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Abstract

This dissertation examines quantity surcharges and heterogeneity in consumer attention.

Quantity surcharges exist for packaged goods when a smaller package size is cheaper than its

larger size counterpart per unit. Even though consumers face quantity surcharges in their daily

lives, minimal research has been done on this topic.

Chapter 1 documents the relevance of quantity surcharges for households who shop at gro-

cery stores. I use rich scanner data in the peanut butter category for this analysis and through-

out the other chapters. The data show that quantity surcharges are highly frequent: they exist in

62% of weeks. Quantity surcharges also exist consistently over time, rather than being a side ef-

fect of occasional sales on small size items. Households have heterogeneous purchasing behav-

ior during quantity surcharge periods: some households take advantage of the surcharge and

purchase multiple small size jars, but others pay extra and buy large jars ("miss" purchases). I

analyze the characteristics of those households who make miss purchases using negative bino-

mial regressions, and find that they have large expenditures per shopping trip and small variety

of peanut butter purchases.

Chapter 2 takes a deeper look at the purchasing behavior in response to quantity surcharges

and welfare effects. It begins by comparing explanations for purchasing behavior through es-

timated demand models. I compare three models: (1) a standard discrete choice model for

packaged goods, (2) a model that allows preferences for package size, and (3) a model with inat-

tentive consumers. In the consumer inattention model, some households are not aware of the

existence of quantity surcharges when they shop due to inattention, and make miss purchases.

I use Bayesian methods to estimate the models. Among the three models I consider, the con-

sumer inattention model explains the miss purchases best: it has the smallest prediction error

for expected demand. I apply the estimation results to calculate the costs of consumer inatten-

tion. The simulation results show that a household loses $0.69 per a miss purchase on average.

Chapter 3 introduces an alternative demand model for packaged goods that considers

households’ dynamic decisions to consume and purchase. The model features heterogeneity

of consumers in storing and attentiveness, and allows four household types: attentive non-

storer, inattentive non-storer, attentive storer, and inattentive storer. I identify the household

types using the method of kmeans and estimate the parameters using maximum likelihood.

The estimation results show that attentive storer type households are most price sensitive and

inattentive non-storer type households are least price sensitive.
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Chapter 1

Quantity Surcharges and Consumer

Heterogeneity

1.1 Introduction

Quantity surcharges exist when a small package size item is cheaper than its larger

size counterpart per unit (e.g., roll, ounce). The opposite of quantity surcharges, quantity

discounts, may be the more intuitive pricing strategy. Quantity surcharges, however, are

frequently observed at grocery stores (Widrick (1979)). Data plans for smart phones that

allow customers to use a certain amount of data at a fixed fee and then charge a lot more

per byte once they pass the limit are also an example of quantity surcharges.

In this chapter, I study quantity surcharges at grocery stores, focusing on heteroge-

neous consumer behavior. I use rich scanner data in the peanut butter category for the

study. Quantity surcharges are highly frequent for peanut butter products. Consumers

show heterogeneous purchasing behavior when quantity surcharges exist: some pur-

chase multiple small size jars while some others purchase large size jars. The households

who purchase large size jars in quantity surcharge periods show distinctive characteris-

tics.

I identify quantity surcharges between small and large size jars, controlling for all the
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other observable characteristics. Quantity surcharges are more frequent than quantity

discounts in the peanut butter category, and the price gap between the two sizes is also

bigger in quantity surcharge weeks than quantity discount weeks.

I prove that quantity surcharges are consistent phenomena rather than being fully

determined by promotional activities. Sale on small size jars increases the frequency

of quantity surcharges. However, in many other occasions quantity surcharges occur

without small size items being on sale. The non-price promotional activities, feature

and display, have no significant effect on quantity surcharges.

Households show two interesting purchasing patterns when quantity surcharges ex-

ist. First, multiple small size jar purchases are four times more frequent in quantity sur-

charge weeks than in quantity discount weeks. This is not a surprise once we understand

the substitution opportunities in quantity surcharge periods: consumers who demand

a large quantity can save money by purchasing multiple small size items instead of one

large size item. However, 19.43% of households purchased large size jars in quantity

surcharge weeks. Clerides and Courty (2017) argue that those households who miss sub-

stitution opportunities are "inattentive".

I further study the households who make miss purchases. I design a negative bi-

nomial regression model that explains the number of misses each household make us-

ing the three groups of household characteristics: demographics, grocery shopping, and

peanut butter purchases. Estimation results suggest that households with big family size

and large expenditure on each grocery shopping make more miss purchases in quantity

surcharge weeks. Households who purchase a variety of peanut butters make less miss

purchases.

The literature provides two explanations for quantity surcharges. One explanation is

that retailers want to price discriminate against consumers with high demand (Agrawal,

Grimm, and Srinivasan (1993)). The other argues that quantity surcharges exist as a side

effect of temporary price promotions when only the small package is on sale (Sprott,

Manning, and Miyazaki (2003) and Clerides and Courty (2017)). The welfare effects of
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quantity surcharges to consumers are ambiguous in both cases. It is critical to identify

inattentive consumers and understand their behavior to analyze the welfare effects.

The peanut butter category is ideal for studying quantity surcharges for the following

reasons. The dominance of three national brands shortens the list of brands to consider.

Also, peanut butter products are relatively homogeneous, which makes it easier to com-

pare apple to apple. Lastly, both quantity discounts and quantity surcharges are widely

observed at grocery stores.

Even though consumers face quantity surcharges in their daily lives, minimal re-

search has been done on this topic. Also, most of this research is limited to use store level

data and fails to catch heterogeneity in consumer behavior (Agrawal, Grimm, and Srini-

vasan (1993), Sprott, Manning, and Miyazaki (2003), and Clerides and Courty (2017)).

Understanding heterogeneity in attention is important, especially for packaged goods in

the presence of nonlinear pricing.

1.1.1 Literature Review

Few papers in the marketing literature study quantity surcharges. Widrick (1979),

Nason and Della Bitta (1983), and Cude and Walker (1984) document the existence of

quantity surcharges. Widrick (1979) focus on 10 product categories at 37 grocery stores in

upper New York State using cross-sectional data. He found a high percentage of quantity

surcharges across the categories (e.g., 84.4% for canned tuna fish and 33.3% for laundry

detergent).

Agrawal, Grimm, and Srinivasan (1993) and Sprott, Manning, and Miyazaki (2003)

study quantity surcharges on the seller side. Agrawal, Grimm, and Srinivasan (1993)

interpret quantity surcharges as a practice of price discrimination against consumers

with high demand. On the other hand, Sprott, Manning, and Miyazaki (2003) argue that

stores practice quantity surcharges in order to build a low store-price image. Stores have

incentive to lower the price of small size items when those are the items with a high sale

volume. However, neither analyzes household purchasing behavior with the existence
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of quantity surcharges.

Kumar and Divakar (1999) is not directly related to quantity surcharges, but studies

different package sizes offered within a product. The authors argue that competition

exists not just at a brand level but across different brand-sizes. This implies that stores

should practice promotional strategies at the brand-size level.

Clerides and Courty (2017) is the first attempt to analyze quantity surcharges on the

consumer side, to the best of my knowledge. Using store level data in the laundry de-

tergent category, the authors find that roughly 45%–75% of households are inattentive in

the sense that they miss the substitution opportunity to switch from the large package

size to the small size in quantity surcharge weeks. The authors suggest search costs as

a rationale for consumer inattention. However, due to the limitation of store level data,

the authors cannot analyze the behavior of the households who are attentive.

The chapter proceeds as follows. Section 2 describes the data sets used for the anal-

yses and provides summary statistics. Section 3 studies quantity surcharges at grocery

stores and Section 4 analyzes household behavior when quantity surcharge exists. Sec-

tion 5 concludes the chapter.

1.2 Data

1.2.1 Description of Data

I use weekly panel scanner data collected by Information Resources Inc. (IRI) for

the analyses. The data set covers a period from January 2001 to December 2011, and

31 categories of products, including beer, carbonated beverages, and laundry detergent

(Bronnenberg et al. (2008)). IRI collected data from supermarkets in 50 regional markets

defined by IRI, and also from household panels from two of the regional markets. I focus

on the peanut butter category in the Eau Claire, Wisconsin, market, from January 2008

to December 2010. Eau Claire is one of the two markets that have both store level and
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household level data.1

The store level data consist of weekly peanut butter sales observations at store-UPC

(Universal Product Code) level, including the number of jars sold, total sales in terms of

dollar amount, and information on promotional activities. From now on, I use "grocery

stores" and "stores" interchangeably. The household level data include peanut butter

purchases, trips to grocery stores, and household demographic characteristics. There is

also an additional data set available on the attributes of peanut butter items. Please see

Appendix A.1.1 for more details.

I merged the three household level data sets and product attributes data in order to

extract the maximum information on households’ product purchases. Then I merged

the store level data set to get additional information on price levels and promotional ac-

tivities. I dropped the observations that were not matched during the merging processes.

I also dropped the households who showed extreme purchase history: more than six jars

on a single trip or more than 100 jars in total during the time period.

Appendix A.1.2 describes how I merged each data set, and Appendix A.1.3 shows how

I further clean the data set in detail. The final data set contains 2,367 households with

23,287 purchase observations in total. Those households purchase 123 UPCs of peanut

butter items from six grocery stores. The households in the sample are broadly repre-

sentative of the national data. The household demographics in the sample are similar to

the national level, except for race. Please see Appendix A.2 for details.

1.2.2 Peanut Butter Market in Eau Claire

The big three national brands of peanut butter are Jif, Skippy, and Peter Pan. Jif and

Skippy have significantly large market shares in Eau Claire, at 31% and 28%, respectively.

The market shares of the top 10 selling brands are listed in Table 1.1. J.M. Smucker

Company, Jif’s current parent company, acquired Jif from P&G in 2001. In addition to

other Jif brands, such as Simply Jif, Jif to Go, and Jif Natural, J.M. Smucker Company also

1The other household panel market is Pittsfield, Massachusetts.
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owns Santa Cruz Organic and its own peanut butter brand, Smucker’s. Skippy belongs to

Unilever, which also owns Skippy Natural and Skippy Super Chunk.

The third top selling brand, Private Label, is actually not a brand. It is known as a

store brand or generic brand, and its market share increased over the period I analyzed

(2008–2010).

Table 1.1: Top 10 Selling Brands

Market Cum Market
Rank Brand Parent Company Share (%) Share (%)

1 Jif J.M. Smucker Co. 31.02 31.02
2 Skippy Unilever 28.25 59.27
3 Private Label Private Label 16.39 75.66
4 Peter Pan Conagra Foods, Inc. 7.87 83.53
5 Smucker’s J.M. Smucker Co. 5.17 88.71
6 Skippy Natural Unilever 3.50 92.21
7 Skippy Super Chunk Unilever 2.43 94.64
8 Smart Balance Smart Balance, Inc. 1.13 95.77
9 Simply Jif J.M. Smucker Co. 1.12 96.88
10 Holsum Holsum Foods 0.51 97.39

Note: The data used are store level peanut butter product sales data from six grocery stores in the Eau Claire
market, 2008–2010. The market share is based on the total number of peanut butter jars sold in the market.

1.2.3 Household Peanut Butter Purchases

2,367 households in the panel purchased at least one jar of peanut butter during the

three year time period. Table 1.2 shows summary statistics of the total number of peanut

butter jars each household purchased. Half of the panel purchased more than 11 jars,

and 25% of them purchased more than 20 jars. The average number of jars purchased is

15.37. The table also shows summary statistics of the number of jars purchased on a sin-

gle grocery shopping trip, conditional on purchase. Households frequently purchased

multiple jars of peanut butters at a time. The mean is 1.57 jars, and more than 25% of the

purchase occasions are multiple jar purchases.

Table 1.3 looks into multiple jar purchases in detail. 10,452 out of 22,973 purchase

occasions, which is 46.88%, are multiple jar purchases. Most of the multiple jar pur-
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Table 1.2: Summary Statistics of Number of Peanut Butter Jars Purchased

Variable Mean SD Min P25 P50 P75 Max

Num of Jars for Three Years 15.37 14.69 2 5 11 20 99
Num of Jars on a Trip 1.57 0.78 1 1 1 2 6

Note: The data used are household level panel data from the Eau Claire market between 2008 and 2010.

chases are of the exactly same peanut butter item, rather than two different items. The

data show that households purchased two jars of peanut butter on a single trip 8,814

times, and 8,336 times out of that, the two jars have the same UPC. UPC is the finest way

to define a product, which means two jars with the same UPC are identical. Similarly,

1,166 out of 1,955 times that households purchased three or more jars, the jars have the

same UPC. These suggest that most of households purchased multiple jars at a time for

large quantity rather than for variety.

Table 1.3: Household PB Multi-UPC and Multi-Jar Purchases on a Trip

Number of UPCs

Number of Jars 1 2 3 Total

1 12,521 0 0 12,521
2 8,336 478 0 8,814

3+ 1,166 456 16 1,955

Total 22,023 934 16 22,973

Note: The data used are household level panel data from the Eau Claire market between 2008 and 2010.

1.3 Quantity Surcharge at Stores

In this section, I study quantity surcharges at stores. I first define a product and

identify products from data. Then I use the definition of a product to define quantity

surcharges and measure frequency and magnitude of quantity surcharges. Quantity sur-

charges are more frequently observed than quantity discounts. Also, the price gap be-

tween sizes is bigger in quantity surcharge weeks than in quantity discount weeks.
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1.3.1 Identification of Products

Defining a product is an important pre-step to define quantity surcharges. I define

a product as a group of items that are identical except for the package size. It is critical

to control the product characteristics among the items except for the package size. Oth-

erwise, we cannot separate quantity surcharges from price differences due to product

differentiation.

I identify products in the peanut butter category using the definition. First I combine

very similar brands together. As shown in Table 1.1, Skippy Natural and Skippy Super

Chunk are sister brands to Skippy, and it is natural for consumers to consider them as

Skippy brand with different characteristics. Hence I merge the three Skippy sister brands

into one brand Skippy, and do the same for Jif and Peter Pan 2. Then I focus on the

four leading brands: Skippy, Jif, Private Label, and Peter Pan. Lastly, I group UPCs with

the same observable characteristics (texture, flavor, salt contents, sugar contents, and

process) except for the package size.

The list of 17 products identified is presented in Table 1.4. 12 of them have a single

package size, and five of them have two package sizes. A small package size ranges from

15 to 18 oz, and the large one is 28 oz for all products. The market share of 17 products

combined is 86.26%.

1.3.2 Identification of Quantity Surcharge

Suppose a product with two different package sizes, small (S) and large (L). The prod-

uct is quantity surcharged if

pS < pL , (1.3.1)

where pS and pL are prices of the small and large size packages, respectively, normalized

to their package sizes. Quantity discounts exist if the opposite holds: pS > pL .

In order to study quantity surcharges, I focus on the five products that have multiple

2I combine Jif, Jif Natural, and Simply Jif as "Jif", and Peter Pan, Peter Pan Plus, and Peter Pan Smart
Choice as "Peter Pan".
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package sizes as shown in Table 1.4. Both Skippy (Product 1 and 2) and Jif (Product 9

and 10) have two products with multiple package sizes, one with creamy texture and

another with chunky texture. Private Label also has one product with two package sizes,

Product 14. Another leading national brand, Peter Pan, is not identified as a product with

multiple package sizes, as the large size items have minimal market shares.

Quantity surcharges are determined by the price dynamics between the small and

large size items. Figure 1.1 provides an illustrative example of how the price difference

between sizes varies over time and how quantity surcharges are identified accordingly.

In Figure 1.1a, the solid line represents the small size item (Item 1) and the dash line

represents the large size item (Item 2). The two items belong to Product 1 and the prices

are normalized to 16 oz.

Quantity surcharges exist whenever the dashed line stays above the solid line. That

is equivalent to those weeks where the price difference is positive in Figure 1.1b. Price

difference is defined as price of the small size item subtracted from price of the large

size item. Quantity discounts exist whenever the dashed line is below the solid line, or

equivalently, the price difference is negative. The pricing alternates frequently between

quantity surcharges and quantity discounts in the earlier weeks. Quantity surcharges

last for a while afterwards, and then mostly quantity discounts in the later weeks.

The price gap between the two sizes, which determines the magnitude of quantity

surcharges, fluctuates over time. The small size item shows more frequent and deeper

price drops, especially during the first 70 weeks, and those drops increase the price gap.

Around week 70 to 100, the price gap stays at a somewhat moderate level. In later weeks,

the gap becomes slim, except for the two big spikes of quantity surcharges.

For each of the five products, I obtain the frequency of quantity surcharges and quan-

tity discounts as follows: 1) at each store, I determine whether the product is quantity

surcharged or quantity discounted in each week; 2) I sum up the number of quantity

surcharge weeks and quantity discount weeks across stores; 3) I divide both numbers by

the total number of weeks. Note that I exclude the weeks that sales information of either
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Figure 1.1: Price of Product 1 at Store 2
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(b) Price Difference Between Two Items of Product 1 at Store 2

Note: Panel (a) shows weekly prices (per 16 oz) of the two items, Item 1 and Item 2 and panel (b) shows
the price difference between the two items (price of Item 1 subtracted from price of Item 2). The two items
belong to Product 1 identified in Table 1.4. The price information is obtained from Store 2, one of the six
grocery stores in the market, from 2008 to 2010.

11



size is missing at store level. The results are presented in Table 1.5.

Table 1.5: Frequency and Magnitude of Quantity Discounts and Quantity Surcharges

QD (pS > pL) QS (pS < pL)

Prod ID % of weeks Ave pL −pS ($) % of weeks Ave pL −pS ($)

1 36.38 -0.1807 63.64 0.3105
2 36.62 -0.1754 63.38 0.3577
9 44.95 -0.1387 55.05 0.1998

10 47.99 -0.1440 52.01 0.2109
14 13.29 -0.4364 86.71 0.1785

Total 38.06 -0.1680 61.94 0.2589

Note: A product is defined as a group of UPCs with the same observable characteristics but package size.
The five products are the products identified in Table 1.4 that has two different package sizes, small and
large; pS and pL are the price per 16 oz of the small and large size item, respectively. A quantity discount
(QD) exists for a product at a certain week at a store if pS > pL holds, and a quantity surcharge (QS) exists
if the opposite (pS < pL) holds. % of weeks is the percentage of weeks at the six grocery stores combined
when quantity discounts or quantity surcharge existed; Ave pL −pS is the average price difference per 16 oz
between the small and the large items across weeks and stores. It measures the average magnitude of quan-
tity discounts and quantity surcharges. The difference is negative in quantity discount weeks and positive
in quantity surcharge weeks.

