt)

αa
(ρDit + υiσa), υi ∼ N(0, 1), (8)

where υi is unobserved consumer heterogeneity; Dit is again observed characteristics translated into pref-

erences by ρ; and σa captures the scale of the distribution characterizing information heterogeneity. Com-

bining each component described above and integrating over the market of consumers, market demand

share is:

sjt =

∫
Bjt

sijtdFD(D)dFυ(υ), (9)

where F (·) denotes the respective distribution function and Bjt is the consumer specific set parameters

and variables that induce the purchase of product j in market t.

3.2 Advertising

Advertising stock captures the dynamic carry-over effects of advertising’s impact on demand. In other

words, today’s advertising has a lasting effect that carries over to the next period and beyond. This

carryover effect is modeled as a distributed lag of advertising,

gjt =
∞∑
k=1

λkΨ(Aj,t−k), (10)

5We also test the fit of this specification versus a linear specification and a quadratic specification at the estimation phase.
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where, Ψ(·) is a nonlinear goodwill production function. We assume that Ψ(0) = 0 and is a non decreasing

function of advertising proliferation, Ajt. Firms produce goodwill by adding to the existing stock to

generate an augmented goodwill stock,

gajt = gjt + Ψ(Ajt). (11)

Augmented goodwill enters the consumer utility function directly as defined above in equation (7). Aug-

mented goodwill stochastically depreciates overtime according to the following law of motion:

gj,t+1 = λgajt + νj,t+1 = λ(gjt + Ψ(Ajt)) + νj,t+1. (12)

λ ∈ (0, 1) is a geometric decay factor and νjt is a mean zero shock included to capture the idiosyncratic

aspects of advertising that are not captured by the data and not observed by firms. For example, ν may

capture the impact of aspects that are particular to a television ad campaign’s effectiveness or temporal

variation in television audience composition, whereas Ajt only measures the reach and frequency of an ad

for a particular product in a market as measured by GRPs. An expansion of equation (12) yields:

gjt =
∞∑
k=1

λkΨ(Aj,t−k) + ωjt, (13)

where ωjt =
∑∞

k=0 λ
kνj,t−k. The marginal return to advertising differs across time due to the carry-over

effect. This fact implies that pulsing advertising policies may be adopted by firms, a fact that is consistent

with many industries and is observed in our data for many brands in the RTE cereal industry. We apply

the goodwill production function, Ψ(A) = log(1+A) if A > 0 and 0 otherwise, which is suggested by Dubé

et al. (2005).

3.3 Profit

The demand for product j is a function of market size M and expressed Qjt = Msjt, moreover it is

determined by product characteristics, prices, advertising, and goodwill levels, as well as the vector of

demand shocks:

Qjt = Qj(gt,At,Pt, ξt), (14)
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where, gt = (g1t, . . . , gJt) is a state vector that contains existing advertising stock levels and observed

product attributes. The remaining components are advertising, At, prices, Pt, and demand shocks, ξt.

The vector of demand shocks includes the shock to goodwill, νjt, which captures consumer response to

adverting copy unobserved by firms before airing the advertisement. Each market’s profit for firm j is:

πjt = (pjt − cjt)Qjt(gt,At,Pt, ξt)− Ejt. (15)

cj is a constant marginal cost of production, Ejt is Firm F ’s advertising expenditure. Because prices and

advertising are set before the goodwill shock is realized, firms maximize expected per period profits,

πjt = πj(gt,At,Pt) =

∫
(pjt − cjt)Qj(gt,At,Pt, ξt)f(ξt)dξt − Ejt, (16)

recognizing that ξ is i.i.d.. The multi-product firm maximizes profits jointly over each product in its

portfolio.

Π(gt,At,Pt) =
∑
j∈GF

πj(gt,At,Pt), (17)

where GF is the set of products in firms F ’s portfolio.

3.4 Firms

Firms play the following advertising game. At the start of a period the state of the market, gt, is observed by

all firms. Upon observing the state vector firms make pricing and advertising decisions, σj(gt) = (Pjt, Ajt),

for each product in their portfolio. In this game, firms’ decisions rely only on payoff relevant state variables.

Given product demand and current goodwill levels, the firm has all the necessary information to determine

current and future sales. This implies that gt contains all the necessary payoff relevant information. Once

firms observe the state vector and firms choose prices and advertising levels the demand shocks, ξt, are

realized and profits are determined.

The strategy profile vector σ = (σ1, . . . , σN ) contains the price and advertising decisions of all N

firms for each of their products. The expected discounted profits for firm F in state gt under strategy
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profile σ are:

VF (gt|σ) = E

[ ∞∑
s=t

βs−tΠF (gs, σF (gs))|gt

]
. (18)

The firm level objective is to maximize this stream of expected profits by choosing a strategy profile σF .

To maximize the stream of profits in (18) the firm needs to know the state variables gt and consequently

the strategy profiles σ(gt). Equation (12) states that the goodwill stock gjt evolves according to a first

order Markov process whose transition density is p(gjt+1 · |gjt, Ajt). Recalling that the goodwill shocks are

i.i.d., the Markov transition density of the state vector is:

f(gt+1|gt,At) =

J∏
j=1

f(gj,t+1|gjt, Ajt). (19)

Because firms make pricing and advertising decisions based solely on the current state vector, time depen-

dent strategies are not considered because they would complicate an already difficult equilibrium compu-

tation. Firm F ’s Markov strategy is σ : g → σF (g) = (PF (g), AF (g)). Each firm sets its policy, σF ,

conditional on the strategy profile of competing firms σ−j = (σ1, . . . , σN ). The Markov strategy along with

equation (19) fully define a firms value function as stated in equation (18).

