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Abstract

This paper examines the empirical fact that large retail chains choose to set uni-

form prices across different local markets, forfeiting potentially large profits by not

pricing to market. The paper contributes with a new explanation to uniform pric-

ing strategies: heterogeneous consumers self-sort into different product types. This

alleviates some concerns about both optimality and distribution. Using a large and

novel data set of itemized shopping receipts from the Norwegian grocery market,

I offer empirical support for this explanation. I also highlight policy implications:

consumer self-sorting matters for the effects of consumption taxes, and calculations

of optimal tax rates.
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1 Introduction

Large retail firms are characterized by the fact that they operate in multiple local markets.

As local market conditions differ, e.g. consumers’ income distribution, so does the demand

that local stores face. The standard assumption in economics is that firms choose prices

(or quantities) optimally in each local market. However, recent literature documents that

large retail firms adopt uniform pricing strategies, setting the same price across different

local markets instead of pricing to market (DellaVigna & Gentzkow 2019, Hitsch et al.

2019, Adams & Williams 2019). This puzzling fact seems to contradict economic theory

and profit maximization.

In addition, previous literature highlights that uniform pricing has some clear dis-

tributional effects.1 As low-income consumers are typically more price sensitive, they

would face lower prices if retail firms priced to market. Uniform pricing therefore leads

to higher prices in low-income markets (and lower prices in high-income markets). Large

firms that have adopted uniform pricing operate in markets important to consumer wel-

fare, e.g. U.S. food, drugstore, and mass-merchandise markets. Uniform pricing strategies

may therefore have a large impact on consumer welfare.

This paper offers a new explanation to uniform pricing strategies that alleviates these

concerns of both optimality and distribution. An important characteristic of retail mar-

kets is multi-product firms. Large retail chains literally carry thousands of products,

and offer hundreds of goods in a product category.2 If consumers self-sort into different

product types, then consumers who buy one specific product type might not differ that

much across markets.

For example, consider the product category ”chocolate”. Within this product cate-

gory, consumers may choose between different product types; a store’s cheap private-label

chocolate and an expensive high-quality chocolate. Imagine that there are two types

of consumers who perfectly self-sort, e.g. that all low-income consumers buy the cheap

1DellaVigna & Gentzkow (2019) also emphasize that pricing-to-market strategies also are central to

other important economic questions. Pricing strategies may affect how we understand business cycles,

anti-trust analyses of retail mergers, and the distribution of gains from trade.
2See figure 11 for the correlation between demand elasticities and number of items per product

category.
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chocolate and all high-income consumers buy the expensive chocolate. Then the elasticity

of demand for cheap (expensive) chocolate would be the same in different local markets,

as only the low-(high-)income consumers in each market buy that type of chocolate. In

other words, demand elasticities would be independent of the distribution of consumers.

I illustrate this result using a simple model with two types of consumers and two

types of products in section 2. The finding implies that, if consumers perfectly self-sort,

uniform pricing is the firms’ optimal strategy for each product. Furthermore, consumers

in the lower part of the income distribution would no longer pay higher prices, alleviating

distributional concerns. If there are multiple product types and heterogeneous consumers,

uniform pricing may not be as inefficient as previously assumed. Note that perfect self-

sorting depends on the assumptions of the two-by-two model. For example, if there were

more consumer types than product types, consumers could no longer perfectly self-sort.

However, the simple model illustrates the intuition that more self-sorting implies smaller

efficiency losses from uniform pricing.

To provide evidence of this sorting, I use a novel data set of itemized shopping receipts

from the Norwegian grocery industry. The data set covers 99.9 percent of the country’s

grocery purchases for close to a year, and twenty stores for 4.5 years. The data includes

information for each individual shopping basket. This includes, but is not limited to,

the exact time of purchase, item prices, item quantities, item ID numbers, store ID

numbers, and discounts. If aggregated to an item-store-week level, it would be comparable

to Nielsen data used in previous literature. However, my data set does not face the

aggregation problems of the Nielsen data. I provide a more detailed description of the

data in section 3.

I show that Norwegian grocery retail chains engage in uniform pricing. This result

is comparable to studies of U.S. markets (DellaVigna & Gentzkow 2019). I estimate

store-level elasticities for individual products by using the instrumental variable approach

related to Hausman (1996), Nevo (2001), and DellaVigna & Gentzkow (2019). I find that

demand elasticities vary more across products within the same product category, than

for the same product across different local markets. This finding shows that consumers

who buy one specific product are more similar across different markets, than consumers

who buy different products in the same market. This is consistent with the model’s
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predictions.

Key characteristics of retail markets are that chains own stores in multiple markets,

and that stores sell a large number of different products. If determining optimal prices

is costly for chains, it suggests that firms face a trade-off between product selection, and

the cost of determining the optimal price for each item-store combination. By offering a

larger product selection, consumer self-sorting may increase. More self-sorting implies a

smaller inefficiency from uniform pricing. It may therefore be optimal to increase product

selection and price uniformly instead of to pricing to market. I formalize the product

selection – uniform pricing trade-off in subsection 2.3. Numerically, I illustrate that

uniform pricing is optimal when the chain is present in sufficiently many local markets

and if the cost of determining optimal prices is sufficiently high.

Empirical results support the assumption that product selection and consumer self-

sorting are connected. I find a negative correlation between the variation of elasticity

estimates for each item-store combination, and the number of products sold per product

category. As the number of substitutes in a product category increases, self-sorting

increases. With more self-sorting, the consumers who purchase a specific product (for

example a specific type of chocolate bar) become more similar across markets.

Having provided evidence of self-sorting in the market for groceries, I then turn to

examining its implications for estimating the welfare effects of a recent policy in section 5.

I show that consumer sorting matters for how cost shocks propagate through economics

systems. Retail markets are large and important markets to consumers. Food is a

necessity good, and groceries are an important part of household spending. How policy

affects retail markets is therefore an important question in economics.

So-called sin taxes are taxes on goods that are considered to have negative consump-

tion externalities. For example, the consumption of tobacco and alcohol have adverse

health effects for consumers. However, they may not take the costs of their consumption

on public health care or other people into account. Consumption of sugar is linked to

several illnesses, such as diabetes and obesity. Several U.S. states and European coun-

tries have introduced taxes on (sugar) sweetened beverages to reduce consumers’ sugar

consumption.

If consumers self-sort, differences in elasticities of demand between items, for example
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two types of chocolate, implies differences in the pass-through of the tax. I show this result

in section 5.1 and offer empirical evidence of this relationship in section 5.3. If consumers

sort into product types, using an average pass-through per taxed category will lead to

biased estimates of welfare and distribution effects. Consider the following example.

Assume that low-income consumers have a preference for the chain’s low-price private

label chocolate. Also assume that high-income consumers prefer a high-price chocolate.

Now assume that, due to differences in elasticities of the two consumer types, pass-through

for the cheap chocolate is lower than pass-through for the expensive chocolate. If we use

an average pass-through rate for chocolate, we will overestimate the price increase for

low-income consumers, and underestimate the price increase for high-income consumers.

Consequently, the estimated welfare and distribution effects of the tax will also be wrong.