It shows that quantity surcharges are more frequent than quantity discounts across

products. The two Skippy products (Product 1 and 2) have quantity surcharges for

around 63% of the weeks. Quantity surcharges are less frequent for the two Jif prod-

ucts (Product 9 and 10), compared to the Skippy products, but still more frequent than

quantity discounts.

Product 14 shows the highest frequency of quantity surcharges among the five prod-

ucts, which goes up to 87%. It can be explained by the fact that Product 14 belongs to

Private Label. Private Label is a store brand, and stores might have more direct influence

on prices of their own brands. Using this ability, stores might have wanted to keep the

price of the small size item, which is more popular than the large size item, at a low level.

Large size items are more expensive by $0.20 to $0.36 per 16 oz than small size items

in quantity surcharge weeks. The third and the last columns in Table 1.5 show the aver-

age magnitudes of quantity discounts and quantity surcharges of each product. I sub-

tract the price per 16 oz of a small item from the price per 16 oz of a larger counterpart

to calculate the magnitudes.
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The magnitude of quantity surcharges is bigger than that of quantity discounts, ex-

cept for Product 14. It is also true when the five products are combined together. Again it

can be explained by the fact that Product 14 is owned by stores. Among the four national

brand products, the two Skippy products (Product 1 and 2) show bigger magnitudes of

quantity surcharges than the two Jif products (Product 9 and 10).

1.3.3 Quantity Surcharge and Promotions

I analyze the relationship between quantity surcharges and promotional activities

stores practice in this section. There are two types of promotional activities. The first

type is a price promotion, also known as sale or temporary price reduction. The second

type is a non-price related promotion, such as feature and display.

I follow Hendel and Nevo (2003)’s approach and define a sale for an item as follows:

I first define the regular price as the modal price, which is the most frequent price for an

item at a store. Then sale is defined as any price at least 5% lower than the regular price.

Since there are two different package sizes for each product, there are four possible

sale states: only the small size item is on sale, only the large size item is on sale, both

items are on sale, and none of them is on sale. Table 1.6 shows the frequency of each sale

state across the five products. Roughly a half of the time at least one item was on sale,

and the three sale states (small only, large only, and both) show almost an equal share.

Table 1.6: Frequency of Promotion Activities

Promotion Activity Small Only Large Only Both None

Sale 14.62 16.62 14.90 53.86
Feature 6.05 1.87 0.44 91.64
Display 14.77 1.38 0.03 83.82

Note: A sale is defined as a price at least 5% less than the modal price at each grocery store for the period
analyzed.

Quantity surcharges are somewhat related to a temporary price reduction on small

size items, but that is not the main cause. Table 1.7 describes the relationship between

quantity surcharges and sale. It shows that quantity surcharges are most common when
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neither package size is on sale. The second most frequent state is sale on the small size

item only, except for Product 10. It takes 23.05% when all five products are combined

together. Therefore quantity surcharges are more of consistent phenomena for peanut

butter products than side effects of sale on small size items.

Table 1.7: Quantity Surcharges and Sale on Each Package Size

Prod ID Small Only Large Only Both None

1 33.09 7.01 12.95 46.94
2 27.49 11.75 13.35 47.41
9 24.26 3.55 23.47 48.72

10 19.03 20.13 29.20 31.64
14 8.29 0.00 1.51 90.20

Total 23.35 8.57 16.40 51.68

Note: A sale is defined as a price at least 5% less than the modal price at each grocery store for the period
analyzed.

Another way to analyze the relationship between quantity surcharges and sale is to

compare the frequency of quantity surcharges between the weeks when a small size item

is on sale (sale week) and the weeks when a small size item is not on sale (regular week).

Table 1.8 displays the comparison. During the sale weeks, quantity surcharges strictly

dominate quantity discounts, ranging from 74% of the weeks for Product 1 to 100% for

Product 14. During the regular weeks, depending on products, quantity surcharges are

more or less frequent than quantity discounts. When you combine the five products

together, quantity surcharges are slightly more frequent than quantity discounts.

Feature and display are non-price activities stores practice to promote sales. An item

is featured when a store lists an advertisement for the item on a flyer. Display means

placing an item at a specific location of a store, such as a lobby and end of an aisle, to

make it easier for consumers to notice. As shown in Table 1.6, these two promotions are

far less frequent than sale and mostly focused on small size items.

It is somewhat challenging to analyze the relationship between quantity surcharges

and feature, as the number of feature observations is small. Even when a product is

featured, it is usually the small size item. This pattern is also shown in Table 1.9. During
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Table 1.8: Quantity Surcharges in Regular Weeks and Sale Weeks

Regular Weeks Sale Weeks Total

Prod ID QD QS QD QS QD QS

1 42.53 57.47 26.22 73.78 36.02 63.75
2 42.88 57.12 21.46 78.54 35.72 63.64
9 60.21 39.79 5.10 94.90 44.95 55.05

10 62.26 37.74 12.45 87.55 47.99 52.01
14 14.52 85.48 0.00 100.00 13.29 86.71

Total 47.05 52.95 16.59 83.41 38.06 61.94

Note: Sale weeks are the weeks when a small size item of a product is on sale, and regular weeks are the
weeks when the small size item is not on sale.

85 to 91% of the quantity surcharge weeks, neither size is featured. On top of that, there is

no feature activity during quantity surcharge weeks for Product 14. When five products

are combined, the frequency of each feature event during quantity surcharge weeks is

very similar to the frequency of each event in overall, as shown in Table 1.6.

Table 1.9: Quantity Surcharges and Feature on Each Package Size

Prod ID Small Only Large Only Both None

1 13.85 0.54 0.72 84.89
2 12.75 0.60 0.60 86.06
9 10.45 0.00 0.00 89.55

10 8.63 0.00 0.00 91.37
14 0.00 0.00 0.00 100.00

Total 9.65 0.25 0.29 89.81

Note: Feature is a non-price promotional activity listing advertisements of items in the flyer.

Table 1.6 shows that display activities are still less frequent than sale but more fre-

quent than feature. Table 1.10 describes the relationship between quantity surcharges

and display. Similar to feature, the majority of the quantity surcharge weeks do not over-

lap with any display activities. The proportion of each display event in quantity sur-

charge weeks also looks very similar to the proportion of each event in overall weeks as

shown in Table 1.6. Thus, unlike sale, feature and display have no clear relationship with

quantity surcharges.
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Table 1.10: Quantity Surcharges and Display on Each Package Size

Prod ID Small Only Large Only Both None

1 26.98 0.18 0.18 72.66
2 22.91 0.60 0.00 76.49
9 26.04 0.20 0.00 73.77

10 16.81 0.22 0.00 82.96
14 1.26 0.00 0.00 98.74

Total 19.79 0.25 0.04 79.92

Note: Display is a non-price promotional activity placing items at specific locations of the store to make
them more noticeable.

1.4 Quantity Surcharges and Heterogeneous Household Behav-

ior

In this section I study household purchasing behavior when quantity surcharges ex-

ist. A small size jar is cheaper than its large size counterpart in quantity surcharge weeks.

If all households were aware of the substitution opportunity, the two following purchas-

ing patterns would be expected during quantity surcharge weeks: 1) no large size jar

purchase, and 2) more frequent multiple small size jar purchases compared to quantity

discount weeks.

In other words, households would purchase small size jars only, and all the house-

holds who would demand a large quantity must have purchased multiple small size jars.

Comparing the actual household purchasing behavior observed in the data to those hy-

pothetical purchasing behavior can tell us how much households are aware of quantity

surcharges. Here I assume no preference towards large size packages and no stock-outs

of small size items. Those two possibilities are discussed later in this section.

1.4.1 Household Multiple Jar Purchases

Table 1.3 shows how often households purchase multiple jars of the same UPCs. In

order to test households’ awareness to quantity surcharges, I analyze how multiple jar

purchases of each size vary during quantity discount and surcharge weeks. The results
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are presented in Table 1.11. A purchase is "single" when a household purchases a single

jar on a trip, and "multi" when it is more than one jar of the same item.

Table 1.11: Household Multiple Jar Purchases in QD and QS Weeks

Small Large

Single Multi Total Single Multi Total

QD(pS > pL) 571 922 1,493 513 560 1,073
QS(pS < pL) 2,981 3,786 6,767 598 261 859

Total 3,552 4,708 8,260 1,111 821 1,932

Note: "single" represents single jar purchases and "multi" represents multiple jar purchases of the same
item on a trip.

Household purchasing patterns suggest that there is heterogeneity in households’

awareness to quantity surcharges. Multiple small size jar purchases are roughly four

times more frequent in quantity surcharge weeks. This implies that some households

are aware of the existence of quantity surcharges and choose to buy multiple small size

jars rather than a large size jar.

The number of single small size jar purchases jumps up in quantity surcharge weeks

compared to quantity discount weeks also. This could be caused by the fact that small

size items are on sale roughly 40% of the times (including sale on small size item only

and sale on both sizes) during quantity surcharge weeks, as shown in Table 1.7.

1.4.2 Household Miss Purchases

On the other hand, there is a positive number of purchase observations of large size

items during quantity surcharge weeks in Table 1.11. This indicates that some house-

holds are not aware of quantity surcharges and miss the substitution opportunities. This

finding is consistent to the concept of consumer inattention that Clerides and Courty

(2017) argue: there exist inattentive households who are unaware of the existence of

quantity surcharges and miss the opportunities to substitute. From now on I call pur-

chasing large size items in quantity surcharge weeks as a "miss".

Almost 20% of households make at least one miss. Table 1.12 shows the number of
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misses each household makes. There are 2,013 households who purchase at least one

item of the multiple package size products. 460 households make at least one miss pur-

chase during the time period analyzed. This number takes 22.85% of the households

who purchase at least one item of the five multiple size products, and 19.43% of the to-

tal households. The average number of misses is less than 1, as a large proportion of

households makes zero misses.

Table 1.12: Number of Misses Each Household Make

Num of Misses 0 1 2 3 4 5

Frequency 1,553 272 101 38 22 9
Percent 77.15 13.51 5.02 1.89 1.09 0.45
Cum. Percent 77.15 90.66 95.68 97.57 98.66 99.11

Num of Misses 6 7 8 9 10 12

Frequency 6 6 1 2 1 2
Percent 0.30 0.30 0.05 0.10 0.05 0.10
Cum. Percent 99.40 99.70 99.75 99.85 99.90 100.00

Note: The summary statistics are based on the peanut butter purchases 2,013 households made for the
three years. A miss is defined as an incident of purchasing a large size item in quantity surcharge weeks.
The sample mean of the number of misses is 0.4267 and the standard deviation is 1.081.

What makes inattentive households inattentive? There could be several reasons.

Some households might have a limited ability to calculate price per ounce at stores.

High search costs could hurry some households and keep them from comparing prices

between jar sizes. Clerides and Courty (2017) call this case rational inattention. Some

households might have a strong belief that quantity discounts always exist. Those rea-

sons are not mutually exclusive.

There could be alternative explanations for those miss purchases other than inat-

tention. One possible explanation is a strong preference on large size jars. However,

it is hard to argue so when small size jars have relative advantages to the large ones: a

smaller jar can keep peanut butter more fresh than a larger jar does, and it is also more

convenient to carry around. I further discuss this possibility in Chapter 2.

Another alternative explanation could be a stock-out. That is, some households pur-

chase large size items just because small size items are not available upon their visits.
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Conlon and Mortimer (2013) argue that ignoring incomplete product availability may

bias demand estimates. I cannot precisely verify this argument, as the store level data

are recorded at weekly level.3 However, the five small size items that I analyze are more

popular than most of the other UPCs on the market, which makes them relatively less

likely to be stocked out at stores. Hence, it is hard to argue that strong preference on

large size jars or stock-outs of small size items is the main reason for those miss pur-

chases.

1.4.3 Miss Purchases and Non-Price Promotions

Some people might argue that households make miss purchases because the large

size items are specially featured at advertisements or displayed at very noticeable lo-

cations at stores such as the end aisle. Table 1.13 presents how the frequency of miss

purchases changes when the large size items are on non-price promotions or not.

Table 1.13: Miss Purchases and Non-Price Promotions on Large Size Jars in QS weeks

Feature on Large Size Display on Large Size

No Yes No Yes

Misses (%) 11.33 6.32 11.14 46.15
Purchase Obs 7,531 95 7,600 26

Note: A miss is defined as an incident of purchasing a large size item in quantity surcharge weeks. Fea-
ture is a non-price promotional activity listing advertisements of items in the flyer. Display is a non-price
promotional activity placing items at specific locations of the store to make them more noticeable.

Households make misses less frequently when large size items are featured com-

pared to those weeks when large size items are not featured. Thus, the conjecture that

features on large size items encourage households to make miss purchases is not sup-

ported. However feature is fairly rare as shown in Table 1.6. The number of purchase

observations during the weeks when large size items are featured is just 95, compared

to 7,531 purchase observations during the weeks when large size items are not featured.

Hence it is hard to argue that the frequency difference is significant.

3The household level data have information on checkout time. However, this information allows me to
observe product availability only when there exists a household who purchased the item of interest.
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The frequency of misses rises up to 45.15% when large size items are displayed com-

pared to 11.14% when large size items are not displayed. However, There are only 26

observations of large size purchases when large size items are displayed. Thus it is hard

to argue that display on large size items make households more likely to miss either.

In this section, I study households’ heterogeneous behavior during quantity sur-

charge weeks. I explain the heterogeneity using the concept of consumer inattention.

Inattentive households are unaware of the existence of quantity surcharges and pur-

chase large size jars. On the other hand, attentive households are aware of the existence

of quantity surcharges and purchase multiple small size jars instead of large size jars

when they want to purchase a large quantity.

1.5 Characteristics of the Households Who Make Miss Pur-

chases

In this section, I study the characteristics of households who miss the substitution

opportunities in quantity surcharge periods. I design a negative binomial regression

model where the number of misses each household makes is explained by the three

groups of household characteristics: demographics, grocery shopping, and peanut but-

ter purchases. I estimate the model using the method of maximum likelihood.

1.5.1 Model

Let yi be the number of miss purchases household i makes and xi be a vector of the

household’s characteristics. Assume yi given xi follows the negative binomial distribu-

tion with conditional mean and variance

E[yi |xi ] = µi = exp(x ′
iβ)

V[yi |xi ] = µi +αµ2
i , (1.5.1)
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where β is a vector of mean parameters and α is a dispersion parameter. The marginal

effect of the j th characteristic of household i , xi j , to the conditional mean is obtained as

∂E[yi |xi ]

∂xi j
=β j exp(x ′

iβ). (1.5.2)

Negative binomial regression model is commonly used for count data. The model

is well suited to the household miss purchase data, as the number of misses is a non-

negative integer ranging from 0 to 12. The model allows the two sets of parameters, mean

parameters and a dispersion parameter. Poisson model is also widely used for count data

for its simplicity. The model assumes Poisson distribution, which restricts the mean and

variance of the data to be the same. This equidispersion assumption allows only one set

of parameters to estimate, the mean parameters.

However, overdispersion is common for count data (Cameron and Trivedi (2013)).

The number of misses data also show strong evidence of overdispersion. The uncon-

ditional mean is 0.4269 and the variance is 1.081, as shown in Table 1.12. The mean is

smaller than the variance as roughly 77% of the households have zero misses. The vari-

ance is actually more than twice as big as the unconditional mean, and it is likely to re-

main overdispersed even after controlling the household characteristics. Thus, negative

binomial model is better suited for the data.

1.5.2 Estimation

The conditional mean of household i ’s number of misses, E[yi |xi ], is specified as

E[yi |xi ] = exp(x ′
iβ) = exp(β0 +βD Demoi +βG GSi +βP Puri ), (1.5.3)

where Demoi represents a vector of the household’s demographic characteristics, GSi

represents a vector of the grocery shopping characteristics, and Puri represents a vector

of the peanut butter purchase characteristics. Note that the log of the conditional mean

is linear in the household characteristics.
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The data used for the estimation include 2,013 households who purchase at least

one item of the five products with multiple package sizes. The detailed information on

demographics, grocery shopping trips, and peanut butter purchases of those households

are presented in Appendix A.2.

The list of household characteristics variables and summary statistics are presented

in Table 1.14. The first group of characteristics is demographics. The data provide in-

formation on each household’s income, family size, number of children, and the head

of household’s age, education level, and race. I drop race since more than 95% of the

households belong to the same racial group. Family size and number of children are

highly correlated. In order to avoid multicollinearity, I drop the number of children.

Table 1.14: Variable Definitions and Summary Statistics

Variable Definition Obs Mean SD

INCOME Combined pre-tax income of HH 2,013 7.37 3.16
FAMSIZE Number of family members in a household 2,013 2.40 1.24
HHAGE Age of the head of household 2,008 4.78 1.14
HHEDUC Education level reached by HH 1,979 4.20 1.33

ANTRIPS Average number of trips to stores in a week 2,013 1.45 0.84
AEXPD Average expenditure on a grocery trip 2,013 42.01 22.66

NJARS Number of PB jars purchased for the three years 2,013 13.33 12.62
RVAR Number of UPCs purchased divided by the 2,013 0.74 0.22

number of brands purchased for the three years

Note: HH stands for the head of household.

The second group of variables is the grocery shopping characteristics. ANTRIPS is to

test whether the households who go to grocery shopping more often make more misses.

Households might collect better information on price distribution among peanut butter

products when they go visit stores more often, and become less likely to miss the sub-

stitution opportunities. The households who spend more money per grocery shopping

trip might purchase a larger number of items at a time. This could lengthen the total time

spent at a store, and the households might pay little attention on each item, including

peanut butter. AEXPD is included to test that conjecture.

The last group consists of the peanut butter purchase characteristics. NJARS tests
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a conjecture that is very similar to the one with ANTRIPS: the more peanut butter jars

households purchase, the better knowledge they have on pricing and less likely to make

miss purchases. The number of UPCs and the number of brands purchased in Table

A.4 together show how much variety each household seeks. However, they are closely

correlated by nature. I take a ratio of the two variables, which represents the relative

variety, in order to avoid multicollinearity.

There are two sets of parameters to estimate in the model, the dispersion parameter

α, and the mean parameter β= (β0,βD ,βG ,βP ). I estimate the model using the method

of Maximum Likelihood. The negative binomial model is robust to distributional mis-

specification and hence the maximum likelihood estimator is consistent for β.

1.5.3 Estimation Results

The maximum likelihood estimation results are presented in Table 1.15. The NB

Model 1 includes all the explanatory variables presented in Table 1.14. Note that some

households have missing information in the head of the household’s age and/or edu-

cation level. Hence the estimation is based on the subsample of 1,979 households who

have complete demographic information.

However, the estimation results suggest that those two variables, HHAGE and HHE-

DUC, are not statistically significant. The likelihood ratio test also suggests that the two

variables are not informative4. Therefore I exclude the two variables in NB Model 2 to

utilize the larger size sample of 2,013 households.