3.5 Equilibrium

Equilibrium is described by the value function in a dynamic programming problem with strategic interac-

tions. Each firm has a value function that satisfies the following Bellman equation:

VF (gt|σ) = supτ∈R2
+

{
ΠF (g, τ, σ−j(g)) + β

∫
VF (g′|σ)f(g′|g, τ, σ−j(g))dg′

}
(20)

Firms choose advertising levels and prices for their products, so the supremum is taken with respect to

τ = (Pj , Aj), in R2
+. This Bellman equation includes the competing firms strategy profile σ−j on the right

hand side, which is firm F ’s best guess at the competing strategy profile and defines the firms best response

to σ−j . A Markov perfect equilibrium (MPE) of the dynamic game is a list of strategies, σ∗ = (σ∗1, . . . , σ
∗
N )

such that no firm can deviate from their action σ∗n in any subgame that starts at state g.6 We restrict our

attention to pure strategies due to the computational difficulty of determining equilibria in a more general

6For a more complete and concise treatment of the MPE concept see Maskin and Tirole (2001).
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model that might include mixed strategies.

Define : A Markov perfect equilibrium is a Markov strategy profile σ∗ such that:

Vj(g|σ∗) ≥ πj(g, τ, σ∗−j(g)) + β

∫
Vj(g

′|σ)f(g′|g, τ, σ∗−j(g))dg′ (21)

for all unilateral deviations τ = (Aj , Pj), states g, and firms j.

Ericson and Pakes (1995) and Doraszelski and Satterthwaite (2003) explore general conditions for

the existence and uniqueness of an equilibrium solution. Our empirical work relies on the existence of an

equilibrium solution for a particular set of demand parameter estimates. If we are able to numerically

compute an equilibrium its existence is established; Dubé et al. (2005, p. 115) argue along similar lines.

Officially, we cannot determine, with absolute certainty, whether the equilibrium is a unique ideal point on

the Pareto front. Validity of the solution is supported in two ways: one, we start the numerical algorithm

for locating equilibria at different points to see if it converges to the same equilibrium; two, subsequent

to finding a potential equilibrium we use the global optimization technique called simulated annealing to

determine whether the current solution can be improved upon.

4 Identification

One of the reasons we apply the Berry et al. (1995) demand modeling framework is because it allows us

to employ linear instrumental variable estimation techniques to control for the potential endogeneity of

product attributes. The other reason we apply their framework is because we do not observe consumer

level ad exposure and frequency. To identify the consumer distribution of the marginal utility of advertising

stock and other product attributes, we combine aggregate market level data with micro level data recording

consumer purchases.

Much like BLP, our identification strategy relies on the fact that we can separate mean market utility

from consumer specific deviations and use a linear instrumental variable estimator to recover mean prefer-

ence parameters. We further exploit the separability and specify two different sets of moment conditions

to identify mean preferences and consumer specific deviations separately.

To the extent that price and advertising levels are set by firms upon observing demand factors

unobserved by the econometrician, time varying product characteristics may be correlated with demand
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shocks. For example, firms may set price and advertising policies conditional on merchandizing activities

and exogenous demand factors. This correlation generates endogeneity bias in demand parameter estimates

if not properly controlled for.

4.1 Price Endogeneity

The principle identifying assumption is that the demand unobservables are mean independent of an exoge-

nous set of instruments, z:

E[ξjt(Θ0)|z] = 0, (22)

for a demand shock, ξj , evaluated at the true parameter values Θ0. We do not observed ξjt but firms and

consumers do, which leads to the endogeneity bias described above. To control for persistent geographic

differences in demand we include a full set of metropolitan market fixed effects. To control for price

endogeneity caused by time varying demand unobservables, Berry et al. (1995) show that variables that

shift profit margins are valid instruments. In particular equation (15) indicates that profit is a function of

demand and equation (4) specifies demand as a function of profit attributes, consequently BLP’s reasoning

applies here.

The full set of instruments, z, include geographic market fixed effects, product characteristics (also

appearing in x), production input cost variables (not appearing in x), variables that measure advertising

costs, and any linearly independent function of z. We test the validity of the moment restriction in (22)

as well as the validity of z for explaining variation in price. These tests are conducted at the stage of

estimation and they are found in the section that discusses demand results.

4.2 Advertising Endogeneity

According to the model we introduce in the previous section, Advertising endogeneity presents itself in two

forms. First, advertising levels are potentially correlated with demand shocks, specifically as described in

our pricing and advertising model. Advertisers may increase or decrease advertising with positive demand

shocks. Second, our model suggests negative goodwill shocks would be correlated with high levels of

advertising. We provide an institutional reason why exogenous variation in the observed advertising levels

exist and at the stage of estimation we formally test whether it presents itself in bias parameter estimates
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when not controlled for; our test yields results consistent with the institutional facts.

One institutional feature of advertising contracts are “make good” clauses. Advertising contracts

specify the amount of GRPs to be delivered in a week, delivered GRPs depend on the actual reach

and frequency of the aired ads. “Often the contracted amount of GRPs are not delivered entirely and,

consequently, the television stations ‘make good’ in subsequent periods by delivering the residual promised

GRP levels”(Dubé et al., 2005, p.122). Make-goods appear in our data in the form of low levels of

advertising at the end of a particular ad campaign. Figure 1 is a Histogram of strictly positive GRPs

across our data. The large number of low advertising levels indicates that make-goods are observed

frequently throughout out data. This source of exogenous variation in advertising levels enables us to

identify advertising demand response independent of the strategically chosen advertising levels determined

in our model.