In subsection 5.3, I show that the 2018 increase in Norwegian sugar taxes indeed had a

larger effect on prices of relatively expensive products. I show that this difference leads

to significantly different pass-through rates. This empirical finding further supports the

hypothesis of consumer self-sorting. It also highlights how self-sorting matters for the

effect of consumption taxes.

This paper relates to several strands of previous literature. Firstly, it relates to the

literature on uniform pricing. In their recent paper, DellaVigna & Gentzkow (2019)

document the extent of uniform pricing by the by U.S. retail chains. Adams & Williams

(2019) document regional uniform pricing rules among retail oligopolies. They argue that

firms may want to engage in zone pricing to soften competition in highly competitive

markets. Gabrielsen et al. (2020) show that uniform pricing may be optimal when firms

compete along more than one dimension, namely quality as well as prices. Other papers

document the importance of chain effects in explaining price variation in a large sample

of stores (e.g. Hitsch et al. 2019, Nakamura 2008), and uniform pricing within pricing

zones for certain retail chains (e.g. Chintagunta et al. 2003, Hoch et al. 1995). Previous

empirical literature also documents uniform pricing of differentiated goods in the same

market, e.g. online music (Shiller & Waldfogel 2011), rental cars (Cho & Rust 2010), soft

drinks (McMillan 2007), and the cinema industry (Orbach & Einav 2007). This paper

builds on previous work, that has documented the extent of uniform pricing.3 DellaVigna

3Other works assess the uniformity for assortment decisions (Hwang et al. 2010), assess prices in

online versus offline markets (Cavallo 2017), assess uniformity of online prices within currency unions
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& Gentzkow (2019) in addition highlights some economic implications, for example by

estimating the firms’ efficiency loss. This paper contributes to the existing literature by

offering a new explanation for uniform pricing, that is closely linked to key characteristics

of retail markets: multi-product firms and heterogeneous consumers.

Secondly, I build on the literature of heterogeneous preferences for quality. My model

of heterogeneous consumers is an adaptation of the model of heterogeneous countries in

Hallak (2006). His work builds on previous papers on how preferences for quality affect

demand and trade flows (e.g. Linder 1961, Falvey & Kierzkowski 1987, Flam & Helpman

1987, Stokey 1991, and Murphy & Shleifer 1997). He shows theoretically and empirically

that a higher preference for quality leads to larger (relative) spending on high-quality

goods. I adapt the model to a retail setting, and allow for different demand elasticities

between consumer types. Although strategic effects may be interesting in their own right,

they are not the purpose of this model. Like Hallak (2006), I therefore abstract away from

strategic interactions (such as those modeled by Adams & Williams 2019) by assuming

monopolistic competition.

Finally, the policy implications and empirical application of the change in the Nor-

wegian sugar tax relate to a large literature on consumption taxes or so-called sin taxes.

Allcott et al. (2019) give an extensive overview of this literature in the paper about

optimal sin taxes, where they analyze the tax on sugar sweetened beverages.4 Seiler

et al. (2021) also study the same tax in Philadelphia. Other papers that assess the pass-

through and effects of soda taxes in the U.S. are Silver et al. (2017), Wang et al. (2017),

and Bollinger & Sexton (2018). Berardi et al. (2016), and Bergman et al. (2010) are

notable examples of papers assessing the effects of sugar taxes in a European setting.

For more comprehensive reviews of the literature, see Andreyeva et al. (2010), Powell

et al. (2013), and Thow et al. (2014). I contribute to this literature by showing that

consumer self-sorting leads to biased estimation of welfare effects when using an average

pass-through rate per category. My findings imply that we need to exercise caution when

estimating the effect of taxes in retail markets.

(Cavallo et al. 2014), estimate and decompose the distribution of prices (Kaplan & Menzio 2015), and

the effect of temporary, local demand shocks on prices (Gagnon & Lopez-Salido 2014).
4See for example Duffey et al. (2010), Finkelstein et al. (2013), Fletcher et al. (2010), Smith (2010),

Tiffin et al. (2015), and Zhen et al. (2011).
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The paper is outlined as follows. In section 2, I derive the main theoretical predictions.

Using an illustrative two-by-two model, section 2.2 I show that uniform pricing is the

optimal strategy when consumers perfectly self-sort. In this case, the model also predicts

that the difference in elasticities of demand is larger between substitutes in the same

store, than it is between the same product in two different markets. In section 2.3, I

show that firms may prefer to price uniformly, inducing more self-sorting, if pricing to

market is sufficiently costly. Finally, I show that self-sorting leads to larger pass-through

for less elastic (more expensive) products in section 5.1.

Section 3 describes the data set, that consists of the individual receipts of grocery

purchases from the Norwegian grocery industry. Section 4 first presents the identification

strategy for estimating demand elasticities at the item-store level. In section 4.2, I show

that the difference in elasticities of demand is larger between substitutes in the same

store, than it is between the same product in two different markets, as predicted by the

model. I also show that there is a negative correlation between the variation in elasticities

and number of products in a product category. This empirical evidence offers support

for the assumption that a larger product selection leads to more self-selection.

Section 5 uses an exogenous change in the Norwegian sugar taxes to estimate effects

on prices and pass-through rates. As predicted in section 5.1, pass-through is larger for

high-price (and low-elasticity) items. This offers further empirical support for consumer

self-sorting. The empirical findings also highlight that using average pass-through rates

per product category will bias estimates of welfare effects of consumption taxes. Finally,

section 6 concludes.

As this project is ongoing, I report preliminary findings and describe planned steps

to complete this study at various points in the paper.

2 A simple model

This section presents a simple model of consumer heterogeneity and self-sorting. The

model assumes two heterogeneous consumer types and two types of products. I present

the model in subsection 2.1. When preferences of the consumer types diverge, consumers

perfectly self-sort by purchasing only one type of product. Consequently, the elasticity
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of demand for each product becomes independent of the distribution of consumers. For

example, when consumers self-sort, the types of consumers who buy one specific choco-

late bar might not differ much across markets. However, consumers who buy one specific

chocolate bar might be quite different from consumers who prefer another type of choco-

late. With perfect self-sorting, uniform pricing is the firms’ optimal strategy, as shown

in subsection 2.2.

The model predicts larger differences in the elasticities of substitutes within the same

product category and location, compared to differences in elasticities of the same product

across different locations. For example, we would expect the elasticities of two types of

chocolate bars (substitutes) within one store to be more different than the elasticities of

one specific chocolate bar in two different stores.

Key characteristics of retail markets are that chains own stores in multiple markets,

and that stores sell a large number of different products. If determining optimal prices

is costly for the chains, this suggests a trade-off between product selection, and the cost

of determining the optimal price for each item-store combination. By offering a larger

product selection, consumer self-sorting increases. More self-sorting implies a smaller in-

efficiency from uniform pricing.5 It may therefore be optimal to increase product selection

and price uniformly instead of to pricing to market. I formalize the product selection -

uniform pricing trade-off in subsection 2.3. Numerically, I illustrate that uniform pricing

is optimal when the chain is present in sufficiently many local markets and if the cost of

determining optimal prices is sufficiently high.

