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Abstract

Essays on Product Strategies through Consideration of Individual Distributions

by

Hagit Perry

Doctor of Philosophy in Business Administration

University of California, Berkeley

Professor J. Miguel Villas Boas, Chair

Marketing literature and practitioners are in agreement that it is essential for brands
in competitive markets to identify segments that should be targeted and to build rational
product strategies that target these segments. It is essential because most markets include
consumers with heterogeneous preferences and precise segmentation and targeting creates
product differentiation, which prevents direct competition and allow the market to reach an
optimal profit optimization equilibrium.
In this consumer markets’ era, defined by practitioners as the big data era, consumers’ in-
dividual transactions and actions, which reveal their preferences, became highly available to
marketers. This allows marketers to greatly improve their targeting and to optimize their
profits through that.
This dissertation contains three essays that examine optimal products strategies with con-
sideration of individual distributions. Through the models that are built and estimated,
individual preferences are identified. Following that, individuals are aggregated into clus-
tered segments, and clear optimization strategy is designed.
All the essays build and discuss structural models and estimation strategies. Each estimation
uses unique datasets that were selected and organized carefully for the purpose of robust
identification of the varied effects that are examined and analyzed.
Each essay identifies and considers the individual distributions in the analyses. Altogether,
the essays provide a deeper understanding of how to consider individual distributions in
varied settings and marketing needs that marketers face frequently.
Chapter 1 examines the theory of trying, forgetting, and sales in empirical settings. This is
an important model as there are many markets where consumers need to try products for
realizing their fit, however after trying, some consumers may forget the fit over time through
learning processes of competitive information and other processes.
The theory shows that the trying and forgetting model predicts that sales will occur peri-
odically according to the magnitudes of the effects as the sales are used by the brands as
product-fit reminders to the targeted consumers.
For the empirical examination of this theory, a model that includes trying and forgetting
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effects within the standard demand side model is built and estimated. The model allows
consumers to have heterogeneous tastes and includes treatment for possible endogeneity.
Using the demand estimation and including an individual level distribution estimation, the
population is divided into segments. Consumers are divided by their utilities for products as
it is optimal for firms to target with the regular price the segments that favor the and when
they launch sales, they may target more segments as the trying experience may affect their
utility and make them be included in the main segment that this firm targets.
This segmentation of the data makes it possible to find the equilibrium in which each firm
optimizes profits and the market does not enter a situation of direct competition and a
Bertrand game as the firms focus on the segments that favor them and launch temporal
sales to introduce or remind consumers of the products fit. This allows the identification
prices strategies that optimize profits.
Chapter 1 also builds a novel dynamic game supply side model together with simulation
strategy and technique for that. This is a major contribution as it finds the equilibrium
of a multi agent, segments, states, and periods dynamic game for these common settings
where firms need to design a long-term, per period, pricing menu as they cannot change
their product pricing often.
The results of the estimation and simulation show that the trying and forgetting effects are
highly significant on the demand side, but are not used well by some brands through their
introduction period and afterward, which greatly and negatively influence their market share
and long-term profits.
Chapter 2 examines a method of finding individual level preference for attributes across
products and the importance that it can have on policy makers, marketers, and consumers.
It specifically discusses the case of reducing overweight in the population through finding
the willingness to pay for the fat attribute of products among consumers that consistently
buy fattier products at varied categories and introducing these consumers to products that
are healthier for them through promotions on those products.
This is an important question as overweight is was recognized as a global epidemic and thus
researchers and policy makers are consistently looking for solutions with no consistent find-
ing yet as neither macro taxes of attributes such as sugar or fat nor or macro subsidies of
healthier products were feasible, effective, or efficient.
It shows that the standard model does not allow targeted and effective promotions to these
consumers as there is a gap in willingness to pay for fat through the population compared
to the targeted group. However, using the estimation of the individual level distributions,
this part shows that it is possible to convert this segment of consumers to choose healthier
products through small magnitude promotional pricing.
Chapter 3 examines a case that is opposite to the previous chapters. While in the previous
chapters the segments were revealed through the estimation and individual distribution esti-
mation methods. The data in this chapter saliently reveals that 20% of consumers increased
their per unit spend in a durable goods category at the first months of the US sub-prime
recession of 2008. This hints that a large portion of the consumers became price loving at
the beginning of one of the most difficult periods of the US economy.
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This is clearly the opposite to the expectation, thus chapter examines the data carefully and
suggest varied models. Finally, it shows that in this case, a well specified demand model can
identify the reasons for the initial confusion coming from the data.
Altogether, the essays examine frequent market settings that were not examined before and
provide models together with estimation strategies and methods, which allow better opti-
mization of product strategies through the consideration of individual level distributions and
through segmenting the population accordingly.
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Chapter 1

Optimal Pricing when Trying and
Forgetting affect Consumers’ Choices

1.1 Overview

Consumers’ level of information about the fit of a product or a service was long recognized
by the literature as a key factor in consumers decision-making process when facing a choice
menu. Hence, marketing and economics literature has considered processes of consumers’
information gain through varied channels and settings, which can be divided to pre-trial and
post-trial as there are major differences between these processes.
The pre-trial literature is focused on consumers’ information gain through marketing tools,
such as advertising and signaling, and the post-trial aims at identifying the effect of each
product or service’s trials on the consumers who tried.
While both types of processes of information-gain are very important to marketers, prac-
titioners note that most promotional pricing is intended to induce buyers to try a product
(Nagle, 2006) and experiments show that trying has a significant effect on consumers’ choices
and market share, e.g., Heiman and Muller, 1996. Moreover, literature discusses how uncer-
tainty (e.g., Tversky and Kahneman, 1974) and switching costs (e.g., Farrel and Klemperer,
2007) cause market inefficiencies where new products are available to consumers, but con-
sumers do not try them and eventually these products cannot gain enough market share.
In fact, research groups note that most new products that hit the shelves go unnoticed and
the typical failure rate of new product launches can be anywhere in the 85% to 95% range.
1 While these give a high motivation for marketers to identify the effect that trying has
on their targeted consumers because the identification can allow quantifying the required
investment in providing ways for consumers to try products, there are still many cases, such
as the set of cases that this chapter considers, for which the trying effect was not identified
by the literature yet through a structural model.
Two major consumers’ information-gain processes that are relevant to trying were studied

1http://www.forbes.com/2010/12/03/most-memorable-products-leadership-cmo-network.html
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in the literature. One process is when consumers gradually gain information about product
fit through a few purchases of the product. This process is highly relevant to services like
online shopping and to categories like medications (e.g., Crawford and Shum, 2005) because
consumers gain information about the complete features and effects of the products and
services over time and through varied experiences as the results of the trial depend on many
changing variables, such as the initial condition of the patient or the service providers each
purchase time (e.g., online shopping depends on the delivery person).
The other process is when consumers gain enough information about a product (product-A)
after they purchase it, however gradually forget some of the information till they face the
next choice situation and even afterwards if they did not choose product-A at that choice
opportunity.
This process is relevant to durable goods where products and services can be consumed a
few times between one purchase to the next. Products that are relevant to this are groceries
like packaged coffee and ice cream, home supplies like laundry detergents, cosmetics like
perfumes, software and services like music-streaming applications, and more. For example,
average coffee packages should last about six weeks of daily household consumption.
These products do not change between one purchase to the other and consumers that had
partial information about the fit of a product prior to purchasing can use them many times
before the next purchase.
While consumers gain information about the product that they purchased over the period
of time that they consume it till the next purchase, in many cases, consumers that have pur-
chased another product at time t0, will not consume product-A for a long while. Thus, they
might forget the information about the fit that they might gained through trying product-A.
Related literature can be divided to a few streams. The first is the literature that stud-
ies state dependence from perspectives of inertia and variety seeking (e.g., Erdem 1996 and
Chintagunta, 1998), the second, is the stream that studies models of gradual learning process
through a few purchases (e.g., Erdem and Keane 1996), and the last is related to choices
of consumers when samples of products are available to them (e.g., Bawa and Shoemaker,
2004).
On the demand side, the model in this chapter is an extension of the standard choice model
(e.g., Berry 1994) and is highly related to the state dependence literature. However, it finds
that inertia or variety seeking, which are commonly studied in this literature, do not explain
the choices in the data well. On the other hand, prior choices influence the level of posterior
information, thus they influence the rational decision of which product to choose, which may
eventually seem like inertia, but are actually explained by rational expectations about the
utility from each of the products.
The model builds upon the conclusions that are presented in Chintagunta, 1998, which are
that repetitive choice of products is influenced by the utility derived from their attributes.
This means that when consumers try a product, they enjoy it as a whole, but they also enjoy
the different attributes of it separately.
For example, suppose consumers try a new product of French coffee from the brand Peets-
coffee and like the product more than they expected. Other than learning about the specific
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product that they tried, the information that they gain is also that they liked French coffee
as a sub-category and that they liked Peets-coffee as a brand. Chintagunta, 1998 shows that
consumers will tend to buy products that include a set of attributes that is close to the set
of attributes of the previous product that they purchased earlier. This chapter uses this un-
derstanding and trying effects are separated by attributes, such as brand and sub-category.
This chapter analyzes these settings, presents a structural model of demand and supply,
which consider possible endogeneity of pricing and heterogeneous trying-forgetting (TF) ef-
fects, uses a unique dataset to estimate the demand side, and develops a technique, with
which the oblivious equilibrium of the pricing strategies is simulated.
The estimation of the trying and forgetting effect for each product in the consideration set
allows marketers to quantify how much to invest in providing ways for targeted consumers
to try a product and how often they should remind the consumers about the product’s fit
through inducing them to try, given that some consumers will gradually forget the informa-
tion that they gained through trying.
Marketing methods that may be used by the marketers are varied. They include promo-
tional pricing, extension of the product line with smaller packages in groceries, development
of entry-level versions of software products, and more.
One category that is known for practicing the method of allowing consumers to sample is
the cosmetics industry. It is very common for potential customers to enter stores that sell
cosmetics, such as Sephora and Nordstrom, and use the tester products on the shelves for
trying makeup products, perfumes, and more. Consumers can also ask for small samples for
continuing the trial at home.
Another example is software, where consumers can try the products for a limited period
before they commit to purchase. Products that use this method are music streaming ser-
vice, such as the popular service, Spotify, and home-deliveries services, such as the popular
services, Google express and Amazon Prime.
However, while these practices are common for cosmetics and software, identifying the try-
ing effect using transactional data in these categories is not obvious because while varied
products are tried, once a purchase decision was made, a very long time will pass till the
next one will occur. In fact, a specific perfume can be purchased once a year. On the other
hand, while there are many durable goods in groceries, for most grocery categories, samples
are not used frequently. Thus, trying should be done through purchasing a package of a
product.
Together with that, for a few retail-store categories, such as coffee, ice cream, and wine,
trying of products that are sold in the supermarket can be done through the branded-stores,
restaurants, and more.
In the ice cream category for example, Ben and Jerry’s products, are sold both in the su-
permarket and in branded shops. For coffee, this is even more prevalent. There are many
coffee-shops’ brands like Starbucks, Dunkin’ Donuts, and Peet’s coffee, which sell packaged
coffee through their own shops and in the supermarket, next to brands that are sold in su-
permarkets only.
Moreover, as discussed earlier, trying effect of a product is a combination of trying varied
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attributes or aspects of the product. For example, if a new product is launched by a brand
that already sell other products, consumers who tried other products of the same brand,
might have more information about the fit of the new product than consumers who do not
have prior information about the brand. In the same manner, forgetting of the information
that is gained through trying might vary by the brand assortment size in the category that
is considered.
Given these, this chapter considers the premium grounded and whole bean coffee between
the third quarter of 2007 and the second quarter of 2009. The data include all the individual
level transactions that were done by the consumers at a US leading supermarkets chain’s
Northern California stores.
The market leaders were the strongest coffee-shop brands, Peet’s and Starbucks. At the end
of 2007, two strong brands entered the house-blend sub-category, the supermarket’s premium
private label and Dunkin’ Donuts. The latter brand also entered the market at that time as
it was not sold in retail stores till then.
The launch of the products is important for the estimation as it is clear that consumers
could not buy and try the products that are on the shelves earlier than the first time that we
observe the purchase in the data. This phenomenon in the data that is used for analyzing
differences between prior and posterior were discussed in previous research, such as Erdem
and Keane, 1996 and Osborne, 2011.
Moreover, in this case, following the introduction in the US Dunkin’ Donuts gained a large
market share in the US and within a year, at the end of 2008, became the second largest
premium coffee brand after Starbucks in the supermarkets. However, it was not successful
in the data taken from Northern California, which raises the question of what could have
caused this.
One highly apparent difference in the market of the data that is used, is that Dunkin Donuts
had a large coffee-shops’ representation in the US, but no coffee-shops in California (till
2015). 2 However, the strongest brand in Northern California was Peet’s coffee, which had
a strong presence in Northern California between the years 2007 and 2009.
While Peet’s has a very large market share in California, it has a tiny market share in the
rest of the US where the brand does not have a coffee-shop representation.
These give another perspective to trying products through varied channels, which makes a
trying-forgetting model seem natural for studying the consumers’ choices in this market.
Lastly for the demand side, this chapter shows that the trying-effect gradually fades. The
principle is that using the standard model, consumers must forget the exact fit over time
because otherwise for consumers who usually stick to a limited number of product (do not
seem variety seeking), who are most of the consumer in this data for example, who liked a
new product significantly more than other products post trying it, do not stick to it in most
of the other purchases when prices and market conditions do not significantly change.
According to the market research groups, consumers sample varied coffees along each deci-

2Dunkin’ Donuts opened the first store in California in 2015, however this is not relevant to the data
that are used here.
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sion period, which is about two months. This provides a lot of varied information to the
consumers. Varied literature shows that consumers get confused about which product made
the best fit for them.
Moreover if they purchase a product, it seems highly probable that they will forget some of
the fit of the other products that they did not choose. The chapter shows that the process
of forgetting is highly probable for this market.
It is easy to imagine trying one perfume on one hand and another perfume on the other
hand, and after smelling the left hand and then the right hand, the first fragrance is not very
well remembered, unless the differentiation was very large and the consumer has a strong
preference for one fragrance compared to the other.
This chapter shows that the fit is better if both trying and forgetting dynamics are included
in the choice model than if only trying is included in the model. Moreover, as mentioned
earlier, the fit is better for trying and forgetting than for the standard model.
Given these, the theoretical model of trying, forgetting, and sales that is discussed in Villas-
Boas and Villas-Boas, 2008, which considers the case when consumers are trying products
and are gradually forgetting the fit of the products, is the main theoretical concept for the
structural model in this chapter.
In the theoretical chapter, the expected pricing equilibrium for the monopoly is of periodic
sales according to parameters of forgetting rate and change in level of information post the
trial.
This chapter builds a supply side model of a stochastic dynamic-game and simulates it using
the estimated parameters to find the optimal pricing strategies of the brands. It uses the
concept of oblivious equilibrium, which fits this market very well, and finds a pricing equi-
librium of commitment strategies where the behavior of the brands should follow the theory.
The simulation’s methods are defined to solve the game where each segment holds a different
state of information, there are multiple segments with heterogeneous tastes for each of the
parameters, and the firms optimize present profits on the long term. The methods that
this chapter develops are inspired by the principles that are considered in Weintraub et al.,
2008 of what is defined as an oblivious equilibrium (OE). This is because partial competition
makes a good fit for the settings where the retailers guide the pricing in the market and not
each of the competitors as pricing decisions by the brands cannot be made on a frequent
basis as a response to competitors’ pricing by the competing brands. In fact, the brands are
required to define for the retailers a long term pricing menu, and they have limited num-
ber of opportunities to change the long term menu or ask for a special promotions. While
each state’s pricing depends on the previous pricing decisions of each firm, the methods
of finding the MPE per period are not efficient and not required for these cases, and this
solve the problem of dimensionality. This chapter is among very few chapters that simulates
dynamic-game of more than two players with many possible states per discrete time, over
more than 50 time periods. The section that discusses the supply model, 1.3, elaborates on
these.
The simulation presents the optimal pricing strategies, however the results of the simulation
allow an estimation of the optimal investment in providing opportunities for consumers to
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try the products, which as shown in the chapter, can be through collaborating with channels
that sell samples of the products. By that, this chapter also adds to the literature on sam-
pling (e.g., theoretical chapters like Heiman et al., 2001, and empirical chapters like Bawa
and Shoemaker, 2004.)
As will be presented in the chapter, the empirical findings are that the optimal pricing
behavior given the estimated parameters is of periodic sales. As the information gains is
greater the sales will be more frequent and larger in discount. This is as the theoretical
model predicts and another important support to the validity of the empirical model.
The rest of the chapter is organized into five sections. Section 1.2 describes the data, section
1.3 presents the models of demand and supply and the equilibrium concept, 1.4 discusses
the estimation and its results, and 1.5 discusses the simulation in detail and presents the
results. Finally, 3.5 summarizes the contributions of this chapter and addresses future
research issues.