The estimation results of NB Model 2 suggest that, both of the demographics vari-

ables are not significant. INCOME and FAMSIZE have positive coefficients of 0.0230 and

0.0670, respectively, but none of them are statistically significant. Thus, once the other

household characteristics are controlled for, income nor family size has significant effect

on the number of miss purchases each household makes.

There are two grocery shopping characteristics variables, ANTRIPS and AEXPD.

4The null hypothesis that the two likelihoods with or without the two variables are the same cannot be
rejected with the p-value 0.4849
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Table 1.15: Negative Binomial Maximum Likelihood Estimation Results

NB Model 1 NB Model 2 Mean Effect

Variable Coeff SE Coeff SE Ave Resp OLS

INCOME 0.0229 0.0174 0.0230 0.0172 0.0102 0.0065
FAMSIZE 0.0787 0.0528 0.0670 0.0447 0.0298 0.0161
HHAGE 0.0378 0.0585
HHEDUC 0.0419 0.0392

ANTRIPS 0.1102 0.0719 0.1205 0.0717 0.0536 0.0549
AEXPD 0.0167 0.0027 0.0176 0.0027 0.0078 0.0087

NJARS 0.0045 0.0046 0.0049 0.0046 0.0022 0.0033
RVAR -2.4817 0.2693 -2.4583 0.2678 -1.0945 -0.9433

N 1979 2013

Note: Mean effects are calculated based on NB Model 2.

ANTRIPS is not statistically significant, and hence, the conjecture that the frequent shop-

pers make less miss purchases is not supported. AEXPD has a positive coefficient of

0.0176 that is statistically significant. Hence, it supports the conjecture that the house-

holds with bigger baskets make more miss purchases. However, this coefficient esti-

mate doesn’t directly mean the marginal effect of average expenditure on the number

of misses. In the negative binomial regression model, the log of the conditional mean

is linear in the explanatory variables, not the conditional mean itself. Thus, the point

estimates do not represent the marginal effects.

The marginal effect of the j th characteristic of household i on the conditional mean

is presented in the equation (1.5.2). The average response across households can be

obtained by taking the average of the marginal effects. The Ave Resp column in Table 1.15

shows the average response for each household characteristic, calculated based on the

NB Model 2 estimation results. It shows that one unit increase in the average expenditure

on a grocery shopping increases the number of misses by 0.0078.

The OLS column shows the OLS coefficient estimates, assuming that the conditional

mean of the number of misses is linear in the household characteristics. The coefficient

estimate directly implies the effect of the one unit change in an explanatory variable on
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the conditional mean. The OLS coefficients are similar to the average responses, but

still not the same. For example, the OLS model predicts that one unit change in average

expenditure increases the number of misses by 0.0087, instead of 0.0078.

The last group of variables are the peanut butter purchase characteristics. NJARS

is not statistically significant and the information conjecture is not supported again, as

AEXPD failed. On the other hand, the relative variety measure, RVAR, is highly significant

and has a negative effect on the number of miss purchases. One unit increase in the

relative variety decreases the number of misses by 1.0945.

1.6 Concluding Comments

I study quantity surcharges at grocery stores and heterogeneous consumer behav-

ior in this chapter. Quantity surcharges are often forgotten when packaged goods and

nonlinear pricing are of interest. I reconfirm the existence of quantity surcharges using

the peanut butter category scanner data. Quantity surcharges are more frequent than

quantity discounts, and the price gap between the two sizes is also bigger in quantity

surcharge weeks than in quantity discount weeks.

This chapter has three main contributions. The first contribution is to prove the ex-

istence of quantity surcharges as more of a consistent phenomenon than a mere side

effect of sale. Quantity surcharges are more frequent when small size items are on sale

compared to those weeks when small size items are not on sale. However, quantity sur-

charges triggered by sale on small size jars only take less than a quarter of the total quan-

tity surcharge occasions.

The second contribution is to identify heterogeneity in consumer attention to quan-

tity surcharges. The current literature focuses on the existence of inattentive consumers

who purchase large size items during quantity surcharge weeks. However, taking advan-

tage of the rich household panel data available, I also identify attentive consumers, who

actively respond to quantity surcharges and purchase multiple small size jars.

The last contribution is to identify the characteristics of the households who make
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miss purchases. I use the property of the number of misses as a count variable and de-

sign a negative binomial regression model. Three groups of household characteristics

are considered to explain the number of misses: demographics, grocery shopping, and

peanut butter purchases. I estimate the model using the method of maximum likelihood.

Estimation results suggest that households with large expenditure on each grocery

shopping make more miss purchases in quantity surcharge weeks. Households who pur-

chase a variety of peanut butters make less miss purchases. Households who purchase

peanut butters often don’t necessarily make more misses, once the other variables are

controlled for.

26



Chapter 2

Why Do Consumers Pay More for

Less?

2.1 Introduction

In this chapter, I study demand models for packaged goods when quantity sur-

charges exist. Clerides and Courty (2017) argues that consumer inattention explains why

consumers purchase large size items and pay the surcharges in quantity surcharge pe-

riods. Consumers don’t pay attention when they shop, and as a result, they miss the

substitution opportunities. In Chapter 1, I label the purchasing behavior as a "miss"

purchase. Chapter 1 also finds that some consumers take advantage of the substitution

opportunities and purchase multiple small size jars in quantity surcharge weeks. Please

see Section 1.1 for the definition and examples of quantity surcharge.

Based on the heterogeneous purchasing behavior found in Chapter 1, I develop a

series of structural demand models and estimate the models using Bayesian methods.

Then I simulate demand using the estimation results and calculate the welfare loss

caused by inattention. I use the rich panel data set from grocery stores in the peanut

butter category for the analyses. Please see Section 1.2 for further details on the data.

To understand what causes miss purchases, I study a series of demand models. The
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first model assumes standard preferences and rationality. Then I explore two extensions

of this basic model. First extension explains preference on package sizes as the motiva-

tion. Second extension considers consumer inattention. It restricts the choice set where

consumers choose the optimal quantities from in case of miss purchases. All three mod-

els yield a complex optimization problem as they feature multiple discrete choices. I

solve this problem using Allenby, Shively, Yang, and Garratt (2004)’s two stage optimiza-

tion approach.

I estimate the models using the Markov Chain Monte Carlo (MCMC) methods. The

likelihood function to maximize is complicated as the models include two stage opti-

mizations, and the number of elements in the choice set is large. The Bayesian methods

have been shown to be more robust in this setting.

The estimation results support the model with consumer inattention. The model

provides the predicted demand that is closest to the actual demand observed, compared

to the other two model specifications. This result suggests that consumer inattention

explains households’ heterogeneous purchasing behavior well, and omitting it will lead

to biased predictions.

An effective consumer awareness program, such as a clear per unit price display re-

quirement, can prevent consumers from making miss purchases. I measure the effect

of the success of such a program, as a welfare loss coming from consumer inattention.

I design a hypothetical scenario where all households are attentive to approximate a

successful consumer awareness program. The consumer inattention model is used as

a benchmark.

The structural model makes it possible to simulate purchase outcomes that house-

holds would choose if they were attentive. Then I measure the welfare loss as the addi-

tional income needed to compensate the utility loss from a miss purchase. The average

welfare loss of a miss purchase is $0.69, which is substantial considering the average

price of a small size jar is roughly $2.

Clerides and Courty (2017) explain rational inattention as the main reason why con-
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sumers become inattentive. That is, it can be too costly for some consumers to pay

attention when they shop, and as a result, it is rational for them not to pay attention.

The notion of rational inattention is developed by Sims (1998), Sims (2003), Reis (2006),

Mackowiak and Wiederholt (2009), and Mondria et al. (2010).

Behavioral studies of information opacity find empirical evidence of limited atten-

tion. Chetty, Looney, and Kroft (2009) and Hossain and Morgan (2006) consider con-

sumer goods and show that it is difficult for consumers to process the information when

it is opaque. However, there is no opacity of price information when consumers shop

peanut butter items at grocery stores. Cognitive research on decision-making in grocery

purchases also provides evidence of limited attention. Monroe and Lee (1999) and Dick-

son and Sawyer (1990) show that consumers do not remember the prices of items they

recently purchased, or don’t even check the exact price of the item selected at the time

of purchase.

One of the key purchasing patterns in the peanut butter category is frequent mul-

tiple jar purchases. Hence incorporating the multiple discrete choice in the model is

crucial for the analysis. Several papers have tried to handle the multiple discrete choice

problem. Manchanda et al. (1999), Wygant et al. (2000), Chib et al. (2002), and Lee et al.

(2013) studies multiple category purchase decisions. Harlam and Lodish (1995) proposes

a choice of model of multiple brands but not the purchase quantity decisions.

Hendel (1999) suggests a model which allows both multiple units and multiple

brands. Kim, Allenby, and Rossi (2002), Dubé (2004), and Dubé (2005) also take simi-

lar approaches to handle the multiple discrete choice. All four papers mentioned above

consider that consumers buy complementary products to cater for their various needs.1

Hence the authors cannot handle a decision whether or not to purchase multiple small

size jars for a large quantity.

Chintagunta (1998), Chang et al. (1999), Silva-Risso et al. (1999), and Andrews and

Manrai (1999) deal with packaged goods when nonlinear pricing exists, but the au-

1Especially Dubé (2005) considers items with the same characteristics but different package sizes as com-
plements, whereas I consider them as perfect substitutes.
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thors consider different brand/size combinations as different choice alternatives. Al-

lenby, Shively, Yang, and Garratt (2004) introduces a multiple discrete choice model for

packaged goods. In the model, consumers consider different package size combinations

within brand as substitutable alternative, and purchase multiple items for a larger quan-

tity, not for variety. However, the authors assume quantity discounts only and fail to

analyze consumer inattention when quantity surcharges exist.

The chapter proceeds as follows. Section 2 describes the data used for the analyses

and Section 3 introduces a series of structural demand models for packaged goods. Sec-

tion 4 describes the estimation procedure, and section 5 shows the estimation results.

Section 6 applies the estimation results to calculate the welfare loss of consumer inat-

tention, and Section 7 concludes the paper.

2.2 Data

I use the weekly panel scanner data collected from Eau Claire, Wisconsin, market,

from January 2008 to December 2010. The data is collected by Information Resources

Inc. (IRI) and I focus on the peanut butter category. Three household level data sets

- peanut butter purchases, trips to grocery stores, and demographics - are merged with

product attributes data and store level sales data. The observations that are not matched

in the process are dropped. For further details, please see Section 1.2 and Appendix A.1.

I use the same definitions of a product and quantity surcharges as in Chapter 1. 17

products of four brands are identified as shown in Table 1.4. 5 products offer multiple

package sizes (small and large), and quantity surcharges are identified for those weeks

when a large size item is more expensive per oz than the small size counterpart. Quantity

surcharges exist for around 62% of the weeks on average, and the average magnitude of

quantity surcharges is bigger than that of quantity discounts. Please see Table 1.5 for

details.

The merged data set includes 2,367 households with 23,287 purchase observations

of 17 products identified. During quantity surcharge weeks, households show frequent
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multiple small size jar purchases. On the other hand, roughly 20% of households make at

least one miss purchase. Therefore, it is important for a demand model to capture these

heterogeneous purchasing behaviors.

2.3 Model

In this section, I present a series of three discrete choice models for packaged goods.

I start with a basic model, and then extend the model in two different ways to capture a

key purchasing pattern found from the data.

2.3.1 Basic Model

The basic model is adopted from Allenby, Shively, Yang, and Garratt (2004). A con-

sumer has the Cobb-Douglas (C-D) utility function

lnu(x, z) =α0 +αx lnu(x)+αz ln(z), (2.3.1)

such that she enjoys both the inside good of our interests and an outside good. x =
(x1, . . . , xK ) is a vector of the amount of each inside good product consumed, where K

is the number of products available. Products are differentiated in characteristics, and

some of them have multiple package sizes. z represents the amount of the outside good

consumption, and u(x) indicates a subutility function.

The subutility function has a linear structure:

u(x) =ψ′x, (2.3.2)

where ψk denotes the marginal utility of product k. Let ln(ψk ) = νk + εk , where εk is a

stochastic element. The non-stochastic factor νk is determined as

νk =β0bbrandk +βc char′k , (2.3.3)
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where brandk represents the brand which product k belongs to, and chark is a vector of

characteristics of product k.

The consumer determines her consumption on each of K products and the outside

good to maximizes her utility function in (2.3.1) subject to the budget constraint

ΣK
k=1pk (xk )+ z = T, (2.3.4)

where pk (xk ) is the price of xk units of product k, and T represents the consumer’s bud-

getary allotment. Price of the outside good is one. Price of the inside good is a function

of quantity which incorporates any kind of pricing schemes, including linear pricing,

quantity discounts, and quantity surcharges.

The quantity choice of product k, xk , is discrete, as products are offered in certain

package sizes. Suppose product k is only available in 16 oz jars. Then xk should be one

of the multiples of 16, such as 16, 32, 48, ... oz. If the product is available in two package

sizes, 16 and 28 oz, then xk should be a combination of the two package sizes.

I assume consumers choose only one product at a time (i.e. only one element of x is

nonzero), and evaluate the utility function at all possible combinations of package sizes

for each product. Restricting the utility maximization solutions to corner solutions is a

key assumption to make the evaluation feasible.

Allenby, Shively, Yang, and Garratt (2004) proves that the C-D utility maximization

solution subject to a convex budget constraint is actually at a corner. A budget con-

straint is convex when quantity discounts exit. On the other hand, it is concave when

quantity surcharges exit. Thus, the proof fails when both quantity discounts and quan-

tity surcharges exit. However, the corner solution assumption is still supported by the

data, as multiple product purchases are rarely observed.

The solution strategy involves two steps when only one element of x is nonzero. In

the first step, the consumer determines the optimal quantity for each product separately.

The optimal quantity is chosen from all possible combinations of package sizes avail-

able. I substitute z = T −Σk pk (xk ) for the outside good, using the budget constraint in
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equation (2.3.4), and the first stage optimization problem becomes

max
a∈A

{α0 +αx lnu(xka)+αz ln(T −pk (xka))}

=max
a∈A

{αx ln xka +αz ln(T −pk (xka))}, (2.3.5)

where xka and pk (xka) represent the quantity and the price of package bundle a of prod-

uct k. A is the set of all possible combinations of package sizes available for product k.

A depends on product k but here I drop the subscript k for convenience. Note that the

stochastic factor of the log marginal utility, εk , cancels in the expression, as it is the same

for any possible package bundles within a product. Hence, the optimal quantity of each

product in the first stage is deterministic.

In the second step, the consumer decides which product to purchase. In the previous

step, the consumer searches for the optimal quantity, given that product k is chosen.

In the second step, the consumer lines up the optimal quantities of each product, and

compares the utilities. The product choice problem can be written as:

max
ka

{lnu(xka ,T −pk (xka))}

=max
k

[max
a|k

{lnu(xka ,T −pk (xka))}]

=max
k

[α0 +αx lnu(x∗
k )+αz ln(T −pk (x∗

k ))], (2.3.6)

where x∗
k is the optimal quantity for product k in the first step.

Substituting the subutility expression in equation (2.3.2) yields

= max
k

[α0 +αx (νk +εk )+αx ln(x∗
k )+αz ln(T −pk (x∗

k ))]. (2.3.7)

Assume εk follows the Type I extreme value distribution, EV(0,1). The choice probability

can be written as

Pr(xi ) = exp[νi + ln(xi )+ (αz /αx ) ln(T −pi (xi ))]

ΣK
k=1exp[νk + ln(x∗

k )+ (αz /αx ) ln(T −pk (x∗
k ))]

, (2.3.8)
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where xi is the observed demand. Note that xi replaces x∗
k for the selected product in

the estimation procedure.

The model ideally captures the nature of discrete choices consumers make for pack-

aged goods, by searching through all feasible package bundles for each product. How-

ever, one critical limitation is that it cannot explain the miss purchases observed in data.

Unless the price difference between the small and the large package sizes is negligible,

the first stage quantity choice does not yield one or multiple large package size items as

the optimal quantity.

I extend the Basic model in two different ways to incorporate the miss purchases. Ex-

tension 1 allows consumers to have preference on package sizes, in order to test whether

strong preference on large package sizes drives miss purchases. Extension 2 incorporates

the concept of consumer inattention and impose some restrictions on the set of package

size bundles to consider in the first stage optimization problem.

2.3.2 Extension 1

I assume that consumers have certain preference on package sizes and that affects

utilities coming from consuming a product—that is, the marginal utility of a product

depends on the package size a consumer chooses. I also assume that the preference on

package sizes only affects the deterministic part of the log marginal utility, and not the

stochastic part. This implies that there is no uncertainty in consumers’ preference on

package sizes. The deterministic part is defined as

νka =β0bbrandk +βc char′k +βssmallka , (2.3.9)

where smallka is a dummy variable indicating whether the package bundle consists of

small package sizes or not. Note that νka now includes a subscript a to indicate that it

depends on the package bundle a. Letψka denote the marginal utility of package bundle

a of product k, where ln(ψka) = νka +εk .

As the package size affects the marginal utility, it also affects the choice of which
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package bundle to purchase. The first stage optimal quantity choice problem can be

written as

max
a∈A

{α0 +αx lnu(xka)+αz ln(T −pk (xka))}

=max
a∈A

{α0 +αx (νka +εk + ln xka)+αz ln(T −pk (xka))} (2.3.10)

=max
a∈A

{αx (βssmallka + ln xka)+αz ln(T −pk (xka))}.

The stochastic factor of the log marginal utility, εk cancels here as in equation (2.3.5), and

thus the solution is still deterministic. However, there is an additional term, βssmallka ,

that hasn’t been cancelled out as the package size matters.

Let x∗
ka be the quantity of the optimal package bundle a of product k identified in

the first stage. The second stage problem is the same as in Basic model, since the com-

parison is across products. The choice probability can be written as

Pr(xi a) = exp[νi a + ln(xi a)+ (αz /αx ) ln(T −pi (xi a))]

ΣK
k=1exp[νka + ln(x∗

ka)+ (αz /αx )ln(T −pk (x∗
ka))]

. (2.3.11)

2.3.3 Extension 2

The second extension of Basic model focuses on the consideration set that a con-

sumer searches through in the first stage in order to find her optimal quantities for each

product. In Basic model, the consideration set is A, all possible combinations of pack-

age sizes available. Let A′ be a subset of A that excludes all multiple small package size

bundles. I assume that the consumer’s consideration set is restricted to A′, instead of

A, when she makes a miss purchase. In case of a miss, the first stage optimal quantity

problem becomes

max
a∈A′ {α0 +αx lnu(xka)+αz ln(T −pk (xka))}

=max
a∈A′ {αx ln xka +αz ln(T −pk (xka))}. (2.3.12)
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Let x∗′
ka be the quantity of the optimal package bundle a of product k identified in

the first stage when the consideration set is A′. The second stage problem is the same as

in Basic model. The choice probability can be written as

Pr(xi a) = exp[νi + ln(xi a)+ (αz /αx ) ln(T −pi (xi a))]

ΣK
k=1exp[νka + ln(x∗′

ka)+ (αz /αx ) ln(T −pk (x∗′
ka))]

(2.3.13)

when the purchase observation xi a is a miss. Note that the consumer restricts her con-

sideration to A′ for not only the chosen product i but also all the other products that are

available. For the regular (non-miss) purchase occasions, the first stage problem and the

choice probability are the same as in equation (2.3.5) and (2.3.8), respectively.