2.1 Preferences and consumer demand

Assume that there are two types of consumers. Let b ∈ {A,B} denote the consumer

type. Consumers purchase product i = {1, 2} in store s = {1, ..., N}. Assume that

the two products differ in quality θi, and that the consumer types differ in their price

sensitivity ρb and preference for quality γb, where γA < γB. You may for example think

5With more self-sorting, the elasticities of one product become more similar across markets. This

implies that optimal prices for the product also become more similar. A uniform price will therefore

differ less from the optimal price in each local market. Additionally, the chains are able to extract more

consumer surplus, as they are able to price discriminate between consumer types.
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of this as different stores selling both a low-quality and a high-quality chocolate bar. The

two consumer types then differ in how much they value the quality of chocolate.

Finally, assume that that a representative consumer of type b has the following pref-

erences over quantities qisb:
6

Ub =

[
N∑
s=1

2∑
i=1

(θγbi qisb)
ρb

] 1
ρb

(1)

The two consumer types choose quantities qisb maximise their utility as represented in

equation (1). This yields the following demand functions for each item-store-consumer-

type:

qisb =

(
θγbi
pis

)σb Eb
Pb

, (2)

where Eb is the total expenditure of consumer type b, and Pb ≡
∑

s

∑
i (θ

γb
i )σb p1−σb

is is

the constant-elasticity-of-substitution (CES) price index for consumer type b. Note that

use of the CES price index entails assuming monopolistic competition between firms. By

abstracting away from strategic actions of the firms, I ensure tractability of the model.

Although strategic effects may be interesting in their own right,7 they are not the focus

of this model. The model assesses the effects of consumer selection and heterogeneity on

elasticities of demand. Subsequently, I want to assess how heterogeneity in elasticities

affects firms’ pricing strategies. I therefore simplify the model by assuming monopolistic

competition.

The log-demand for item i in store s by consumer type b takes the form:

lnqisb = σbγblnθi − σbpis + lnEb + lnPb (3)

It follows that the elasticity of demand for type b’s purchases of item i in store s takes

the simple form:

Elpisqisb = −σb (4)

6This preference structure is an adaptation of Hallak (2006). Instead of countries, I let b denote

consumer types. I have simplified the model, by allowing for only two consumer types, and two types of

products.
7Adams & Williams (2019) specifically model strategic interactions to explain uniform pricing within

geographic zones.
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Stores are unable to distinguish between consumer types, thus facing the following

demand function and elasticity of demand for product i:

Qis = NAqisA +NBqisB (5)

ElpisQis = −σA NAqisA
NAqisA+NBqisB

− σB NBqisB
NAqisA+NBqisB

, (6)

where Nb denotes the number of consumers of type b in the local market. Equation

(6) shows that the elasticity stores face is a quantity-weighted sum of the two consumer

types’ elasticities. This implies that when both consumer types purchase both products,

the distribution of consumers in a market matters for prices.

2.2 An illustrative example: Perfect self-sorting

Hallak (2006) shows that a consumer type’s expenditure share a is

aisb = qisbpis
Eb

=
(
θ
γb
i

pis

)σb pis
Pb

, (7)

and that the expenditure share of item i is increasing in the preference for quality γb

if lnθi >
∑

s

∑
j ajsblnθj. That is, if product i’s quality is higher than the expenditure

share weighted average quality of products, then consumers spend a larger share of their

expenditure on high-quality products as their preference for quality increases. In the

chocolate example, it implies that the consumer type with the highest preference for

quality spends a larger share of their income on the high-quality chocolate bar (and a

smaller share on low-quality chocolate bar), compared to the consumer type with a lower

preference for quality.

Assume that product 1 is of lower quality than product 2, i.e. θ1 < θ2. Now consider

the case where consumers are maximally heterogeneous in their preferences for quality

γb. As consumer type A has such a low preference for quality, their expenditure share on

the high-quality good 2 approaches zero. Conversely, consumer type B has such a high

preference for quality that their expenditure share on the high-quality good approaches
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one:

a1sA → 1 (8)

a2sA → 0 ⇒ q2sA → 0 (9)

&

a1sB → 0 ⇒ q1sB → 0 (10)

a2sB → 1 (11)

As consumers perfectly self-sort, the stores’ demand elasticities take the simple form:

Elp1sQ1s = −σA
NAq1sA

NAq1sA +NBq1sB

− σB
NBq1sB

NAq1sA +NBq1sB

= −σA (12)

&

Elp2sQ2s = −σA
NAq2sA

NAq2sA +NBq2sB

− σB
NBq2sB

NAq2sA +NBq2sB

= −σB (13)

Note that this result depends on the assumption that there are two consumers and two

types of products. With more consumer types and/or more products, the CES demand

structure does not support perfect self-sorting. However, the model offers two interesting

results:

Proposition 1 When consumers perfectly self-sort, uniform pricing is the optimal firm

strategy.

To see this, consider the stores’ optimization problem:

max
p1s,p2s

πs = (p1s − c1s)Q1s + (p2s − c2s)Q2s (14)

The first-order conditions implicitly defines the optimal prices p∗is for i = {1, 2}:

p∗is − cis
p∗is

= − 1
ElpisQis

, (15)

where the elasticities are given by equations (12) and (13). As elasticities are constant

and independent across markets, all stores set the same price for good 1 and good 2,

respectively: p∗is = p∗ik for all s, k ∈ {1, ..., N} and i ∈ {1, 2}. Thus, if a chain owns

several stores, it would be optimal to set the same price for the same product in all

stores.
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Proposition 2 When consumers perfectly self-sort, the difference in elasticities of de-

mand is larger between substitutes in the same store, than it is between the same product

in two different markets.

Let ∆s,k denote the difference in de-meaned elasticities across to different markets

s 6= k ∈ {1, ..., N}:

∆s,k ≡
∣∣∣(ElpisQis −

∑
s ElpisQis

N

)
−
(
ElpikQik −

∑
s ElpisQis

N

)∣∣∣ (16)

= 0 ,

as ElpisQis = ElpikQik. Let ∆1,2 denote the difference de-meaned in elasticity between

the two substitutes within the same market:

∆1,2 ≡
∣∣∣(Elp1sQ1s −

Elp1sQ1s+Elp2sQ2s

2

)
−
(
Elp2sQ2s −

Elp1sQ1s+Elp2sQ2s

2

)∣∣∣ (17)

= |σA − σB|

With perfect self-sorting, ∆1,2 > ∆s,k. When consumers (perfectly) self-sort into

different product types, elasticities of demand differ more across substitutes within the

same local market, than they do for the same product across different markets. In other

words, the difference in demand elasticities for low-quality chocolate across different stores

would be smaller than the difference in elasticities between low- and high-quality chocolate

in the same store.

Steps to complete the analysis

In the continuation of this project, I will work on deriving more general results for the

model. Given the CES-demand structure, perfect self-sorting is not feasible without

extreme assumptions about the two types’ preferences for quality. While proposition 2

is derived under special assumptions, I believe it will hold for a wider set of conditions.

My solving the two-by-two model without assuming perfect self-sorting, I want to show

that proposition 2 holds as long as consumers have sufficiently different preferences.