1.2 The Coffee Market and the Data

The data that is used for the estimation is taken from one of the largest grocery supermar-
ket chains in the USA. The dataset is based on a panel of three years of all individual level
transactional data between 2007 and 2009 that were taken place in the Northern-California
stores of the chain. The data for the estimation itself are all the transactions between the
third quarter of 2007 and the second quarter of 2009.
The data include all information about the products that were purchased including the size
and the price paid in each transaction. The dataset includes 580 thousand households who
made 4.5 million transactions. Out of them, 400 thousand transactions were of packaged
coffee.
The Northern California market was a mature market in 2007 and it was selected accordingly
as it could have been assumed that the market was at an equilibrium. Moreover, it was a
good representative of the US market with a few small differences that will be discussed here
and will be particularly defined in the summary statistics section.
As briefly mentioned in 1.1, the data that was selected from the coffee market in those
years, and especially the one in the Northern California, serves the purpose of this chapter
well. One perspective of using data on coffee is that the panel data is very reliable because
coffee was Americas most popular beverage after water between 2007 and 2009 3, with an
annual average of more than 55% of American adults that consumed coffee daily, and an
overall of 80% of Americans surveyed for the NCAs 2008 National Coffee Drinking Trends
survey who reported that they drank coffee during that year. Thus, through these years
consumers shopped for coffee frequently and it can be assumed that the consumers’ in the
data are heterogeneous and that the results represent general phenomena that are relevant
to many markets.

3 according to data from the National Coffee Association (NCA) annual National Coffee Drinking Trends
(NCDT) market study
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This is also an important market by itself. Between 2007 and 2009 the total retail sales in
the US between $5.7 and $6 billion dollars. Over these years there was a continuous growth
and never a decrease, even along the recession years of 2008 and 2009.
According to the National Coffee Association (NCA), three of every four cups of coffee con-
sumed in the United States are made a home. This makes the packaged coffee be a very
important part of this market and over 55% of the sales are made in supermarkets.
It is very profitable to sell coffee through branded-channels, such as coffeehouses. In fact,
while specialty coffee had long been available from gourmet and other specialty stores, there
was no mass exposure to its delights until the 1990s, when coffeehouse chains began prolifer-
ating rapidly (correlated with Starbucks’ rapid growth). Coffeehouses have exploded across
the landscape, going from just 500 in 1991 to more than 25,300 in 2008 4. The rise of the
coffeehouse culture has had a profound effect on the coffee market, as these venues intro-
duced the general public to specialty coffee, thus creating loyal followings both for higher
quality coffee and for specialty coffee drinks.
As discussed in this chapter, the vast availability of coffeehouses has varied implications, and
one of them is related to the trying-effect of products that are sold through supermarkets.
There are many categories in coffee, however the ground and whole bean coffees were the
largest packaged coffee sub-categories at retail with 62% share of dollar sales through mass-
market channels and premium Coffees have started to gradually gain a large market share
compared to mainstream coffees, especially in Northern California. Thus, this chapter fo-
cuses on ground and whole bean, premium category.
Hundreds of companies market coffee in the United States. These companies range in size
from giant global consumer product companies such as Folgers and Starbucks, to domestic
specialists such as Peets Coffee & Tea, Inc., to many tiny regional microroasters. Nonetheless,
as of April 2008 the top one dozen companies controlled 84% of retail dollar sales through
mass-market channels, according to IRI. This was also the case in Northern California. The
share spread is presented in figure 1.1.

As can be seen in figure 1.1, the brands’ shares in the data are not following the general
trends in the US. Firstly, the premium coffee was much favorable than the regular coffee in
this market, even though there was a significant difference in unit price between the regular
and the premium products, where the mean price for regular coffees was 0.31 per unit and the
mean price for premium was 0.87. For example, the strongest market leaders which capture
almost 50% in the general US market mainly through their regular coffee products, Folgers
and Maxwell House, gained about a third of their total market share in the data. In fact,
products that are defined premium gained more than 70% of the market compared to 33%
in the US market between the years 2007 and 2009. This comparison is important because
it raises an interesting question about the introduction of Dunkin’ Donuts in this leading
chain’s retail-stores in Northern California, which represent at least 15% of the households in
Northern California and more of that in proportions of the targeted markets for the premium

4by Packaged Facts estimate
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Figure 1.1: Brand-share in the data and Comparison to the US Market

Note: The figure for the data is based on the aggregate data from the supermarket chain. The figure for
the US is based on IRI sales tracking data through U.S. supermarkets, drugstores and mass merchandisers
except Wal-Mart for the 52 weeks ending April 20, 2008. Source: Compiled by Packaged Facts based on

data from Information Resources, Inc. InfoScan Review.

coffee brands.
In fall-2007, Procter & Gamble had launched the Dunkin’ Donuts packaged coffee brand
under license from the regional quick-service chain in what was defined as a strong nationwide
rollout. 5. The brand has realized sales increases during 2007 of 69.7% and the 52 weeks
ending April 20, 2008 were of another increase of 83.0%. However, as presented in figure 1.2,
in the data the diffusion of Dunkin’ Donuts was much slower and eventually gained about
half of the market share than in the US, this is even though it potentially had a higher
probability to gain a high market share because the market in the data prefers premium
brands and according to the summary statistics its consumers like to try new products.

While the rollout in terms of advertising does not seem to be the problem because as
discussed earlier the rollout was very strong nationwide, there can be varied reasons for the
differences between the US market and the Northern California market through the channel
that is observed. However one correlation is interesting in the terms of trying the coffees
in the coffeehouses that were discussed in the introduction section. This is that while there
was a wide spread of Dunkin’ Donuts’ coffee houses in east coast, there were no Dunkin’
Donuts’ coffeehouses in California 6. At the same time, while Peet’s coffee was wide spread in
Northern California, there were no Peet’s coffeehouses in the rest of the US. This is compared
to the spread of Starbucks, which had about equal number of stores in the east-coast and
west-coast.
This case of Dunkin’ Donuts delayed and lower ramp-up in thed data, raised the question of
whether consumers in this market did not like the new products or maybe the trying-effect
with the forgetting assumptions makes a better fit.
One perspective that can be considered is the assortment size of Dunkin compared to the

5Packaged Facts, the Coffee in the US
6The first Dunkin Donuts coffeehouses in California opened in 2015
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Figure 1.2: The diffusion of Dunkin Donuts compared to the other brands in its category
2007-2009

(a) The US Market

Note: This figures are a summary of the AC Nielsen
scanner data on the coffee category from between the

years 2007 and 2009

(b) The Data

Note: This figure is based on the aggregated sales
data from the individual level transactions that is

used for the estimation in this chapter.

other premium brands. The grained and whole bean coffee has many sub-categories with
varied names. The data refining process of the data analysis part has identified 11 large sub-
categories, such as House-Blend, French, and Columbian beans. The tiny sub-categories,
such as holiday special, were defined in others. Some coffees should be defined as House-
Blend, such as Starbuck’s Pike, and this was handled by the data clearing process. Two
categories had the highest market share, the French coffee, with 30% and house-blend with
25% of the major sub-categories in the premium-coffee market. Figure 1.3 presents the major
sub-categories available in the premium grounded and whole bean coffee category. It also
shows that each brand had different distribution of its market shares among the brands. As
can be seen, Dunkin Donuts’ market share distribution was concentrated on the House-blend
category.

The market and the data that are used were natural settings for analyzing this question.
The retail supermarkets chain that gave the data was among the largest in the US. The
retail coffee was growing in these years even through the recession years of mid-2008 till end
of 2009. The chain had a strong loyalty club of over 75% of the customers and the customers
were using it for their shopping to get large discounts in their baskets. Consumers were
buying frequently at the store. In the chapter, I used the customers that shopped at least
twice at the store and at least once for premium coffee. 7

70% of the consumers purchased premium coffees only and about 10% mixed between regular

7The reason for that was to observe a panel data of frequent consumers and remove random consumers
who may have random choices. Moreover, a single choice of coffee is an evidence that they are interested in
packaged coffee and it is in their consideration set. If they had not chosen any packaged coffee throughout
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Figure 1.3: Large Assortment of Sub-Categories in the Premium Coffees

and premium coffees. The rest purchased regular coffee throughout the panel data. The
households that purchased packaged grained or whole bean coffee along the 7 quarters of
the data had purchased it in 10% of their baskets, they had 48 shopping events, where the
minimum was 2 and the maximum was 96. They shopped every 2 weeks at the channel and
purchased premium coffee every 19 weeks, which is about 4 months, with a large standard
deviation, which means that many of them were in the market between the 9th week (after
two months) and the 30th week, post the prior purchase. Most of them were in the panel
throughout the 7 quarters. The median tenure in the panel was 93 weeks, which is almost
the length of the full panel of 96 weeks. The minimum tenure in the panel is 6 weeks. The
consumers were mostly loyal to one brand, however they slightly varied the products that
they purchased every now and then. The median number of brands and sub-categories that
were purchased at least once are 2 from each. The income level depends on the zip codes.
The mean level is between $50,000 and $75,000. Table 1.1 presents additional information.

The premium brands pricing were varied along the panel data as presented in ??. The
variation in pricing was through the varied sub-categories, varied brands, and through the
quarters. The gap between the possible prices was pretty large and varied between 7.5 and
9.5 per package, which means that the difference is of over 20% between the most expensive
product and the least expensive product at the premium coffees category. Moreover, within
this 20% gap, the five leading brands were selling in varied pricing points, and the sub-
categories themselves were priced differently from each other. Thus, the consumers could
have varied their choices according to their tastes for brands, sub-category, taste for variety,

the long panel data then it is a good reason to believe that they are not considering it.
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Table 1.1: Summary Statistics - Households in the Panel Data

Table 1.2: Share of new customers and returning customers

sensitivity to price, and other individual or common demand shocks.
Another important aspects of the data are the ratios of of new customers to the brand and

the returning customers per brand as presented in Table 1.2. For the returning customers
themselves there is a difference of behavior between returning to the varied brands as can be
seen in Table 1.3. Finally, in this chapter we are interested to learn about whether the entry
of Dunkin Donuts to the market was optimized or could have been better optimized through
an equilibrium between the brands, which according to the theory is should have a pattern of
cyclic sales. Since the introduction of Dunkin was mainly done in the house-blend category
together with the introduction of the private label brand and since the house-blend category
is the second largest sub-category among the other sub-categories, it is of an interest to
observe the house-blend category itself separately from the whole market.
Figure 1.5 presents the shares and the mean prices in the premium house-blend subcategory
through the panel data. As can be seen, both Dunkin Donuts and the premium private
label launched their house-blend products in Q3 of 2007. Thus, their shares start from 0
and ramp up along the first quarter. Dunkin Donuts launched with prices that were slightly
lower than its common prices and gradually increased prices to a common level and kept
them almost the same level throughout the years, even when other brands lowered the prices
along the years of the economic recession. Clearly, these are general trends in pricing, while
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Figure 1.4: Prices and Shares in the Premium Coffees Q3/2007 - Q2/2009

(a) Prices

(b) Shares

on a weekly basis prices have varied through temporary sales, which were also local to zip
codes. There was a large price variation within each product, which will be discussed in the
estimation section.
The shares of Dunkin Donuts and the private label products are consistent with the diffusion
process that was presented in figure 1.2. Dunkin Donuts’ shares were comparable to the
ones of the private label, however there was a delayed gradual increase that peeked at the
beginning of 2009.8

The estimation section elaborates on how consumers that tried Dunkin Donuts’ product
continued purchasing it more often than ones that tried the private label’s product, which
explains the differences in shares, even when prices of Dunkin Donuts’ did not adjust to the
competition.
To summarize, this section presents the benefits of using this unique settings as they are
natural settings to study the question of the trying effect and how to strategically plan the
pricing to encourage consumers to try products that their trying effect is significant, positive,
and large.

8Eventually there was a drop, which may expected given to the not competitive prices of Dunkin Donuts
compared to the rest of the products in the sub-category.
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Table 1.3: Returning customers post purchase at t0

1.3 The Model and Empirical Framework

Consider a market in which there are J products (j = 1, ...,J) that belong to J brands. The
J firms to whom the brands belong are the price setters and consumers are myopic. The
researcher is able to observe the prices and choices of a representative panel of households.
One of their possible choices in the choice menu is not to buy any product. Firms compete,
week after week, using their pricing strategy. Time is discrete. Since the brands that are in
the consideration set are among the biggest brands in the USA, the advertising strategies and
advertising budgets are at an equilibrium that are meant to build the brands’ equities and
there is a strong know how of introductions of new products using advertising. Moreover,
the advertising budget is planned at least on a quarterly basis. However the prices are highly
variable and can change on a weekly basis according to demand and supply shocks, responses
to competition, and other strategic motivations, such as introductory pricing, which I will
elaborate on later here.
The model assumes that consumers have some baseline prior information about each prod-
uct in the consideration set, which they collected from advertising, word-of-mouth, trying
samples, or other means. However, when they purchase the product, they have a real op-
portunity to try it for a while at home and gather more information about its fit to their
tastes, preparation capabilities, and usage at home.
The dynamics of the model stem from the trying effect’s carry-over, i.e., the long term effects
of trying that encourage re-purchasing a product and carry over to periods post the ones
where consumers had incomplete information about the fit and tried. The trying effects are
relevant both to the demand and to the supply sides of the model. However, they gradually
decrease over time, thus its effect is not guaranteed forever.
In the following, I firstly describe how trying-effect influence product demand in this model.
Then I discuss how firms choose their optimal product prices levels in order to maximize
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Figure 1.5: Prices and Shares in the Premium House-Blend sub-category 2007-2009

(a) Prices

(b) Shares

their objective function, which is the expected present discounted value of profits. Finally,
I define the Oblivious Equilibrium solution concept that captures the strategic interactions
between firms.

Demand

The primitives of the model are the product characteristics and the consumer preferences.
It assumed that households buy one product from a choice set S with J + 1 alternatives
in each time period. NP denotes the number of households in the panel and NM as the
number of markets in which the households made choices. The consumers in a household
derive utility from one product in that choice set (buying alternative j = 0 means that the
consumer made no purchase of the available brands.)
The household buys the product for which the perceived utility is the greatest, but will make
no purchase from the category if the utility of each of the brands is less than the utility of
not purchasing.
The utility that consumers in household i at market t 9 obtain from product j ∈ 1..J depends

9for ease of notation and description, the model uses t, which can stand for time if the markets are
defined by time only, however in this case, they are defined by both time and store.



CHAPTER 1. OPTIMAL PRICING WHEN TRYING AND FORGETTING AFFECT
CONSUMERS’ CHOICES 15

on observed and unobserved attributes of the product, where for j=0, Ui0m = 0. Assume
that utility takes the form

Uijt = −αipjt + Xjβijt(sijt) + ξjt + εijt (1.1)

Where αi is the mean price sensitivity per market t, pjt is the price of product j at market
t, Xj are product j’s attributes, which don’t change along the time, βijt is a vector of tastes
per attribute of household i per attribute of product, j.
ξjt is the product and market fixed effects, and εijt is the household, product, and market,
iid demand shock, at time t.

While in the standard model, the individual taste for a product is known prior to when
the choice is made. As discussed earlier, this does not have to be the case. Thus, this model
defines the individual taste for the product attributes as follows:

βijt(sijt) = γij(sijt)− (t− t0ij)ζij(sijt) (1.2)

sijt indicates whether household i purchased product j before time t, and if so, it tells what
was the closest time to time t, which is defined as t0ij. ζij is the additional information about
the attribute post the first few trials of the product (which are not observed in the data and
are assumed given the purchasing event.)

To ease notation, denote:

Vijt = −αipjt + Xjβij + ξjt (1.3)

Then:
Uijt = Vijt + εijt (1.4)

A simplifying assumption commonly made (see McFadden, 1981, BLP 1995, and more)
is that εijt is distributed i.i.d. with a Type I extreme value distribution. Moreover, in this
model, the mean utility of the outside good is not identified, and it normalized to 0.
Given these and the previous definitions, the likelihood that a household will purchase prod-
uct j in market t is defined as follows

Prob(yijt = 1|θ) =

∫
exp(Vijt)

1 +
∑

k∈J exp(Vikt)
df(·|θ)dηijt (1.5)

Where yijt = 1 if household i has chosen product j in market t given the parameters θ,
which are the parameters of distribution F, from which the house-level tastes and preferences
are drawn.
As in McFadden and Train, 2000, and as in the other chapters that use SMML, tastes are
drawn for all the attributes and the interactions of them for products, 1..J, when the taste
is for a product. Suppose the distribution F is the normal distribution, then parameters to
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be estimated for the distribution are the mean for the tastes and the variation matrix. This
is described by the following

let η =

[
α
β

]
and η̃ijt =

[
α̃i
β̃ijt

]
Then

ηijt = η + Σ1/2 ˜ηijt + ΠDi s.t. η̃ijt ∼ N(0, IK)

(1.6)

where Σ is the matrix of standard error parameters 10, we assume that the parameters are
distributed normally, which should be fine for the goal of the estimation, and K equals to the
number of random variables, including interaction variables, I is the identity matrix, Π is a
K×d matrix of the coefficients that measure how the taste characteristics (suppose there are
K of variables, including the interaction variables) vary with demographics (d demographic
variables).
We use the notation t for beta and for eta as these are functions of t when they are put into
the model, however the draws from the distribution are not affected by t and neither the
coefficients that beta includes as in equation 1.2.