4.3 Heterogeneity Parameters

To identify the parameters that capture the heterogeneity of consumer preferences in the market we sample

households from our panel using survey weights provided in the home-scan data. The home-scan panel

tracks household purchases as well as well as household demographic information. Using this information,

we can “trace out” the distribution of consumer preferences (Berry & Haile, 2010; Fox, Kim, Ryan, &

Bajari, 2011). To identify the parameters that characterize this distribution, Θh = Ω,Σ, ρ, υ, we begin

with the density of consumer choices,

f(yijt|δ,Θh, x,D) =

∫ ∏
t

∏
i

∏
j

sijt(δ,Θh, xjt, Di)
yijtdF (υi). (23)

Here sijt is defined as in equation (4) and yijt = 1 if consumer i chooses product j in period t and yijt = 0

otherwise. This density is a likelihood and we specify micromoments that result from the first order

conditions, they are defined as:

E[∂log(sijt)/∂Θh] = 0. (24)

∂log(sijt)/∂Θh is precisely the score function associated with the likelihood of purchases conditional on

mean preferences. These micromoments differ from those specified by Petrin (2002), and others who apply
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his method, such as Goeree (2008), who assert that the deviation in predicted probability of choice from

observed choice is mean independent of consumer and product attribute covariates:

E[(yijt − sijt)Dx] = 0. (25)

In contrast, the moment condition expressed in (24) exploits the full structure of the probability model

that our demand system applies and gains the efficiency and well behaved estimation objective of a logit

maximum likelihood estimation approach without restricting the functional relationship between demand

shocks and instruments, defined in equation (22) - the way a full maximum likelihood estimation approach

would.

5 Estimation Approach

To estimate our demand model we apply the Mathematical Programming Equilibrium Condition (MPEC)

framework of Dubé et al. (2009). The complete set of parameters estimated are θ = {β,Σ, κ, ρ, σa, λ, σν}.

Our estimation objective function is a generalized method of moments (GMM) objective composed of two

sets of moments. The first set of moments are the BLP macromoments which apply the mean independence

of demand shocks and exogenous product attributes and marginal cost shifters, with the added condition

that predicted market shares must equal observed market shares. The second set of moments specify the

score functions, with respect to the heterogeneity parameters, implied by the consumer level share (choice)

model, (4). The specified score is a function of the observed choices and product attributes,conditional on

the market mean utilities, δ and γ, as determined by the first set of moments. Next we explain each in

turn, and then wrap-up the section with a short discussion of the computational estimation approach.

5.1 BLP Macromoments

Under weak regularity conditions on the density of consumer unobservables, the existence of a unique mean

utility that satisfies the observed market shares has been established by Berry (1994), which is extended

by Goeree (2008) for the limited information model we employ. The unique mapping of mean utilities

into shares allows us to use the condition that observed market shares must equal predicted market shares
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when consumer utility parameters are estimated. We solve for the δ implied by,

Sobst − st(δ,Θ) = 0, (26)

where Sobst is the vector of observed market shares and st is the vector of predicted market share, based

on our model. Conditional on the constraint implied by (26), the aggregate demand shock is:

ξjt = δjt(S,Θ)− x′jβ. (27)

These unobserved demand shocks are used to build the macromoment conditions defined in equation (22).

5.2 Consumer Choice Micromoments

The micromoments are derived from the consumer choice model implied by the demand specification. After

integrating out unobserved heterogeneity, the density of a household’s choices over time is given by,

Li(yi|X, p, ga,Θ) =

∫ T∏
t=1

J∏
j=1

sijt(X,D, p, δ, γ,Θ)yijtdF (νi) (28)

yi = (y1i, . . . , yti) and yijt = 1 if household i chooses brand j in market t and 0 otherwise. The moments

implied by this likelihood model are given by the score for the heterogeneity parameters, first the derivative

of the likelihood with respect to the consumption utility heterogeneity parameters, θmcons = [Ω,Σ],

S(θmcons) =
∑
S∈Cj

Ksp
S
ijt

(
∂µijt
∂θmcons

−
∑
k∈S

pSikt
∂µijt
∂θmcons

)
, (29)

where Ks =
∏
l∈S φilt

∏
r 6∈S(1−φirt) is the probability of product j salience and pSijt =

exp(δjt+µijt)
1+

∑
k∈S exp(δkt+µikt)

is the probability of choosing j conditional on being aware. Evoking the identity Ks
∂log(Ks)
∂τijt

≡ ∂Ks
∂τijt

, the

derivative of the likelihood with respect to the information utility heterogeneity parameter, θinfo = [ρ, σa],

is:

S(θinfo) =
∑
S∈Cj

pSijtKs

∑
l∈S

(1− φijt)
∂τijt
∂θinfo

−
∑
r 6∈S

φijt
∂τijt
∂θinfo

 . (30)
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The first order conditions in equations (29) and (30) for Maximum Likelihood Estimation (MLE) make it a

GMM estimator (Newey & McFadden, 1994, p.2118). We define these as consumer choice micromoments.

E[S(θcons)|δ, γ] = 0 (31)

E[S(θinfo)|δ, γ] = 0 (32)

One major benefit of linking the micromoments to the macromoments by conditioning on δ and γ is that

both the heterogeneity parameters, [θcons, θinfo], and the mean preference parameters β and κ will not

suffer from endogeneity bias because we condition on ξ, which is contained in δ.

5.3 GMM Estimation Method

Many previous studies using BLP demand models rely upon the nested fixed point approach to estimate

the random coefficients logit model (Berry et al., 1995; Nevo, 2001). The nested fixed point estimation

approach is made up of two distinct parts. First practitioners use contraction mapping to find the mean

utility that makes observed share equal to predicted shares. Then they estimate the density of preference

parameters in a subsequent step using a generalized method of moments (GMM) estimation approach. We

choose an alternative MPEC approach.