Finally, I will conduct a numerical analysis, quantifying the efficiency loss from uni-

form pricing. Note that perfect self-sorting is not feasible if there are more consumer

types than products, irrespective of the demand system. Using the CES-demand struc-

ture in the two-by-two model may therefore offer some insights into how the degree of
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self-sorting (measured by the difference in preferences for quality) affects the efficiency

loss from uniform pricing.

2.3 Product selection and self-sorting

The model presented above indicates that if consumers self-sort, the types of consumers

who buy one specific product might not be that different across geographic markets. For

example, consumers who buy a grocery chain’s cheap private label chocolate bars are

likely to be very price conscious in every market. However, DellaVigna & Gentzkow

(2019) find that there still are some differences in elasticities of demand for the same

product across stores. The question therefore remains why chains are willing to leave

profits on the table.

As part of the research project, I have conducted interviews and meetings with ana-

lysts in one of the grocery chains. They offer some explanation. Firstly, they are worried

that pricing to market may lead to bad publicity. They fear that such a strategy may

damage their image, if they discriminate between e.g. rural and urban, or southern and

northern parts of the country.8 Secondly, pricing to market is costly. Determining op-

timal prices for thousands of products in thousand of stores requires large resources. If

pricing to market is costly, uniform pricing may be the firms’ profit maximizing strategy.

The latter information suggests that chains face a trade-off between pricing optimally

and product selection. The larger the product selection, the larger the cost of finding

optimal prices for all individual items. If differences in demand elasticities for products

across markets are sufficiently small, it may therefore be optimal for firms to price uni-

formly. This would be true if the profit loss from pricing sub-optimally is smaller than

the cost of computing optimal prices for all individual stores. If consumers are heteroge-

neous, increased product selection may lead to more self-sorting. Elasticities of demand

for one product would then become more similar across markets. By increasing product

selection, chains may reduce the profit loss from uniform pricing.

8In their paper, DellaVigna & Gentzkow (2019) also discuss potential reasons for uniform pricing.

Based on interviews, they highlight two explanations for uniform pricing. Similar to the Norwegian

chains, U.S. chains express concerns that pricing to market may adversely affect their reputation. Sec-

ondly, they point to managerial inertia, encompassing agency frictions and managerial inertia.
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Assume that a chain owns N stores s ∈ {1, ..., N}, each in a different local market.

Assume that each market is of equal market size, normalized to 1. The chain may

choose whether to offer either one or two products to consumers. There are two types

of consumers, b ∈ {A,B}, with demand elasticities σb. The types’ demand functions are

given by equation (2). Consumer type A striclty prefers product 1, and type B strictly

prefers product 2. Assume that if the chain offers two products, consumers perfectly self-

sort. However, if the chain only offers one product, the stores are unable to distinguish

between the consumer types. Each store s therefore faces the following elasticities of

demand for product 1 and 2:

Elp1sQ1s =

−σA
NAq1sA

NAq1sA+NBq1sB
− σB NBq1sB

NAq1sA+NBq1sB
if product selection = 1

−σA if product selection = 2

(18)

Elp2sQ2s = −σB if product selection = 2 (19)

Assume that there is a linear cost jX of offering j products, where X is a fixed cost

to carrying a product. Assume that there is an increasing and concave cost (mc)κ of

determining m optimal prices, where c > 0 and 0 < κ < 1 are parameters of the cost

function. Then the chain’s profit of offering two products and pricing uniformly is:

πUP = N
[
(p1 − c1)NAq1sA + (p2 − c2)(1−NA)q2sB

]
− 2X − (2c)κ , (20)

where NA is the share of type A consumers in each market, and ci is the marginal cost

of product i. The chain’s profit from offering only product 1 and pricing to market is:

πPTM = N(p1 − c1)
[
NAq1sA + (1−NA)q1sB

]
−X − (Nc)κ (21)

The profit maximizing price for product i is given implicitly by the following equation:9

pis − cis
pis

= − 1
ElpisQis

, (22)

where the product’s elasticity is given by equations (18) and (19).

9Note that, although I have abstracted away from strategic interaction between firms, they still have

market power. The firms’ first-order condition implies that if ElpisQis < ∞ ⇒ pis > cis. As shown

in section 3, the Norwegian grocery industry is relatively concentrated. This therefore seems like a

reasonable assumption in the empirical setting in this paper.
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Figure 1: Numerical representation of profits

Uniform pricing (in yellow), πUP , and pricing to market with reduced product selection (in blue), πPTM ,

for market sizes (N) and costs of determining optimal prices (c). Parameter values: σA = 1.5, σB = 3,

θγb1 = 1 for i ∈ {1, 2} and b ∈ {A,B}, Eb = 1 for b ∈ {A,B}, c1 = c2 = 0.15, NA = 0.5, and X = 4.

The numerical example in figure 1 illustrates the chain’s trade-offs for the two strate-

gies. By offering more products and increasing self-sorting, the chain is able to extract

more consumer surplus. The benefits of this strategy become larger as the number of

markets increases. Pricing to market becomes more costly as the number of stores in-

creases, and as determining prices becomes more costly. If the number of stores and cost

become sufficiently high, uniform pricing therefore yields higher profits than pricing to

market.

Note that as markets are of equal size and with the same distribution of consumers,

the pricing-to-market strategy will also lead to equal prices across markets. In this case,

there is no price-efficiency gain in increasing self-selection in itself.10 This allows me to

10Note that the chain still profits from self-sorting, as price discrimination allows it to extract a larger
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isolate the effect the cost structure on profits for the two strategies.

Steps to complete the analysis

In the continuation of this project, I would like to extend the model to allow for two types

of markets, with different distributions of consumers. N could then denote the number

of stores per market type. With heterogeneous markets, pricing to market would now

imply setting different prices in the two market types, introducing an efficiency loss from

uniform pricing. This should increase the relative profitability of pricing to market. The

chain may then choose to offer either one or two products, and it may choose to price

uniformly or to market. I could then assess the relative profitability of the chains four

possible strategy combinations.

3 Data and institutional setting

In my empirical analyses, I want to investigate whether consumers self-sort. I therefore

want to estimate demand elasticities for individual items in each local market. I can

consequently check whether there is empirical support for the prediction in proposition

2.

This paper uses a novel data set of itemized receipts from the Norwegian grocery

industry. I first present key characteristics of the market in subsection 3.1, and contents

of the receipt data in subsection 3.2. I then explain how I link the data to other sources

(e.g. store coordinates, product information, and demographic variables) in subsection

3.3.

In this paper, I also discuss policy implications of uniform pricing and consumer self-

selection. A consequence of self-selection is heterogeneous pass-through rates of cost

shocks for individual items. To test this prediction, I want to estimate the effect of an

increased excise tax on prices. I use the 2018 increase in taxes on sweetened products,

the so-called sugar taxes, in Norway as an application. Subsection 5.2 explains the

institutional context of the taxes, and seasonal adjustments of prices and quantities.

share of consumer surplus.
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3.1 The Norwegian grocery industry

The Norwegian grocery industry consists of three large, fully integrated corporations ;

NorgesGruppen, Rema1000, and Coop. The own their own wholesale and distribution

channels, in addition to grocery store chains, and some food production.11 The fourth

corporation, Bunnpris, is not fully integrated, as it buys wholesale and distribution ser-

vices from one of the other corporations. Together, these four corporations had a market

share of 99.9 percent of the 2018 Norwegian grocery market.