2.4 Estimation

The C-D utility function in equation (2.3.1) under three different model specifica-

tions is estimated as hierarchical Bayes models (Gelfand and Smith (1990)). Since not

every parameter can be identified in the utility function, I set α0 = 0 and αx = 1. After

the normalization, αz represents a household’s relative preference of outside good to in-

side good. It should be positive in economic theory, so I set αz = exp(α∗) and estimate

α∗ unrestricted. In addition, I set β03 = 0, which is the preference parameter of Brand 3

(Private Label), in equation (2.3.3) and (2.3.9).

Hierarchical Bayes models allow household heterogeneity for all parameters (θ,T ) =
(α,β′,T ). According to the Bayes theorem, the posterior is proportional to the product

of the likelihood and the prior:

π(θh ,Th) ∝Π j Pr(xi j |θ′h ,Th)×π(θh |θ̄,Vθ)×π(Th |a,b), (2.4.1)

where j denotes a purchase occasion of an household h, and i denotes the product se-

lected. Hierarchical Bayes models impose a hierarchical structure to beliefs on parame-
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ters, and as a result, involve two stages of priors:

first-stage: π(θh |θ̄,Vθ)×π(Th |a,b)

second stage: π(θ̄,Vθ|τ). (2.4.2)

I assume the normal prior model specified as

θh ∼ N (θ̄,Vθ), Th ∼ N (a,b)

θ̄ ∼ N ( ¯̄θ, A−1) (2.4.3)

Vθ ∼ IW (ν,V ),

where Vθ follows the Inverted Wishart distribution with degrees of freedom ν and a scale

parameter V .

The posterior distribution is simulated by generating sequential draws using Markov

Chain Monte Carlo (MCMC) methods with Metropolis-Hastings Algorithm (Cher-

nozhukov and Hong (2003)). I executed 50,000 iterations of the Markov chain and con-

vergence was checked. Please see Appendix A.3 for details.

2.5 Results

The later half of the chain is used to estimate the model parameters. The estimation

results of different model specifications are reported in Table 2.1. Column (1)-(3) show

the estimation results of Basic Model, Extension 1, and Extension 2, respectively.

Coefficient estimates are similar across the model specifications and the sign of the

coefficients are also consistent. The estimate of the preference parameter to small pack-

age size (Small Size) in Extension 2 is positive and statistically significant. Thus, house-

holds prefer small jars to large jars in overall.

Here I interpret the estimation results of Extension 2. The aggregate estimate ofα∗ is

equal to 0.8078, and taking an exponential gives us the aggregate estimate of αz equal to
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Table 2.1: Aggregate Coefficient Estimates

(1) (2) (3)
Model Basic Extension 1 Extension 2

α∗ = ln(αz /αx ) 0.8268 (0.0642) 0.8570 (0.0716) 0.8078 (0.0648)
Skippy 1.8147 (0.1360) 1.7242 (0.1347) 1.8081 (0.1312)
Jif 1.8494 (0.1395) 1.7519 (0.1351) 1.8526 (0.1351)
Peter Pan 0.5660 (0.1599) 0.5118 (0.1418) 0.5645 (0.1605)
Creamy 1.6891 (0.1091) 1.6903 (0.1000) 1.6661 (0.1035)
Flavor -2.7281 (0.2528) -2.5760 (0.1888) -2.5934 (0.2193)
Salt -0.4499 (0.1728) -0.4059 (0.1532) -0.5016 (0.1632)
Sugar 3.7987 (0.3070) 3.6431 (0.2425) 3.8854 (0.3469)
Natural -1.7324 (0.1797) -1.6881 (0.1576) -1.6868 (0.1739)
Reduced Fat -2.0798 (0.1241) -2.0199 (0.1270) -2.0375 (0.1286)
Small Size - - 0.2103 (0.0796) - -
T 10.952 (0.2049) 10.945 (0.2064) 10.934 (0.2075)

Log Likelihood -2688.70 -2671.20 -2683.50

Note: Estimation was conducted with a subsample of 200 households. Standard deviations are reported
in parentheses. Extension 1 allows preference on package size and Extension 2 accommodates consumer
inattention. The log likelihood is evaluated at the household level parameter estimates (θ̂h , T̂h ).

2.2430. As αx is normalized to 1, this means households enjoy the outside good 2.2430

times more than peanut butter products. All three brand preference parameters are pos-

itive, which means households prefer all three national brands to Private Label. Among

the three, Jif is most preferred.

Among the product characteristics preference parameters, Creamy and Sugar have

positive coefficients and Flavor, Salt, Natural, and Reduced Fat have negative coeffi-

cients. Households prefer creamy texture over chunky texture, and regular sugar level

over no sugar added. On the other hand, they dislike peanut butter products that are

flavored, salted, and naturally processed. Also, they don’t like the products with reduced

fat contents either.

Estimated posterior of each parameter in Extension 2 are displayed in Figure 2.1.

Each panel in the figure represents a histogram of the household means across 25,000

draws. Households show heterogeneous preference on Skippy and Jif brands, but they all

prefer those two national brands to Private Label. Most of households also prefer Peter

Pan to Private Label, but few of them like Private Label more. Households also have
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heterogeneous taste for texture, and most of them prefer creamy texture over chunky

texture, except for a few.

Figure 2.1: Posterior Estimates of Extension 2

Note: Estimation was conducted with a subsample of 200 households. Each panel shows the histogram of
the household means for a parameter.

2.5.1 Robustness

I check the robustness of the estimation results by using alternative assumptions on

the prior. In this section, I present the evidence of robustness of Basic Model estimation

results. The normal prior assumption specified in Equation (2.4.3) is used for the original

estimation and the results are presented in Column (1) of Table 2.1. The same results are

presented again in Column (1) of Table 2.2 for comparison.

I consider two alternative priors to check robustness, focusing on the distribution of

θ. The first alternative is that θ follows the normal distribution but the mean parameter

is the half of what is originally assumed. Another alternative is the normal distribution

with the same mean but the variance parameter is as twice as big. The estimation results

under the alternative priors are presented in Column (2) and (3) of Table 2.2.

The estimation results are consistent across Column (1)-(3). The magnitude of ag-
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Table 2.2: Aggregate Coefficient Estimates of Basic Model with Alternative Priors

(1) (2) (3)
Prior N(θ̄,Vθ) N(θ̄/2,Vθ) N(θ̄,2Vθ)

α∗ = ln(αz /αx ) 0.8268 (0.0642) 0.8246 (0.0676) 0.8294 (0.0623)
Skippy 1.8147 (0.1360) 1.8094 (0.1327) 1.7884 (0.1393)
Jif 1.8494 (0.1395) 1.8553 (0.1338) 1.8254 (0.1454)
Peter Pan 0.5660 (0.1599) 0.5523 (0.1508) 0.5146 (0.1565)
Creamy 1.6891 (0.1091) 1.6848 (0.1014) 1.6972 (0.1050)
Flavor -2.7281 (0.2528) -2.6059 (0.2532) -2.7328 (0.2395)
Salt -0.4499 (0.1728) -0.4907 (0.1543) -0.4499 (0.1651)
Sugar 3.7987 (0.3070) 3.8347 (0.3146) 3.8914 (0.2692)
Natural -1.7324 (0.1797) -1.6589 (0.1614) -1.7077 (0.1335)
Reduced Fat -2.0798 (0.1241) -2.0824 (0.1200) -2.0608 (0.1155)
T 10.952 (0.2049) 10.9541 (0.2038) 10.9577 (0.1973)

Log Likelihood -2688.70 -2686.80 -2686.80

Note: Estimation was conducted with a subsample of 200 households. Standard deviations are reported in
parentheses. Column (1) shows the estimation results with the original prior as in Column (1) in Table 2.1.
Column (2) assumes the mean of θ to be the half of the original, and column (3) assumes the variance of
θ to be a double of the original. The log likelihood is evaluated at the household level parameter estimates
(θ̂h , T̂h ).

gregate coefficient estimates and standard deviations are very similar, although different

prior distributions on θ are assumed. Therefore, the estimation results of Basic Model

are robust.

2.5.2 Expected Demand

I calculate the expected demand each model predicts, and compare it to the ob-

served demand from the data. The comparison shows that Extension 2 fits the data best,

as shown in Table 2.3. The observed demand is calculated as a sum of the total number of

jars each household purchased multiplied by the size of the jars in ounces. The expected

demand is calculated for each purchase observation, using household level parameter

estimates (θ̂h , T̂h). First I solve the first stage problem and find the optimal package bun-

dle x∗
ka for each product. In the second stage, I calculate the probability for each product

to be chosen, and then multiply it by the quantity of the optimal package bundle.

Extension 2 has the smallest root mean square error (RMSE), which means that it
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Table 2.3: Expected Demand and Model Fit

Observed Expected Demand

Item ID Oz Demand Basic Extension 1 Extension 2

1 16.3 7,665 9,489 9,889 8,911
2 28.0 2,632 2,676 1,697 2,916
3 16.3 2,191 2,034 2,160 1,973
4 28.0 420 483 249 533
5 16.3 521 672 760 730
6 16.3 326 122 137 137
7 16.3 1,958 1,778 1,829 1,783
8 16.3 281 286 293 291
9 15.0 1,558 1,883 1,907 1,892

10 15.0 648 354 363 363
11 18.0 9,756 10,793 12,194 10,077
12 28.0 5,376 5,375 3,194 5,973
13 18.0 1,458 2,816 3,099 2,746
14 28.0 364 901 456 1,005
15 18.0 1,800 2,048 2,076 2,041
16 17.3 502 411 437 387
17 18.0 3,258 4,670 4,707 4,755
18 18.0 414 1,469 1,524 1,391
19 28.0 1,400 1,402 1,304 1,486
20 18.0 666 321 334 321
21 16.3 3,204 3,183 3,202 3,132
22 16.3 793 574 577 581

Root Mean Square Error (RMSE) 31.74 47.82 28.06

Note: Expected demand is calculated using the estimation results obtained from each model specification.
Extension 1 allows preference on package size and Extension 2 accommodates consumer inattention.

predicts the demand which is closest to the actual demand observed, compared to the

other model specifications. Extension 1 performs poorly; it has RMSE of 47.82%, which

is even larger than the Basic model’s. These results suggest that consumer inattention

better explains households’ purchasing behavior than preference on package sizes.

Table 2.3 also shows potential problems in prediction when wrong-specified mod-

els are used for the analysis. Structural demand models are widely used to study policy

implications and evaluate potential mergers. Thus, it is critical whether the model can

predict the demand accurately. In order to achieve that, consumer inattention should be

considered in the model properly when packaged goods are of concern. Not consider-
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ing it (Basic model) or wrong interpretation of consumer behavior (Extension 1) would

result poor predictions.

2.6 Implications

I analyze the welfare effects of consumer inattention based on the estimation results

from the previous section. I have shown that some households miss substitution op-

portunities in quantity surcharge periods due to inattention in Section 2.5. Among the

200 households in the subsample, 43 households make at least one miss, with the total

number of misses equal to 81.

Choosing an inferior package size reduces the households’ utilities. I calculate the

loss in welfare for each miss purchase. First I set up a hypothetical scenario where all

households are fully attentive. This scenario can be considered as an approximation

of a consumer awareness program such as a clear per unit price display requirement.

In this scenario, no household makes a miss purchase—that is, the choice set includes

all the possible combinations of the package sizes that are available for every purchase

occasions, as in Basic model. I set Extension 2 (where some households are inattentive)

as a benchmark for comparison.

Then I simulate purchase outcomes under the full attention scenario and Extension

2, using the household level parameter estimates. For miss purchase occasions, utilities

are higher under the full attention scenario than the benchmark. I calculate the differ-

ence for those cases and take the average across 1,000 simulations.

Lastly, I calculate the additional budgetary allotment needed to compensate the util-

ity difference in order to convert the difference in utilities into dollars. The calculation is

based on this approximation:

∂ lnu(xk , z)

∂ lnT
×∆ lnT =∆ lnu(xk , z), (2.6.1)

which assumes that the impact of a change in T on the optimal quantity xk is negligible.
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Table 2.4 shows the simulated welfare loss.

Table 2.4: Welfare Loss per Miss($)

Min Q1 Q2 Mean Q3 Max Total

0.0088 0.2847 0.6332 0.6858 1.5134 3.1494 50.5926

Note: Welfare loss of consumer inattention is calculated for each miss purchase that the subset of 200 house-
holds made. There are 81 misses in total.

The total welfare loss from 81 miss purchases are $50.59. The smallest loss is less than

1 cent, but the biggest loss reaches to $3.15. The median loss is $0.63 and the average is

$0.69. Considering the fact that a 16 oz jar of peanut butter is roughly $2, the welfare loss

caused by miss purchases is substantial for inattentive households.

2.7 Concluding Comments

I study demand models for packaged goods when quantity surcharges exist in this

chapter. Quantity surcharges are frequently observed at grocery stores. Chapter 1 shows

heterogeneity in purchasing behavior when quantity surcharges exist, especially the ex-

istence of consumers who make miss purchases. Heterogeneity in consumer inatten-

tion explains the various purchasing behavior well. Hence it is important to consider

consumer inattention when one designs demand models for packaged goods.

This chapter has two main contributions. The first contribution is to develop a de-

mand model that can capture the heterogeneity in consumer attention. The model al-

lows consumers to choose a product and its optimal quantity for packaged goods. The

quantity is chosen as a combination of possible package sizes available, and this cap-

tures attentive consumers purchasing multiple small size items in quantity surcharge

periods. In addition to that, the model accommodates consumer inattention by restrict-

ing the choice set in case of miss purchases. The model can be solved as a two stage

optimization problem.

I estimate the model using the MCMC methods. The estimation results suggest that

consumer inattention explains the household purchasing behavior well. The objective
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function to maximize is complicated as the model solution requires two stage optimiza-

tions, and the number of package bundles to consider is large. The Bayesian approach

has advantages in this setting.

I compare the estimation results of the consumer inattention model to the two al-

ternative model specifications: first, a basic model that does not consider quantity sur-

charges, and then an extension of the basic model that explains miss purchases as a re-

sult of strong preference on a large package size. The consumer inattention model shows

the minimal prediction errors among the three.

The second contribution is to calculate the costs of consumer inattention. I calculate

the welfare loss caused from missing a substitution opportunity, by simulating purchase

outcomes using the estimation results from the inattention model. The welfare loss a

household suffers is $0.69 on average, which is substantial considering that the average

price of a small size jar is roughly $2.
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Chapter 3

A Dynamic Demand Model for

Packaged Goods

3.1 Introduction

I study the dynamic consumption and purchase decisions consumers make for

storable packaged goods in this chapter. I use the same scanner data in the peanut

butter category for the analyses. Chapter 1 documents the high frequency of quantity

surcharges in the peanut butter category using the detailed scanner data. Chapter 2 de-

velops a demand model for packaged goods that captures the heterogeneous consumer

behavior when quantity surcharges exist. However, the model is static and hence fails to

consider the consumer’s dynamic decision to store for later consumption.

There are three household purchasing patterns to consider. First, households store

peanut butter for future consumption. Peanut butter products are storable, as they have

long storage life, and I find evidence of storing behavior from my data. Second, multiple

jar purchases are highly frequent, especially small size jars in quantity surcharge weeks.

Lastly, some households purchase large size jars in quantity surcharge weeks ("miss"

purchase). Chapter 1 demonstrates the second and third purchasing behavior in detail.

The last two purchasing patterns combined together suggest that there is hetero-
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geneity in attention among households. Attentive households take advantage of quan-

tity surcharges and purchase two jars of small size items. On the other hand, inatten-

tive households are not aware of the existence of quantity surcharges and make inferior

package size choices. Chapter 2 shows that consumer inattention well explains the het-

erogeneous jar size choices.

I develop a structural demand model for packaged goods that considers the all three

purchasing patterns found. First, I allow four types of households: attentive storer, inat-

tentive storer, attentive non-storer, and inattentive non-storer. Different types of house-

holds have different preferences on the product. In each period a household chooses

consumption quantity, purchase quantity, and the number of jars of each size to pur-

chase. By separating purchase quantity decision and jar size choice, inattentive type

households are allowed to make inferior jar size choices for the given purchase quantity.

I model a multiple-discrete choice by considering consumption quantity as a count-

able variable. More specifically, I assume that consumption quantity follows a negative

binomial distribution. This distributional assumption also drives the likelihood func-

tion for estimation. I simplify a household’s dynamic purchase decision with inventory

holding using the concept of effective price by Hendel and Nevo (2013). Under certain

assumptions, the storer type household’s dynamic problem becomes static where con-

sumption quantity for each period is determined by the effective price.

I estimate the model using the method of maximum likelihood. The rich house-

hold level purchase data allow me to estimate the demand parameters. Even though the

model is limited to one product, the estimation results still give us helpful insight. The

estimation results suggest that attentive storer type households are most price sensitive

and inattentive non-storer type households are least price sensitive.

For the literature review on quantity surcharges, please see Section 1.1, and for the

literature review on multiple discrete choice model, please see Section 2.1. In addition,

the chapter is related to literature on stockpiling behavior. Boizot et al. (2001) and Pe-

sendorfer (2002) documents the evidence that consumer inventory holding behavior
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using data. Hendel and Nevo (2003) suggest methods to test whether households en-

gage in stockpiling at both household and store levels1 and Hendel and Nevo (2006b)

test consumer inventory holding model using scanner data.

Erdem et al. (2003) introduces a dynamic demand model for storable goods. Hendel

and Nevo (2006a) also develops a similar dynamic model with inventory holding. The

model separates a household’s decisions on how much to consume and how much to

purchase. The authors show that static demand analysis mismeasures demand elastic-

ities: it overestimates own-price elasticities and underestimates cross-price elasticities

to other products. However, the models in the papers mentioned above do not consider

the substitution among different package sizes of the same product. That is, the package

size a household chooses is automatically equal to the purchase quantity she chooses.

Hence it is not eligible to analyze the effect of quantity surcharges where substitution

opportunities exist.