The MPEC approach recast estimation of the random coefficients logit as a mathematical pro-

gramming problem with equilibrium constraints. The idea is to specify the GMM objective function

and minimize it with the constraint that observed market shares equal predicted market shares. This

presents a challenging nonlinear constrained optimization problem which requires the practitioner to use

state-of-the-art constrained optimization tools, we use KNITROr through the TOMLABr optimization

environment. Dubé et al. (2009) document several numerical concerns for the nested fixed point approach

typically applied in the literature, and demonstrate that the constrained optimization approach is uni-

formly preferred for computational efficiency and accuracy. Conlon (2010) extends the MPEC approach

to empirical likelihood estimation of a dynamic demand problem. We extend the MPEC approach to a

limited awareness demand setting and include micromoments that incorporate consumer purchase data.
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Our estimation algorithm solves the following mathematical program:

min
(x)

g′Wg (33)

s.t.

sijt =
∑
S∈Cj

∏
l∈S

φilt
∏
r 6∈S

(1− φirt)
exp(δjt + µijt)

1 +
∑

k∈S exp(δkt + µikt)

Sobsjt =
1

n

∑
i

sijt(δ, γ|µ, τ)

g =
∑
∀j,t

(δjt − x′jtβ)zjt∑
∀i,j,t

S(µ, τ |δ, γ) = 0.

Where W is the a two-step optimal GMM weighting matrix, and S(µ, τ |δ, γ) is defined by (29) and (30).

6 Demand Results

This section discusses results from the demand model estimates. We present parameter estimates from

several basic logit model specifications, including OLS and instrumental variable (IV) approaches, and

a micro-BLP model to provide a baseline for comparison. Next we analyze parameter estimates for full

and limited awareness demand models that include an advertising stock effect, each specified with and

without parameter heterogeneity. All models use 3,776 market observations, based on 59 biweekly periods,

8 products, and 8 markets.7 Models with micro moments sample 400 consumers from each DMA, based on

Nielsen Homescan panel weights. Purchase decisions for these households are observed across the same 59

biweekly periods, 8 products, and 8 markets for a total of 1,510,400 household product choice observations.

6.1 Estimation Results for Logit OLS, IV, and micro-BLP Demand Models

Table 3 shows results for various specifications of the simple logit OLS and IV demand models. In all

models Price is the price coefficient and Advertising is the marginal utility of goodwill. Calories, Fiber,

Sugar, and Protein are the marginal utilities of product specific fixed characteristics. All specifications

7Our data has a total of 76 biweekly periods but we lose 5 periods due to lags in advertising expenditure and 12 additional
periods due to the advertising specification in the model, thus resulting in 59 biweekly periods of data for demand estimation.
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include DMA fixed effects. A quick look at this table reveals that key parameter estimates (price and

advertising) are highly significant in every model as standard error estimates testify.

Columns (i), (ii), and (iii) exhibit estimates of the simple logit without instrumentation for prices.

From these three columns one will observe that inclusion of product characteristic variables: calories,

fiber, sugar, and protein, removes upward bias on price sensitivity. Alternatively the inclusion of an

advertising variable removes a downward bias on price. Columns (iv), (v), (vi), and (vii) exhibit estimates

from various logit specifications estimated with different sets of instrumental variables. These estimates

demonstrate that instrumenting for price reduces the downward endogeniety bias. Model (iv) includes only

last period’s price as an instrument, while column (v) also includes last period’s advertising expenditure as

an instrument. The next two logit specifications, columns (vi) and (vii) include an expanded instrument

set that consists of lag price and six periods of advertising expenditure.

Hansen’s J statistic testifies to the degree of instrument exogeniety in columns (v), (vi), and (vii).

An upper tail test fails to reject the null hypothesis in columns (vi) and (vii), that the instruments in these

specifications are uncorrelated with the model error. First stage regression statistics testify to instrument

relevance. First stage F -stats and R2 indicate that the instruments are relatively strong and valid and

explain a reasonable percentage of variation in the endogenous pricing variable.

To test whether ‘make-goods’ provide the exogenous variation required to treat advertising as ex-

ogenous, column (viii) shows results for the same specification as column (vii) with the exception that

advertising is now treated as an endogenous variable. Parameter estimates between columns (vii) and

(viii) are very similar, in fact a Hausman test for endogeneity of the advertising variable yields a chi2

value of 0.59 failing to reject the null hypotheses that there is no systematic differences between the coef-

ficient estimates for the two specifications. This supports our argument that advertising does not require

treatment as an endogenous variable in this econometric model, and the observed exogenous variation in

Figure 1 is sufficient to identify the advertising utility parameters.

The final four columns of Table 3 present estimates for the standard random coefficients logit spec-

ification commonly referred to as BLP, specified with the additional micromoments in the same fashion

as the limited information demand model we estimate. We include these specifications to benchmark our

merger simulation results and our demand estimation results, to past literature that investigates the RTE

cereal market. One specification includes GRPs and the other does not. The specification that includes
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GRP benchmarks our merger simulation; this would be the specification that a practitioner using extant

methods would use given the available data. We include the specification without advertising to benchmark

our results against past demand studies of the RTE cereal market. Although we do not present elasticity

tables for these models, these specifications admit own price elasticities between -2 and -4.5, which is

similar to those found in Nevo (2000) and Nevo (2001).