Consumers face a large number of grocery store chains. For example, NorgesGrup-

pen’s low price chain is called Kiwi. NorgesGruppen also owns the chain Meny. Meny

stores are marketed as high-quality stores, with larger product selection and higher prices.

Independent grocery stores are not common, and only made up 0.1 percent of the Nor-

wegian grocery market in 2018. Due to the large number of chains, the market may not

appear highly concentrated to consumers.

Figure 2: 2018 market shares in the Norwegian grocery industry

11For example, the corporations own producers of baked goods. These producers supply the corpora-

tions’ stores with fresh and frozen bread products.
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3.2 The receipt data

The receipt data includes data for the four large corporations NorgesGruppen, Coop,

Rema1000, and Bunnpris. The data therefore covers grocery purchases for 99.9 percent of

the Norwegian grocery industry – nearly the universe of grocery stores – for approximately

one year. For a selection of twenty stores within one chain of corporation 4,12 the data

spans approximately four years.

The data set includes all individual shopping receipts. It therefore includes all infor-

mation contained in a customer’s receipt from a grocery purchase. This includes, but is

not limited to, information on prices (and discounts) for individual items, quantities (and

unit of measurement) for individual items, item ID numbers, exact time of transaction,13

and store ID number for each shopping basket. For the subset of twenty stores from

corporation 4, the data also includes customer ID numbers for customers enrolled in the

chain’s loyalty program. Approximately 34 percent of those receipts include customer

IDs.

The raw receipt data is a large data set, approximately 28 TB. For the analyses, I

have computed average prices and total quantities on either daily or weekly store-item

levels. Note that the weekly store-item data set is comparable to the Nielsen data from

U.S. retail stores. This data set therefore is the raw data from which Nielsen type data

sets are computed. As an example of size, the weekly store-item data set for corporation

1 contains approximately 428 million observations.

3.3 Other data sources

The organization for grocery producers in Norway powers a website that shares infor-

mation about their clients products. Their data base is used by the grocery chains to

declare product content. A web scraper extracted product information for approximately

66,000 products. The data set contains information on nutritional content (calories, fat,

saturated fat, carbohydrates, sugars, protein and salt per 100 g of product), a full list of

12The chain provided additional data for 20 of their stores for research purposes. The chain hired a

consulting firm to select the subset of stores most representative for the chain. They use this subset of

stores in their own analyses.
13The time stamp for individual receipts is accurate to the level of seconds with five decimal points.
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Corporation First data point Last data point

Corporation 1 Sep 2017 Jan 2019

Corporation 2 Nov 2017 Dec 2018

Corporation 3 Jun 2017 Jan 2018

Corporation 4 May 2018 Dec 2018

Selection of stores from Corporation 4 Jun 2016 Jan 2021

Table 1: Time span of data set per corporation

ingredients, a list of allergens, the products weight (if applicable), and a product category.

I link the product information data set to the receipt data using the item ID numbers.

Information about the products’ sugar tax category are manually coded. The tax

categories are mainly levied on entire product categories (see section 5.2 for a more

detailed description of the tax system). However, there are some exceptions. Cookies

are, for example, exempt from the tax on sweets unless the have a chocolate/sugar coating

that covers at least 50 percent of the cookie’s surface. They are also included in the tax

if they have filling that weighs at least 50 percent of the cookie’s weight. Due to the

detailed tax rules, manual coding was necessary.

I retrieved store information from another online database, using a second web scraper.

I can therefore link the receipt data to store information, using the store ID numbers from

the receipt data. The store information data set has information on the stores’ chain,

corporation, address and GPS coordinates for approximately 3,000 grocery stores.

Finally, I link the data to demographic variables through the stores’ GPS coordinates.

The data set contains demographic and socioeconomic variables such as population size

and density, number of households, share of young people, share of female population,

average income among working, and average percentage of FTE worked. Statistics Nor-

way reports these variables at the level of a so-called basic statistical unit (BSU). Norway

is divided into 14,000 BSUs, with an average population size of approximately 380 peo-

ple. The BSUs were constructed as stable, coherent geographical units for statistical

reporting, and are subdivisions of Norway’s 422 municipalites.14

14422 was the number of municipalities in 2018, the time period of the main data set. There are some

changes in the number of municipalities over time.
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(a) Store locations (b) Linking store location to population density

Figure 3: Visualization of store information and connection to demographic variables

Panel (a) shows the location of the stores in the data set. Panel (b) shows also shows the population

density of the Norwegian municipalities. Darker shading implies a higher population density.

4 Main results

The theoretical model in section 2 predicts that consumer self-sorting leads to larger

variation in elasticities of substitutes in the same market than in elasticities of the same

product across different markets. In other words, consumers who buy one specific choco-

late bar are not that different across markets. Consumers who buy different types of

chocolate bars in the same store might however be quite different. I estimate elasticities

of demand for 59,150 store-item pairs. The results show that elasticities for one item

differ less across markets than the elasticities of substitutes within a product category.

This finding supports the hypothesis of consumer self-sorting.

Qualitative information from chain representatives reveals that pricing to market is

costly. Chains may therefore face a cost trade-off. As they increase product selection
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(and consumer self-sorting) elasticities across markets become more similar. This lowers

the cost of uniform pricing by reducing the efficiency loss of the pricing strategy. My

empirical findings suggest that offering more substitutes to consumers indeed is negatively

correlated with the variation in elasticities.

4.1 Identifying elasticities of demand

The model predicts that, it consumers self-sort, the variation in the elasticity for the

same product should be smaller than the variation in elasticities within one category and

market. To test this prediction, I need to estimate the elasticities of demand. I estimate

separately for each store-item combination si:

ln(qsit) = σsiln(psit) + αsiy + βsiw + εsit , (23)

where t denotes the date, y denotes the calendar year, and w denotes the calendar week.

αsiy and βsiw denote the calendar year and week fixed effects, respectively. εsit denotes

the error term. Finally, σsi denotes the coefficient of interest, the item-store level elastic-

ities of demand. Prices are instrumented by the average price across the chain’s stores

located outside s’s municipality. This version of the instrumenting approach of Hausman

(1996) was used by DellaVigna & Gentzkow (2019), though I use daily prices instead of

aggregated weekly prices.

For the pricing instrument to be relevant, the stores’ prices must be correlated with

the prices of other stores within the same grocery store chain. If firms price uniformly

within chains, the instrument is indeed relevant. I illustrate the variation in prices in

figure 4. Panel (a) shows price variation of individual items across all stores and chains.

For example, this would imply comparing the price of one specific chocolate bar in a

specific Walmart store to the mean price of that chocolate bar in all grocery stores in

the industry. Panel (b) shows price variation of individual item across stores within the

same chain. For example, this would imply comparing the price of that chocolate bar in

that Walmart store to the mean price of the chocolate bar in other Walmart stores.