Supply

Firms Decisions

As discussed in the introduction section, the firms in this market have developed strong
brands over many years till time t0. Thus, the firms assume that they will be able to main-
tain their brand equity through the common advertising know-hows and can predict the long
term brand time fixed effects. Each firm control a different brand in the category in which
they are competing. Some of the firms hold products of the same brand that are considered
outside good. Thus, they may have some expected benefits from consumers buying the out-
side good.
The market is such that the firms are considered the manufacturers and they sell their prod-
ucts through a retailer. The relationships are such that the firms should recommend a long
term pricing plan and direct the retailers according to it. The firms have limited amount of
opportunities to request a price decrease or sale along each year.
Since the firms will not be able to immediately react to every promotion that a competitor
is launching and prefer to save their unique opportunities to ask for a promotion to when
there is a supply or a demand shock, they prefer to initially plan a long term strategy and
commit to it. These settings makes the oblivious equilibrium as discussed in Weintraub et
al., 2008, a natural equilibrium concept for simulating the equilibrium for the market and
reducing the curse of dimensionality that the common dynamic games direct MPE methods

10Σ1/2 is the Cholesky factorization
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are suffering from. 11

Given these, each firm defines a long term pricing strategy and optimizes it given its own
state and knowledge of the long run equilibrium distribution of states. This is, at the start-
ing period, t0 when the firm plans its long-term strategy, the information and last choices
states of the market are observed by the firm and so do the preference of the consumers
at the varied information states. As discussed earlier, some of them have incomplete infor-
mation about the fit of some of the products and this is taken into the firms consideration
in defining their strategies. The firms who hold the strong brands have valid expectations
about the brand-time fixed effects, which for example can affect how choices per brand if
consumers prefer to buy super-premium brands which hold coffeehouses around the house-
hold area in holiday seasons. They also assume an i.i.d. demand shocks for the consumers.
These variables define the elasticities of demand for the products within the category and
for the outside good as well. Thus, the expected states of the firm and for the other firms
can be calculated, given the firm strategy and the other firms’ expected states and expected
strategies.

The Dynamic Game

This section formulates the non-zero sum stochastic dynamic game that operates through
the firms decisions. 12

The system evolves over discrete time periods and an infinite horizon. Time is indexed
by t ∈ T . There are n firms indexed by S ∈ {1, ..n}. The state of each firm is defined
by the brand-time fixed effects, the consumers’ preferences, and the consumers’ levels of
information (e.g., per brand or per brands’ product-attribute) about the fit of the products
to their preferences.
The firms’ states evolve through the periods, following the pricing decisions that they make.
The action space is continuous. Each strategy, σj, is a sequence of prices, pjt ∈ R. Each
pt influence consumers’ choices at time t. Consumers’ choices affect information level about
each product fit and create state dependency effects, which affect the choices in the next
periods.
At time t, the state of each product-line in the market j ∈ J is denoted by xjt, the mutual
state of all firms together at time t is xt. The system state st is defined to be a vector
over possible states that specifies for each state what the probability of it to occur is. The
probabilities are defined by how many consumers from each segment made choices in time

11While this cannot be the case for every market, it is most relevant to markets that consist of strong
manufacturers and strong retailers. As mentioned in the introduction, applying this equilibrium concept is
not clear for this case and hence, it was not yet applied to these kind of problems. Thus, it is the hope that
this chapter will provide a route for more literature that explore similar problems.

12This section follows Weintraub et al., 2008 in some ways, but has some important differences as well.
It is also highly related to the single agent dynamic problem that is solved through the Nested Fixed Point
algorithm (NFXP), Rust (1987,1988).
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t-1 that led them to have certain information and state dependency states, which other than
seasonality and i.i.d. demand shocks, define the states of j.
At the starting time t0 the firms define their long-term strategy. The system state is at s0,
and each firm, simultaneously defines its strategy, σj. The other agents strategies, σ−j, are
assumed to be fixed by each product-line, j, when it defines its strategy.
Each consumer, has specific preferences towards the varied available products in the category
and towards the outside good, and each consumer also has a specific level of information per
product, which depends on two dynamics, one is whether consumer i has tried attributes
of product j, such as another product of product j’s brand, and the other is how many
consumption events have occurred between the last purchasing event of j interacted with
how fast consumer i forgets the trying experience of product j.
The information at time t0 about the consumers, defines the share of consumers in each
state, xt, which eventually define the weight of the state in each firm’s strategy decision.
Each agent’s value function is defined as follows

Vjt(st|θ, σ−j) = sup

{
πjt(st,pt) + β

∫
Vjt(s

′|θ, σ−j)f(s′|st,pt)df(s|θ)
}

Where

t ∈ 0, .., T and ∀j ∈ J σj = (pj0, .., pjT )

(1.7)

The supremum is taken with respect to pjt the price set by firm j. The Bellman equation is
defined conditional on a specific competitive strategy profile p−j, i.e. a specific assumption
by firm j about the behavior of the firms competitors according to the equilibrium concept
and the market conditions. The right-hand side of the Bellman equation defines the best
response to σ−j. β is the common depreciation level of profits as they are viewed in period
t.
Where the stationary profit function is defined using the common stationary profit function
πjt = (pjt− cjt)Qjt, in which pjt is as defined above and cjt is the variable cost for product j
at time t.
Qjt = Qjt(st,pt) = M × Prob(yijt = 1|st,pt, θ), where

Prob(yijt = 1|st,pt, θ) =
∫ exp(Vijt)

1+
∑

k∈J exp(Vikt)
df(·|θ)dγij

Starting at t0 and given the strategies, σj and σ−j, each agent, j, calculates the probabilities
for transition of the consumers between the states, starting at time t0 and ending when the
depreciation factor, β makes the future smaller than a certain ε, and the profit function and
the probabilities to be in each state at each time, the value function is calculated and the
supermum accordingly.
The transition matrix is evaluated at each time, t+ 1, based on t, as follows

∀xt−1 ∈ S, i ∈ N, j ∈ J, and t ∈ T
Prob(yijt = 1|xt−1 = 1, σ) = Prob(yijt = 1|xt−1 = 1,pt)× Prob(xt−1 = 1|σ)

(1.8)

For the trying event there are two states and for the forgetting effect, there are t states, per
product j, consumer i, and time t.
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Prob(yijt = 1|xt−1 = 1, σ) is the probability defined in 1.5, given the parameters of the state,
the time, and the pricing strategies.
Given each of the probabilities, Prob(yijt = 1|xt−1 = 1, σ), each state (e.g., the state that a
consumer chose product j at time t) and the system state, s is updated. This is done through
the process in which each choice probability adds a share of consumers into a bucket of a
state (with some probability), in which each of the firms is at.
Since we are considering a model in which product attributes, such as the brand, are shared
between some products. Thus, suppose r and j share an attribute, when product r is chosen
in a certain probability, the system updates the state for the shared attribute for product j
as well.

1.4 Demand Estimation - Explaining Consumers

Preferences

This chapter strategy, as defined earlier, is to estimate the parameters of the demand model
and to simulate the optimal pricing strategy based on the supply model, which integrates
the demand model through the probability of consumers’ choices at each state. Thus, this
section starts with the estimation of the demand and continues with the simulation.

Data Organization for Demand Estimation

As discussed in the data and estimation strategy section, the data that this estimation uses
is individual level data of all the transactions made by the members of the loyalty club of
one of the largest supermarkets for groceries chain in the US and Coffee is a product that is
commonly purchased in this supermarket by the consumers. 13

To reduce the estimation time, but preserve the significance of the model, 6% of the house-
holds were randomly selected (out of 581,000 households that were initially in the data),
and the zip codes starting with 945, which represent the data that were described earlier,
and are 24% of the data, were selected. Then, out of the 8,366 households, 4,804 households
were households that held loyalty card, purchased over once through the years, but not more
than twice a week, and purchased at least once out of the houseblend sub-category, which
makes them potential customers of that sub-category in which both Dunkin Donuts and the
Private Label launched two new products.
After an additional data cleansing, a representative sample is of 2659 consumers, with 27,213
choice situations, including choices from the outside good 14

13According to the market research presented in the introduction and following a discussion with the data
scientists of the supermarket chain.

14choices from the outside good were randomly selected such that the probability to choose the inside
good was about 0.5. The reason is that it is assumed that the consumers are not in the market for coffee in
each of their purchases, however they are in the market every 4 weeks on average.
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The maximal number of alternatives that one household might face is 26 and the maximal
number of choices per household is 46, which mean that households that purchased more
than once in two weeks were not included.
As discussed earlier, the names of the products do not clearly define the sub-category of the
product. Thus, this is a work that was done for this chapter. The house-blend sub-category
was clearly recognized in the data and so were the other categories. As discussed earlier, the
inside-good for this chapter is the premium house-blend.
Each of products in the sub-category were defined by the brand, size, whether they are
regular or decaf, and unit price. The model assumes that each consumer, i, is choosing one
product at each purchase opportunity. Each time a consumer is visiting the supermarket,
that consumer has the option to buy from the inside good or the outside good. When pur-
chasing from the inside good, the consumer may purchase a few products at the same time,
t, however the model and the estimation assume that one purchase is selected each time. In
many cases two products that are defined the same according to the above are purchased
(the incentive may be a quantity discount). In these cases, the two are combined to one
purchase, the size is increased and the unit price is defined according to the total size.
One challenge was to develop the choice menu that the consumers were facing the shelves
in each store. This is because the data did not contain the weekly product location on the
shelves or the prices menu that was presented on the shelf per store. Thus, the way to over-
come it was to develop a menu by looking at all the purchases in each store and develop the
consideration menu. This is because there were many purchases per store and they should
reflect the actual variety that is commonly purchased. The weekly unit prices per product
(changes with size because of secondary price discrimination) was used for the menu because
the discounts were applied to all the consumers that are in the dataset as the panel data
that is used is of consumers that used their membership cards.

Possible Endogeneity

The prices in the model defined in 3.1 may be correlated with the error term as prices
move with unobserved demand shocks, such as news reports. The estimation handles these
possible problems through the control-function method as defined in Petrin and Train, 2009,
as follows

pjt = W (Z̃j, ζj) + νjt (1.9)

pjt = γjtZjt + νjt (1.10)

pjt = p̂jt + νjt (1.11)

Different instrument variables which are correlated with price, but are not correlated
with the individual error term were considered for equation 3.7, including the GDP and the



CHAPTER 1. OPTIMAL PRICING WHEN TRYING AND FORGETTING AFFECT
CONSUMERS’ CHOICES 21

commodity prices of green coffee beans, however the variable that make a good fit to the
weekly coffee prices are the weekly gas prices. Eventually, for the pricing, more instruments
are used, which are all the observed characteristics of the product. In this chapter, W is
assumed to be a linear function of the variables, as in equation 3.8, and to ease notation, as
in equation 3.9.
The fit is of 96.7%, which is very high, hence does not require additional techniques for the
control function in case it was not significantly explain the price. 15

Figure 1.6: Instrumental Variables

Note: Gas prices in red, Arabica prices (green coffee - commodity prices) are in light-blue. The private
label, Starbucks, Peet’s coffee, and Dunkin Donut’s house-blend unit prices are below. These provide a

graphical example of the market and the correlation between the prices.

Demand Estimation

Built upon the model that was discussed in 1.3, and given the data and endogeneity treat-
ments, the following empirical utility model, is a complete model that allows identification
of the required parameters

Uijt = −αip̂jt + Xjβijt(sijt) + ξjt + λijνjt + εijt (1.12)

15In cases were the fit is not very high for the linear function as discussed in Petrin and Train 2009,
another control function method that does not force a functional form is discussed in Villas-Boas and Winer,
1999, and another method that can be helpful is BLP, 2004.
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Where other than the variables and parameters that were discussed in 1.4, Xj includes the
brand dummies, dummies for the 11 major characteristic of the product, e.g., Houseblend
and French coffee, and whether it was decaffeinated 16

To estimate the model, we can write the likelihood function as the product of the likelihood
of purchases, given the prices and the product attributes, and conditional on the parameters,
which are estimated through the model, as follows

L =
NM∏
t=1

J∏
j=1

NP∏
i=1

Prob(yijt = 1|θ) (1.13)

This likelihood function, where NM is the number of markets, J is the number of products
per market, and NP is the number of households in the panel. The probability function is as
defined in 1.5. 17 There are a few possible techniques to estimate the model. The simulated
maximum likelihood as discussed in McFadden and Train, 2000, using the control function,
as was discussed earlier. 18

Estimation Results

The focus of the empirical analysis is the trying and forgetting effects per attribute, which
provide the empirical baseline for the supply side simulation that is discussed in section 1.5.
The chapter has considered many partial models that are discussed in the appendix section
1.7. The main conclusion is that trying and forgetting effects are very significant in this case
for all the models and they make better fit than the standard model that does not include
these effects.
As discussed, we are interested in testing whether consumers gain information about prod-
ucts’ fit through trying their attributes, but gradually forget the information gained through
trying make a good fit to these data.
Thus, we particularly test how significant the trying and forgetting effects per brand are,
whether they are positive or negative, and what their magnitudes are. Given the summary
statistics that were presented, we expect that the trying effect will be positive and significant
to all the brands, but we cannot tell what the forgetting will be.
The model that was described in 1.4 is tested and compared to partial models and to the
standard model, as defined in Berry, 1994.
The main results of the estimation, are presented in table 1.4. As we can see, the ever-trying
and the forgetting effects are significant and have the expected sign and magnitudes. A
positive high ever-trying effect means that post purchasing the consumers’ expected utility

16Other attributes that were considered included organic indication and roasting level, however both were
not significant and were left out.

17each household made different number of choices and each brand was selling in a different number of
market, which the matlab code overcomes.

18It is also possible to use Villas-Boas and Winer, 1999, or BLP, 2004 in case it was important not to use
a functional form for the price’s possible endogeneity. This was not important for this chapter’s purposes.
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Table 1.4: Main Effects

Note: Standard errors in parentheses. When the second column is Ever/Frgt-Rate, the brand effect of ever
trying is in the first two columns and the forgetting effect is in the second two columns from the left. The
rest of the estimated effects are in Table 1.5 and in Table 1.6. The LLK is the value of the log likelihood

including the fixed terms.

from the product that contains the brand is higher than before purchasing. The trying-effect
gradually fades over time at the pace that is defined by the forgetting effect per brand.
The results of the estimation show that Dunkin Donuts and SBC that do not have a large
representation on the shelves as the other products, have larger ever-trying effects, which
means that inducing consumers to try should be more important to these brands’ than to
other brands in the category. However, the consumers that tried Dunkin Donuts’ forgot the
fit four times faster than the ones that tried the Private Label and nine times faster than the
consumers of Peets coffee. The private label, which has a large assortment, but together with
Dunkin Donuts and SBC, do not have external outlets that allow consumer to self-sample,
also have a significantly larger TF effect than Peets and Starbucks.
Identifying this effect allows the brands that have a lower brand equity, but large effect of
the interaction of brand and the ever-trying or the forgetting effect to compete better in the
market through pricing or other means. Moreover, the magnitude of the effect allows plan-
ning the budget that should be targeted at utilizing it as will be presented in the simulation
part.
The log likelihood of this model is the maximal among the complete models and the estima-
tion of the partial models that are presented below, however some of the effects, other than
the interactions of the brands and the TF effects, are not significant in the complete model.
In the appendix 1.7, the chapter considers other models, such as the standard model as it
is in Berry, 1994, and a model that identifies trying and forgetting effect in an interaction
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and uses a functional form. The latter model may be relevant to specific cases where the
trying-event and the forgetting are not separately identifiable and is highly significant. 19

The individual effects for the major attributes, which are summarized in table 1.5, are as
expected. The mean of the decaf attribute coefficient is negative as most of the population
preferred to buy regular coffee, however together with the standard deviation, we see that
about 16% of the population prefers decaf, which is the market share of the decaf products.
The major attributes are such that the mean is not significantly different than 0, however
it does reflect the market share in the population. Hence, it seems that there is not enough
variation between brand and main attribute for identifying the mean separately from the
brand. Together with that, the standard deviation was significant.
Since the chapter uses this estimation as a baseline for the simulation, in which we calcu-
late individual distributions as discussed in 1.5, the significance of the coefficients is not an
obstacle. However, if the identification of the mean of the major attributes is of interest, a
larger variation between brand and major attribute will be required.

Table 1.6 summarizes the fixed effects of the model and Figure 1.7 visualizes the results
by graphing this estimation. We see that the quarterly fixed effects per brand generally
explain the interactions of prices and market shares as was presented in Section 1.1.

Figure 1.7: Fixed Effects - Brand and Quarter - Trend Graph

1.5 Supply Simulation - Pricing Optimization

The discussion in 1.3 focused on the model and the strategy of the supply simulation. The
demand estimation in 1.4, provided the parameters for sensitivity to pricing, ever-trying,

19This can probably be handled by increasing the sample size and number of simulation draws that are
taken into the simulated multinomial maximum likelihood estimation that is used, which can be done through
taking a larger sample of the dataset or using Monte Carlo method. In this case, both should and will be
increased in the next versions of the chapter.
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Table 1.5: Major Attributes Estimates

Note: Standard errors in parentheses.