6.2 Estimation Results for Limited Information Demand Models and Full Information

Demand Model with Advertising Stock

Table 4 shows the results for the limited information specification demand models and the full information

random coefficients demand model with advertising stock. The key parameter estimates on price and ad-

vertising are denoted as Price and αa. These are highly significant in each model. Again, the coefficient

estimates for calories, fiber, sugar, and protein are the marginal utilities of product specific fixed charac-

teristics, where protein and calories are generally not statistically different from zero. All models in the

limited information framework also include DMA fixed effects.

Columns (i) and (ii) are the estimates for the simple limited information demand model, without

consumer heterogeneity. The key difference is that column (ii) includes the advertising stock effect, and

thus estimation of λ and σa. Including the advertising stock reduces the price sensitivity while increasing

the impacts of advertising. Similar to the simple logit models, Hansen’s J provides evidence that the

instrument set is exogenous in the limited information demand models.

The full information heterogeneous consumer random coefficients specification includes advertising

stock and is provided as a benchmark to compare to the similar limited information model. The price

coefficient is centered at -4.671 with a standard deviation of 1.164. This implies that 95% of the consumers

have marginal price sensitivities between -6.999 and -2.343. The advertising coefficient is centered at 0.544

with a standard deviation of 0.084, resulting in a range of advertising sensitivities between 0.376 and 0.712.

In computing these parameters we assumed the advertising stock effect parameters λ and σa are equal to

the limited information demand model with advertising stock and without consumer heterogeneity.

The parameter estimates for the heterogeneous consumer random coefficients specification of the

limited information model appears in the final columns of Table 4. The distribution of the price sensitivity

coefficient is centered at -4.168 and has a standard deviation of 0.354, which implies that 95% of the
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consumers have marginal price sensitivities between -4.876 and -3.460, consistent with the law of demand.

The advertising coefficient is centered at 2.102 with a standard deviation of 0.022, yielding a range of 2.058

to 2.146 within 2 standard deviations of the mean. With the advertising decay rate, λ=0.495, a single unit

of advertising today will have less than 1% effect on goodwill after two months. Since the same instrument

sets and same number of parameters in the specification of the full information and limited information

models, an informal test of fit compares the J statistics. Comparing J statistics for the two models the

limited information model appears to fit the data better suggesting that it may be more appropriate for

this empirical setting. In general the limited information specification offers greater flexibility because of

its superior ability to shift the demand curve in and out.

Table 5 displays own price elasticities along with mean cross price elasticities for each advertising

inclusive heterogeneous consumer demand models we estimate. The results here indicate the direction

of the estimation bias due to the advertising specification. When advertising stock is included in the

micro-BLP model price sensitivity is reduced. The price sensitivity is further reduced under the limited

information specification. The specification itself does not guarantee this result, it is an empirical matter.

Draganska and Klapper (2012) provide evidence of bias in the other direction and argue that the direction

of this bias should be expected, however this would only be true in a simple model with two choices, an

inside good with limited awareness and an outside good. Goeree (2008) on the other hand finds bias in

the same direction as our results.

Figure 2 and 3 plot expected demand response to advertising for the final two models in columns

three and four of Table 4. An examination of these figures offers a direct test of the sales response concavity

to advertising. As we expect, the sales response to advertising for every product is globally concave. Sales

response concavity to advertising is particularly important because it is consistent with the pulsing of

advertising observed in the data, and makes pulsing a potential equilibrium strategy. One additional

interesting result of these plots is that Post Honey Bunches of Oats advertising appears to generate the

largest response. This may suggest that they run particulary strong ad copy or that consumers of Honey

Bunches of Oats are particulary fond of their advertising campaigns.
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7 Market Simulations

In this section we simulate a merger in the taste enhanced wholesome segment of the RTE cereal market.

The section first explains how we compute equilibrium. We conduct five simulations altogether. The

first three benchmark our demand models with a price equilibrium only simulation; treating advertising

exogenously. In the last two simulations advertising is fully endogenized in the joint pricing/advertising

decision. We compare the simulations to identify the impact of incorporating advertising, thus illustrating

the importance of including advertising in the analysis. We also formally investigate the fit of the simulated

data for each model to the observed data.

7.1 Markov Perfect Equilibrium Computational Approach

To compute MPE in price and advertising, we introduce an approach that formulates the dynamic pro-

gramming problem as a mathematical programming problem. The intuition for the problem is no different

than nested fixed-point approaches applied in the past. The benefit of formulating the dynamic problem

as a mathematical program with optimality conditions is that we can mix smooth optimization approaches

with non smooth optimization approaches to find equilibria. The program is formulated as:

max
(pt,At)

∑
f V

F

s.t.

c1 : gt+1 = λ[gt + Ψ(A)] + νi

c2 : p− c = (OF ×elt Ω(p,A))s(p,A)

c3 : ΠA(pt+1, gt) = E[βΠA(pt+1, gt+1)]

(34)

This problem specifies maximization of each firms objective stated in equation (20), subject to the equation

of motion and the competitive price and advertising reaction conditions under MPE behavior. The first

constraint, c1, is the equation of motion. The second constraint, c2, is the static optimal markup condition

given the firms’ portfolio ownership matrix OF . Simulating a merger implies a change to the market

portfolio ownership structure defined by matrix OF . Ω(p,A) is the demand response to price matrix
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with common element ∂si
∂pj

.8 We assume that the marginal cost of production remains constant with and

without the merger, while the unit cost of advertising is allowed to change, which allows us to recover

advertising cost reducing efficiencies due to a merger. Constraint three, c3, is the Euler equation defining

the intertemporal optimal advertising condition. The integral in c3 is computed by Monte Carlo simulation.

We directly solve for the equilibrium implied by the set of MPE constraints: c1, c2, and c3.