The figure shows little variation in prices within one chain. The price deviations from

the mean price within the same chain are heavily concentrated around zero. This is
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illustrated in panel (b) of the figure. However, there is large variation in prices across

different store chains, as illustrated in panel (a). The figure suggests that firms within

the same chain set nearly identical prices. It supports the assumption of uniform pricing,

and the relevance of the price instrument.

(a) Price variation across chains (b) Price variation within chains

Figure 4: Price deviations from mean item price (shares)

Each observation show how much a price deviates from the mean price of the product: pist−p̄t
p̄t

. In panel

(a), I use the mean price of the item for all stores in the data set. In panel (b), p̄t denotes the mean

price for all stores of the same chain.

Figure 5 shows the correlation of weekly prices of a random store in a chain with the

mean weekly prices of other stores in the same chain. The figure includes data for four

items; one type of chips, a type of chocolate, a frozen pre-made meal, and a cereal grain.

All four items are among the twenty-five most frequently purchased items it the industry.

Although there is some variation between chains, the figure shows a high correlation of

prices within chains. It supports the use of the pricing instrument.

Figures 6 and 7 show the pricing pattern of four frequently sold items in four chains.

The horizontal axis shows the calendar weeks. I use the same one hundred random stores

per chain along the vertical axis in all figures. Each column in each figure shows the

weekly price of the item across the one hundred stores in the chain. The figures yet again

illustrate uniform pricing across stores within a chain. All stores set equally low (light

blue) and equally high (dark blue) prices each calendar week. Uniform pricing hence

shows up as vertical stripes in the heat plots.
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Figure 5: Correlation between one store’s prices with mean price of other stores within

same chain

The figure shows the correlation of weekly prices for four of the twenty-five most frequently sold items.

The four items are in the categories chips, chocolate, frozen pre-made meals, and cereal grains. Each

observation is a combination of a store’s weekly price of an item on the vertical axis, and the mean

weekly price of that item for all other stores within the same chain. The 45 degree line illustrates perfect

correlation.

The purpose of the instrument is to ensure that the (instrumented) price is inde-

pendent of local demand shocks. If local demand shocks are correlated and affect the

uniform price of the chain, the independence assumption is violated. For example, we

might expect the demand for candy to increase before Halloween. We would also expect

this demand shock to occur in all local markets. In that case, the price change would be

driven by a common demand shock and the elasticity estimates would become biased.

Controlling for calendar-week effects on an item level alleviates the concern for sea-

sonal demand shocks. However, there could be other demand shocks that are not seasonal

in nature. If all chains faced the same demand shocks, their pricing patterns would look

similar. In other words, the chains would lower (or increase) prices simultaneously. The

timing of price cuts and increases between chains appear to be unrelated in figures 6 and

7. The idiosyncrasy of the pricing patterns across chains lessens the concern that price

changes are driven by correlated demand shocks.

If chains select store locations to target different consumer groups, that might explain
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(a) Chips, Chain 1 (b) Chocolate, Chain 1

(c) Chips, Chain 2 (d) Chocolate, Chain 2

(e) Chips, Chain 3 (f) Chocolate, Chain 3

(g) Chips, Chain 4 (h) Chocolate, Chain 4

Figure 6: Pricing patterns for one type of chips and one chocolate across chains

The figures show the same one hundred random stores per chain. Each store’s prices are a row in the

figure. The horizontal axis shows a calendar week. Each square in the figure consequently illustrates

the price level of a store in a given week. Darker colors illustrate larger prices. Missing observations are

illustrated by white squares.
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(a) Frozen meal, Chain 1 (b) Processed seafood, Chain 1

(c) Frozen meal, Chain 2 (d) Processed seafood, Chain 2

(e) Frozen meal, Chain 3 (f) Processed seafood, Chain 3

(g) Frozen meal, Chain 4 (h) Processed seafood, Chain 4

Figure 7: Pricing patterns for a frozen meal and a processed seafood across chains

The figures show the same one hundred random stores per chain. Each store’s prices are a row in the

figure. The horizontal axis shows a calendar week. Each square in the figure consequently illustrates

the price level of a store in a given week. Darker colors illustrate larger prices. Missing observations are

illustrated by white squares.
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Figure 8: Distribution of stores by income-level at store location

different pricing pattern between chains. I.e. they serve different types of consumers. In

that case, local demand shocks might still be correlated within one chain. Figure 8 shows

that chains’ stores share similar distributions over a key determinant of demand, namely

income. This suggests that the distribution of customers is similar across chains. Thus, if

there were correlated demand shocks across local markets, pricing pattern across chains

would look similar. Differences in pricing patterns across chains therefore offer support

for the independence assumption.

4.2 Elasticities of demand

I estimate equation (23) for each store store-item combination si separately, using daily

prices and quantities per item per store. To control for seasonal effects per item, I use

the 20 stores with the 4.5 year time span from corporation 4. I restrict the data to

include only store-item combinations that appear in at least 250 days. This leaves 59,150

unique store-item pairs si. Finally, I only use elasticity estimates that are statistically

significant at the 90 percent level in the figures. Figure 9 shows the distribution of

the negative elasticity estimates. The figure illustrates that the majority of items have

elastic demand elasticities. However, note that estimates close to zero are unlikely to be
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statistically significant, and are therefore excluded from the figure.

Figure 9: Distribution of elasticity estimates

The figure shows only negative elasticity estimates, that are significant at the 90 percent level. The

sample includes the 4.5 years of data from the 20 stores from corporation 4. Elasticities are estimated

separately for each store-item combination si, using equation (23). 20,204 of the 59,150 individual

regressions yield significant estimates.

Recall that the theoretical model predicts that consumer self-sorting leads to larger

variation in elasticities of substitutes in the same market than in elasticities of the same

product across different markets. In other words, consumers who buy one specific choco-

late bar are not that different across markets. This is illustrated by the blue bars in

figure 10. Consumers who buy different types of chocolate bars in the same store might

however be quite different. This is illustrated by the clear bars with black outline in the

figure. This supports the hypothesis that consumer types self-sort.

If consumers perfectly self-sort, there should be no variation in elasticities of the same

product across different markets. In this case, all de-meaned (by item mean) elasticities

would be equal to zero. The blue distribution in figure 10 should then have all zero

observations. As this is not the case, firms incur a profit loss from pricing uniformly.

Recall that firms face a trade-off between the cost of offering more products and

the efficiency cost of uniform pricing. By offering more substitutes within a product

category, chains can increase consumer self-sorting. With more self-sorting, consumers
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(a) All elasticities

(b) Enlargement of panel (a)

Figure 10: Variation in elasticities of demand (demeaned item-store estimate)

The sample includes the 4.5 years of data from the 20 stores from corporation 4. Blue bars show elasticity

estimates that are de-meaned by the mean elasticity of the same item across all stores in the chain. The

clear bars with black outline show elasticity estimates that are de-meaned by the mean elasticity of

products in the same category and store. The figure only includes negative elasticity estimates, that are

significant at the 90 percent level. Elasticities are estimated separately for each store-item combination

si, using equation (23).
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who purchase one specific product become more similar across markets. This implies that

there should be a negative correlation between the number of substitutes in a product

category and the variation in elasticity estimates for an item across markets.