Table 1.6: Fixed Effects

the forgetting effects, and others. These allowed separating major segments in the data and
taking their specific distribution parameters and mean parameters as inputs to the supply
simulation.
There are two reasons for defining segments in this case. The first is that it is not compu-
tationally possible to go through all the individuals in the dataset (and it is not generic to
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other problems to do so even if the dataset was small in this case), the other is that theory,
such as Varian 1980, shows that to reach equilibrium, firms use a distribution that defines
the pricing, which means that firms commonly target segments that gain highest utility from
their products as this allow them to extract the highest surplus through avoiding Bertrand
competition.
This is while the firms may launch a sale every few periods of time, to either remind, as dis-
cussed in Villas-Boas and Villas-Boas 2008, or to gain higher profits through higher demand,
without other firms’ punishment, as discussed in Varian 1980. More information why it is
important to define segments is discussed in Perry, 2012 (based on the discussion in Revelt
and Train, 2000).
δ is defined in Equation 1.14, however the demand estimation estimates, θ, that is the same
for all the household in the data. The data and estimation provide the information to esti-
mate the probability that a household made a specific set of choices yi and the corresponding
set of products’ attributes per choice xi. This was defined by
Prob(yi|xi, θ) =

∫
Prob(yi|xi, δi)f(δi|θ)dδ

Applying the Byes rule we find the segments’ distributions,
h(δ|yi,xi, θ)× Prob(yi|xi, θ) = Prob(yi|xi, δ)× f(δ|θ)
which is h(δ|yi|xi, θ) = Prob(yi|xi,δ)×f(δ|θ)

Prob(yi|xi,θ)
.

Finally the segments’ distributions are estimated given equation 1.14.

δij =

∫
δh(δ|yi,xi, θ, δ)dδ (1.14)

The simulation can be simulating a population with many segments as the computational
requirements in this oblivious equilibrium solution are very low compared to the commonly
used MPE. 20 For the purposes of the chapter, it was sufficient and efficient to select five major
segments, following the concepts that were discussed in Varian, 1980 (and the chapters that
followed it), were there are two target groups per brand, one is the most loyal customers who
value the brand higher than the rest of the segments and the rest, who don’t value any of the
brands higher than the others. When defining the segments, full information was considered
(TF-effects were added to the individual level brand effects) because in the simulation, the
brands can take actions (reduce price) to induce purchase, which can increase the information
level. The segments’ attributes are summarized in Table 1.7. These segments have weights
in the population, which are taken into consideration and are defined in the table as well.

As discussed in Section 1.5, the model assumes that the households in each segment are
moving between discrete forgetting states. This is, if there are five forgetting levels, the
forgetting that occurs over five periods of purchase by the segments is defined.
In each period, there is a probability that a consumer in a segment will purchase either of
the products or the outside option. The probabilities are distributed on each segment grid
according to the choices probabilities per segment. Each brand calculates the probability
that each segment has chosen the brand in that period and the rest of the probabilities for

20In terms of complexity, assuming T > n, the OE is O(T ) and the MPE is O(nT )
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Table 1.7: Segments for Simulation

the other brands, and it does that for all of the periods according to the assumed fixed pricing
for the other brands. Accordingly, it optimizes the pricing strategy for all the periods. The
states are not updated every period, but every four periods as an assumption.
Finally, for the simulation to be rational the variable costs per unit are assumed to be 0.6
of the average regular prices given the coffee-brands financial reports and the marketing
research groups. This assumption is approximated and is not major in the model. Its main
purpose is to reach similar pricing to the actual ones in the data. They do not make a great
difference on the final results as long as they are around the ballpark of the actual costs. The
regular pricing goals that are observed in the data and the assumed costs are summarized
in table 1.8. 21

Table 1.8: Average Pricing and Assumed Costs

Simulation Results

As a baseline, the same pricing strategies of the data were used for the simulation. The
result, as presented in figure ?? is that the market shares as they are in the data are pre-
dicted by the simulation (presented in figure 1.5b). This result provides a good indication
that the demand model estimation makes a very good fit to the data and specifically that
the simulation approximate the forgetting rate well. Given that the baseline for the data’s

21Folgers financial report, 2008, directly presents gross margins per packaged coffee.
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Figure 1.8: Shares Simulation given the Pricing in the Data

prices makes a good fit to the actual shares in the data, the pricing optimization was ran
and the results are presented in Figure 1.9.
The optimized prices are continuous, however a pricing menu that is provided to the super-
markets is usually rounded to prices that can be used on the shelves. Figure 1.10 presents
rounded pricing scheme, where unit prices are rounded to the 0.025 level. It shows that
the unit prices suggested by the optimization range between 0.7 and 1, which are 12 price
points. Together with that each brand’s pricing strategy suggestion range differently and
also change through the time.
The first quarter (third quarter of 2007) is the introduction quarter for the new products
by Dunkin Donuts and the Private label brands, hence the pricing levels for the brands are
not representative, but are meant to allow the stabilization in the post introduction period
according to the equilibrium.
The results of the optimization show that the cyclic sales equilibrium predicted by the the-
ory of trying, forgetting, and sales, e.g., Villas-Boas and Villas-Boas, 2008 holds for the
estimated parameters, which is an important support to the validity of both the demand
and supply models. As predicated the varied gaps between the prior and posterior together
with the initial state and the forgetting rate, predict varied lengths and depths of sales cycles
according to the ever-trying importance and the forgetting magnitude.

Figure 1.9: Pricing Simulation
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Figure 1.10: Pricing Simulation - Rounded Prices

Figure 1.11: Pricing Levels

The optimized pricing strategy is aimed at increasing profits in the algorithm as the
equilibrium is found when the firms do not want to deviate from their strategies as they
cannot optimize their net present profits any further. This is achieved. As the theory
predicts, this is done through the cyclic sales that overall increase market share. This is
in line with the motivation of this chapter, which was to test whether Dunkin Donuts’
shares could have been increased overall through optimized pricing scheme and whether the
equilibrium can allow that to increase the shares to be comparable to the general share of
the brand in the US market.
Figure 1.12 presents the predicted shares and table 1.9 shows that the pricing strategies that
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are suggested raise the average market shares for Dunkin Donuts and the PL and decrease
them for the bigger brands.
The assumption of the simulation is that if consumers do not buy from the sub-category
their purchase is according to the market share of the rest of the sub-categories and the
outside option. This is a rational assumption that solves the product-line optimization 22

without using the whole sub-categories data.
Overall the sub-category’s shares are significantly increased. While this chapter is not aimed
at extending the literature on market entry, it is nice to see that the result are generally
in-line with the results that are discussed in Bresnahan, 1987 for the sub-category market
share increase through the entrance of the two new leading brands to it.
Table 1.10 presents the change in profits through the varied leading products in the house-
blend sub-category. It shows that overall the profits in the sub-category have increased, that
three of the four brands are more profitable in this pricing strategy equilibrium and that
Peet’s coffee’s profits have slightly decreased.
As discussed earlier, the owner of the prices’ strategies is the category manager at the
supermarket chain and the brands have strong influence on the decisions. This long-term
pricing equilibrium, based on the oblivious equilibrium concept, which means that the brands
are not calculating a Markov equilibrium, but commit to a long-term pricing strategy, given
the results on the profits and shares at the sub-category, are possible to implement as they
are overall very positive for the goals of the supermarket’s category manager and the leading
brands.

Figure 1.12: Predicated Shares for the Optimized Pricing Strategies

1.6 Conclusions and Discussion

This chapter estimates the demand side and simulates the optimized supply side of a novel
structural model of trying and forgetting of products, finding evidence for both types of
dynamics. By simulating the optimized pricing given the estimated effects, the chapter

22the full product line optimization equation as in Navo 2001 for example
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Table 1.9: Average Shares - Data Compared to Optimization

Table 1.10: Profits - Data Compared to Optimization

demonstrates that a model of trying and forgetting has important implications that cannot
be obtained by the standard choice model, or models that include trying effects only.
The chapter contributes to the choice modeling literature, to the dynamic game simulation
and estimation literature, and to the state dependence literature. The novel demand model
has greatly increased the fit of the standard model, which was not significant without the
trying-and-forgetting effects. It adds to the choice modeling literature on the one hand, on
the other hand, it present a different perspective of inertia, which is that consumers are not
irrational, but have varied information levels, which make them choose products that share
major product attributes with previously chosen products.
Additionally, the chapter is among the first chapters in this literature to use the concept of
oblivious equilibrium. Through a novel algorithm, it simulates and optimize prices in the
market through 95 periods and finds the equilibrium solution to the dynamic games with
multiple choices, multiple states per choice, and multiple segments. This was not feasible
for previous models in this literature.
There are a number of extensions for this research that would be useful. First, this chapter
shows that the forgetting coefficient is not zero and assumes that it is the same for all brands,
estimating the trying effects only. It is interesting to estimate forgetting rates to the varied
products. Additionally, it would be interesting to estimate the supply side in markets where
cyclic sales are observed. The control function, following Revelt and Train, 2000, is used as a
technique to treat the possible endogeneity, however it assumes a linear function. The BLP
method or the control function method as in Villas-Boas and Winer, 1999, could be more
robust. Finally, it would be highly interesting to study the causal relationship between the
trying-forgetting rate and the presence of branded-stores around the supermarket as we see
that there is a high correlation in the data and in the estimation.
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1.7 Appendix

This chapter also considers various partial models, which continue to show that the TF
effects are significant and make a better fit than the common model, which does not consider
them. The next two models that were considered are a model that includes heterogeneity
in tastes for brands, but does not include TF effect in Table 1.11, compared to a model
that do not include heterogeneity in tastes for brands and includes heterogeneity in tastes
for the interaction of brands and their TF-level in Table 1.12. The model that includes

Table 1.11: Heterogeneity in Liking Brands - Partial Information

Note: The LLK is the value of the log likelihood including the fixed terms. This table includes the major
attributes’ random effects and the fixed effects, which are presented in the appendix.

heterogeneity for the most important attributes in the products, which are the brands and
the major attribute, such as House-blend, French, Colombian, and others, as defined in
the products dictionary in Table ??, in the appendix. This is the commonly used model,
which does not take partial information on the brand equity due to TF effect into account.
This model has the lowest log-likelihood and almost all the effects that are tested in it are
insignificant. This gives a high motivation to consider the models that include TF effects in
them for cases such as hedonic goods like coffee.
The model in Table 1.12, considers the case of heterogeneous TF effects with no heterogeneity.
This estimation has the highest log-likelihood (except from the complete model), while it
is also significant for all of the effects that are considered - both the random and the fixed
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Table 1.12: TF Model - No Heterogeneity in Brands

Note: The rest of the table is in Table ?? and in Table 1.13. The LLK is the value of the log likelihood
including the fixed terms. This table includes the major attributes’ random effects and the fixed effects,
which are presented in the appendix. All of the estimates in this model are significant at the 0.001 level.

effects.
The difference in between this model compared to the model is that γijt are assumed to be
zeros and their effects are captured by the interactions of TF and the brands.
As discussed in section 1.2, in this dataset, 11 major attributes were defined through the
data-refinement process. These products’ sub-categories, such as vanilla flavor or house-
blend, define segments as the consumers have heterogeneous tastes for these, given high
variation of product assortment.
The random coefficients on the sub-categories of the TF model with no heterogeneous brand
effects were all significant, while for the complete model, which includes the heterogeneous
brand effects, they were not, as can be seen in Table ??, which presents both models’
estimation results.

Other partial models were examined in the estimation. One of them that is interesting
as well is the standard model with the brand and major effects heterogenous together with
the price sensitivity, while the TF-effects fixed, which is summarized in Table ??.

Table 1.14 presents the results of the estimation of the standard model with fixed TF-
effects, which was briefly discussed in 1.4.
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Table 1.13: Fixed-Effects for the TF-Model

Table 1.14: Standard Model with TF as Fixed Effects

Extended consideration of Inertia

Previous chapters have identified a lagged-choice effect, which is often referred to as habit
persistence or inertia (e.g., Osborne, 2011). Together with that, in this chapter, 36.6% of
the choices are repeated even though the coffee category there is a great variety of choice.
These gave a strong reasoning to consider the case of a significant effect to inertia. An IV
that could be very good was the previous gas prices, which as discussed in 1.4 and makes a
great fit for the prices could explain the habit persistence in case previous time lower prices
made a consumer purchase a product and then the habit has persisted even though the
consumer does not specifically like the product better at time t. However, the fit for that IV
on the parameter of potential inertia was very low, at less than 3% of the data, which gives
a reason to believe that consumers that choose a product that they have chosen previously
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Table 1.15: Inertia and Trying-Effects

have selected it because the expected utility from it at time t was more than the other
options and not because of a habit persistence. In order to verify that the process of trying
and forgetting is stronger than ”last touch”, a simple and standard logit choice models, e.g.,
Train 2003, were tested on these data looking at lagged choice effects, specifically separating
the effect of ever trying a product (with ever-lasting effects), trying and gradual forgetting
process, and next term post-purchase lagged-effect, which is commonly referred to as inertia
when it is positively affects the choices. Table 1.15 shows the results, which are that the
most significant effect is the process of trying forgetting (model number 3).
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Chapter 2

Introduction of Product Attributes
through Targeted Promotions

2.1 Overview

Prior theoretical literature shows that there are important set of cases where targeted mar-
keting can be very effective in increasing firms profits. Targeting individual consumers with
tailored offers has been widely discussed (for instance, Blattberg and Deighton 1991, Chen
et al. 2001, Lederer and Hurter 1986, Montgomery 1997, Zhang and Krishnamurthi 2004,
Iyer et al. 2005).
The main emphasis of this literature has been on evaluating how targeted marketing can fa-
cilitate the practice of price discrimination by firms. Together with that empirical literature
has developed techniques to find customer specific preferences based on purchase histories
through panel data, e.g., Rossi and Allenby 1993, Rossi et al. 1996, and Revelt and Train
2000. Moreover, literature shows how to find heterogenous elasticity of demand to products,
which allows firms to realize the optimal pricing for their products within their categories,
e.g., Berry et al (1995) henceforth BLP, McFadden and Train, 2000, Nevo, 2000, 2001, and
BLP, 2004 (MicroBLP).
However, marketers, retailers, and policy makers are often interested that consumers will
vary their consumption and thus they are interested in identifying the willingness to pay for
specific attributes rather than for products.
Moreover, some segments may have low willingness to pay for specific products because the
consumers of that segment derive low utility from a specific attribute in these products. This
chapter examines ways to complement on the low willingness to pay through effective and
efficient targeted promotions.
It extends the literature by focusing on a model and method to identify the difference be-
tween the average willingness to pay (WTP) for specific attributes and the specific groups
of interest WTP. It specifically looks at the case of confronting the over-weight epidemic,
which is a great interest of policy makers that has not been solved by the literature yet.
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It does that by realizing the WTP for fat by consumers who consistently buy the fattiest
products in the liquid milk category and showing that it significantly higher than the popu-
lations one. Moreover, the chapter presents the counterfactuals of providing targeted price
promotions for that specific segments. This is by complementing the WTP for fat up to the
next best option for the consumers using a targeted price promotion. The counterfactuals
show that this method is highly effective and efficient.