We use the first 12 periods of data to initiate advertising goodwill levels. The goodwill levels at the

end of these 12 periods establish the initial state vector for simulating the MPE from period 13 on. Results

are simulated under the assumption that the discount factor β is equal to .9916 which corresponds to an

annual interest rate of 11%.

7.2 Merger Simulation

The merger simulation that we present in this section is motivated by a current business relationship be-

tween Kellogg’s and Kashi. In 2000 Kellogg’s purchased Kashi and states that they operate the brands

independently following their original business philosophy.9 It thus becomes an interesting empirical ques-

tion to analyze two things. One, which equilibrium pricing and advertising conduct seems more plausible

given the data we observe? And two, given that the brands are independently managed, if Kellogg’s were

to fully internalize the Kashi brand into it’s portfolio, how would pricing and advertising conduct change?

This exercise also provides some general insight into the ramifications of incorporating advertising into a

competitive equilibrium analysis as well as the implication of demand model specification on equilibrium

conduct. We focus our analysis on the Chicago market, due to the extensive computational exercise we

conduct.

The first 12 biweekly periods are used to establish baseline advertising stock levels. Then we analyze

a hypothetical merger occurring at the end of the twelfth period between Kashi and Kellogg’s by computing

the optimal advertising and pricing with and without the merger in the next 47 periods. The merger is

anticompetitive if the post merger prices are significantly higher than prices without the merger. Note that

with these brands in the merged entity it is possible for some prices to go up and one or more to go down

creating a welfare tradeoff if consumers choose different brands.

8Element OF
k,j = 1 if the firms have both k and j in their portfolio, 0 otherwise.

9Kashi Website: www.kashi.com/meet_us/history.
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7.3 Merger Simulation of Dynamic Price and Advertising Impacts

In order to assess the overall effect of the merger, Table 6 presents five panels that summarize the equilibria

implied for each merger simulation. The table displays average 16 ounce prices for each brand for the entire

simulation period. The first panel of the table displays results for the benchmark analysis that considers

static Nash-Bertrand pricing conduct, treats advertising as exogenous to the pricing game, and applies the

full information demand specification from the first micro-BLP model in Table 3.10 As one might expect

the proposed merger results in a price increase for non-merged products, a modest increase for products

in Kellogg’s portfolio, and a five to six cent per standard box price increase for the Kashi product, when

managed under Kellogg’s banner. The second panel in Table 6 records the same simulation given the

full information micro-BLP model inclusive of advertising stock (goodwill). Including advertising stock

reduces price sensitivity which results in a larger price impact under the hypothetical merger, particularly

for products involved in the merger. The third panel in Table 6 displays the merger price impact when

the limited information model is applied to the price only merger simulation. This specification results

in further reduced price sensitivity. Not surprisingly the price impact of the hypothetical merger is even

larger, significantly more so for products under management of the merged firm. Results from these three

simulations document the impact of demand specification on a price only analysis.

The first panel of Table 7 is the first of two simulations that internalize dynamic advertising effects

as well as pricing. This simulation applied the full information micro-BLP model with advertising stock.

Recall that this model specifies advertising as a complementary consumption attribute. Here we note that

the proposed merger continues to result in upward price pressure, in fact more so than any of the supply

models that treat advertising exogenously. This result follows from the conventional wisdom that the

merger reduces competition, increases margins, and in turn increases the marginal benefit of advertising.

As a result we see higher advertising levels in Table 7 and higher price levels than any of the price only

simulations. A finding consistent with the theory of Dorfman and Steiner (1954) and Friedman (1983).

The second panel of Table 7 presents the price and advertising simulation result under the limited

information demand model. The results indicate that upward pricing pressure under this model is less than

under the full information model from the previous simulation. In addition Table 8 documents a decrease

in advertising. This equilibrium suggests the contrasting view of advertising competition wherein a pris-

10This model and analysis is equivalent to extant unilateral price only analysis such as (Nevo, 2000, 2001).
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oners dilemma outcome emerges. Effectively, advertising diminishes due to the competition for consumer

awareness, so when the opportunity for collusion presents itself, firms back off on product advertising and

pass those cost saving onto the consumers in the form of less elevated prices under the merger. This result

is consistent with the Grossman and Shapiro (1984) findings that there is too much advertising because

products are too similar so the beneficial effect of improved matching is outweighed by the wasteful effect of

competing for consumer attention. If there was a sufficient degree of product differentiation we would not

see the substantial decrease in advertising, which implies a more efficient allocation of advertising under

a more collusive market structure. The contrasting results highlight an important implication of model

specification in this empirical setting.

Table 7 reports observed average prices and Mean Integrated Square Error (MISE) computed using

kernel density estimates of the price densities. The MISE statistic measures the affinity between the

observed pricing distribution and simulated distributions, the closer the statistic is to zero the greater

the degree of affinity. We have also provided the kernel density estimates for the pricing distributions

and conducted Kolmogorov-Shmirnov tests to determine whether either of the simulated densities are

significantly different from the observed distribution. Figure 4 illustrates that the limited information

model generates a price distribution that matches the observed data closer than the full information model.

The Kolmogorov-Shmirnov tests reject the simulated pricing distribution based on the full awareness

persuasive model at the 10 percent level under either market structure. In contrast, we fail to reject the

limited awareness informative model under either market structure. At the product level we find that prices

simulated from the limited awareness model fits the empirical distribution better. We also find that the post

acquisition model fits the empirical distribution slightly better although we cannot reject one in favor of

the other from a statistical standpoint. As a practical matter, we conjecture that the limited information

model provides an extra degree of flexibility that allows for more demand curve rotation than the full

information model. As an empirical matter, the evidence supports the limited information framework in

the taste enhance whole segment of the RTE cereal market, implying that the insights of Grossman and

Shapiro (1984) are plausible here. It should also be noted that these results square with the findings of

Tenn et al. (2010), who investigate promotions in the premium ice cream market.