Hendel and Nevo (2013) show how to simplify a complicated dynamic demand

model with inventory holdings using certain assumptions. The model first assumes two

types of households, storers and non-storers, and allows the two types to have different

preferences. Adding further assumptions on storing technology and households’ fore-

sight on future demand and future prices, prices from only a short period of adjacent

time window become effective for the current period decisions, instead of the full his-

tory of past and future prices. However, again, the authors fail to consider package size

choice. Hence I adopt the assumptions from Hendel and Nevo (2013) to simplify the

inventory holding part, but include additional components to analyze various jar size

choices.

The chapter proceeds as follows. Section 2 describes the data sets used for the anal-

yses. Section 3 shows the evidence of household stockpiling behavior and Section 4 in-

troduces a structural dynamic demand model. Section 5 describes the estimation pro-

cedure, and Section 6 shows the estimation results. Section 7 concludes the paper.

1I follow the methods the authors suggest to find evidence of consumer inventory holding in Section 3.3.
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3.2 Data

I use weekly panel scanner data collected by Information Resources Inc. (IRI) for

the analyses. I focus on the peanut butter category in the Eau Claire, Wisconsin, mar-

ket, from January 2008 to December 2010. I merged the three household level data sets

- peanut butter purchase, trips to grocery stores, and demographics - and product at-

tributes data. The observations that are not matched to the store level sales data are

dropped. For further details, please see Section 1.2 and Appendix A.1.

Products and quantity surcharges are defined in the same ways as in Chapter 1. Ta-

ble 1.4 shows 17 products of four brands identified. Quantity surcharges are identified

for the five products with multiple package sizes (small and large) available. Quantity

surcharges are more frequent than quantity discounts for all the products, and the aver-

age price difference between the two sizes is bigger in quantity surcharge weeks than in

quantity discount weeks for the majority of the products. Please see Table 1.5 for details.

The merged data set includes 2,367 households with 23,287 purchase observations.

Focusing on the 17 products identified, there are 2,288 households with 19,142 purchase

observations. At store level, there are 29,340 sales observations across 6 stores in the

market.

3.3 Evidence of Stockpiling

This section shows the evidence that households stockpile for future consumption.

Stockpiling can evolve as an optimal strategy for households, as peanut butter is storable

and stores often offer temporary price reductions on peanut butters. When an item is

relatively cheaper than usual, households can purchase a large quantity and store some

of it as inventory for future consumption. They also tend to delay their next purchase

to consume the inventory. I test for household stockpiling behavior in both store and

household levels.
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3.3.1 Store Level Evidence

One way to test the household stockpiling behavior is to find evidence of post-

promotion dip. If households store a product for later use, the quantity of that prod-

uct sold during the week following a price promotion is expected to be lower than the

quantity sold during the week not following a price promotion at store level. This phe-

nomenon is called "post-promotion dip", as suggested by Hendel and Nevo (2003).

Table 3.1 is the contingency table of the average number of jars sold in sale/non-

sale weeks followed by sale/non-sale weeks.2 A sale is defined as in Section 1.3.3, and

the analysis is based on 29,340 sales observations at stores of 22 items of 17 products

identified in Table 1.4.

The most important comparison is the two numbers in non-sale weeks. During non-

sale weeks following non-sale weeks, more peanut butter jars were sold on average than

during non-sale weeks following sale weeks (144.99 versus 34.86). This trend suggests

a post-promotion dip, which indicates inventory holding. We can also see that more

peanut butter jars were sold on average when there was no sale the previous week than

when there was a sale (141.32 versus 123.20). Similarly, more peanut butter jars were sold

on average during sale weeks than during non-sale weeks (161.33 versus 106.38).

Table 3.1: Evidence of Stockpiling: Average Number of Jars Sold

Salet−1 = 0 Salet−1 = 1

Salet = 0 144.99 34.86 106.38
Salet = 1 134.63 178.22 161.33

141.32 123.20

Note: Salet in an indicator of sale, which is equal to 1 if an item was on sale during the week t at a store.
The table presents the average number peanut butter jars sold across 156 weeks and six stores during each
week.

Next, I run several linear regressions of the quantity sold at stores. I follow Hendel

and Nevo (2003) and estimate the following econometric model

2I call “sale weeks” the weeks in which the peanut butter products were on sale and “non-sale weeks” the
weeks in which the peanut butter products were not on sale.
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log(q j st ) = δ1log(p j st )+δ2dur j st +dumvars+ε j st , (3.3.1)

where q j st is the quantity of item j sold at store s in week t , measured as volume nor-

malized by 16 oz; p j st is price per 16 oz of item j at store s in week t ; dumvars includes

feature and display dummy variables, and store, brand, and product specific intercept

terms. Lastly, dur j st is the duration from the previous sale, measured as the number of

weeks divided by 100 from the previous sale for an item j in store s for any size in week t .

I consider the three categories of the duration variable: duration from the previous sale

for the brand to which the item belongs, for the product to which the item belongs, and

for the item itself.

The key parameter is δ2, measuring the effect of the duration since the previous sale

on quantity purchased. The consumer inventory holding hypothesis predicts that con-

sumers holding inventory can delay purchases waiting for the next price discount, but as

the number of weeks since the last sale increases, the inventory level decreases and the

consumers become more likely to purchase the product again. A positive δ2 supports

the hypothesis.

Table 3.2 shows the ordinary least squares (OLS) estimation results of the model. The

first three columns contain the results of the regression models with each of the du-

ration variables, and the last column includes the all three duration variables. All the

coefficients are significant and have the expected signs: less quantity is sold if the price

increases, but feature or display increases the quantity sold.

Duration from the last sale shows significantly negative effects, when the three cat-

egories are considered separately. However, when all the three are considered together,

as shown in Column (4), duration from the last sale for the product has a significantly

positive coefficient estimate. This supports the consumer inventory holding hypothesis.
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Table 3.2: Evidence of Stockpiling: Store Level

Variable (1) (2) (3) (4)

Log Price -2.327 -2.365 -2.328 -2.296
(0.043) (0.043) (0.043) (0.043)

Duration Since Last Sale
Brand -0.547 -0.506

(0.074) (0.081)
Product -0.095 0.173

(0.028) (0.041)
Item -0.151 -0.199

(0.020) (0.029)
Feature 0.222 0.212 0.222 0.230

(0.027) (0.027) (0.027) (0.027)
Display 1.118 1.121 1.114 1.110

(0.021) (0.021) (0.021) (0.021)

Note: Standard errors in parentheses. The table reports the estimation results of (3.3.1). Each observation
used in the analyses is a weekly sales event of 22 items of 17 products a store. A sale for an item is defined as
any price lower than or equal to the price level 5% below its modal price. A positive coefficient of duration
from the previous sale (δ2) indicates that consumers hold inventory.

3.3.2 Household Level Evidence

I also estimate an econometric model designed to find evidence of consumer inven-

tory holding at household level. The household level data allow us to measure the impact

of a sale on the number of jars purchased or the timing of purchase, in addition to the

total quantity purchased. The model is

yi t =α+βSi t +γi +εi t , (3.3.2)

where yi t represents five different measures of quantity purchased by household i at

purchase instance t ; Si t is an indicator whether the item was on sale; and γi is a

household-specific effect. The model is adopted from Hendel and Nevo (2003).

Among the five different dependent variables, the first three are quantity variables:

quantity normalized to 16 oz, number of jars, and size of each jar purchased. A positive

coefficient on the sale dummy is expected for normalized quantity and number of jars

to support household stockpiling behavior. As for size of jar, I expect it to have a neg-
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ative coefficient, as households in the panel data frequently purchased multiple jars of

relatively small size (16–18 oz) rather than buying one large size jar, as shown in Table

1.11.

The last two dependent variables are related to the timing of purchases: days from

previous purchase and days to next purchase. A negative coefficient for the days from

previous purchase and a positive coefficient for the days to next purchase will support

the stockpiling hypothesis.

The within estimator allows individual household intercepts, and estimates the ef-

fects of household stockpiling. Table 3.3 displays the obtained estimates of β for the five

different dependent variables. All the models have significant estimates and the signs

are as expected. Column (1) indicates that households purchase a larger volume of an

item when it is on sale. Columns (2) and (3) indicate that households purchase a higher

number of jars and smaller size jars during sale weeks. Columns (4) and (5) suggest that

households advance a purchase and wait longer for the next purchase when there is a

sale.

Table 3.3: Evidence of Stockpiling: Household Level

(1) (2) (3) (4) (5)
Dependent Quantity Num Jar Size Days from Days to
Variable (16 oz) of Jars (16 oz) Prev Pur Next Pur

Si t (β) 0.207 0.228 -0.0352 -7.221 7.094
(0.015) (0.012) (0.003) (1.734) (1.729)

Note: Standard errors in parentheses. The five columns in this table report the estimation results of the
model (3.3.2) with five different dependent variables. Each observation used in this analysis is a purchase
observation that a household made on a single trip to a store. A sale for an item is defined as any price
lower than or equal to the price level 5% below its modal price; and Si t is an indicator variable of sale (ob-
tained estimates of the variables other than Si t are omitted). Quantity is the amount of an item purchased,
normalized to 16 oz, and num of jars is the number of jars of an item purchased. Jar size is the volume of
each jar purchased normalized to 16 oz. Days from prev is the number of days from the last peanut butter
product purchase, and days to next is the number of days to the next purchase.

I found the evidence of household stockpiling behavior in this section, in both store

and household levels. Thus, it is important to consider the dynamic decisions between

purchase and consumption quantities consumers make in demand models.
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3.4 Model

I develop a demand model that is simple but still captures the key consumer behavior

that I find from the data, such as inventory holding and multiple jar purchases.

I propose a demand model when a single good is offered at two package sizes and

prices between the two package sizes are not necessarily linear. In each period, house-

holds choose not only the quantity to purchase but also the bundle of different package

sizes conditional on the given purchase quantity.

3.4.1 The Setup

First, I assume that there is heterogeneity in households’ willingness or ability to

store.

Assumption 1. A proportion of households do not store.

This could arise endogenously if a fraction of the households have storage costs that

make it unprofitable to store. Therefore, Assumption 1 can be interpreted as an assump-

tion on the distribution of storage costs.

Assumption 2. A proportion of households are inattentive.

Household inattention could arise for various reasons: some households may be

unable to calculate the per unit price for an item and compare it to the other package

size items. Other households could have high search costs or high opportunity costs

to the time spent at a grocery store. Clerides and Courty (2017) call this case rational

inattention. Combining Assumption 1 and 2 yields four types of households: attentive

non-storer (A-NS), inattentive non-storer (IA-NS), attentive storer (A-S), and inattentive

storer (IA-S).

I suppose there are a finite number of periods, R. There is one product and it is

offered in two different package sizes, small (S) and large (L). A large size item is twice as

big as a small size item. I normalize quantity to small size so that quantity is equal to 1

53



for the small size item and 2 for the large size item. I define pt = (ptS , ptL) as a vector of

the normalized prices (per quantity) for the small and large size items in period t . I allow

the four types of households to have different preferences to the product, but none of

them has preference to package size. A type h household has indirect utility as follows:

U h
t =βh

0 +βh
p p̃t +εh

t , (3.4.1)

where p̃t is the representative price of the product in period t , which I will discuss later;

εh
t represents a stochastic preference shock in period t ; βh = (βh

0 ,βh
p ) is a vector of prefer-

ence parameters of type h households; βh
0 represents type h households’ baseline pref-

erence to the product; and βh
p captures type h households’ sensitivity to the price of the

product.

In each period, households decide how much to consume, ct , and how much to pur-

chase, qt , in terms of quantity. They also choose package sizes according to the purchase

quantity. That is, both consumption quantity and purchase quantity are discrete vari-

ables: ct , qt ∈ {0,1,2, . . .}. If households do not store, purchase quantity and consumption

quantity are the same, but if households store, those two quantities are not necessarily

the same.

I structure the problem a household faces in a two-stage setting. In stage 1, a house-

hold makes quantity decisions: how much to consume and how much to purchase.

In stage 2, for the given quantity to purchase, the household decides the number of

small size items, ytS , and the number of large size items, ytL , to purchase such that

ytS +2ytL = qt . Let yt = (ytS , ytL).

3.4.2 Negative Binomial Distribution

Note that all the three decision variables households choose are discrete, more pre-

cisely, nonnegative integers. I introduce the negative binomial distribution to accom-
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modate the discreteness.3 Poisson distribution could be an alternative, but negative bi-

nomial distribution allows more flexibility, as it has an additional parameter.

First, suppose consumption quantity c follows the Poisson distribution conditional

on the parameter λ with density function

f (c|λ) = λc

c !
e−λ, where c = 0,1,2, . . . (3.4.2)

Now allow the parameter λ to be random. Let λ = µν, where µ is a deterministic

function and ν> 0 is iid with gamma density g (ν),

g (ν) = δδ

Γ(δ)
νδ−1e−νδ. (3.4.3)

Then consumption quantity c follows the negative binomial distribution with a mixture

density, as follows:

h(c|µ,α) =
∫ ∞

0

e−µν(µν)c

c !

νδ−1e−νδδδ

Γδ
dν (3.4.4)

= µcδδΓ(c +δ)

Γ(δ)c !(µ+δ)c+δ

= Γ(α−1 + c)

Γ(α−1)Γ(c +1)

(
α−1

α−1 +µ
)α−1 (

µ

µ+α−1

)c

,

where α = 1/δ. Using the standard notation of the negative binomial distribution, δ

represents the number of failures until the experiment stopped and µ/(µ+δ) is the suc-

cess probability in each experiment. Lastly, let µ = exp(β0 +βp p̃), exponential of the

mean utility, and ν = exp(ε), exponential of the stochastic preference shock. Note that

the mean and the variance of ν are 1 and α, respectively. Then consumption quantity c

is determined by the binomial distribution with density h(c|µ,α).

3Saeedi (2014) also uses the negative binomial distribution to model the sellers’ discrete choice of quan-
tity to sell.
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The two moments of consumption quantity are

E [c|µ,α] = µ (3.4.5)

V [c|µ,α] = µ(1+µα)

As we can see, α determines the variance of ν, which is the exponential of the stochastic

preference shock, and hence, it also affects the variance of consumption quantity. Thus

α can be interpreted as a dispersion parameter.

In order to test whether the consumption quantity can be well represented by the

negative binomial distribution, I plot the quantity purchased on a given trip for each

household. Figure 3.1 shows the quantity purchased, instead of the quantity consumed,

since the quantity consumed is unobserved. We can see that the negative binomial

distribution is a good approximation of the quantity purchased. Conditioning that the

quantity consumed is not significantly different from the quantity purchased, the nega-

tive binomial distribution is also a good approximation of the quantity consumed.
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Figure 3.1: Histogram of Quantity Purchased at Household-Trip Level

Note: The figure shows the histogram of quantity (normalized to 16 oz) each household purchased on a trip,
conditional on purchase. The data used are the household level weekly purchase data from 2008 to 2010 in
the Eau Claire market.

56



3.4.3 The Non-storing consumer’s problem

In this section, I look at the non-storing household’s static problem, while in the next

section, I look at the storing household’s dynamic problem. First, however, there is one

problem to discuss: what price to use for the stage 1 quantity decision? In the previous

section, I showed that the consumption quantity is drawn from the negative binomial

distribution conditional on two parameters, the exponential of mean utility µh and the

dispersion parameter αh . The mean utility of a type h household is determined by the

household’s preference to the product and its price. Here we face the "one product-two

prices" problem. That is, there is one product but two prices exist for the product, one

for the small size and another for the large size.

In order to determine the mean utility a type h household enjoys from consuming the

product, we need to pick a representative price p̃t for the product, as shown in equation

(3.4.1). There are several candidates for this single price of the product. We can use

either the small size price or the large size price. The lower price between the two sizes or

the most frequently charged price across the sizes (regular price) can also be an option.

Intuitively, attentive households and inattentive households could use different prices

to determine their consumption quantities. However, for simplicity, I assume that both

types of households use the minimum price between the two sizes in each period. Let

pt = min(ptS , ptL).

In the absence of storing, the purchasing quantity and consumption quantity are the

same. How much to consume in each period is determined by the binomial distribution

with density h(·) in equation (3.4.4). Let µh(pt ) = exp(βh
0 +βh

p pt ), exponential of the

mean utility of a type h household when the price she faces for the quantity decision is

pt . Also, for simplicity, I limit the consumption quantity to 0, 1, or 2 in this analysis. Then

the probability of a non-storer household to choose consumption quantity c is

Prob(ch
t = c) = h(c|µh(pt ),αh), where c = 0,1,2, and h = A−N S, I A−N S. (3.4.6)
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For the given quantity decision ch
t , the two types of non-storing household choose a

bundle of two package sizes, small and large, yh
t . When ch

t = 0 for both types of house-

holds, yh
t = (0,0) automatically. When ch

t = 1, there is only one option available: purchas-

ing one small size jar. Hence, yh
t = (1,0) for both types of households. However, when

ch
t = 2, there are two alternatives available: purchasing one large size jar or two small size

jars. Here I take a behavioral approach and assume attentive type households minimize

their expenditure while inattentive type households minimize the total number of jars

to purchase.

Define quantity discounts in period t as ptS > ptL and quantity surcharges as ptS <
ptL , assuming no tie. Then when ch

t = 2, the attentive non-storer household purchases

one large size jar during quantity discount periods and two small size jars during quan-

tity surcharge periods. However, the inattentive non-storer household purchases one

large size jar regardless of the period. The two types of non-storing households’ jar size

choice for a given purchase quantity is presented in Table 3.4.

3.4.4 The Storing Consumer’s Problem

If households store, the quantity purchased and the quantity consumed are not nec-

essarily the same. In order to predict storers’ purchases, I make the following assump-

tions:

Assumption 3. Storage is free, but inventory lasts for only T periods (fully depreciates

afterwards).

One way to interpret the assumption is the product’s perishability. For example,

T = 1 means the product goes bad in two weeks. An alternative interpretation of the

assumption is households’ capacity to consider their future consumption at purchase.

Even though the product may last longer, households only consider purchasing for T

periods ahead. The role of this assumption is to dramatically simplify the state space of

the model to consider. That is, I do not need to keep track of how much is left in stor-

age in different states, which is what a typical dynamic problem with inventory holdings
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would do.

Assumption 4. (perfect foresight): Households have perfect foresight regarding prices T

periods ahead.

The perfect foresight assumption further simplifies the storing household’s problem.

One may worry that perfect foresight is restrictive, and thus, invalidate demand esti-

mates. However, Hendel and Nevo (2013) show that this perfect foresight assumption

fits the data as well as an alternative assumption with households having a rational ex-

pectation of future prices.