Prior literature on confronting the Over-Weight Epidemic

The World Health Organization (WHO) formally recognized obesity as a global epidemic
in 1997. Since then and even beforehand, legislators and researchers have been searching
for effective ways to reduce overweight in the population. Nevertheless, no consensus about
actual efficacy of any method was reached thus far.
Meanwhile, overweight and obesity have continued growing rapidly, such that in 2008, 35%
of adults aged 20+ were overweight 1 and about 205 million men and 297 million women
over the age of 20 who were obese 2, a total of more than half a billion adults worldwide.
Overweight has become the fifth leading risk for global deaths since a significant portion of
the burdens of diabetes, heart diseases, and certain cancers are attributable to it.
The major economic impact on the society includes direct medical costs as well as produc-
tivity costs, transportation costs, and human capital costs. The OECD has estimated that
an obese person incurs 25% higher health expenditures than a person of normal weight in
any given year and that obesity is responsible for 1-3% of total health expenditures in most
OECD countries (5-10% in the United States and the UK). Figures 1.1 and 1.2 present the
estimations and projections for overweight and obesity rates in the OECD countries till the
year 2012 present the global rates of overweight and obesity, and as can be seen in them,
the USA is leading in the overweight and obesity rates, with more than 70% (2009-2010) of
adults over age 20 and about 32% of children and adolescents aged 2 through 19 years who
are classified as overweight and obese 3 4 England is following the USA and is very similar
to it in its alarming rates of overweight.
According to the 2013 statistics from the NHS Health and Social Care Information Centre
(HSCIC), in 2013, 65 percent of men and 58 percent of women in England were classified
as either overweight or obese. This means that only one third of British men are considered
to be normal weighted. Overweight is also affecting the country’s youth. Nearly 1 in 10
children attending reception class in 2011-12, aged 4-5 years, were classed as obese. Three
quarters of men and women are not consuming the recommended daily amount of fresh fruit

1Overweight is defined for people with BMI 25 kg/m2.
2Obesity is defined for people with BMI 30 kg/m2.
3CDC/NCHS, Health, United States, 2011, Table 74. Data from the National Health and Nutrition

Examination Survey (NHANES).
4Data are from the National Health and Nutrition Examination Survey.
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and vegetables, these figures are even higher among children 5 6.
Since the fundamental cause of obesity and overweight is greatly associated with large in-
take of energy-dense foods that are high in fat, a major part of prior research of this topic
was focusing on finding effective ways for convincing consumers to make healthier food and
drink choices. The main question of whether governments can achieve desirable dietary
goals through food price interventions was analyzed by prior literature in a few settings. An
approach that was extensively studied is the usage of taxes for unhealthy properties of prod-
ucts; alas, there is no consensus regarding its efficacy. For example, Schroeter et al. (2007)
created a microeconomic model to estimate the effects of a tax on high-calorie food. They
have conducted an empirical analysis by obtaining statistics for price and income elasticities
and using energy accounting to come up with weight elasticities. One of their findings was
that a tax on high-calorie soft drinks would decrease soft drink consumption, which can
positively affect a decrease in weight. Other researchers who have focused their studies on
soft drinks have found similar results (Gustavsen 2005, Tefft 2006). Richards et al. (2004)
used household scanner data in a random coefficient (mixed) logit model to test if rational
addiction to food nutrients may be a cause of obesity. They found that a rational addiction
to carbohydrates, fat, protein, and sodium exists and concluded that fat taxes may be more
effective than information-based policies.
In the marketing literature, Khan et al. (2012), used a very large milk sales panel data
from the US they have investigated whether price incentives induce substitution to healthier
alternatives. They have used an exogenous variation in retail prices of milk, which provided
a natural quasi-experiment, and then analyzed the impact of small price differences on sub-
stitution across fat content. Since they were looking to understand whether taxes can have
positive effect on substitution to lower fat milks, the aggregated data was sufficient. They
showed that when prices are uniform, whole milk has the highest market share at 36.4%.
Under non-uniform prices, 2% milk is on average 14 cents cheaper than whole milk, and
whole milk share falls to 29.7%. Under uniform prices, whole milk share for the lowest in-
come quartile exceeds the highest income quartile by 17 percentage points. As the whole
milk premium over lower-fat alternatives increases, whole milk share for both income groups
falls, but the response is stronger for low income consumers. The discrepancy in market
shares between income groups disappears with a whole milk premium of 15-20%. They have
concluded that within-category demand for milk is highly elastic suggesting that taxes, if
reflected in shelf prices, can serve as an effective mechanism to shift choices toward healthier
options, particularly amongst lower income consumers. Other researchers were not as hope-
ful looking at additional categories and considering caveats in the taxes approach.
Kuchler et al. (2004) simulated health outcomes of a fat tax by using reduction in weight
as a measure of health. They calculated the effects of a tax on different levels of consumer
responsiveness to price. For each elasticity scenario, four possible tax rates ranging from 0.4
to 30 percent were considered. They were able to calculate reduction in caloric intake for

5latest statistics from the NHS Health and Social Care Information Centre (HSCIC)
6http://www.cdc.gov/nchs/fastats/overwt.htm
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each scenario, assuming that nothing was substituted for the salty snacks and that all food
purchases were consumed. From this they calculated reduction in body weight (3500 kcal
per pound of body weight). Their results show that a small tax of 0.4 or 1 percent would not
significantly affect consumption or health outcomes. In later work, the same authors further
estimated demand functions for potato chips, all chips, and other salty snacks. Using the
resulting elasticity estimates, they explored the effects of a 1, 10, and 20 percent tax on each
snack category. They found that a small tax on salty snacks would not impact diet very
much and that even a relatively large tax would not appreciably affect the diet quality of
the average consumer (Kuchler et al. 2005).
In addition, Smed et al. (2005) have found that a tax on fats would decrease fat intake
but increase sugar intake, while a tax on sugar would decrease sugar intake but increase
fat intake. These tax scenarios predict a decrease in energy intake, which is a big problem
because it is rational to assume that the energy levels that are required to the consumer
will be complemented. Clark and Levedahl (2006) have estimated a demand-characteristic
system for beef, pork, and poultry. According to their estimates, a tax that would increase
the price of pork would increase the consumption of fat from pork and may contribute to
obesity. In other words, a general usage of taxes without a well tested design not only will
not help, but can even harm. Cash and Lacanilao (2007) have summarized the critique of
imposing general taxes of fat and concluded that very little can be said on how diets would
change under a regime of broadly imposed tax increases. They believe that ineffective and
even perverse outcomes of such programs are not just theoretical possibilities, one main
concern is that increasing prices for high-fat and sugar products will push the lower-income
population to buy products that are even worse than the ones that they have intended to
buy due to these products even lower prices (even after imposing taxes), for example convert
from buying full-fat milk to dietary soda.
Another approach that was studied is the opposite of unhealthy-tax, the Thin Subsidies.
Although such subsidies would require government outlays, governments are supporting
healthier consumption initiatives, which require government spending, because of their great
potential to reduce expenses through Medicare and other obesity-type problems taxation
through decreased incidence of diet-related diseases, lessening the burden on the health care
system. For example, Cash et al. (2005) estimated the health potential of thin subsidies, us-
ing epidemiological evidence on the efficacy of fruits and vegetables in reducing heart disease
and stroke. They concluded that a thin subsidy could be an effective way to provide health
benefits, especially to disadvantaged consumers. Their estimates of the cost per statistical
life saved compare favorably with the costs associated with other U.S. government programs.
In this chapter, I take a similar approach and estimate the overall spending and saving using
the individual level price promotions. In the public health and dietetics literatures, French
et al. (2001) used an experimental design to determine the effects of decreasing the price
of low-fat snacks relative to regular snacks in vending machines. Four levels of pricing were
examined. They found that a 10 percent decrease in price of low-fat snacks increased the
percentage of snacks sold that were low-fat without increasing sales volume, which suggests
that customers may have been substituting low-fat snacks for regular snacks. This is a pos-
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itive result from a public health perspective.
Their results are especially interesting because they also present evidence that decreasing the
price of low-fat snacks by 25 or 50 percent caused an increase in sales volume, which suggests
that consumers may be buying more snacks or more consumers buying snacks from the vend-
ing machine, which could imply a negative net health outcome. Environmental interventions
in a restaurant setting have yielded similar positive results (Horgen and Brownell, 2002).
To conclude, the studies about the Thin Subsidy approach raise some optimism about an
effective way to introduce consumers to new products within their consideration set, without
a threat of greatly hurting a portion of the consumers.
Both taxes and subsidies are not trivial for implementation by governments; taxes are
strongly rejected by firms. For instance, in response to plans for a tax on sugared bev-
erages, Coca-Cola threatened to suspend investments planned in France and subsidies can
be very costly if they are not carefully designed, thus the previous literature considers them
in a theoretical or small-lab-experiment setting only. However, as mentioned earlier, recently,
not only governments are looking for efficient ways to reduce overweight, but also firms and
retailers are looking for ways to promote healthier consumption, following the consumers
health-trend, which can be.
An example is the Public Health Responsibility Deal (RD) in England, which is a pub-
licprivate partnership organized around a series of voluntary agreements that aims to bring
together government, academic experts, and commercial and voluntary organizations to
meet public health objectives, which include food and alcohol consumption. Through the
RD, businesses commit to voluntary pledges to undertake actions for a public health benefit.
Since its launch in 2011, all the major grocery retailers, including Tesco, Sainsbury, Wait-
rose, and ASDA, have signed at least 7 pledges. An example for a pledge is the fruits and
vegetables one, in signing which the retailers have committed to take actions to make fruit
and or vegetables (including frozen, canned, dried) more affordable, for example through
promotions or value ranges.

The Targeted Promotions Approach

Following the prior research, the main concern that is raised in this chapter is that gen-
eral, macro, solutions are not very effective or efficient because there is heterogeneity of a
few factors in the population. Firstly, trying to capture the willingness to pay for the un-
healthy measures (UH-WTP), such as saturated-fat or sugar, and compensating for these
using higher prices or discounts using the mean of the UH-WTP in the population, is not
effective because it does not represent the UH-WTP of the group who is choosing the fattier
products frequently and do not mix with healthier choices very often, which should be the
group of consumers who are overweighed.
Thus, while fat-taxes may convert the healthier consumers to buy healthy products more
often because their willingness to pay is around the populations mean, it may not create the
required effect on the group who has a high willingness to pay for unhealthy products, and
this is the group that should be targeted in order to increase overall welfare. Moreover, as
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was discussed earlier (e.g., Smed, Jensen, and Denver, 2005), there is also large heterogeneity
in responses when consumers are affected to convert from one product to others.
Some consumers will continue purchasing the same basket, converting from the less-healthy
product to a healthier product, but not making new unhealthy choices due to this conversion,
but others may react differently, and the conversion might even make the overall choices to
be less healthy. Finally, suppose one is converted to making healthier choices, there is a
probability that the choice will be continued to next purchases because of change in taste
thanks to the introduction of a new product or because of inertia (Dube, Histch, Rossi,
2010), recognizing change in preferences or inertia should be very useful to increase total
welfare because taxes or subsidies can be relaxed if inertia exists.
This is something that is not addressed in the solutions that were discussed in the literature
yet. Given the issues raised above, this chapter presents a new approach for confronting the
overweight epidemic in a way that can be more efficient than the current macro solutions,
using targeted promotions and messaging. This approach requires that consumers purchase
at a brick and mortar or an online store and are identified through their membership cards
or customer identification so that their historical baskets information is stored and can be
analyzed by a system that will implement this suggested approach.
In fact, shopping using membership cards and online shopping is very common in most of the
popular chains in the USA and in England, the countries which are most prone to overweight
and obesity, according to eMarketer 65% of the consumers in the US belong to a rewards
program and 90% of the cards holders are active members. The chapter is based on a few
marketing streams that discuss targeted promotions. The theoretical baseline is discussed
in chapters like Blattberg and Deighton 1991, Chen et al. 2001, Lederer and Hurter 1986,
Montgomery 1997, Zhang and Krishnamurthi 2004, Iyer et al. 2005, which evaluates how
targeted marketing can facilitate the practice of price discrimination by firms. The empirical
literature on targeted marketing which uses purchase histories, panel data, or other types of
consumer behavior as a basis for targeting includes, Blattberg and Deighton 1991, Bult and
Wansbeek 1995, Rossi and Allenby 1993, Rossi et al. 1996, and Revelt and Train 2000.
This chapter mainly follows the concepts that are discussed in Revelt and Train 2000 and
Train, 2003. Two streams of literature are relevant in the implementation of the approach.
The baseline model is the structural static demand models with respect to consumer het-
erogeneity in preferences. In terms of static demand models, e.g., BLP (1995), McFadden
and Train, 2000, Nevo (2000, 2001), and BLP (2004 - MicroBLP) who has modeled static
consumer decisions for differentiated products systems with heterogeneous consumers. These
chapters and those that have followed show that in order to obtain predictions for differenti-
ated products, it is important to incorporate consumer heterogeneity in the demand systems.
Petrin and Train (2010) have developed a methodology for estimating the baseline model is
using the Control Function approach. Using the chosen baseline model, per category, de-
pending on whether there is an endogeneity in prices and the assumptions that can be made
on the distribution in tastes for the attributes of the products; we reveal the distribution
of the willingness to pay per category. Following this baseline estimation, it is required to
estimate the coefficients for the group of consumers who have consistently chosen the un-
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healthiest products. For doing so, the approach in this chapter follows Revelt and Train
(2000) who use a Bayesian method to identify the individuals willingness to pay and the
targeted groups distribution. The consideration set is category based. There are other ways
to define the consideration set for a consumer, but there is no consensus about this (Stigler,
1961; Howard and Sheth, 1969; Hoyer, 1984; Mehta, Rajiv and Srinivasan, 2003; Pancras,
2010; Draganska and Klapper, 2010; Pires, 2012).
Taking the category based consideration set is very common in the literature of demand
estimation (Berry, Lehvinshon, and Pakes, 1995; Nevo 2000; and more) because that it is
rational to assume that a consumer derive a certain benefit from a set of attributes that
are common to the products in a category and thus scanner-data information reveal choice
of one of the products in the category, which is maximize the utility from the choice set
for that consumer. For effectively confronting the overweight and obesity epidemic, it is
required to implement the individual-based approach that is presented in this chapter in
each of the main categories that are known to effect over-weight, at least to include dairy
products categories, such as butter.
Together with that, in this chapter, I am focusing on one category to present the modeling
and consideration process, which can be almost replicable to many other categories within
a retailer store. Using individual level scanner data, which were collected on all consumers
who have purchased from the three biggest online grocery retailers in the UK through a
unique website, this chapter estimates the individual demand for the fresh-milk category.
The choice of the fresh milk category follows USDA guidelines 2000 and 2010 that suggest
increased consumption of low fat milk, and generally due to the fact that when dairy prod-
ucts are consumed in their fattiest form they are known to be a major factor for obesity. In
fact, dairy products are one of the largest sources of fat in U.S. consumers diets.
In addition, the type of fat contained in dairy products, the saturated fat, leads to specific
health concerns. In fact, dairy products, including butter and margarine, contribute 16% of
total fat, 28% of saturated fat, and 17% of cholesterol to the nations food supply (USDA
2007).
A prior empirical study of factors affecting demand for reduced-fat fluid-milk is the study
that was established by Gould, 1996, which has compared choices for fluid-milk according
to the fat-type on the individual level data using a panel data from the US, has shown that
the whole-fat products price-elasticity is more elastic than the other types of fat milks. This
notion makes much sense because low-income households tend to buy fattier products, but
are more sensitive to price changes (John Kearney, 2010). Gould, 1996, methodology is dif-
ferent from this chapter by an important aspect, which is that it doesnt include consumers
heterogeneity in tastes in the upcoming model. Moreover, the sample that was used is the
survey is not precise as observed scanner data choices. Finally, I take the estimation a step
further by estimating the individual demand of the consumers, so to be able to give strategy
recommendations and understand the counterfactual implications.
The data that are used for the estimation is very unique and are firstly used by an academic
chapter. The data was obtained from an online website, which has provided individual level
data on each grocery transaction made by consumers that used the website for their grocery
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shopping. They include eight weeks of scanner data that were collected on 50,000 consumers
who have purchased from the 3 biggest online grocery retailers in the UK, Tesco, Sainsburys,
and ASDA. These online stores, according to BMI, hold more than 65% of the online grocery
market in the UK. Overall there are 6,500 baskets that were analyzed in 22 markets.
Each market has offered a different variety of products, with some intersections in the prod-
ucts offering, but generally, most of the products that were offered per retailer were of their
private labels. Using the analysis, I investigate what price incentives, promotion framing,
and introduction of new product attribute can be applied to induce substitution to fewer
alternatives. Through the sample period, 80% of the consumers in the analysis were loyal to
one retailer. Thus, retailer effects did enter the model. Together with that, since the house-
holds shopped at three different weeks out of the 8 weeks, time effects can enter the model. In
the estimation process, after showing that the prices in this category are exogenous given the
brands and the other attributes, I follow Train (2003) and estimate a maximum likelihood
model with random coefficients that accounts for the heterogeneity in tastes as a baseline
and then I follow Revelt and Train (2010) to reveal the distribution of the willingness to pay
for the whole fat milk compared to the other types of milk, for the group of consumers that
have purchased full fat types of milks in more than 50% of their purchases.
The chapter makes a distinction regarding families with young babies, who are recommended
to use the fattiest milk. Recognizing the exact difference in the willingness-to-pay between
a product and the next best product and subsidizing the other product accordingly should
convert an individual to buy the lower priced product, but should not expend consumption
as the compensation is exact. This is if the consideration is only for a specific category. The
small lab experiment by French et al. (2001), which was described above was discussing a
main result, taking the snacks machine as the consideration set when certain healthier prod-
ucts were discounted (subsidized), consumers have converted to buy the healthier products,
but the consumption did not increase, i.e., they did not buy more because of the discount.
Since subsidizing is costly, directing it to the specific group of unhealthy eaters should be
much more efficient than directing to everyone. Personalized promotions are legal and are
frequently used, even though consumers can opt out of these. For many years electronic dis-
tribution of personalized coupons is widespread under programs, such as Catalina Marketing
Incorporated (CMI) checkout coupons and mobile app coupons. In this chapter I show that
targeting individuals who make consistent choices of the unhealthiest products per category
is very effective and also efficient as the effect is targeted at the specific problem that needs
to be solved. The consumers that mix between healthier and less healthy products even
when there are no pricing differences between the products are consumers that should not
be approached using price manipulation because they dont have a preference for unhealthy
products through their choices. There is no reason to manipulate their choices in order to
introduce them to healthier consumption. On the other hand, consumers who consistently
purchase the unhealthiest products should be more prone to overweight if they consume
these products.
Table 2.1 presents a supportive evidence for this using analysis of the dataset, which is dis-
cussed below. It shows that the group that buy the fattiest milks more than 50% of the times
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Table 2.1: The Correlation between Choosing more Fat Milk and more Snacks

buy significantly more snacks on average. For every additional 1.28% choosing fat-milk, the
consumers bought an additional snack throughout the sample period.