Comparing the limited information model with price and advertising competition to the Nevo (2000)

type merger simulation we see that the price impacts are larger when advertising is incorporated. This
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result is owed to a dominant specification bias effect. As support, when we compare price impacts for

the merged products under the limited information demand model, we see that the price increase for the

price only model is larger than the price and advertising model. This result indicates that incorporating

advertising in the merger analysis mitigates the price impact due to the proposed merger. The smaller

impact can be attributed to efficiencies in advertising costs and reduced demand due to lower advertising

levels. Turning ones attention to Table 8, advertising cost efficiency is verified upon inspection, wherein

we notice that the merger results in less advertising and consequently less advertising cost, which is passed

through to prices. This result stems from the fact that cross advertising effects are negative and adequately

large on average, which squares with the Grossman and Shapiro (1984) insights described above.

Our results demonstrate that the inclusion of advertising into this merger analysis mitigates the

price impact for the products involved in the proposed merger as well as the overall price level in the TEW

segment of the RTE cereal market. The larger implication of this finding, that extends beyond merger

analysis, is that advertising should not be ignored in the evaluation of equilibrium behavior for two reasons.

One implication is specification bias, the direction of which is an empirical matter. The second reason is

the incorporation of advertising in the equilibrium analysis, which is also an empirical matter.

8 Conclusion

This paper introduces an approach for incorporating simultaneous and dynamic pricing and advertising

strategies into market equilibrium analysis. We began by specifying demand models that include the

dynamic process of advertising stock. Then we outlined the dynamic firm behavior and equilibrium concept.

Methodologically, the paper advances a new econometric approach that specifies moments based on the

consumer level share model and uses consumer data within an MPEC estimation problem to identify

heterogeneity distribution parameters and strongly tie the consumer choice model to the aggregate demand

system. We subsequently present a direct computation method to solve Markov perfect equilibria for firms

marketing multiple products in the same market. These advances allow us to measure price impacts of

mergers in a more realistic equilibrium framework that includes pricing and advertising decisions.

Using demand estimates, we specify and compute equilibria for pricing and advertising games with

and without a hypothetical merger. To benchmark our results, we simulated a hypothetical merger with
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a series of demand models based on alternative theories of advertsing’s effect. When we conducted a

price only merger simulation, results indicated that incorporating the dynamic role of advertising in the

RTE cereal industry generate larger price impacts due to estimation bias. The simulations that incorporate

advertising dynamics offers the insight that price increases due to a merger are larger, however endogenizing

advertising increases the upward pricing pressure of a merger in a full information model however it reduces

the price impact of the proposed merger under the limited information model. Model fit diagnostics indicate

that the limited information framework is more plausible for the segment of the RTE cereal market that

we study. Given the empirical tractability of the limited information framework the key result documents

and measures the degree of advertising efficiencies attributable to the proposed merger.

This paper demonstrates the implications of advertising specification in a demand model, as well as

the importance of including it in an equilibrium analysis conducted for product markets where advertising

is a key component of marketing strategy. Future work might investigate vertical interactions between man-

ufacturers who develop advertising strategies and retailers who sell the products or might might look closer

at the content of advertising copy to determine the sales response of different communication messages.
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Table 1: Descriptive Statistics of Share, Price Per Pound, Advertising Penetration (Gross Rating Points)
and Advertising Expenditure Per GRP

Pct Share Price/lb 14-day GRPs ADV Expend/GRP
Brand Mean Std. Dev. Mean Std. Dev. Mean Std. Dev. Mean Std. Dev.

Kashi GoLean Crunch! 1.21% 0.82% 2.78 0.58 91.00 165.27 93.71 70.46
Kellogg’s Raisin Bran 2.53% 1.18% 1.90 0.44 0.01 0.10 259.38 145.76
Kellogg’s Raisin Bran Crunch 1.06% 0.76% 2.28 0.64 235.33 201.14 187.63 396.29
Kellogg’s Smart Start 0.94% 0.70% 2.71 0.72 0.15 0.80 121.62 76.53
Kellogg’s Special K Red Berries 1.42% 0.96% 3.17 0.64 68.94 137.36 154.93 96.03
Private Label Raisin Bran 1.24% 0.83% 1.76 0.49 0.00 0.00 - -
Post Raisin Bran 1.44% 1.10% 1.71 0.57 0.00 0.00 - -
Post Honey Bunches of Oats 4.38% 1.95% 2.24 0.37 354.54 246.13 99.77 82.40

Total Pct. Share of 8 Brands 14.21%
Note: GRP is the Gross Rating Points from television advertising, defined as the sum of the number of telecasts (minutes,
messages) among households (persons) in a frequency group times the percent of households (persons) accounted for in the
respective frequency group.
- indicates no advertising took place for the respective brand
The mean value is the average across the entire panel which has 76 biweekly periods for 8 DMAs.
Source: Author’s Calculations

Table 2: Percent Advertising Frequencies

Brand Mean1 Std. Dev. Min Max

Kashi GoLean Crunch! 38.2% 0.0% 38.2% 38.2%
Kellogg’s Raisin Bran 1.3% 0.0% 1.3% 1.3%
Kellogg’s Raisin Bran Crunch 80.4% 0.5% 80.3% 81.6%
Kellogg’s Smart Start 10.5% 0.0% 10.5% 10.5%
Kellogg’s Special K Red Berries 26.6% 0.6% 26.3% 27.6%
Private Label Raisin Bran 0.0% 0.0% 0.0% 0.0%
Post Raisin Bran 0.0% 0.0% 0.0% 0.0%
Post Honey Bunches of Oats 93.3% 1.1% 92.1% 94.7%

Note: This table displays percent advertising frequencies across all 11 markets.
Percent advertising frequency is the percent of biweek periods that at least
one advertisement appeared.
The mean value is the average across the entire panel which has 76
biweekly periods for 8 DMAs.
Source: Author’s Calculations
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Table 4: Demand Model Estimation Results

Full Inf. Adv. Stock Lim. Info. /w Adv. Stock
Lim. Inf. Lim. Inf. /w Adv. Stock Random Coefficients Random Coefficients

Parameter (i) (ii) mean s.d. mean s.d.