I assume T = 1 for simplicity in the analysis. The storing household’s problem is as

follows. The type h storing household decides how much to purchase in each period,{
qh

t

}R
t=1, and how much to consume,

{
ch

t

}R
t=1, maximizing the sum of utilities subject to

the household’s budget constraint and storage technology. Here I ignore discounting for

utilities from future consumption. As the non-storing type household’s problem, both

variables are non-negative integers.

Define the effective price in period t as pe f
t = min{pt−1, pt }. Hendel and Nevo (2013)

show that, under Assumptions 3-4, it is equivalent to solve for a series of static opti-

mal consumption quantity with respect to pe f
t . Let ch

t (pe f
t ) be the optimal consumption

quantity of the type h household. The variable ch
t (pe f

t ) is drawn from the negative bino-

mial distribution with density h(·|µh(pe f
t ),αh), as shown in the previous section.

Now I consider the purchase quantity. Since inventory lasts for one period, we only

need to consider the two adjacent periods for the purchase quantity decision in period

t . The storing household’s purchase quantity in period t , qh
t , is a sum over the consump-

tion in period t if pt is the effective price in period t , and the consumption in period t+1

if pt is the effective price in period t +1. By definition, pt is the effective price in period

t if it is lower than pt−1, and the effective price in period t +1 if it is lower than pt+1.

Define a sale period S as pt < pt+1 and a non-sale period N otherwise. Then there

are four possible events in period t : a sale in period t followed by a sale in period t −1

(SS), a sale in period t followed by a non-sale in period t −1 (NS), a non-sale in period t
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followed by a sale in period t −1 (SN), and lastly, a non-sale in the two periods in a row

(NN). The purchase quantity in period t of the type h storing household in each event

can be written as

qh
t

(
pt−1, pt , pt+1

)
=



ch
t

(
pt

)
+ 0 in NN;

0 + 0 in SN;

ch
t

(
pt

)
+ ch

t+1

(
pt

)
in NS;

0 + ch
t+1

(
pt

)
in SS

, where h = A−S, I A−S.

(3.4.7)

Hence, the purchase quantity in period t for the two storing type households is de-

termined by the minimum price between the two sizes in period t , pt , and the sale states

in the previous period and the current period. Again, I restrict the consumption quantity

to no more than 2 for simplicity. Then the purchase quantity can have an integer value

from 0 to 4, depending on the sale event. As described earlier, both ch
t (pt ) and ch

t+1(pt )

follow the negative binomial distribution with density h(·|µh(pt ),αh). Thus, the proba-

bility of a storing type household to choose the purchase quantity q in the sale event NN

or SS is

qh
t (pt |N N ) = qh

t (pt |SS) = q with prob. h(q |µh(pt ),αh),

where q = 0,1,2 and h = A−S, I A−S. (3.4.8)

qh
t (pt |SN ) is simply zero with probability 1.

It is little bit more complicated in the event of NS since the storing household pur-

chases the consumption quantity for both period t and period t +1. For example, there

are two possible scenarios why the household purchases quantity 1 in period t in the

event of NS: 1) the household’s consumption quantity is 0 in period t and 1 in period

t +1; 2) the household’s consumption quantity is 1 in period t and 0 in period t +1. As-

suming independence between the consumption quantity in period t and period t +1,
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the probability of having each purchase quantity is as follows:

qh
t (pt |N S) =



0 with prob. h(0|µh(pt ),αh)h(0|µh(pt ),αh)

1 with prob. h(0|µh(pt ),αh)h(1|µh(pt ),αh)

+h(1|µh(pt ),αh)h(0|µh(pt ),αh)

2 with prob. h(0|µh(pt ),αh)h(2|µh(pt ),αh)

+h(1|µh(pt ),αh)h(1|µh(pt ),αh)+h(2|µh(pt ),αh)h(0|µh(pt ),αh)

3 with prob. h(1|µh(pt ),αh)h(2|µh(pt ),αh)

+h(2|µh(pt ),αh)h(1|µh(pt ),αh)

4 with prob. h(2|µh(pt ),αh)h(2|µh(pt ),αh)

(3.4.9)

Conditional on the purchase quantity determined, the storing household decides the

number of jars to purchase for each size as the non-storing household does. The atten-

tive storer households minimize their expenditure and the inattentive storer households

minimize the total number of jars to purchase. In this section, I discuss the cases where

the purchase quantity is larger than 2. When the purchase quantity in period t is 3, the

attentive storer chooses one small size jar and one large size jar if quantity discount ex-

ists in period t , and three small size jars in the case of quantity surcharge. The inattentive

storer, on the other hand, purchases one small size jar and one large size jar all the time,

for the given purchase quantity 3.

When the purchase quantity is equal to 4, the attentive storer purchases two large

size jars if quantity discount exists, and four small size jars if quantity surcharge exists.

Again, the inattentive storer’s jar size choice does not depend on quantity discountd or

quantity surcharged, and the household purchases two large size jars in both cases. Table

3.4 describes each type of households’ jar size choice for a given purchase quantity.
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Table 3.4: Jar Size Choices of Four Household Types, for Given Purchase Quantity

HH type A-NS IA-NS A-S IA-S

q QD QS QD QS

0 (0,0) (0,0) (0,0) (0,0) (0,0) (0,0)
1 (1,0) (1,0) (1,0) (1,0) (1,0) (1,0)
2 (0,1) (2,0) (0,1) (0,1) (2,0) (0,1)
3 (1,1) (3,0) (1,1)
4 (0,2) (4,0) (0,2)

Note: There are four types of households: attentive non-storer (A-NS), inattentive non-storer (IA-NS), at-
tentive storer (A-S), and inattentive storer (IA-S). Variable q represents the given purchase quantity. For a
given quantity, the attentive type households choose the number of jars to purchase for each size, (yS , yL),
depending on quantity discount or quantity surcharge state. However, non-attentive households’ jar size
choice does not depend on quantity discount or quantity surcharge.

3.5 Estimation

3.5.1 Empirical Model

In this section, I modify the simple demand model from Section 3.4 for estimation

using household level purchase data in the peanut butter category. There is one peanut

butter product with two package sizes, small and large. There are S stores carrying the

product and N households in the market. Assume there are four types of households:

attentive non-storer (A-NS), inattentive non-storer (IA-NS), attentive storer (A-S), and

inattentive storer (IA-S). Household types are not observable to researchers, but can be

identified based on the households’ purchasing patterns. Let N1 and N2 be the number

of A-NS and IA-NS type households, and N3 and N4 the number of A-S and IA-S type

households, respectively.

There is a finite number of weeks, R. I consider a household’s visit to a store s in week

t as given. This assumes that households do not plan to visit a store just to purchase the

peanut butter product. Upon a visit, a type h household i observes the volume prices

of the small and large size items, ptSs and ptLs , respectively, and decides how much to

consume, ch
i t , how much to purchase, qh

i t , and how many jars of each size to purchase,

yh
i t = (yh

i tS , yh
i tL), such that yh

i tS + 2yh
i tL = qh

i t . From the data we observe the following:

week t and store s each household visited, yh
i t = (yh

i tS , yh
i tL), and pt s = (ptSs , ptLs).
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The probability to observe a purchase incident of yh
i t = (yh

i tS , yh
i tL) is the probability

for the type h household i of having the purchase quantity qh
i t = yh

i tS +2yh
i tL multiplied

by the probability of making such a jar choice (yh
i tS , yh

i tL) for the given purchase quantity.

This can be written as

Prob(yh
i t |αh ,βh) = Prob(yh

i t |qh
i t )×Prob(qh

i t |µh
i t ,αh), (3.5.1)

where αh is the dispersion parameter and βh = (βh
0 ,βh

p ) is a vector of the preference pa-

rameters. The first term on the right hand side, Prob(yh
i t |qh

i t ), represents the probability

of making such a jar size choice yh
i t for the given purchase quantity qh

i t . The second term

on the right hand side, Prob(qh
i t |µh

i t ,αh), represents the probability of purchasing quan-

tity choice qh
i t , where µh

i t = exp(βh
0 +βh

p pt s) when s is the store household i visited in

week t .

The quantity that a non-storer type household (h = A − N S, I A − N S) purchases

is equal to the consumption quantity drawn from the negative binomial distribution.

Hence the household’s purchase quantity follows the same negative binomial distribu-

tion as the household’s consumption quantity. Therefore, Prob(qh
i t |µh

i t ,αh) is equal to

h(qh
i t |µh

i t ,αh), where h(·) is the density function of the negative binomial distribution, as

shown in equation (3.4.4).

For the two storer types (h = A−S, I A−S), the purchase quantity depends on the con-

sumption quantity and the sale event, as shown in equation (3.4.7). When the sale event

is NS or SS, storer type households purchase the future consumption quantity (for week

t + 1) in week t . I would like to emphasize that storer type households also draw their

consumption quantity in week t +1 from the same negative binomial distribution with

density h(·|µh
i t ,αh) as the households draw their consumption quantity in week t , since

these households face the same price pt s for both. Thus the probability of a purchase
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quantity choice of a storer type household is

Prob(qh
i t |µh

i t ,αh) = h(qh
i t |µh

i t ,αh)1−1(SN )−1(N S) ×1(qh
i t = 0)1(SN ) (3.5.2)

×
 qh

i t∑
l=0

h(l |µh
i t ,αh)h(qh

i t − l |µh
i t ,αh)

1(N S)

, h = A−S, I A−S.

For a given visit to a store s in week t and the purchase quantity qh
i t , the type h house-

hold i decides how many jars to purchase for each package size, yi tS and yi tL . Attentive

type households (h = A − N S, A − S) choose yh
i t to minimize their expenditure. Hence

the jar size choice depends not only on the purchase quantity but also on the quan-

tity discount or quantity surcharge status. During quantity discount weeks, an attentive

household purchases as many large size jars as possible for the given purchase quantity.

During quantity surcharge weeks, on the other hand, an attentive household purchases

small size jars only. Thus, attentive type households’ jar size choice probability for the

given purchase quantity, depending on the quantity discount or quantity surcharge sta-

tus, is

Prob(yh
i t |qh

i t ,QDt ) =

 1 if yh
i t = (qh

i t −2b1
2 qh

i t c,b1
2 qh

i t c)

0 otherwise
(3.5.3)

Prob(yh
i t |qh

i t ,QSt ) =

 1 if yh
i t = (qh

i t ,0)

0 otherwise if h = A−N S, A−S.

However, inattentive type households (h = I A −N S, I A −S) choose yh
i t to minimize

the total number of jars to purchase. Therefore, inattentive households’ jar size choice

depends on the purchase quantity only, and they purchase as many large size jars as

possible all the time. Inattentive type households’ jar choice probability for the given

purchase quantity is

Prob(yh
i t |qh

i t ) =

 1 if yh
i t = (qh

i t −2b1
2 qh

i t c,b1
2 qh

i t c)

0 otherwise if h = I A−N S, I A−S.
(3.5.4)
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Let φh
i t be the probability of jar choice of a type h household i in week t for simplifi-

cation. Then the log likelihood function can be written as

logL(α,β) =∑
h

logLh(αh ,βh), where (3.5.5)

logLh(αh ,βh) =
R∑

t=1

N h∑
i=1

{
logφh

i t + logh(qh
i t |µh

i t ,αh)
}

for h = A−N S, I A−N S,

logLh(αh ,βh) =
R∑

t=1

N h∑
i=1

{
logφh

i t + (1−1(SN )−1(N S))logh(qh
i t |µh

i t ,αh) (3.5.6)

+1(SN )log(1(qh
i t = 0))

+1(N S)log

 qh
i t∑

l=0
h(l |µh

i t ,αh)h(qh
i t − l |µh

i t ,αh)

 for h = A−S, I A−S.

The identification of the parameters is discussed in Appendix A.4.

3.5.2 Data Cleaning

I clean the data in the following way to fit them to the empirical model presented

in section 3.5.1. The data set I use for the estimation includes household level peanut

butter product purchase data combined with trip data from the Eau Claire, Wisconsin,

market from 2008 to 2010. I also use the store level peanut butter sales data for price

information.

As the model assumes a single product, I combine the products with multiple pack-

age sizes available into one. Among 17 products I identified in Chapter 1 (Table 1.4), five

of them have multiple package sizes, small and large. Four of them are national brands

(Product 1,2,9, and 10), and one is the store brand (Product 14). I exclude the store brand

product for the analyses, since it shows somewhat different pricing history compared

to the other national brand products 4. Any purchase of the four national brand prod-

ucts from the data is considered a purchase, and a purchase of any other products or no

purchase is considered a no purchase.

To define the package size, I consider the 16.3 oz jar of Product 1 and 2, and the 18

4See Table 1.5.
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oz jar of Product 9 and 10 a small size item, and I consider the 28 oz jar of any of the four

products mentioned a large size item. The large size item is not exactly twice as big as

the small size item in the data. In order to handle this issue, I set the quantity to 1 if the

jar size is between 16 oz and 18 oz, and to 2 if the jar size is between 28 oz and 36 oz.

To define the price of each size item, I calculate the average price of the four items

of each size at week-store level. Let ptks be the average price per 16 oz of the four size

k items in week t at a store s. Then I define sale and quantity discounts or quantity

surcharges at week-store level using the minimum price between the two sizes, pt s .

There are cases of multiple trips to the same or different stores in a week, and some

households purchased peanut butter items multiple times on those trips. However, the

model assumes maximum one visit per week. Hence I drop or merge some of those

observations in the following way. First, I identify the trip observations with no purchase.

If there are no other trip observations the same week, I keep the observation. If there

are other trip observations the same week but there was no purchase, I keep only one

representative trip observation.5 If there is any purchase observation the same week, I

drop all the other trip observations with no purchase that week.

Some households made multiple purchases at multiple stores the same week. In that

case, I drop all the observations.6 In the case of multiple purchases from the same stores

in a week, I merge those purchase observations of the same size. In addition, I drop a

few observations that have no matching price information in the store level data. Lastly,

I drop the purchase observations with a total quantity purchased greater than 4. Those

observations take only 2.51% of the total purchase observations. As a result, the clean

data set includes 1,986 households with 9,810 purchase observations and 228,242 trip

observations.

5I choose the observation recorded earliest in the week.
6An alternative way to handle this case is keeping one purchase observation out of the multiple purchase

observations and drop all the rest.
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3.5.3 Estimation Procedure

I estimate the parameters of each household type h, (αh ,βh), using the method of

maximum likelihood. The first step is to assign a type to each household. I identify

the unobserved household types using the method of kmeans. Let hi be the individual

specific moments which are informative about the unobservable individual effects. The

kmeans method estimates a partition of individual units by finding the best grouped

approximation to the moments {hi } based on K groups

(ϕ̂, k̂1, . . . , k̂N ) = argmin(ϕ,ki , . . . ,kN )
N∑

i=1
‖hi −ϕ(ki )‖2, (3.5.7)

where ‖ · ‖ denotes the Euclidean norm; {ki } ∈ {1, . . . ,K }N are partitions of {1, . . . , N } into

at most K groups; and ϕ= (ϕ(1)′, . . . ,ϕ(K )′)′ are K ×1 vectors.

Since I assume four types of households, I set K to 4. I choose one moment for each

dimension of household heterogeneity: storing and attentiveness. The first moment is

the percentage of quantity purchased in sale weeks (PSALE) for each household. This

moment represents the individual household’s storing behavior. The second moment

is the percentage of quantity purchased as a miss (PMISS). Here a miss is defined as a

large size jar purchase in quantity surcharge weeks. The second moment measures the

household’s attentiveness. For example, a household with low PSALE and low PMISS is

likely to be the attentive non-store type.

Using the two moments, I assign an initial household type according to the following

criteria: 1) a household is assigned to the storer type if PSALE is larger than 0.5, and to

the non-storer type otherwise; 2) a household is assigned to the attentive type if PMISS

is 0, and to the inattentive type otherwise. With this initial type assignment, I perform

kmeans and obtain the estimation results as presented in Table 3.5. There are signifi-

cantly more attentive type households than inattentive ones. The attentive storer type

has the largest number of households, and the inattentive non-storer type has the small-

est number of households.
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Table 3.5: Results of Household Type Assignments

Type Num of HHs Num of Obs Ave PMISS (%) Ave PSALE(%)

A-NS 622 70,651 2.33 25.76
IA-NS 88 9,287 70.54 15.25
A-S 1,075 125,829 1.03 85.13
IN-S 201 22,475 49.56 68.39

Total 1,986 228,242 9.43 61.75

Note: The four household types are attentive non-storer (A-NS), inattentive non-storer (IA-NS), attentive
storer (A-S), and inattentive storer (IA-S). I assign a type to each household using the method of kmeans.
Two household moments are used to perform kmeans: PSALE and PMISS, where PSALE represents the
percentage of quantity purchased on sale weeks and PMISS represents the percentage of quantity purchased
as a miss.

In addition, I adjust the probability of observing certain jar size choices. When the

purchase quantity is larger than 1, multiple alternatives exist in terms of jar size choice.

For the attentive types (h = A −N S, A −S), the "right" choice is determined by quantity

discounts or quantity surcharges, as shown in equation (3.5.3). For example, when the

purchase quantity is 2 and quantity surcharges exist, the right choice is to purchase two

small size jars. The model predicts the probability of observing yh
i t = (2,0) in that case to

be 1, and the probability of observing the "wrong" choice, yh
i t = (0,1), to be 0. However,

logarithm of 0 goes to negative infinity and it makes the log likelihood function explode

to negative infinity. The same problem arises for the inattentive type households in some

cases. Hence, for technical reasons, I adjust the probability of making the right choice to

0.9 and the probability of making the wrong choice to 0.1.

In addition, for the storing type households, the model predicts the probability of

having the purchase quantity equal to 0 to be 1 in the sale event SN, as shown in equation

(3.4.7). Again, the same technical issue arises, so I adjust the probability to have purchase

quantity 0 in the SN event to 0.9 instead of 1, and the probability of having a positive

purchase quantity to 0.1.
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3.6 Results

I first present the estimation results when all the households are assumed to be non-

storers (see Table 3.6). Column (1) presents the demand estimates when all the house-

holds are assumed to be attentive non-storer types. The obtained estimates of the two

preference parameters βA−N S = (βA−N S
0 ,βA−N S

p ) are 1.787 and -2.126. The interpretation

of the coefficients is as follows. As shown in equation (3.4.5), the mean of consumption

quantity ch
i t is equal to the exponential of the mean utility µh

i t . Thus, one unit change in

pt s increases the expectation of ch
i t by

∂E [ch
i t |pt s]

∂pt s
=βh

p exp(βh
0 +βh

p pt s). (3.6.1)

We can calculate the average response by taking the average across individual house-

holds’ response in each week as follows:

1

Rnh

R∑
t=1

N h∑
i=i

∂E [ch
i t |pt s]

∂pt s
= 1

RN h

R∑
t=1

N h∑
i=i

βh
p exp(βh

0 +βh
p pt s). (3.6.2)

The formula yields the average response -0.1733. That is, when all the households are as-

sumed to be the attentive non-storer types, the average consumption quantity decreases

by 0.1733 units when the minimum price between the two sizes of the product increases

by one unit.