The results emphasize the importance of recognizing the targeted group’s distribution
compared to the populations one. They show that there is a significant difference in willing-
ness to pay for full-fat milk compared to semi-skimmed milk among the general population
compared to the targeted group. Using the results for the frequently unhealthy products
consumers group the chapter presents a precise strategy for introducing the consumers to the
lower fat milks and estimates the impact of implementing the complete system in retailers
stores on the overweight epidemic and the economic implications of it.

2.2 Model

A random utility function is set up, where each transaction at the grocery store is made
by a household to maximize the utility from the consumption given the budget and storage
constraints and both the product attributes as well as a random term are assumed to enter
linearly (e.g., e.g. McFadden 1974, and Train 2002). Each household likes to buy some
amount of a product from a category from different types of the product. In the fresh-
milk, for example, 4 ml of skimmed milk of one brand and 2ml of whole-fat milk of another
brand, the first is needed to add to a morning cereal and the second in order to add to the
coffee. Another example is in yogurts, a Greek yogurt, 2% for common consumption, and
an assorted yogurt with chocolate flakes to indulge ourselves once in a while.
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When considering a set of products from a category, each household faces a set of bundles of
brand and units from that brand. Following the previous example, if the household would
like to purchase 4 ml skimmed milk, the representative consumers can buy 2 bottles of 2
ml, 1 bottle of 4 ml, or 4 bottles of 1ml. The households make a decision based on the
available prices according to the promotions, taste for package size, preference for number of
products in the basket, and preference for a brand, in order to maximize their utility from
the purchase, and whether they have a baby at the house, which may mean that they need
some amount of whole-fat milk.
Furthermore, it is assumed that when a household mixes a few brands or a few types of
products, the only reason to do so is for answering different needs from the milk. If it is
not for different usages or different consumers in the household (which I define as different
usage), a household’s representative should choose the one type of milk that maximizes the
household utility and buy more of it instead of mixing.
If the budget is limited, then the households might purchase as many units as possible from
the preferred type and the rest from the second preferred one. This is as long as they have
enough units of milk for their needs. Hence, when building the consideration set, it is possible
to assume that there are options for the consumer to buy a few units from each product,
but an household is not considering options of type 1 unit of X and 1 unit of Y as a bundle
versus 2 units of X. Thus, if a household has purchased 2 units of X and 1 unit of Y , it
is assumed that this is for different needs that are maximized, and I separate this choice
into two different choices between bundles. This specification and setup of the data keeps
the single-unit purchase assumption of multinomial logit that I use in the following model.
Other specifications are also plausible, such as the one that is described in Hendel (1999),
Dube (2004), and Chan (2006), which provide models for multiple products purchasing with
variety. They fit the snacks and soda category better as a baseline model. Even though these
models were considered, since fluid milk is not a storable item, and since it doesnt have a
taste that a consumer might want to vary, the single-unit purchase of a bundle seems more
plausible.
The utility below represents the utility that the household gets from the consumption of the
chosen bundle. This utility function is similar to the ones that were defined in Nevo (2000)
and Train (2003) for discrete choice models with heterogeneity.
The primitives of the model are the product characteristics and the consumer preferences.
It assumed that households buy one product from a choice set S with J + 1 alternatives in
each time period. NP denotes the number of households in the panel and NM as the total
number of markets in which the panel data’s households made choices.
The consumers in a household derive utility from one product in that choice set (buying
alternative j = 0 means that the consumer made no purchase of the available brands.)
The household buys the product for which the perceived utility is the greatest, but will make
no purchase from the category if the utility of each of the brands is less than the utility of
not purchasing.
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The utility that consumers in household i at market t 7 obtain from product j ∈ 1..J depends
on observed and unobserved attributes of the product, where for j=0, Ui0m = 0. Assume
that utility takes the form

Uijt = −αipjt + Xjβijt + εijt (2.1)

Where αi is the mean price sensitivity per market t, pjt is the price of product j at market t,
Xj are product j’s attributes, which do not change along the time, βijt is a vector of tastes
per attribute of household i per attribute of product, j, and εijt is the household, product,
and market, iid demand shock, at time t.
Eight weeks were sampled for the analysis in this chapter, which is a short time for changing
individual tastes, thus it can be assumed that the tastes are constant over this period of time.
The next steps depend on whether the price or other parts of the utility are endogenous to
the shock term.
As will be shown in the data section below, the price in the fresh-milk category is almost
fully explained by the observable attributes of the products, including the brands. Thus, in
order to establish main results, the main model that was selected is the simulated maximum
likelihood without handling endogeneity.
The individual level value is a measure of the interaction between the attribute of the prod-
uct, such as price, the product of the sensitivity (taste) for the attribute with the individual
taste for the attribute and finally, the interactions between the attribute and the consumers
individual characteristics, denoted by D. Using the assumption that the distribution of the
individual random shock is extreme value type 1 (the logit assumption).
To ease notation, denote: Vijt = −αipjt + Xjβij + ξjt
Then: Uijt = Vijt + εijt
A simplifying assumption commonly made (see McFadden, 1981, BLP 1995, and more) is
that εijt, which is distributed i.i.d., is of Type I extreme value distribution. Moreover, in
this model, the mean utility of the outside good is not identified, and it normalized to 0.
Given these and the previous definitions, the likelihood that a household will purchase prod-
uct j in market t is defined as follows

Prob(yijt = 1|θ) =

∫
exp(Vijt)

1 +
∑

k∈J exp(Vikt)
df(·|θ)dηijt (2.2)

Where yijt = 1 if household i has chosen product j in market t given the parameters θ,
which are the parameters of distribution F, from which the house-level tastes and preferences
are drawn.

7for ease of notation and description, the model uses t, which can stand for time if the markets are
defined by time only, however in this case, they are defined by both time and store.
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2.3 Individual Distribution

The baseline model reveals the standard errors in the population, and using these standard
errors we can estimate the individuals’ coefficients. But a more precise estimation can be
made using past consumption characteristics because the actual individuals choices reveal
something about her tastes, and this should be discovered and understood in order to intro-
duce new products to consumers with high preference to fattier products.
In the next parts I discuss the results and show that generally, full-fat milk is not highly
valued by consumers, hence taking the general population means and standard deviation in
order to find the willingness to pay for full-fat milk is very imprecise. The willingness to pay
will be very small (if not negative), and we will not find a way to convert the 23% consumers
who buy the fattier products.
Thus, the chapter follows Revelt and Train’s (2000), which was described earlier. This allows
the understanding of how to address the households that consume the less healthy products
that are major causes of overweight consistently. In other words, I want to find where in the
distribution of tastes the households which consistently buy the less healthy products lay.
The main goal is finding whether there is a significant difference in the distribution, which
allows defining a specific treatment to this group of individuals.
I denote the individual random-coefficients as matrix δ. The distribution of δ in the pop-
ulation of all people is denoted by g(δ|θ), where θ are the parameters of this distribution,
such as the mean and variance. A choice situation consists of several alternatives described
collectively by variables X.
Initially, everyone in the population faces the same choice situations described by the same
variables X. Some portion of the population chooses each alternative. Consider the people
who choose alternative j. The tastes of these people are not all the same: there is a distribu-
tion of coefficients among these people. Let h(γ|yi, X, θ) denote the distribution of δ in the
subpopulation of people who, when faced with the choice situation described by variables
X, would choose the full-fat alternative through the sequence of choices. h(γ|yi, X, θ) is the
distribution of delta in the subpopulation of people who would choose alternative j when
facing a choice situation described by X. Since we observe each household’s choices yi when
facing the same alternatives, we know that that person’s coefficients are in the distribution
h(γ|yi, X, θ) and since h is tighter than g, we get more useful information about the person’s
tastes by conditioning on his past choices.
The approach that is used, applies to discrete choice models with continuous or discrete
distributions of coefficients and uses maximum likelihood for estimation. The models of
Kamakura and Russell (1989) and DeSarbo et al. (1995) are special cases of this method.
The relation between h and g can be established precisely as follows, we consider again the
choice among alternatives j = 1..J in choice situations t = 1..T . The utility that person i
obtains from alternative j in situation t is defined in equation 2.1.
Now, we use the Bayesian approach, as follows: Denote by yi =< yi1..yiT , the households
sequence of chosen alternatives, where T is the number of transactions that this household
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made in the category. Define γi as follows

let γ =

[
α
β

]
and γ̃ij =

[
α̃i
β̃ij

]
Then

γij = γ + Σ1/2γ̃ij + ΠDi s.t. γ̃ij ∼ N(0, IK)

(2.3)

Where γi h(γ|yi, X, θ)
If we could tell what γi, the individual parameters, then the probability of the persons
sequence of choices would be a product of the individual likelihood function, as follows

P (yi|Xi, γi) =
NM∏
t=1

J∏
j=1

NP∏
i=1

Prob(yijt = 1|θ) (2.4)

Where Prob(yijt = 1|θ) is as defined in 2.2. Given these, the probability of household i’s
sequence is :P (yi|Xi, θ) =

∫
P (yi|Xi, γi)g(γ|θ)dγ

Applying the Byes rule we find the segments’ distributions

h(γ|yi|xi, θ)× Prob(yi|xi, θ) = Prob(yi|xi, γ)× g(γ|θ)
Which is

h(γ|yi|xi, θ) =
Prob(yi|xi, γ)× f(γ|θ)

Prob(yi|xi, θ)

(2.5)

2.4 Data Analysis

For learning about the context of the data, the following section describes the market of
fresh-milk and mass grocery retailing in the UK.

The market of Fresh Milk and the Mass Retailing in the UK

The fresh-milk that comes from cows is one of the unique categories in food in which the
products are hardly differentiated as the tastes and the looks of the products are essentially
the same across products. Together with that, this product category has high demand across
populations in western countries such as the USA and the UK. This may be a good reason
for many researches that use scanner data to choose fresh-milk for their empirical testing,
at least as a first stage of the testing. The different products tend to vary according to the
way they are produced and their fat content. The fat content of milk varies depending on
the product, e.g. whole milk has a fat content of 4% fat, semi skimmed milk contains 1.7%
fat, skimmed milk contains about 0.1% fat, and in addition there is 1% fat milk.
Additionally, much of the milk in the market is now homogenized as well as pasteurized,
where homogenization results in milk of uniform composition or consistency and palatability
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without removing or adding any constituents, and pasteurization helps to protect against
any foodborne illness that can occur through consumption of raw (unpasteurized) milk. In
order to provide the consumer with a consistent product, most milk is standardized, which
creates a skim portion and a cream portion of the milk. Separation produces a skim portion
that is less than 0.01% fat and a cream portion that is usually 40% fat. The cream portion
is then added back to the skim portion to yield the desired fat content for the product.
Common products are whole milk (3.25% fat), 2% and 1% fat milk, and skim milk (¡ 0.1%
fat).
Semi skimmed milk is the most popular type of milk in the UK with a fat content of 1.7%,
compared to a minimum of 3.5% in whole standardized milk and 0.1% in skimmed milk. The
data reflects this information, with about 59% market share to the semi-skimmed type, 25%
to the whole fat, and the rest to the skimmed types. Other than the fat contents, some of
the most popular alternatives have additional attributes, which are whether they are filtered
or organic. Organic milk comes from cows that have been grazed on pasture that has no
chemical fertilizers, pesticides or agrochemicals used on it. Filtered milk goes through an
extra, fine filtration system, which prevents souring bacteria from passing through. The
nutritional content of the milk is unaffected but the shelf life is increased up to 45 days when
stored at temperatures of up to 7C and an average 7 days once opened.

The Retailers

The UK grocery market is highly concentrated, with the four leading chains, Tesco, Sains-
burys, Asda (owned by Wal-Mart of the US) and Morrisons, accounting for about 75% of
grocery sales. The market will continue to face scrutiny from competition authorities, al-
though recent investigations have tended to endorse the status quo, despite grumbling from
suppliers, smaller retailers and some local communities. Tesco holds a 30% share of UKs
online grocery shopping, followed by Asda (17%), Sainsburys (16%) and Morrisons (12%).
The two hard-discount heavy weights, Aldi and Lidl (both Germany), hold a combined 6%
share 8.
As discussed earlier, I am looking at consumption choices that are done at the biggest retail-
ers Tesco, ASDA, and Sainsburys in the dataset. Altogether they have 63% market share
of the grocery market. In the online grocery channel, they are even stronger. At the end
of 2012, when the sample was taken, Tesco was the biggest online grocery retailer, while
Sainsbury operates UK’s second-largest online grocery business. ASDA was also investing
heavily in its online presence. According to surveys undertaken by the British Retail Con-
sortium (BRC), customers are increasingly checking food and drink prices on their mobile
phones prior to purchasing. Indeed, online sales showed a strong performance in the first six
months of 2012, driving the retail sector in the UK. Total online sales in the period reached
US$54.75bn, compared with US$48.64bn spent in the same period in 2011. The report also
showed that shoppers spent around US$9.42bn in June 2012, a 13% increase compared with

8BMI -market Overview - Retail - United Kingdom - Q1 2013
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June 2011.
In 2011 19% of the mass grocery retail sales came from the hypermarkets, and in 2012, the
online sales share was expected to reach 21% 9.

Data Sample

The data consists of individual level data on online grocery shopping. These include indi-
vidual consumption transactions, product dictionary data with the product characteristics,
and individual general buying patterns and characteristics. This dataset is panel dataset be-
cause it tracks individual purchases of its participating households across all three retailers,
giving the consumers the same identification (in the estimation they will also get the same
simulated tastes). Another aspect of the data is that we observe complete baskets, so we
have information about the outside option and about whether it seems that there is a baby
in household. The data also provide information about the households shopping habits at
the website. The information includes the number of baskets that were sent to delivery since
the first basket was sent, the total length of subscription of the households (time since the
consumer has sent the first basket), and more.
The panel data is of 8 consecutive weeks, beginning May 1, 2012 and ending in June 25,
2012. The transactional data is from the UK, and they were obtained from an online grocery
shopping provider (website service) which was operating for 6 years by May 2012, with an
average of 10,000 baskets sent on a daily basis. The website allows the consumers to replicate
the consumption behavior at a brick-and-mortar store, which includes: browsing between
aisles, adding products to a basket, searching for products, etc. The customers that use the
website are assigned to a default store at the beginning of their purchase and they can switch
to a different one. Once they have chosen a store and start shopping, the shopping process
is as if they are at an atomic retailer store out of the three options. Overall, the data that
were analyzed have included 24 markets, which are 8 weeks for 3 retailers; each had over 120
milk transactions in it.
The complete data contains 56,500 distinct consumers, 96,000 baskets, and a total of 3.5
million observations. 2% of the products that are bought are fresh-milk, these are 74,000
scanner transactions. 57% of the baskets contained fresh-milk. 55% of the consumers who
have used the website have also purchased fresh milk. While looking at the complete choice
set that is described here has many benefits, in order to get consistent estimators of the
parameters of the model, the data were filtered to include consumers who have purchased at
least twice along their subscription period. Moreover, a consideration set was defined to be
the bundles that were chosen by a consumer at least 5 times per market. The consideration
sets differed between markets. On average there were 22 products in each consideration set.
The dataset that was used for the main estimation included 7933 baskets for 3361 unique
households, these were baskets that have contained fresh-milk from the consideration set,
and the rest were removed for the final analysis. In another analysis, not only baskets from

9BMI - Market Overview - Retail - United Kingdom - Q1 2013
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Table 2.2: Summary Statistics - Transactions

the consideration set were included, but also the outside option choices, then the data in-
cluded 16550 transactions and 6572 households.
The general information about the households demographics includes location, which is de-
fined by region and area, there are 11 regions. 60% of the households representatives have
indicated their age. 26% of the consumers probably have young babies since they have
purchased products that are dedicated to babies, such as milk formulas. This indicator
is important because when there is a baby in the house there is a large probability that
there is a need for full-fat milk for the baby. The data also gives information about the
households consumption behavior, which includes the average expenditure on a basket, the
average number of products that are included in a basket, number of transactions from the
first transaction till the end date of the sample data, and the tenure of time since they have
started shopping through the website.
The panel data cover over 55 product categories; however, as was discussed earlier, I re-
strict the analysis to the fresh-milk category, also excluding buttermilk, flavored milk, and
non-dairy alternatives to ensure comparisons of fairly homogeneous products. Even though
fresh-milk is purchased very frequently, as was discussed earlier, the information contains
high portion of outside options, which gives raise to an estimation consideration of whether
to include outside-option in the parametric estimation. This will be discussed later in this
section.
The summary statistics of the data is given in Table 2.2. The table presents information
about the milk transactions, the households characteristics, and the milk products that are
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Table 2.3: Variation in Final Price per Bundle

in the consideration set. Each market consists of between 29 and 610 transactions, with
about 400 transactions on average, each product that is in the consideration set was chosen
at least 5 times and up to 701 times along the sample period. The households have purchased
frequently from the website, the number of purchases ranges from 1 to 21 times, and 4 times
on average. Per market, each product in the consideration set was chosen between 5 to 106
times and 33 times on average and each house hold was purchasing between 1 and 6 times
and 1.5 times on average. The households in the sample were spending an average of about
80 British pounds on the baskets, they were purchasing about 60 products each time, they
were subscribed to the website for an average of 1 year and 4 months, but theyre tenure
was ranging from 7 days and 6 years, and they have purchased between 2 and 250 baskets
overall, with an average of about 20 baskets along their subscription period. About 35% of
them are households with babies. This fact shows that there is a selection bias to this group
of consumers who use the online channel as a major channel.
The group that we are interested in for the targeting purposes are consumers who have pur-
chased the fattiest products, the products which are of full-fat, in more than 50% of their
baskets. 26% of the consumers are in this group. Table 2.3 presents the information about
the groups. As we can see the differences indicate that the average expenditure and the
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Table 2.4: Price-promotion usage

ratio of average expenditure-to-units are significantly lower among the high frequency (UH-
H) group. When the UH-H group was considered to be from 50% of the purchases and not
higher than that, the differences werent significantly lower. The results for the UH-H group
show that the data are consistent with the previously described surveys. As was discussed,
the consumers who purchase less healthy products tend to have a lower expenditure rate per
product.
Finally, the analysis of the variation in prices and units shows that price for a bundle is
1.7 with a variation between 0.49 and 6. On average there were 1.5 units of a product
in a bundle and it has varied between 1 unit and 6 units. Table 2.3 presents a schematic
map, which summarizes the variation prices and is presented as a crosstab of total-sizes and
rounded-prices (up to 0.5). While the full prices of fresh milk did not vary much across the
eight weeks of data within the retailer, the prices varied across retailers. Moreover, each
retailer has launched promotions to varied products along these weeks, which have created
a variation within the retailer in the total price that was required to be paid and across
the retailers. The promotions were of two types: a price decrease for some of the products
and an offer to buy two products for a lower price. Table 2.4 presents a summary of the
promotions offered and the frequency of them being in the assumed consideration set of the
consumers.