Figure 11 shows the relationship between de-meaned elasticity estimates and the num-

ber of products per category. Panel (a) of the figure shows that there appears to be a

larger variation in the elasticity estimates for categories with few substitutes. Panel

(b) shows the standard deviations of the elasticities in panel (a) as a binned scatter plot.

There is a negative correlation between the standard deviations and number of substitutes

in the product category.15 This supports the hypothesis that higher product selection

leads to more consumer self-sorting.

(a) Elasticities (de-meaned by item mean) (b) Binned scatter plot

Figure 11: Correlation between variation in elasticities and product selection

Panel (a) shows elasticity estimates that are de-meaned by the mean elasticity of products in the same

category and store. Panel (b) shows a binned scatter plot for the standard deviation of the estimates

in panel (a) by the number of products in their product category. Is only include negative elasticity

estimates, that are significant at the 90 percent level. Elasticities are estimated separately for each

store-item combination si, using equation (23).

Steps to complete the analysis

By estimating elasticities using daily prices and quantities, I avoid aggregation problems

15Note that a larger number of items in a category may instead mean that the category is more broadly

defined. If that were the case, products would be, on average, more different in categories with a larger

number of products. If products in those categories do not include more substitutes, they would not

lead to more consumer self-sorting. Consequently, the number of products per category and standard

deviations of elasticity estimates would be uncorrelated.
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of the Nielsen data. As DellaVigna & Gentzkow (2019) discuss in their paper, aggregation

leads to weighting low prices excessively, because consumers purchase larger quantities at

lower prices. It may also lead to an underestimation of uniform prices, as weekly weighted

average prices may differ, even though stores price uniformly. Using less aggregated val-

ues may however lead to another identification problem. Short-term elasticity estimates

may differ from long-term elasticities if consumers stockpile. In the continuation of this

project, I will therefore re-estimate elasticity for other levels of aggregation. Firstly, I

will use weekly aggregates to facilitate a baseline comparison to the work of DellaVigna

& Gentzkow (2019). It will show whether using weekly aggregated prices and quantities

leads biased estimates. Secondly, I will aggregate data to a monthly or quarterly level. At

this level of aggregation, stockpiling should not lead to an overestimation of elasticities.

In the main analyses, I use data for the selection of 20 stores from corporation 4.

This allows me to credibly control for seasonal variation in the data. As the data for the

remaining chains has a shorter time span, it would not be feasible to control for calendar

week effects in the individual store-item regressions. I could instead estimate calendar-

week effect using the selection of 20 stores, and use the estimated weekly fixed effects

to seasonally adjust prices and quantities from other brands. This approach would only

allow me to include items that are sold in all brands, excluding private label products.

Furthermore, the seasonal effects for an item may differ between chains. Although more

imprecise, this approach would be a valuable robustness check. I will conduct the analysis

in the continuation of this project.

5 Policy implications

Retail markets are large and important markets to consumers. Food is a necessity good,

and groceries are an important part of household spending. How policies affect retail

markets is therefore an important question in economics. The previous section shows

large differences in the elasticities of items in the same product category and store. As

shown in section 5.1, self-sorting also implies that pass-through is different for products in

the same product category. The empirical support for self-sorting then poses the question

of how consumer heterogeneity and self-sorting affect the impact of policy.
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So-called sin taxes are taxes on goods that are considered to have negative consump-

tion externalities. For example, the consumption of tobacco and alcohol have adverse

health effects for consumers. However, they may not take the costs of their consumption

on public health care or other people into account. Consumption of sugar is linked to

several illnesses, such as diabetes and obesity. Several U.S. jurisdictions and European

countries have introduced taxes on (sugar) sweetened beverages to reduce consumers’

sugar consumption.

As the elasticities of demand differ between items, for example two types of chocolate,

the pass-through of the tax also differs, as shown in section 5.1. If consumers sort into

product types, using an average pass-through per taxed category will lead to biased esti-

mates of welfare and distribution effects. Consider the following example. Assume that

low-income consumers have a preference for the chain’s low-price private label chocolate.

Also assume that high-income consumer prefer a high-price chocolate. Now assume that,

due to differences in elasticities of the two consumer types, pass-through for the cheap

chocolate is lower than pass-through for the expensive chocolate. If we use an average

pass-through rate for chocolate, we will overestimate the price increase for low-income

consumers, and underestimate the price increase for high-income consumers. Conse-

quently, the estimated welfare and distribution effects of the tax will also be wrong. In

subsection 5.3, I show that the 2018 increase in Norwegian sugar taxes indeed has a larger

effect on the relatively expensive products. I show that this difference leads to statisti-

cally significantly different pass-through rates. These findings offer additional empirical

support for the self-sorting hypothesis.

5.1 Policy implications of self-selection

How taxes on consumption goods impact prices, distribution and welfare is a commonly

asked economic policy question. Cost shocks, for example excise taxes, affect prices

differently, depending on the individual items’ elasticities of demand. As shown in the

previous subsections, self-sorting affects those elasticities of demand. This, in turn, raises

the question of how consumer heterogeneity (and self-sorting) matters for the impact of

taxes.

As an illustrative example, assume that consumers perfectly self-sort into different

31



products. A firm’s profit maximizing price for item i in store s are then given by

pis − cis
pis

=
1

σb
, (24)

where σb is the elasticity of demand of the consumer type that purchases item i and cis

is the item’s marginal cost. It then follows that

Proposition 3 If consumers perfectly self-sort, pass-through is larger(smaller) the smaller

(larger) elasticity of demand.

to see this, first note that with perfect self-sorting, the elasticity of demand is constant

for each item. Consider a one-unit increase in cost. The pass-through is the defined by

how many units the price is raised due to the cost change. Thus, pass-through is

∂pis
∂cis

=
σb

σb − 1
(25)

which is decreasing in the elasticity of demand σ.16 It follows that:

Corollary 1 Consider two items i, j with the same marginal cost, ci = cj. Then the

item with the highest(lowest) price also has the highest(lowest) pass-through rate.

If two items have the same cost, but different prices, the first-order condition in (24)

implies that the high-price item has a lower elasticity of demand than the low-price

item. It follows from proposition 3 that the high-price item therefore must have a larger

pass-through rate.

In the example of chocolate, we would expect a larger pass-through rate on expensive

chocolate if the elasticity of demand is lower on expensive chocolate. If high-income

consumers have a larger preference for the expensive chocolate, this would indeed seem

likely. Consequently, we would expect that an excise tax on chocolate would lead to a

larger pass-through for chocolate purchased by high-income consumers.

5.2 Institutional context – The Norwegian sugar taxes

There are three separate taxes for sugary products in Norway. Firstly, there is a tax on

sugar itself, e.g. cane sugar sold for baking and sugar cubes used to sweeten tea or coffee.

16Note that ∂2pis
∂cis∂σb

= − 1
(σb−1)2 < 0 for all σb 6= 1.
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Secondly, there is a tax on chocolate and sweets. This category includes chocolate bars,

candy, and also breath mints and chewing gum. Finally, there is a tax on sweetened

beverages, such as soft drinks, juices, and sodas. The taxes are independent of sugar

content which means that artificially sweetened products, such as sodas and chewing

gum, are also subject to the tax.