Using the equation (3.6.1), we can calculate the price elasticity of consumption for

each purchase occasion as

∂E [ch
i t |pt s]|pt s]

∂pt s

pt s

E [ch
i t |pt s]

=βh
p pt s . (3.6.3)

Price elasticity of consumption evaluated at the median price of $2.08 is presented in

Table 3.7. Column (1) in the table shows that when all households are assumed to be

attentive storer type, 1% increase in price decreases consumption by 4.47%.

Column (2) in Table 3.6 shows the estimation results when the households are di-
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Table 3.6: ML Estimation Results: Non-Storer Types Only

(1) (2)

Parameter Description Est Std Est Std

βA−N S
0 preference to the PB product of A-NS 1.788 0.106 2.579 0.124

βA−N S
p sensitivity to price of A-NS -2.126 0.052 -2.646 0.061

αA−N S dispersion parameter of A-NS 21.925 0.372 20.761 0.458

βI A−N S
0 preference to the PB product of A-NS 0.535 0.202

βI A−N S
p sensitivity to price of A-NS -1.234 0.097

αI A−N S dispersion parameter of A-NS 18.552 0.513

-logL negative value of the log like function 575857 575506

Note: Column (1) shows the estimation results when every household is assumed to be attentive non-storer
types. Column (2) shows the estimation results when households are divided to attentive non-storer group
and inattentive non-storer group. In total, 1,547 households who never purchased a large size jar in quantity
surcharge weeks are assigned to the attentive non-storer group. The rest of 439 households are assigned to
the inattentive non-storer group. Standard errors are obtained using numerical Hessian.

Table 3.7: Estimated Price Elasticity of Consumption

Type (1) (2) (3) (4) (5)

A-NS -4.4700 -5.5040 -1.1759
IA-NS -2.5670 -0.0713
A-S -4.0860 -5.4310 -6.2786
IN-S -1.6651 -1.5022

Note: Price elasticity of consumption for each type is evaluated the median price of $2.08

vided into two groups: attentive non-storer type and inattentive non-storer type. at-

tentive non-storer and attentive storer types are assumed to be attentive non-storer

type, and the two other inattentive types are assumed to be inattentive non-storer type.

The obtained estimates of the parameters are β̂A−N S = (2.579,−2.646) and β̂I A−S =
(0.535,−1.124). The two types of households’ price elasticity of consumption are -5.5040

and -2.5670, respectively, as shown in Table 3.7.

Next I estimate the model assuming all households are storer type. Column (1) in Ta-

ble 3.8 shows the estimation results when all the households are assumed to be attentive

storer type. The price elasticity of consumption when all households are assumed to be

storer type is -4.0862 as shown in Table 3.7. This number is similar to the price elasticity

obtained when all households are assumed to be attentive non-storer type, but slightly
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smaller.

Table 3.8: ML Estimation Results: Storer Types Only

(1) (2)

Parameter Description Est Std Est Std

βA−S
0 preference to the PB product of A-S 1.091 0.111 2.109 0.132

βA−S
p sensitivity to price of A-S -1.965 0.056 -2.611 0.067

αA−S dispersion parameter of A-S 28.806 0.550 26.651 0.654

βI A−S
0 preference to the PB product of IA-S -0.683 0.231

βI A−S
p sensitivity to price of IA-S -0.801 0.115

αI A−S dispersion parameter of IA-S 25.381 0.805

-logL negative value of the log like function 577761 577535

Note: Column (1) shows the estimation results when every household is assumed to be attentive storer
types. Column (2) shows the estimation results when households are divided to attentive storer group and
inattentive storer group. In total, 1,547 households who never purchased a large size jar in quantity sur-
charge weeks are assigned to the attentive non-storer group. The rest of 439 households are assigned to the
inattentive non-storer group. Standard errors are obtained using numerical Hessian.

Column (2) in Table 3.8 shows the estimation results when the households are di-

vided into attentive storer and inattentive storer types. The obtained estimates are

β̂A−S = (2.109,−2.611) and β̂I A−S = (−0.683,−0.801), and the price elasticities are -5.4308

and -1.6651, respectively. That is, when all the households are assumed to be storer

types, when the minimum price increases by 1%, attentive and inattentive type house-

holds decrease their consumption quantities by -5.4308% and -1.6651%, respectively.

Inattentive households are less sensitive to price change than attentive households are

when they are assumed to be storer types.

Lastly, I estimate the model assuming the four groups of households as assigned in

Table 3.5. The estimation results are presented in Table 3.9, and the estimated coeffi-

cients vary across household types. Price elasticities calculated using the obtained esti-

mates are presented in Column (5) in Table(3.7). Price elasticity for each type is -1.1759,

-0.0713, -6.2786, and -1.5022 for attentive non-storer type, inattentive non-storer type,

attentive storer type, and inattentive store type, respectively.

Storer types are more sensitive to price change than non-storer types. For exam-

ple, Attentive storer type households decrease consumption quantities by 6.2786% when
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Table 3.9: ML Estimation Results: All Four Types

Parameter Description Est Std

βA−N S
0 preference to the PB product of A-NS -1.412 0.210

βA−N S
p sensitivity to price of A-NS -0.565 0.101

αA−N S dispersion parameter of A-NS 25.176 0.769

βI A−N S
0 preference to the PB product of IA-NS -2.442 0.681

βI A−N S
p sensitivity to price of IA-NS -0.034 0.328

αI A−N S dispersion parameter of IA-NS 30.640 2.484

βA−S
0 preference to the PB product of A-S 2.990 0.142

βA−S
p sensitivity to price of A-S -2.965 0.073

αA−S dispersion parameter of A-S 20.959 0.557

βI A−S
0 preference to the PB product of IA-S -0.879 0.374

βI A−S
p sensitivity to price of IA-S -0.712 0.185

αI A−S dispersion parameter of IA-S 30.520 1.467

-logL negative value of the log likelihood function 577716

Note: Standard errors are obtained using numerical Hessian.

price increases by 1%, while attentive non-storer type households decrease consump-

tion quantities by only 1.1759%. When the price in the current period changes, non-

storer type households adjust their consumption quantities for the current period. As

for the storer type households, change in the current period price affects the consump-

tion quantity in the current period if the price in the current period is the effective price

in the current period. It also affects the consumption quantity in the next period if the

price in the current period is the effective price in the next period.

Between the two non-storer types, attentive non-storer type households are more

price sensitive than inattentive non-storer type households. Attentive non-storer type

households decrease consumption quantities by 1.1759% when price increases by 1%,

while inattentive non-storer decreases consumption quantities by 0.0713%. The same

pattern exists between the two storer types. These results implies that inattentive house-

holds are insensitive to not only price different between package sizes but also the price

level itself in each period.
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3.7 Concluding Comments

I study the dynamic optimization problem consumers face for packaged goods in

this chapter. I focus on the heterogeneity of consumers in storing and attentiveness

based on the evidence I find from data. Quantity surcharges exist for packaged goods

in addition to quantity discounts. Chapter 1 documents the high frequency of quantity

surcharges in the peanut butter category. It also finds the strong evidence of heteroge-

neous consumer behavior when quantity surcharges exist: some consumers purchase

multiple small size jars to avoid the surcharge, but some others still purchase large size

jars and pay the surcharge.

The main contribution of this chapter is to develop a simple dynamic demand model

that can capture the heterogeneity in consumer attention. There are four components of

the model. First, the model is dynamic, as peanut butter is storable. Second, the model

considers a multiple discrete choice in terms of quantity. Third, the model separates a

purchase quantity decision and a package size choice. The fourth component is two-

dimensional heterogeneity in consumers: attention and storability.

In each period, consumers decide consumption quantity, purchase quantity, and

the number of jars of each size to purchase. The second and the third components to-

gether generate multiple jar purchases that are frequently observed in the data. Also, the

third and fourth components leave room for inattentive type consumers to make inferior

package size choices.

I impose each component to the model in the following way. First, I assume four

types of consumers: attentive non-storer, inattentive non-storer, attentive storer, and

inattentive storer. In order to handle multiple discreteness, I consider consumption

quantity as a countable variable that follows a negative binomial distribution. Consump-

tion quantity and purchase quantity are the same for non-storing type consumers, but

not necessarily the same for storing type consumers.

As for a storing type consumers’ dynamic problem, I introduce the concept of ef-

fective price and few additional assumptions to simplify the state space. For the given
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purchase quantity, consumers decide how many jars of each size to purchase. I take

a behavioral approach and assume that an attentive type consumer chooses a package

bundle that minimizes expenditure, and an inattentive type consumer chooses the one

that minimizes the total number of jars to purchase.

I derive a log likelihood function using the distributional assumption on consump-

tion quantity, and then estimate the parameters using the method of maximum likeli-

hood. As household types are unobservable from the data, I estimate the partition of

households minimizing the difference within a group in terms of the two characteristics

of purchasing patterns. The estimation results suggest that storer type households are

more sensitive to price than non-storer type households. Also, attentive type households

are more price sensitive than inattentive type households.

Chapter 2 develops a demand model for packaged goods that captures the hetero-

geneity in attention. The model allows households to choose the product, quantity, and

package bundle to purchase. However, the model omits the dynamics of household pur-

chase and consumption decisions. In this chapter, I find the evidence that households

stockpile peanut butter when the price is lower than usual and delay the next purchase.

Hence, I introduce the model that simplifies the product choice problem but separates

the purchase and consumption decisions in this chapter.

Chapter 2 shows that consumer inattention causes welfare loss to households. An in-

teresting question is whether the magnitude of welfare loss varies by household storing

behavior. In order to answer that question, one needs to extend the demand model to in-

clude multiple products. With the extended dynamic demand model, one can estimate

the demand more accurately, and further analyze the welfare loss by storing behavior.
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Appendix A

Details

A.1 Data

A.1.1 Data Set Descriptions

In this thesis, I use five different data sets provided from IRI from 2008 to 2010 for the

analyses. The first data set is product attributes data recorded at UPC level. The product

attributes data originally contain 1,018 UPCs of peanut butter and peanut butter related

products. For each UPC listed, information on its parent company, brand, product type,

texture, flavor, and few other product characteristics is provided. As for product type,

approximately 85% of UPCs belong to peanut butter and the rest belong to five other

peanut butter related product types, such as peanut butter combo and peanut butter

spread. There are 17 different textures and, ranging from super chunky and chunky to

smooth and creamy. I later group them into two categories, creamy and chunky.

The second data set is store level data. It contains information on sales of peanut

butter UPCs at store-week level. The available variables are store ID assigned by IRI,

week, UPC, number of jars sold, total sales in dollars, and promotional activities such

as feature and display. There are three types of stores in the market: two mass, three

drug, and six grocery stores.1 I focus on grocery stores only for the following reasons: 1)

1One of the three drug stores opened in 2009
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household level data of grocery trips to mass stores are not available; 2) drug stores have

minimal sales volume compared to grocery stores 2; 3) grocery stores also have some-

what different pricing strategies and promotion activities than grocery stores. Dropping

observations from mass stores and drug stores, the data contain six stores, 31 brands, 159

UPCs, and 42,634 sales observations. In the rest of paper, I call grocery stores as stores.

The rest of three data sets are household level: household trip data, household de-

mographic characteristics data, and household peanut butter purchase data. Trip data

contain records of trips to stores each household made for the period 2008-2010. For

each household I can tell the store visited, the checkout time, and the total dollar amount

spent on the trip. This trip data originally contain 5,727 households and 719,711 trip

observations to both grocery stores and drug stores. I focus on trip observations to gro-

cery stores only, and there are 5,702 households and 684,927 trip observations left af-

ter dropping the drug store observations. Not every household has complete three-year

trip records: some have trip observations from one year and no record for the next year.

I keep the households with at least one trip observation each year. As a result, 4,076

households and 680,851 trip observations remain.

Next, household demographic characteristics data provide information on house-

hold income, family size, age and education level of the household head, and few other

characteristics. For the period 2008-2010, the demographic information was collected

in Summer 2012, so the demographic characteristics for each household stay the same

over the three years I analyze. There are 2,994 households listed on the data with at least

one year observation. Using the fact that the demographic characteristics do not vary

over the three years, I filled up the missing observations.

The last and the most important household level data are household purchase data.

The data include the complete peanut butter product purchase records of household

panels during the time period analyzed: UPC and the number of jars purchased, dollar

amount paid, and the store, week, and minute where and when the purchase occurred.

2The sum of sales in dollar amount of all the drug stores during the three year time period in Eau Claire
takes roughly 1% of the total market sales.
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That is, each observation is at household-store-week and minute-UPC level. Thus, if a

household visited a store at a certain time and purchased two peanut butter jars with

different UPCs, this purchase event is recorded as two separate purchase observations.

However, if a household purchased two jars of the same peanut butter (same UPC), then

this purchase event is recorded as a single purchase observation.

There are initially 2,713 households with 27,838 purchase observations in the data.

Those purchases occurred at three different types of stores: mass, drug, and grocery

stores. However, the purchase observations from mass stores and drug stores are very

minimal.3 Due to this negligible number of observations, and also in order to maintain

the coherence with the other data sets, I keep the purchase observations from grocery

stores only. This leaves 2,713 households and 27,661 purchase observations.

A.1.2 Merging Data Sets

I merged the five different data sets into one data set in the following order: 1) house-

hold trip data and household demographic characteristics data; 2) household peanut

butter purchase data and peanut butter product attributes data; 3) results of merge 1

and merge 2; 4) result of merge 3 and store peanut butter sales data. In the process of

merging, I dropped the unmatched observations. Here are some details of each merge.

Merge 1: First, I merged the household demographic characteristics data to the

household trip data. I dropped 88 households from the demographic characteristics data

who do not have any matching trip observation in the trip data. Also 1,170 households

(53,625 corresponding trip observations) from the household trip data have no demo-

graphic characteristics information available, so I dropped all of their trip observations.

In addition, one household (45 trip observations) has most of demographic characteris-

tics information available but no income information. Household income is one of the

most important characteristics, so I dropped all of the her trip observations. As a result

2,905 households and 605,688 trip observations are left.

3Only 149 and 28 purchase observations occurred at drug stores and mass stores, respectively.
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Merge 2: The second step is merging the household purchase data and the prod-

uct attributes data. All the purchase observations from the household purchase data

are successfully matched to the UPCs listed in the product attributes data. Households

purchased four different kinds of product type: peanut butter, peanut butter combo,

peanut butter spread, and peanut spread. I kept purchase observations of peanut butter

and peanut butter spread types only. The reason is as follows: 1) peanut butter combo

is a type of products that has peanut butter and jelly or peanut butter and chocolate

spread in one jar; 2) peanut spread is usually flavored with honey or chocolate. However,

peanut butter spread has no difference in observable characteristics than peanut butter.

Also, the number of peanut butter jars that household purchased during the time period

analyzed, peanut butter combo and peanut spread product types together take a small

share.4 After dropping, the same number of households remain, 2,713, but the number

of purchase observations are reduced to 27,527.

Merge 3: The third step is to combine the two merged data sets from step 1 and

step 2. I dropped 1,229 purchase observations with no matching trip observations. This

yields 2,905 households in total with 606,833 trip observations. 2,638 households bought

at least one peanut butter jar. The total number of purchase observations is 26,298, and

they include 28 brands and 129 UPCs. However, there is an additional grocery store in

this merged data set other than the six grocery stores listed in the store level peanut but-

ter sales data. 22 households made 54 trips to the additional store during the time period

analyzed, and made 2 peanut butter product purchases. In order to make it compatible

to the store level peanut butter sales data, I dropped those 22 households. 2,883 house-

holds with 601,114 trip observations remain. 2,616 households purchased at least one

peanut butter product, and these households made 26,024 purchase observations in to-

tal.

Merge 4: The last step is to merge the store level sales data and the combined house-

hold level data obtained by the merge 3. The final data set contains 42,634 sales obser-

4Households purchased 42,425 jars in total, and 125 jars are peanut butter combo type and 20 jars belong
to peanut spread type.
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vations from six stores in the Eau Claire market for the period 2008-2010, including 31

brands and 159 UPCs of peanut butter. There are 2,883 households in total with 601,114

trip observations. 2,616 households purchased peanut butter products at least once, and

they made 26,024 purchase observations in total. Those purchase observations include

27 brands and 128 UPCs.

A.1.3 Data Cleaning

I cleaned the merged data to get them ready for the later analyses in the following or-

der. First I dropped household with no peanut butter purchase. Then I dropped house-

holds who purchased too many jars on a single trip. I defined purchasing more than 6

jars of peanut butter on a single trip as too many. 50 households were dropped and 2,566

households with 24,829 purchase observations are left. The next step is to drop house-

hold who purchased too little or too many during the whole time period. I dropped

households who purchased only one jar for the three year time period. I also dropped

households who purchased more than 100 jars. That left us 2,369 households with 24,154

purchase observations.

One of the brands, Jif to Go, sells packs of 1.5 oz individual discs that are distinctive

to rest of the jar peanut butters. Hence I dropped the purchase observations of Jif to Go,

and 2,369 households with 24,083 purchase observations are left.

144 purchase observations have no matching sales information at stores. Some other

purchase observations have matching sales information at stores, but the price level

recorded at the household side and the one recorded at the stores are not exactly the

same. 652 purchase observations have the price differences more than $0.05. I dropped

the both cases, and 2,367 households with 23,287 purchase observations are left.

A.2 Summary Statistics of Households

This section provides the summary statistics of the households who purchased at

least one item of the five products with multiple package sizes, as defined in Table 1.4.
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Table A.1 shows the summary statistics of the household demographic information. The

median income of the head of the household (HH) is 7, which represents the range of

$35,000 to $44,999. The average family size is 2.4, and less than 25% of households have

children. The median age of HH is 5, which falls in the range between 55 and 64. The

median education level reached by HH is graduate high school.