2.5 Estimation

The parameters to be estimated are the models’ parameters, including the means for each
of the available product characteristics. In the estimation on fresh-fluid-milk, these included
the total price that was paid, the total units purchased, and the size of the units, the
brand, the fat-type, whether the product was filtered, and whether it is organic. Together
with the product characteristics, four household characteristics were defined, including, a
dummy for region, a dummy for whether there are indicators for baby at home, the log of
the subscription-length, the log of number-of-sent-baskets till date, and the log of the ratio
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of average-total-expenditure and the average number-of-products in the basket, which is a
proxy for the willingness to pay for products by the household.
In prior literature, demographics, such as income, were used as a proxy for sensitivity to
pricing, but this does not need to be the case. More precise characteristics can be defined
when individual observed choices are revealed. Behavior indicators can be used, such as the
actual expenditure per product, which is the ratio that is used in this model’s estimation.
As discussed in the introduction, overweight and obesity tend to be more common in low
income families.
Hence, there should be a negative correlation between average expenditure on a product and
the consumption of whole fat products. I assume that this heterogeneity in income exists
even in the selected households which consume online and the estimation of the model is
consistent with this as will be described later in this chapter. Another example that allows
revealing information about the household is the baby indicator, which controls for whether
whole-fat products are required in the basket for a young baby in the household. Using the
revealed choices, it is possible to identify whether there is an infant in the household. The
indicator checks if the household has purchased a product that is categorized as a baby prod-
uct throughout all the purchases that have been made by the same consumer in the sampled
data. For example, in this dataset, 30% of the consumers have purchased a product that is
dedicated to babies in the sampled period, and 33% of the consumers who have purchased
milk had purchased products from the babies category, such as diapers and milk formulas.
As mentioned in the previous section, the first step in defining the estimation strategy was
checking whether prices are endogenous in the utility model (equation 1). In order to learn
about the endogeneity I have checked whether the brands of the products together with the
rest of the observed characteristics have a very high explanatory power to the prices, and
this was indeed the case as can be learned from 2.5. The table presents four models.
In the first one the final price for the bundle, given the promotions, was regressed on the

number of units of the product and the brands and I find that the fit is almost perfect. It
was not even necessary to add information about the other attributes of the products. The
rest of the models, (2)-(4), were used for learning whether it is possible to use the fuel price
as an instrumental variable. This has shown to be the case, and I will elaborate on this in
the robustness checks part.
Thus, given the brands and the households’ characteristics, the prices are exogenous to the
shock term, thus it is possible to estimate the model using the maximum likelihood proce-
dure.
The estimation is done using both simple multi-choice logit maximum likelihood proce-
dure and a multi-choice simulated ML procedure, which simulates the households individual
tastes. For this, a few distribution specifications were examined, and the normal distribution
for all the parameters was the most reasonable. It is common to use log-normal to prices and
to other parameters that are considered always negative, but this is not always the case. For
products that have are low cost, such as fresh-milk, this may not be the case, as the price
may be a signal for quality for the individual, a signal that cannot be instrumented through
nothing but taste. As can be seen in the model, the parameters for the brands and for the
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Table 2.5: The Bundle Price Explained by the Observed Characteristics
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demographics do not depend on distribution in tastes according to the defined model (even
though, theoretically, brands can have heterogeneity in tastes).
Given the previous analysis, the model is adjusted as follows,

Prob(yijt = 1|θ) =

∫
exp(Vijt)

1 +
∑

k∈J exp(Vikt)
dφ(·|θ)dηijt (2.6)

Where θ is a vector of the means and the standard errors. As a baseline, I assume that there
is no covariance between the tastes. This is in-line with the model specification.
to numerically estimate the integral that expresses the individual probability in equation
2.6, draws were taken for the individual tastes for 8 product characteristics, which include
the price that was requested for the bundle, the units in the bundle, the size of the packages,
indicators for fat-type: full-fat, semi-skimmed, skimmed, 1%, no-fat, indicators for whether
the milk was filtered and for whether the milk is organic. McFadden and Train, 2000,
discuss the consistency of estimation using sampling. In this case, since the customers are
returning customers who shopped at the website at least twice, the analogy principle applies
for estimating the integrals in the models using the means of the expression that is used
for the simulated log likelihood both per times and per consumers. The analogy principle
will lead to consistent estimation since the number of repeated purchases, T (for times),
is not bounded and eventually T can be assumed to be endless. We are interested in the
willingness to pay for the fat compared to the next best fat option per individual. The
difference individual parameter is defined as follows:

∆WTPi = WTPFF,i −WTPNB,i (2.7)

Where WTPi is the willingness to pay for the product by household i, FF means full-fat
milk and NB is the next best type of milk that was estimated for household i.
The final step of the estimation is finding the individual parameters, which is done using the
results from the estimation of 2.6, which has estimated θ̂.
Given the repeated choices of the consumers, the individual γi were estimated. Their distri-
bution is given by ĥ(γ|yi, X, θ̂) as discussed earlier. Even though we are looking at individual
level targeting, group level tastes are also of interest. This is achieved by a weighted average
or an integral of the individual level tastes.

2.6 Results and Counterfactuals

By applying the estimation that was described above to the data, I was able to show that
analyzing the general populations response to taxes and subsidies is not highly relevant to
reducing overweight, which is how to introduce consumers who consistently make unhealthy
choices to healthier choices. If the general populations elasticity of demand would have been
considered, we could not have come up with any reasonable subsidy for the lower-fat prod-
ucts. The analysis that is described below proves the initial hypothesis, which is that using
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Table 2.6: Main Parameters

individual targeting can create the required result while greatly increasing efficacy.
The main analysis used the data on choices from the consideration set only and was based
on three estimations on the same set of variables. The estimations differed from each other
in the number of simulation draws for tastes that were taken for estimate the integral that
is defined in 2.7.
As was discussed in the estimation section, the baseline specification for the tastes distribu-
tions was the normal distribution for all of the variables, and this is the specification that
was taken for these three estimations. The first three columns of Table 2.6 present the results
of the main parameters.
We notice that as the number of simulations-draws is increased, the absolute value of the

coefficient on price is slightly increasing and the standard coefficient estimator is increasing
as well, which is consistent with the theory. The coefficient on price is negative and signif-
icant, as we would have expected. The parameters for units in the bundle are positive and
almost exactly the opposite from the parameters for price.
This is consistent with the previous discussion about the correlation between price and the
units in the bundle (see table 2.5 and the discussion about endogeneity). The rest of the
coefficients’ signs and magnitudes are as expected as well. A supportive analysis to the
results is learning the share of the distribution that is above zero. Table 2.7 presents the
summary of the estimation in terms of the distributions of the coefficients, given the normal
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Table 2.7: Parameters Analysis

assumption; the shares above 0 of the different milk types are consistent with the previous
data analyses.
Following the baseline estimation, the individual coefficients were estimated using the pro-

cedures that were described in the previous section. This step uncovered the high frequency
(UH-H) group’s estimators, which have shown to be significantly different from the general
population’s ones. As described in Table 2.8, while the price coefficients do not differ be-
tween the groups, the fat-type coefficients significantly differ between them, such that the
WTP -for-fat difference among them is of the magnitude 1.33, which is 78% of the common
bundle’s price. There is no analytic expression for the distributions of parameters of the
groups (H and L), and thus the distributions were estimated using kernel estimations.
Eventually, looking at the results, we see that they have a normal distribution shape. Fig-

ure 2.1 presents the kernel distributions of the difference in WTP for fat and the WTP
for the next best alternative for the individual. One line presents the distribution in the
population and the other one presents the distribution in the high-frequency for fat, the H
group. Two important findings are presented in this figure; the first is that while analyzing
the general population’s willingness to pay for fat was not useful, the high-frequency group’s
distribution of willingness to pay is very informative. The second is that the individuals’
simulations of tastes are important in the estimation analysis and that convergence is not
achieved immediately, but requires enough simulations. The main difference between the
figures is that the number of simulations in the estimation has differed between them. In
figure 1.13 we see the result that was described above. Essentially, if it is possible to target
on an individual level, realizing what the next best option is, the difference in WTP is on
average 0.26 British pounds, which is 15% of the average bundle price.
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Table 2.8: Individual Parameters
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Figure 2.1: Chap2 Kernal Distributions of ∆WTPi

Counterfactuals

As discussed earlier, 12% of the transactions were made by households which have purchased
more than 50% full-fat milk in their baskets. Given the estimates, I have recalculated a quasi-
counterfactual to learn whether the average discount per household in the UH-H group,
given to the individual estimates, will indeed introduce these households to a new lower-fat
product. The results were very supportive of the approach. Out of these 930 transactions,
501 were of household with WTP-diff that is higher than zero. Thus, the next-best products
in the consideration sets of these transactions were discounted according to the estimated
WTP-for-fat. The overall potential subsidy was very low, and it was 223 (British Pounds)
only compared to the revenues from milk of over 13,500. Out of the consumers who have
received a discount, 53% of the targeted transactions have converted to a discounted product
as was expected because we have reached the indifferent condition, which has led to a final
subsidy of 103 only.

2.7 Conclusions and Discussion

Policy makers, retailers, and marketers are often interested in familiarizing certain consumers
with product-attributes that these consumers do not often try. Previous literature in tar-
geted marketing have studied the willingness to pay (WTP) for varied products as bundles,
and this chapter extends this literature by identifying it for certain attributes of products
and specific segments.
Using a unique panel dataset, with individual transactions, it estimates the standard de-
mand model. However, it also finds the individual distributions of households according to
their consumption patterns looking at specific attributes. By that, this chapter presents a
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new approach of how to target specific groups of interest according to their general liking of
specific attributes across products.
In this chapter, the group of interest is the group that often purchases the fattiest products
in the diary category and seldom purchase lower fat products. By allowing heterogeneity
in tastes for varied attributes and then applying a Bayesian model on the actual choices,
individual level coefficients are found.
The estimation results show that there are significant differences in the distribution of WTP
for higher fat levels between the average in the population and specific groups of consumers
who often purchase these fattiest products. The counterfactuals show that the required price
promotions are very efficient and effective.
This chapter also presents a new approach for confronting the overweight epidemic using
targeted subsidies. The results show that it may rather efficient to introduce consumers
from the high-frequency group (UH-H) to healthier choices using promotions for the next
best choice of fat-type. The average discount that is required to be made for the next-best-
option is of 13.5% decrease in the bundles’ prices, which is a 0.235 British Pounds decrease.
The average expenditure per household, according to the data, we can assume that these
households make a purchase once a week on average, thus the total yearly expenditure is
around $5260 US dollars, but the data shows that only 60% of it is related to categories that
contain saturated fat, sugars, and other unhealthy ingredients. Thus, the upper bound for
the subsidies expenditure is Total*0.6*0.135, which is We are looking at Hence, the subsidy
will be summed at $425 US dollars.
As was discussed in the introduction, an obese person incurs 25% higher health expendi-
tures than a person of normal weight, taking the information about the public expenditure
on health and finding the health expenditure on obese we find that in the UK, the extra
expenditure on obese per capita is $692 US dollars. If this strategy is implemented as dis-
cussed above, the model suggests that it will greatly influence the households and thus,
reduce overweight. But, since the model suggests that about 50% of the consumers will
convert, even if it is possible to assume that this will be enough to reduce their weight over
time, it means that the extra public expenditure will be summed at $350, which leaves $75
extra public spending for the subsidies. Together with this, as was discussed before, reducing
overweight in the population have additional public health and economics advantages, which
firstly include better lives for people, especially for children who do not have much choice
and a led by their parents choices. The benefits also include higher productivity per capita,
which will be reflected in income from higher taxes.
Alas, the analysis from above uses very rough estimations of the costs and saving, which
should be greatly elaborated and improved. The main limitation of these data was that it
was not very long and included 8 weeks only. It will be easy to extend these data and even
add more information from brick-and-mortar stores that use membership cards. Then, as
a first step, it will be possible to simulate an individual price reduction and check that the
estimated parameters will indeed introduce the targeted consumers to the next best option.
Secondly, it is possible to add correlation between choices to the model and estimate inertia
parameters, in a similar way to Dube, Hitsch, and Rossi (2010). Using these with longer
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dataset than the current 8 week, it is possible to estimate the individual inertia parameters,
and adjust the promotions to this; meaning that if a household was introduced to a health-
ier option in the previous purchase, with a certain probability this household will buy the
same product in the next purchase instance. This information can greatly reduce costs of
subsidies, while bring to almost the same result overall. Lastly, for the robustness checks,
even though the generalized methods of moments was built for this case, it was not fully
estimated using the consideration set that was defined and another category should be added
to the estimation to prove that this is not a private case.
Nevertheless, this chapter motivates continuing studying the new approach for reducing over-
weight and obesity as it shows that in implementing the plan the governments will not only
treat the problem of overweight with higher probability than the previous macro solutions,
but will also improve overall social welfare with a very low monetary cost or even overall
saving, which gives an incentive for governments to subsidize discounts given by retailers
according to the approach that was described in this chapter.
Thus, on the one hand, this chapter presents a complete method for introducing products
to specific consumer groups, which is relevant to many marketers, and on the other hand it
shows how targeted marketing can be used by policy makers for increasing consumers’ and
social welfare.
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Chapter 3

Explaining the Sudden Price Loving
Behavior in the US Recession

3.1 Overview

It is rare that the demand for durable goods’ products is increased together with an increase
of the index price of the products. However, when these cases are apparent from the data,
they can point out on major effects that can highly affect lower-income populations. An
example is the familiar case of demand for potetoes during the Irish Great Famine. 1 2

As the sub-prime crisis of 2008 hit the US and recession of 2008-2009 began, over 20% of the
consumers (Segment 2) at a major supermarket chain has significantly increased the average
unit price that they used to spend in the liquid laundry detergent category. 3 This is even
though there was a significant price decrease at the category. This is exactly the opposite of
the expectations. In fact, the rest of the consumers (segment 1) behaved according to the
expectations and have purchased products with a significantly lower unit price, even if they
had to change the products that they used to buy. As expected, using the standard demand
model and adding treatment for taste heterogeneity, without treating endogeneity, it seemed
that Segment 2 is not sensitive to price, and is even price loving, while the model explained
the behavior of Segment 1 as expected.
Adding the summary statistics information that Segment 2 also significantly decreased the
average package size and did not enjoy the quantity discounts that were offered in the cate-
gory, while segment 1 did the exact opposite raised the question whether segment 2 became
more limited on its borrowing ability and thus decrease quantities, so that the overall pay-
ment will be lower.
There is a very limited evidence for these situations occurring, however for the cases that

1Potatoes during the Irish Great Famine were long considered the most known example of a Giffen good.
2For some products, which are called Veblen goods, price paid has a positive utility to consumers, thus

when price is higher the targeted consumers’ demand increase. This chapter does not refer to these cases.
3This will be extended to more categories. For example, the coffee market went through a similar

situation.
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they do occur, the literature was highly interested to learn what were the effects that were
driving the phenomena. While researched in micro settings, they can have large implications
on the population’s consumption patterns.
Sherwin Rosen, 1999, discusses the ”Potato Paradox”, when the increase of potatoes price
during the Irish Great Famine actually increased demand of the lower income and more price
sensitive population, which could have also be defined by a researcher that does not have
the complete information a population that suddenly became less sensitive to price. While
the prior literature to Rosen has discussed the potatoes as Giffen goods, Rosen, 1999, shows
that the phenomenon could be explained by a standard demand model.
This chapter is extending this literature by presenting another evidence for a consumption
situation that can initially be very confusing. In this case, it shows that in fact, the price
decrease of the recession by the leading brand allowed segment 2 to be able to finally buy
Tide’s products as the product were less expensive than they used to be. 4

Thus, the chapter extended the initial demand model to include treatment for prices endo-
geneity in the estimation, and using MLE and the control function approach, the model’s
estimation results show that the latter explanation for both segments’ behavior is probably
most accurate. 5

This chapter concludes by a discussion of how to handle changes in consumer behavior for
finding the exact preferences. It particularly highlights that when it seems that consumers’
preferences have greatly changed post a major change in the market, it may be misleading.
It emphasizes how price fluctuations and consumers behaviors significant changes provide a
great opportunity for marketers to see choices that they could not observe in the data before
and analyze consumer behavior with more information.