Price -6.042 -4.140 -4.671 1.164 -4.168 0.354
(0.922) (1.723) (1.364) (0.018) (1.455) (0.050)

Calories 2.408 0.097 -0.033 0.482 0.010 0.021
(0.890) (1.991) (1.465) (0.008) (1.629) (0.019)

Fiber -1.099 -1.062 -1.046 0.048 -1.071 0.058
(0.099) (0.096) (0.095) (0.011) (0.094) (0.030)

Sugar -1.791 -2.271 -2.287 0.253 -2.305 0.163
(0.252) (0.458) (0.356) (0.009) (0.385) (0.024)

Protein 0.424 0.258 0.255 0.114 0.239 0.164
(0.163) (0.212) (0.186) (0.012) (0.192) (0.032)

αa 1.111 2.136 0.544 0.084 2.102 0.022
(0.552) (1.073) (0.173) (0.016) (0.982) (0.057)

λ 0.497 0.497 0.495
(0.157) (0.157) (0.050)

σa 0.300 0.300 0.087
(0.278) (0.278) (0.056)

Test of Overidentifying Restrictions
Number of Restrictions 6 5 5 5
Hansen’s J 4.550 2.804 3.799 2.980
p-value 0.603 0.730 0.579 0.703

Instruments Lag Price Lag Price Lag Price Lag Price

Advertising Advertising Advertising Advertising
Expenditure Expenditure Expenditure Expenditure

(t+2:t-3) (t+2:t-3) (t+2:t-3) (t+2:t-3)
Source: Author’s Calculations
Notes: Dependent variable is ln(Sjt)− ln(Sot).
Demand estimation is based on 59 biweekly periods, 8 products, and 8 markets which results
in 3,776 market observations.
Micro moments are then estimated with 400 consumer observations for the same 59 biweekly
periods, 8 product, and 8 market which results in 1,510,400 consumer observations.
All regressions include DMA fixed effects.
Asymptotically robust s.e. computed by the delta method are reported in parentheses.
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Table 5: Demand Model Elasticity Estimates

Full Information Full Information with Ad Stock Limited Information with Ad Stock
Brand Own Price Mean Cross Price Own Price Mean Cross Price Own Price Mean Cross Price

Kashi GoLean Crunch! -5.308 0.209 -3.494 0.127 -1.621 0.020
Kelloggs Raisin Bran -5.402 0.175 -3.618 0.108 -1.090 0.028
Kelloggs Raisin Bran Crunch -5.429 0.207 -3.596 0.127 -1.336 0.012
Kelloggs Smart Start -5.404 0.211 -3.568 0.129 -1.594 0.013
Kelloggs Special K Red Berries -5.320 0.205 -3.510 0.125 -1.827 0.025
Private Label Raisin Bran -5.527 0.193 -3.697 0.120 -1.038 0.012
Post Raisin Bran -5.533 0.194 -3.701 0.120 -1.007 0.011
Post Honey Bunches of Oats -4.727 0.139 -3.124 0.085 -1.231 0.064
Source: Author’s Calculations
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Table 8: Merger Impact Analysis on Advertising in Chicago DMA
Micro BLP with Endogenous Advertising Stock

Percentage Change Percentage Change Advertising Cost
in Average Advertising GRP in Strictly Positive Advertising per Unit

Brands of the Merging Firms
Kashi GoLean Crunch! 100.60% 0.00% 0.0276
Kelloggs Raisin Bran 2.88% 0.00% 0.3361
Kelloggs Raisin Bran Crunch -0.81% 0.00% 0.3361
Kelloggs Smart Start 1.99% 0.00% 0.3361
Kelloggs Special K Red Berries -0.33% 0.00% 0.3361

Brands in the Other Firms
Private Label Raisin Bran - - -
Post Raisin Bran 20.66% 0.00% 0.0155
Post Honey Bunches of Oats 45.54% 0.00% 0.0155

Limited Information with Endogenous Advertising Stock

Percentage Change Percentage Change Advertising Cost
in Average Advertising GRP in Strictly Positive Advertising per Unit

Brands of the Merging Firms
Kashi GoLean Crunch! -92.92% 3.23% 0.0276
Kelloggs Raisin Bran -60.32% -58.33% 0.3361
Kelloggs Raisin Bran Crunch -64.19% -33.33% 0.3361
Kelloggs Smart Start -79.64% -11.11% 0.3361
Kelloggs Special K Red Berries -100.00% -100.00% 0.3361

Brands in the Other Firms
Private Label Raisin Bran - - -
Post Raisin Bran -32.43% 0.00% 0.0155
Post Honey Bunches of Oats -10.28% -2.78% 0.0155

Source: Author’s Calculations
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Figure 1: Frequency Distribution of Strictly Positive GRP levels

Figure 2: The Relationship between Share and Advertising: Private Label, Post, and Kashi
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Figure 3: The Relationship between Share and Advertising: Kellogg’s
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Figure 4: Density of Observed and Simulated Prices
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