Table A.1: Summary Statistics of Household Demographics

Variables Obs Mean SD Min P25 P50 P75 Max

HH Income 2013 7.37 3.16 1 5 7 10 12
Family Size 2013 2.40 1.24 1 2 2 3 6
Num of Children 2013 0.27 0.59 0 0 0 0 3
HH Age 2008 4.78 1.14 1 4 5 6 6
HH Educ 1979 4.20 1.33 1 3 4 5 8
HH Race 2008 1.05 0.35 1 1 1 1 4

Note: The summary statistics are calculated from 2,013 households who purchased at least one jar of the
five products of the focus. Five households have no information available in HH age and race, and 34 house-
holds (including those five households) have no information available in HH educ. HH Income is a category
variable representing the combined pre-tax income of the head of household (HH). Income is equal to 1 if
the combined pre-tax income of HH is in the range of $00,000 to $9,999 per year, 2 if in the range of $10,000
to $11,999, 3 if in the range of $12,000 to $14,999, 4 if in the range of $15,000 to $19,999, 5 if in the range of
$20,000 to $24,999, 6 if in the range of $25,000 to $34,999, 7 if in the range of $35,000 to $44,999, 8 if in the
range of $45,000 to $54,999, 9 if in the range of $55,000 to $64,999, 10 if in the range of $65,000 to $74,999,
11 if in the range of $75,000 to $99,999, and 12 if greater than or equal to $100,000. Family size and num
of children represent the number of family members and the number of children in the household, respec-
tively. HH Age is a category variable representing the age of HH. HH age is equal to 1 if the HH’s age lies
in the range of 18 to 24, 2 if 25 to 34, 3 if 35 to 44, 4 if 45 to 54, 5 if 55 to 64, and 6 if greater than equal to
65. HH Educ is a category variable representing the education level reached by HH. HH Educ is equal to 1
if some grade school or less is reached, 2 if grade school is completed, 3 if some high school, 4 if graduated
high school. It is equal to 5 if technical school, 6 if some college, 7 if graduated from college, and 8 if post
graduate work. Race is a categorical variable representing the HH’s ethnicity. HH Race is equal to 1 if the
HH is White, 2 if Black-African American, 3 if Hispanic, 4 if Asian, 5 if Other, 6 if American Indian-Alaska
Native, and 7 if Native Hawaiian-Pacific Islands. 96.94% of the households in the panel have white HHs.

The household demographics of the panel data are broadly similar to the national

population’s. The median household income in the United States is 51,371 dollars in

2012 5. This number includes the income of the head of household’s and the other

household members who are 18 years or older, so the sample median of 35,000 to 44,999

dollars seem to be compatible. The summary statistics of the national population de-

mographics are presented in Table A.2.

The family size of the household in the sample represent the national population

5Household Income: 2012, American Community Survey Briefs issued by U.S. Census Bureau
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very well. The mean and the standard deviation are very similar to the national level,

and also the median and the third quantile are the same. The number of children are

somewhat less than the national level. This can be explained by the fact that the average

age of the head of household in the data is higher than the national level. The most

distinctive difference is the race the head of household’s ethnicity. The predominant

ethnicity of the head of household is White, which does not represent the diversity in the

national population.

Table A.2: Summary Statistics of National Population Demographics

Variables Mean SD Min P25 P50 P75 Max

Family Size 2.48 1.38 1 1 2 3 6
Num of Children 0.60 1.00 0 0 0 1 4
HH Age 3.60 1.31 1 3 4 5 6
Education 5.27 1.60 1 4 6 7 7
HH Race 1.64 1.19 1 1 1 2 7

Note: The summary statistics are calculated based on the America’s Families and Living Arrangements: 2012
issued by U.S. Census Bureau. Family Size, Num of Children, HH Age, and HH Race are defined the same as
in Table A.1. Education is the education achieved by 25 years or order population. Education is equal to 1 if
0 to 4 years of Elementary school, 2 if 5 to 8 years of Elementary school, 4 if 1 to 3 years of High school, 4 if 4
years of High school, 6 if 1 to 3 years of College, and 7 if 4 years or more of College.

Table A.3 shows the summary statistics of grocery shopping trips households make

for the three year time period. Households make 227 trips to grocery stores on average,

which means 1.45 trips per week on average. The average number of weeks between trips

being less than 1 also indicates that households go on more than one grocery shopping

in a week on average.

There are six grocery stores in the Eau Clare market. The median number of stores

a household visits is four, and 20.67% households visit all six stores. Households spend

$42.01 per grocery shopping and $53.58 per week on average.

The summary statistics of peanut butter purchases are presented in Table A.4.

Households frequently purchase multiple peanut butter jars on a trip, as the average

number of jars purchased on a trip is 1.6. The average quantity of peanut butter pur-

chased on a trip is 18.72 oz. This implies that households purchase small size jars more
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Table A.3: Summary Statistics of Grocery Shopping Trips

Variables Mean SD Min P25 P50 P75 Max

Num of Trips 226.93 130.95 18.00 140.00 197.00 276.00 1317.00
Num of Stores 4.24 1.38 1.00 3.00 4.00 5.00 6.00
Ave Num of Weeks 0.86 0.44 0.12 0.55 0.77 1.08 5.35

Btw Trips
Ave Exp per Trip 42.01 22.66 5.34 25.62 37.46 53.72 233.19
Ave Exp per Week 53.58 28.59 5.87 32.93 48.28 68.00 252.51

Note: The summary statistics are based on total grocery shopping trips 2,013 households made for the three
years.

often than large size jars.

Households purchase a subsequent amount of peanut butters, 1 jar minimum to

95 jars for the three year time period. Households purchase 13.44 jars and 154.76 oz

of peanut butter on average. Some households stick with only one UPC or one brand

(13.61% and 23.6%, respectively), but the rest of households enjoy some variety. The

median household purchases three different UPCs and two different brands.

Table A.4: Summary Statistics of Peanut Butter Purchases

Variables Mean SD Min P25 P50 P75 Max
A. On a Trip

Ave Num of Jars 1.60 0.45 1.00 1.31 1.57 1.88 6.00
Ave Oz 18.72 2.80 15.28 17.03 17.66 19.32 28.00
B. For Three Years

Total Num of Jars 13.33 12.62 1.00 5.00 9.00 18.00 95.00
Total Oz 154.76 141.38 16.30 56.00 115.80 204.60 1552.76
Total Num of UPCs 3.84 2.31 1.00 2.00 3.00 5.00 14.00
Total Num of Brands 2.53 1.18 1.00 2.00 2.00 3.00 6.00

Note: The summary statistics are based on the peanut butter purchases 2,013 households made for the three
years. The purchase observations include 17 products defined, and not limited to 5 products with multiple
package sizes.
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A.3 Estimation Details

A.3.1 Estimation Procedure

I estimate the Hierarchical Bayes models in Chapter 2 using Markov Chain Monte

Carlo methods. In this section I show the detailed estimation procedure of Basic Model

presented in Section 2.3.1. I simulate draws from the posterior distribution as follow:

1. Generate
{
θ′h ,Th

}= {
αh ,β′

h ,Th
}

for h = 1, . . . , H households, using the Metropolis-

Hastings (M-P) algorithmn with a random walk chain. The posterior is propor-

tional to the product of the likelihood and the prior

π(θh ,Th) ∝Π j Pr(xi j |θ′h ,Th)×π(θh |θ̄,Vθ)×π(Th |a,b),

where Π j Pr(xi j |θ′h ,Th) is the likelihood, with the choice probability Pr(xi j |θ′h ,Th)

given by Equation (2.3.8). π(θh |θ̄,Vθ) and π(Th |a,b) are the prior distributions of

heterogeneity and budget limit, respectively.

2. Generate θ̄ for the given draws of {θh} and Vθ

π(θ̄| {θh} ,Vθ) = Normal(H(Vθ+ A)−1(HVθ
∑
h
θh/H + A), H(Vθ+ A)−1)

where A = 100I−1 and H is the number of households.

3. Generate Vθ for the given draws of {θh} and θ̄ generated in Step 2

π(Vθ| {θh} , θ̄) = IW (g0 +H ,G0 +
∑
h

(θh − θ̄)(θh − θ̄)′),

where g0 = 50 and G0 = 50I

4. Repeat

For each household h, I start with the initial guess of θ0 = (1,2,2,1,1,−2,1,2,−2,−2)′
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and T0 = 20 and prior distributions of

θh ∼ N (θ0,25I ),Th ∼ N (10,9).

A.3.2 Convergence Check

Monitoring convergence is important to ensure the validity of the posterior obtained

by MCMC methods. Plotting the sequence of MCMC output is a good way to start in

practice (Rossi, Allenby, and McCulloch (2012)). Figure A.1 shows the time series plots

of MCMC draws for Basic Model. The figure provides strong evidence of convergence.

The mean parameters begin to show ergodicity soon after the initial draws, revisiting the

same region over and over again.

Figure A.1: Time Series Plots of Average Parameters Across Households by MCMC Draws

Note: The figure shows the MCMC draws of each parameter in Basic Model. Since parameters are drawn
for each household, the average across households is used for the plots. 50,000 iterations are conducted in
total, and the first 25,000 iterations are used as a burn-in period.

Another way to check convergence is starting the chain from different initial values

(Gelman and Rubin (1992)). The original estimation results of Basic Model presented in

Column (1) of Table 2.1 use θ0 = (1,2,2,1,1,−2,1,2,−2,−2)′ as a starting value of θh for
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each household. I consider three alternative starting points: −θ0, θ0 +1, and θ0 −1. The

estimation results are displayed in Table A.5.

Table A.5: Aggregate Coefficient Estimates of Basic Model with Various Starting Values

(1) (2) (3)
Starting Value of θh −θ0 θ0 +1 θ0 −1

α∗ = ln(αz /αx ) 0.8242 (0.0641) 0.8289 (0.0594) 0.8232 (0.0619)
Skippy 1.7376 (0.1163) 1.7908 (0.1317) 1.7854 (0.1236)
Jif 1.7713 (0.1160) 1.8299 (0.1329) 1.8224 (0.1180)
Peter Pan 0.4797 (0.1508) 0.5279 (0.1542) 0.5261 (0.1513)
Creamy 1.6934 (0.1073) 1.6906 (0.1074) 1.6734 (0.0958)
Flavor -2.6138 (0.2138) -2.6729 (0.2293) -2.6581 (0.2178)
Salt -0.4025 (0.1442) -0.4398 (0.1480) -0.4363 (0.1545)
Sugar 3.7743 (0.3228) 3.7931 (0.2772) 3.7855 (0.3110)
Natural -1.713 (0.1517) -1.6839 (0.1491) -1.6644 (0.1459)
Reduced Fat -2.0558 (0.1185) -2.0741 (0.1222) -2.0698 (0.1235)
T 10.9498 (0.2045) 10.959 (0.2010) 10.9503 (0.2112)

Note: Estimation was conducted with a subsample of 200 households. Standard deviations are reported
in parentheses. The three columns shows the aggregate coefficient estimates of Basic model with three
different starting values of θh . The original estimation whose results are presented in Column (1) in Table
2.1 uses θ0 = (1,2,2,1,1,−2,1,2,−2,−2)′ as a starting value. Column (1)-(3) use −θ0, θ0 + 1, and θ0 − 1 as
starting values, respectively.

The estimate results suggest successful convergence. The estimation results across

Column (1)-(3) are very similar to each other, and also similar to the estimation results

obtained with the original initial value θ0. Figure A.2 shows how MCMC draws for each

parameter vary through iterations, with an alternative starting value−θ0. We can see that

the chains explore the parameter space at first but then quickly converge to the ergodic

distributions.

A.4 Identification

I first introduce the identification of the standard negative binomial maximum like-

lihood estimator, and then show how the estimator maximizing the log likelihood func-

tion in equation (3.5.5) is related to the standard negative binomial maximum likelihood

estimator.
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Figure A.2: Time Series Plots of Average Parameters Across Households by MCMC Draws
with an Alternative Staring Value

Note: The figure shows the MCMC draws of each parameter in Basic Model, with an alternative starting
value of θh , −(1,2,2,1,1,−2,1,2,−2,−2)′. Since parameters are drawn for each household, the average
across households is used for the plots. 50,000 iterations are conducted in total, and the first 25,000 iter-
ations are used as a burn-in period.

Suppose q follows a negative binomial distribution with density

h(q|µ,α) = Γ(q +α−1)

Γ(α−1)Γ(q +1)

(
α−1

α−1 +µ
)α−1 (

µ

µ+α−1

)q

, (A.4.1)

where α ≥ 0, q = 0,1,2, . . ., and µ = exp(x ′β). Cameron and Trivedi (2013) show that

Γ(q +α−1)/Γ(α−1) =∏q−1
j=0 ( j +α−1) when q is an integer, which means

log

(
Γ(q +α−1)

Γ(α−1)

)
=

q−1∑
j=0

log( j +α−1). (A.4.2)

Then the log likelihood function can be written as

logL(α,β) =
n∑

i=1
logh(qi |µi ,α) (A.4.3)

=
n∑

i=1

{(
qi−1∑
j=0

log( j +α−1)

)
− logqi !

−(qi +α−1)log(1+αexp(x ′
iβ))+qi log(α)+qi x ′

iβ
}

.
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The negative binomial maximum likelihood estimator (α̂, β̂) is the solution to the

first-order conditions

n∑
i=1

qi −µi

1+αµi
xi = 0, (A.4.4)

n∑
i=1

{
1

α2

(
log(1+αµi )−

qi−1∑
j=0

1

( j +α−1)

)
+ qi −µi

α(1+αµi )

}
= 0.

Now I show the identification of the parameters (αh ,βh) for the two non-storer types

(h = A−N S, I A−N S). The log likelihood function is given in equation (3.5.5). Note that

the probability of jar size choice, φh
i t , does not depend on the parameters (αh ,βh). Let

x ′
i t = (1, pt s)′. The maximum likelihood estimator (α̂h , β̂h) for the two non-storer types

is the solution to the first order conditions

R∑
t=1

N h∑
i=1

qh
i t −µh

i t

1+αhµh
i t

xi t = 0, (A.4.5)

R∑
t=1

N h∑
i=1

 1

(αh)2

log(1+αhµh
i t )−

qh
i t−1∑
j=0

1

( j + (αh)−1)

+ qh
i t −µh

i t

αh(1+αhµh
i t )

= 0,

which is the negative binomial maximum likelihood estimator.

Next I show the identification of the parameters (αh ,βh) for the two storer types (h =
A − S, I A − S). The log likelihood function is given in equation (3.5.5). The first order

condition with respect to βh is

∂logLh(αh ,βh)

∂βh
(A.4.6)

=
R∑

t=1

N h∑
i=1

{
(1−1(SN )−1(N S))

∂logh(qh
i t |µh

i t ,αh)

∂βh

+1(SN )
∂log(1(qh

i t = 0))

∂βh
+1(N S)

∂logD

∂βh

}
= 0,

where D =
qh

i t∑
j=0

h( j |µh
i t ,αh)h(qh

i t − j |µh
i t ,αh).
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The three partial derivatives in the equation (A.4.6) are

∂logh(qh
i t |µh

i t ,αh)

∂βh
= qh

i t −µh
i t

1+αhµh
i t

xi t , (A.4.7)

∂log(1(qh
i t = 0))

∂βh
= 0,

∂logD

∂βh
= 1

D

∂D

∂βh
= qh

i t −2µh
i t

1+αhµh
i t

xi t .

Plugging the equation (A.4.7) to equation (A.4.6) yields

R∑
t=1

N h∑
i=1

{
(1−1(SN )−1(N S))

(
qh

i t −µh
i t

1+αhµh
i t

xi t

)
+1(N S)

(
qh

i t −2µh
i t

1+αhµh
i t

xi t

)}
= 0 (A.4.8)

⇒
R∑

t=1

N h∑
i=1

(
(1−1(SN ))qh

i t − (1−1(SN ))+1(N S))µh
i t

1+αhµh
i t

)
xi t = 0.

The first order condition with respect to αh is

∂logLh(αh ,βh)

∂αh
(A.4.9)

=
R∑

t=1

N h∑
i=1

{
(1−1(SN )−1(N S))

∂logh(qh
i t |µh

i t ,αh)

∂αh

+1(SN )
∂log(1(qh

i t = 0))

∂αh
+1(N S)

∂logD

∂αh

}
= 0,

where D =
qh

i t∑
l=0

h(l |µh
i t ,αh)h(qh

i t − l |µh
i t ,αh).

The three partial derivatives in equation (A.4.9) are

∂logh(qh
i t |µh

i t ,αh)

∂αh
=

 1

(αh)2

log(1+αhµh
i t )−

qh
i t−1∑
j=0

1

( j + (αh)−1)

+ qh
i t −µh

i t

αh(1+αhµh
i t )

 ,

(A.4.10)

∂log(1(qh
i t = 0))

∂αh
= 0,

∂logD

∂αh
= 1

D

∂D

∂αh
,
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where the last term can be written as

∂D

∂αh
=

qh
i t∑

l=0

{
h(l |µh

i t ,αh)
∂h(qh

i t − l |µh
i t ,αh)

∂αh
+ ∂h(l |µh

i t ,αh)

∂αh
h(qh

i t − l |µh
i t ,αh)

}
(A.4.11)

=
 qh

i t∑
l=0

h(l |µh
i t ,αh)h(qh

i t − l |µh
i t ,αh)

×
(

1

(αh)2
2log(1+αhµh

i t )+ qh
i t −2µh

i t

αh(1+αhµh
i t )

)

−
qh

i t∑
l=0

{
h(l |µh

i t ,αh)h(qh
i t − l |µh

i t ,αh)
1

(αh)2
×qh

i t−l−1∑
j=0

1

( j + (αh)−1)
+

l−1∑
j=0

1

( j + (αh)−1)


⇒∂logD

∂αh
=

(
1

(αh)2
2log(1+αhµh

i t )+ qh
i t −2µh

i t

αh(1+αhµh
i t )

)

−
∑qh

i t

l=0

{
h(l |µh

i t ,αh)h(qh
i t − l |µh

i t ,αh) 1
(αh )2

(∑qh
i t−l−1

j=0
1

( j+(αh )−1)
+∑l−1

j=0
1

( j+(αh )−1)

)}
∑qh

i t

l=0 h(l |µh
i t ,αh)h(qh

i t − l |µh
i t ,αh)

.

Thus

R∑
t=1

N h∑
i=1

{(1−1(SN )−1(N S))× (A.4.12) 1

(αh)2

log(1+αhµh
i t )−

qh
i t−1∑
j=0

1

( j + (αh)−1)

+ qh
i t −µh

i t

αh(1+αhµh
i t )


+1(N S)

[(
1

(αh)2
2log(1+αhµh

i t )+ qh
i t −2µh

i t

αh(1+αhµh
i t )

)

−
∑qh

i t

l=0

{
h(l |µh

i t ,αh)h(qh
i t − l |µh

i t ,αh) 1
(αh )2

(∑qh
i t−l−1

j=0
1

( j+(αh )−1)
+∑l−1

j=0
1

( j+(αh )−1)

)}
∑qh

i t

l=0 h(l |µh
i t ,αh)h(qh

i t − l |µh
i t ,αh)


= 0.

The maximum likelihood estimator (α̂h , β̂h) for the two storer types is the solution to

the first order conditions in equation (A.4.8) and equation (A.4.12).
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