3.2 Data

The sample data is of 6% of all the transactions that took place between February 2008 and
March 2009 at the Northern California stores of one of the biggest supermarket chains in
the US in the laundry liquid detergent.
At the end of 2008, this category market was estimated at $3.6 billion sales for that year 6.
Given the sample size and the total purchase size per household in the retail stores that are
considered in the sample, there were about 620 thousand regular customers who purchased
every 2 months on average at an average total price of $12. Thus, the expected total yearly
revenues for these stores is $7.4 million.
The households that are included in the sample were ones that purchased at least twice at

4we can assume that the shelves’-promotional tags have indicated the large prices decrease, which were
probably captured in the significant effect coming from the residual in the control function.

5Another level of accuracy will be added when the exact price sensitivity for before and after the beginning
of the recession will be added

6IRI market research, 2008
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Table 3.1: Market Share by Main Attributes

(a) Sub-Brand (b) Loads-Category

the store, at least once at the liquid laundry detergent category (from the inside or outside
option goods), and not more than once in a two weeks. Thus overall the sample includes
6210 households and 39,178 choice situations. 7

The type of products in this category are durable goods that are required product for house-
holds. The category includes six leading sub-brands (of five brands) that held over 70% of
the market share in the category. Each sub-brand offered a large variety of per unit prices
and a large variety of package sizes that changed over time as can be seen in Table 3.1a. 8

In the laundry detergent category, the main attributes that affect the value of a package
are sub-brand and number of loads in a package. It is important to notice that the package
size may vary, however when testing the demand model, the size itself is not significant to
consumers (even when including heterogeneity), but the number of loads is. 9

The positive value is compared to the package’s price. Hence, the main attributes of a
product that affect the choice in the utility model are price, sub-brand, and number-of-
loads.
Table 3.1b presents the market share of each loads-size category and Figure 3.1 summarizes
the per product and per size pricing. Altogether the inside good’s market share is about
70%. As we can see, Tide is the leading sub-brand with a big gap compared to the rest of
the sub-brands. Then comes the private label product, which also has double the market
shares of the rest of the sub-brands.
There were significant quantity discounts as were seen in Figures 3.1 and ??. The market

7The filtering conditions are give because of a few reasons: 1. a household-id that buys more than
once in two weeks - it probably buys for some different households. 2. a household that purchased in the
supermarket less than twice in the period is not a real customer. Maybe they just had to buy once due to
an urgency and in urgency conditions, it is hard to identify real preferences. 3. If they have never purchased
from the category, most chances are that they prefer to buy from this category in another retail store. This
is because this category is required.

8These market shares are in-line with the US market shares according to IRI, 2008
9This notice is important for papers that are interested in studying quantity discounts as the size of the

package is usually considered.
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share by loads-category show that consumers generally prefer the packages of the 32 or 64
loads. As we could expect, consumers prefer smaller packages at this retail grocery store,
however they prefer to use the quantity discounts.

Figure 3.1: Pricing of Sub-Brands per Loads’ Category through the Panel Data

The household summary statistics is given in Table 3.3. This summary validates that
the panel data is reliable given the variation in chosen products by brand and by size per
household. In fact, 75% varied their choices.

As discussed in 3.1, the market could be divided to two main segments that have reacted
differently to the recession. Table 3.4 presents the significant changes that have occurred in
correlation with the indicator of period 2, which is the first eight months of the recession
in the US. It is commonly not very apparent from the data how to divide consumers to
segments. However, in this case, the differences between each segments behaviors in period
1 compared to period 2 were very salient.
Segment 1 was of 78.1% of the consumers’ population and segment 2 included the rest, which
was 21.9%. In period 2, Segment 2 has purchased products with significantly higher unit
price per product and also decreased the number of loads per package at the same time.
On top of these summary statistics, there were significant changes in brands’ consumption
between the segments and between the periods as presented in Figure 3.2. Segment 1 has
significantly increased choices of the PL and Arm & Hammer on top of the outside option
(OOP) options and Tide, while Segment 2 has significantly increased for Tide on top of the
PL and OOP.



CHAPTER 3. EXPLAINING THE SUDDEN PRICE LOVING BEHAVIOR IN THE US
RECESSION 67

Table 3.2: Unit Price on Product Attributes

Note: These are the results of the OLS regression of the unit price on the attributes as listed in the table.
Standard errors are in parentheses. The regression shows a very large fit of R2 = 99%.

3.3 Demand Model and Estimation Strategy

The primitives of the model are the product characteristics, consumer preferences, and the
equilibrium notion. I assume that households buy one product from a choice set S with J +
1 alternatives. I denote N as the number of households in the panel and Tn as the number
of weeks for which I observe choices for every household. The consumers in a household
derive utility from one product in that choice set (buying alternative j = 0 means that the
consumer made no purchase of the available brands).
The household buys the product for which the perceived utility is the greatest, but will make
no purchase from the category if the utility of each of the brands is less than the utility if it
makes no purchase.
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Table 3.3: Households Summary Statistics

Table 3.4: Two Segments changed Behaviors between the Periods
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Figure 3.2: Market Share by Main Attributes

(a) Segment 1 - Brands period1 vs. period2 (b) Segment 2 - Brands period1 vs. period2

The utility that consumers in household i at time t obtains from product j ∈ 1..J depends
on observed and unobserved attributes of the product, where for j=0, Ui0t = 0. Assume that
utility takes the form

Uijt = −αpjt + Xjβij + ψijt + εijt (3.1)

This model follows the standard model that is defined in Berry, 1994. Where αi is the mean
price sensitivity per market t, pjt is the price of product j at market t, Xj are product j’s
attributes, which don’t change along the time, βijt is a vector of tastes per attribute of
household i per attribute of product, j. ψijt is the unobserved heterogeneity in tastes, and
εijt is the household, product, and market, i.i.d demand shock, at time t.
To ease notation, denote:

Vijt = −αipjm + Xjβij + ξjm + ψijt (3.2)

Then:
Uijt = Vijt + εijt (3.3)

A simplifying assumption commonly made (see McFadden, 1981, BLP 1995, and more)
is that εijt is distributed i.i.d. with a Type I extreme value distribution. Moreover, in this
model, the mean utility of the outside good is not identified, and it normalized to 0.
Given these and the previous definitions, the likelihood that a household will purchase prod-
uct j in market t is defined as follows

Prob(yijt = 1|θ) =

∫
exp(Vijt)

1 +
∑

k∈J exp(Vikt)
df(·|θ)dηijt (3.4)

Where yijt = 1 if household i has chosen product j in market t given the parameters θ,
which are the parameters of distribution F, from which the house-level tastes and preferences
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are drawn.
As in McFadden and Train, 2000, and as in the other papers that use SMML, tastes are
drawn for all the attributes and the interactions of them for products, 1..J, when the taste
is for a product. Suppose the distribution F is the normal distribution, then parameters to
be estimated for the distribution are the mean for the tastes and the variation matrix. This
is described by the following

let η =

[
α
β

]
and η̃ijt =

[
α̃i
β̃ijt

]
Then

ηijt = η + Σ1/2 ˜ηijt + ΠDi s.t. η̃ijt ∼ N(0, IK)

(3.5)

where Σ is the matrix of standard error parameters 10, we assume that the parameters are
distributed normally, which should be fine for the goal of the estimation, and K equals to the
number of random variables, including interaction variables, I is the identity matrix, Π is a
K×d matrix of the coefficients that measure how the taste characteristics (suppose there are
K of variables, including the interaction variables) vary with demographics (d demographic
variables).
We use the notation t for beta and for eta as these are functions of t when they are put into
the model, however the draws from the distribution are not affected by t and neither the
coefficients that beta includes as in equation 1.2.

3.4 Estimation

Each purchase may include more than 1 package from each product. In such case, the
quantity will be higher, but the purchase will be defined as one purchase and the unit price
will be calculated for the total number of loads in the number of packages of the product.
To estimate the model, we can write the likelihood function as the product of the likelihood
of purchases, given the prices and the product attributes, and conditional on the parameters,
which are estimated through the model, as follows

L =
NM∏
t=1

J∏
j=1

NP∏
i=1

Prob(yijt = 1|θ) (3.6)

This likelihood function, where NM is the number of markets, J is the number of products
per market, and NP is the number of households in the panel. The probability function is
as defined in 3.4. 11 There are a few possible techniques to estimate the model. Since the
data is individual level data, the simulated maximum likelihood as discussed in McFadden

10Σ1/2 is the Cholesky factorization
11each household made different number of choices and each brand was selling in a different number of

market, which the matlab code overcomes.
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and Train, 2000, was chosen as the estimation method. Table 3.5 presents the results of
the estimation. The results are that segment 2 is price loving. This is not consistent with

Table 3.5: Model Estimation with no treatment for Endogeneity

Note: Standard errors in parentheses. Size3 represents the products that have added values, such as
softeners. Thus, size3 effects are captured by the brands and the added value attribute.

the period of the recession, however it is consistent with the summary statistics that show
that segment 2 increased the unit price index in period 2. Given the inconsistency with the
product category and with the recession period, treatment of endogeneity was considered
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Possible Endogeneity

The prices in the model defined in 3.1 may be correlated with the error term as prices move
with unobserved demand shocks, such as news reports or other factors that affect segment
2 and are unobserved in the data.
The estimation handles these possible problems through the control-function method as
defined in Petrin and Train, 2009, as follows

pjt = W (Z̃j, ζj) + νjt (3.7)

pjt = γjtZjt + νjt (3.8)

pjt = p̂jt + νjt (3.9)

Using the linear model with the observed attributes only has a fit of 99.3% as can be
seen in Table 3.2. This is a very high fit, hence does not require additional techniques for
the control function in case it was not significantly explain the price. 12

Thus, built upon the model that was discussed in 3.3, and given the data and endo-
geneity treatments, the following empirical utility model, is a complete model that allows
identification of the required parameters

Uijt = −αip̂jt + Xjβijt + ψijt + λijνjt + εijt (3.10)

The likelihood function 3.6 is updated according to 3.10, and the model is estimated in
the same manner discussed prior to adding the treatment for endogeneity. 13 The results
are presented in table 3.6. As we can see, including the endogeneity treatment has cleared
the picture, so that in fact both segments are very sensitive to price, however segment 2
appreciates the market leader’s (Tide’s) products more than segment 1. Moreover, while the
residual for the control function has zero mean for segment 1, it is not the case for segment
2. There are significant unobserved characteristic effects that affet segment 2’s utility.

3.5 Discussion

This chapter considers a case where an exogenous effect has changed the demand and sup-
ply behaviors in the market. While beforehand the leading brand was holding price almost
constant, in period 2, it has significantly deceased the pricing level for a few months. It is
also rational to assume that consumers have become more sensitive to price or more limited

12In cases were the fit is not very high for the linear function as discussed in Petrin and Train 2009,
another control function method that does not force a functional form is discussed in Villas-Boas and Winer,
1999, and another method that can be helpful is BLP, 2004.

13It is also possible to use Villas-Boas and Winer, 1999, or BLP, 2004 in case it was important not to use
a functional form for the price’s possible endogeneity. This was not important for this chapter’s purposes.
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Table 3.6: Model Estimation

Note: Standard errors in parentheses. Results for segment 1 and segment 2 are separated and on the left
most columns there are the results for all the segments together. Size3 represents the products that have

added values, such as softeners. Thus, size3 effects are captured by the brands and the added value
attribute.

on borrowing ability given the situation in the market. However, unlike the expectations, a
large portion of the market increased payment per unit for the products.
A few models were ran to explain the data, two of them are presented in this chapter. The
first is a model that does not include treatment for endogeneity. It estimates that Segment
2 is price loving at period 2. The second model includes treatment for endogeneity and the
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results are that, as expected, the sensitivity to pricing of both segments is very high. Thus,
clearly, the first model did not identify the true sensitivity to pricing of Segment 2.
This clean result through the standard demand model, on a market that initially seemed
to behave in an unexplained way is another important example that adds to the literature
that discusses behaviors where products seem to be Giffen goood and it is an helpful tool
for marketers to realize how to explore their markets when a huge exogenous event, like a
recession occurs.
In this case, the leading brand’s marketers could have noticed that a large portion of their tar-
get market has significantly changed. In fact, their target market was now of the consumers
who are more sensitive to price than before, however these consumers greatly appreciate the
chance to finally purchase the brand’ products, once the prices have decreased. Together
with that, it is possible that they could not allow themselves to buy bigger products giving
their limited borrowing ability, and hence had to decrease number of loads per package, so
that the total price of the product will not be too high for them.
While the limited borrowing ability option is of high interest. These data did not have the
required variation to identify the effect. However, a follow-up work in this direction could
use similar data analysis methods as in this chapter, and if there are categories where con-
sumers reduced the sizes and did not significantly change their brand preferences, a limited
borrowing ability could be found.
Another perspective of Segment 2’s behavior is that the estimation has found a significant
effect to the unobserved characteristics in its utility model. Marketers, who should have
complete information about promotions and other sources for correlated demand shocks,
should notice this effect and complement the information of what have changed the utility
for the segment through varied marketing tools.
The model that made the best fit to the data and identified consumers preferences, assumes
that the sensitivity to pricing has not change between the periods. However, the expectation
is that it has changed. The reason is that these data did not allow finding the per period
sensitivity to pricing. The main reason is that the prices did not fluctuate much in period 1
and consumers did not varied their choices in a way that allowed realizing Segment 2’s high
preference to the leading brand.
On the other hand, adding the two periods together revealed new consumers to new brands.
This model and estimation, for example allowed marketers of the leading brand, Tide, to
observe the high preference to Tide of Segment 2.
To conclude, this paper presents how a unique events, such as a recession, can change the
market. While in such cases an immediate belief is that consumers might change their pref-
erence and design models accordingly, it shows that in some cases it is better to add the
information of before and after together.
Finally, this paper joins the previous chapters by emphasizing the need to identify segments
within the consumer population and analyzing them separately.



75

Bibliography

[1] Greg M Allenby and Peter E Rossi. Marketing models of consumer heterogeneity.
Journal of Econometrics, 89(1):57–78, 1998.

[2] C Lanier Benkard, Przemyslaw Jeziorski, and Gabriel Y Weintraub. Oblivious equi-
librium for concentrated industries. The RAND Journal of Economics, 46(4):671–708,
2015.

[3] Steve Berry, Oliver B Linton, and Ariel Pakes. Limit theorems for estimating the
parameters of differentiated product demand systems. The Review of Economic Studies,
71(3):613–654, 2004.

[4] Steven Berry, James Levinsohn, and Ariel Pakes. Automobile prices in market equilib-
rium. Econometrica: Journal of the Econometric Society, pages 841–890, 1995.

[5] Steven Berry, James Levinsohn, and Ariel Pakes. Differentiated products demand sys-
tems from a combination of micro and macro data: The new car market. Technical
report, National bureau of economic research, 1998.

[6] Steven T Berry. Estimating discrete-choice models of product differentiation. The
RAND Journal of Economics, pages 242–262, 1994.

[7] Timothy F Bresnahan. Departures from marginal-cost pricing in the american auto-
mobile industry: Estimates for 1977–1978. Journal of Econometrics, 17(2):201–227,
1981.

[8] Timothy F Bresnahan. Competition and collusion in the american automobile industry:
The 1955 price war. The Journal of Industrial Economics, pages 457–482, 1987.

[9] Benjamin Caballero. The global epidemic of obesity: an overview. Epidemiologic re-
views, 29(1):1–5, 2007.

[10] Pradeep K Chintagunta. Inertia and variety seeking in a model of brand-purchase
timing. Marketing Science, 17(3):253–270, 1998.

[11] Hayley H Chouinard, David E Davis, Jeffrey T LaFrance, and Jeffrey M Perloff. Fat
taxes: big money for small change. In Forum for Health Economics & Policy, volume 10,
2007.



BIBLIOGRAPHY 76

[12] Gregory S Crawford and Matthew Shum. Uncertainty and learning in pharmaceutical
demand. Econometrica, 73(4):1137–1173, 2005.

[13] Adam Drewnowski and Nicole Darmon. Food choices and diet costs: an economic
analysis. The Journal of nutrition, 135(4):900–904, 2005.
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