The stated purpose for levying the taxes was to raise tax revenue. This may explain

why the tax was levied on broad product categories, rather than being contingent on sugar

content. In several U.S. jurisdictions, such as Philadelphia, taxes were only implemented

for sugar sweetened beverages. Contrary to Norway, artificially sweetened beverages

were not subject to those taxes. Despite stating tax revenue as the main motivation for

the sugar taxes in Norway, policy makers remarked that they would also lead to health

benefits by reducing consumption of unhealthy products.

The taxes are excise taxes, levied in Norwegian kroner (NOK) per kilogram (kg) of

the finished product. Panel (a) of figure 12 shows the levels of the excise tax for 2016

through 2021. In 2018, there was an 83 percent increase in the tax level for chocolate

and sweets. In the same year, the tax on sweetened beverages increased by 43 percent.
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(b) Tax rates as mean shares of mean 2017 prices

Figure 12: Tax rates per year, 2016-2021

Panel (a) shows the levels of the excise tax for the so-called sugar taxes in Norwegian kroner (NOK)

per kilogram (kg) of the product. There are three separate taxes; a tax on pure sugar (blue), a tax on

sweetened beverages (green), and a tax on chocolate and sweets (brown). Panel (b) show the taxes as

the mean shares of the products’ (mean) 2017 prices. The taxes are insignificant shares of the prices. At

full pass-through, they are expected to have a large impact on prices.
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Panel (b) of figure 12 shows average of the tax shares (of the mean 2017- price) per

product. It illustrates that the taxes make up a large share of the products’ prices. For

chocolate and sweets, and artificially sweetened beverages, approximately 12 percent of

the price consumers paid was the tax. The figure also illustrates the expected price change

at full pass-through. E.g. if the tax increase were fully passed through on chocolates and

sweets, we would expect the average price of those products to increase approximately 11

percent. This is because the tax (as a share of 2017 prices) increases from approximately

13 to 24 percent. Similarly, we would expect prices on sweetened beverages to increase

approximately six percent.

Being an excise tax, the dollar (or in this case NOK) amount of tax per product

depends on the product’s weight. There is consequently substantial heterogeneity in the

tax level and share per product. This also implies that the tax increase per product is

heterogeneous. Heterogeneity in the tax change is illustrated in figure 13. On average,

taxes per product increased by approximately seven percentage points of their mean 2017

price.
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Figure 13: Dispersion of change in tax share from 2017 to 2018

For each taxed product, I calculate how large the tax increase is relative to the product’s mean 2017

price. The figure shows the distribution of the (relative) tax increases. It illustrates the heterogeneity in

the treatment for the taxed products.

To control for seasonal variation in prices, I adjust prices by removing calendar week

effects on the item level. Let pist denote the price of item i in store s at time t. Fur-

thermore, let αiw denote the calendar-week fixed effect for item i, γs denote the store

fixed effect, and εist denote the error term. Equation (27) describes the decomposition

of the price. I then find the seasonally adjusted log-prices, ˜lnpist, by subtracting the
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calendar-week fixed effects according to equation (27).

lnpist = αiw + γs + εist (26)

˜lnpist = lnpist − α̂iw (27)

Conversely, I find the seasonally adjusted log-quantities, ˜lnqist, according to the fol-

lowing equations:

lnqibt = αiw + γs + εist (28)

˜lnqist = lnqist − α̂iw (29)

Figure 14 shows the development in seasonally adjusted prices and quantities in the ten

weeks before and after the tax change by tax category. Panel (a) shows the development

in prices. As expected, prices of the two categories effected by the tax change increase in

the first week of 2018. Recall that the tax increase was larger for chocolate and sweets,

compared to sweetened beverages. Consequently, the increase in prices is larger for the

former product category. Recall that full pass-through would lead to an approximate

price increase of 11 percent for candy, and 6 percent for the beverages. However, the price

increases are only approximately 0.07 and 0.04 log point, respectively. This suggests that

pass-through of the tax was incomplete.

Compared to the evolution of prices, there seems to be a limited quantity response.

Panel (b) of figure 14 does not suggest a clear reduction in demand in response to the

price increase. This may not be surprising in light of recent literature (Jysmä et al. 2019).

As the tax not only raises the price of one product, but also on all of that product’s

substitutes, demand responses of these broad category-wide taxes may be limited.

5.3 Event study of tax change

I estimate event-study coefficients, using the following equations for seasonally adjusted

prices and quantities, respectively:

ln(p̃ibw) = αi + βs +
10∑

t=−10

γtDweek + εist (30)
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(a) Evolution of seas. adjusted prices (log) (b) Evolution of seas. adjusted quantities (log)

Figure 14: Evolution of prices and quantities

I adjust prices and quantities for seasonal effects, using equations (27) and (29). The figure illustrates

the evolution of seasonally adjusted variables for the two categories affected by the tax change. As a

comparison, I also include products unaffected by the tax. I use a time window of ten weeks before and

after the tax change.

ln(q̃ibw) = αi + βs +
10∑

t=−10

γtDweek + εist , (31)

where αi are item fixed effects, βs are store fixed effects, Dweek are dummies indicating the

number of weeks before and after the tax change, and γt are the coefficients of interest.

Prices and quantities are seasonally adjusted using by item-level calendar week fixed

effects, as specified in equations (27) and (29). I cluster standard errors at the item level,

as the treatment is administered at the item level.

I use a time window of ten weeks before and after the tax change. In choosing the

time window, I have taken into account the frequency at which chains change their prices

in the taxed categories. The time window needs to allow enough time for chains to

respond to the tax changes. Figure 15 illustrates the frequency of price changes in the

two categories affected by the price change. The stores change prices frequently in both

categories. The majority of prices in the taxed categories change in less than 7 days. A

time window of 70 days before and after the tax changes should therefore be sufficiently

large for prices to adjust to the tax change.

Figure 16 shows the estimated coefficients for the weekly dummy variables, γt, from

equations (30) and (31). Panel (a) shows the change in prices in the ten weeks prior to
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(a) Chocolate and sweets (b) Sweetened non-alcoholic beverages

Figure 15: Frequency of price changes for taxed categories

The figure shows the average time (number of days) elapsed between price changes per item-store com-

bination for the taxed categories.

and after the tax change. The size of the estimated coefficients shows the percentage

price change compared to the first week in the time window. The figure shows that

there are no anticipation effects, as prices in the weeks before the tax change do not

change significantly. After the tax increases in week 1, there is a sharp increase in prices.

Recall from subsection 5.2 that full pass-through would imply an average price increase

of approximately seven percent. Although prices increase after the tax change, there does

not appear to be full pass-through.

Panel (b) in the figure shows the effect of the tax increase on quantities. As the figure

shows, there is no significant effect of the tax on demand. Recent literature explains

this puzzle (Jysmä et al. 2019). The tax not only affects the price of one product, but

also raises prices of all of the product’s substitutes. It therefore makes substitution to

other products less desirable.17 My finding of a limited demand response to the tax

change therefore corresponds well with existing literature on the effects of category-wide

taxes. It implies that category-wide taxes are not a good tool to correct consumption

externalities.

If consumers self-sort, pass-through rates will likely differ between products. This

17Note that, as all prices in the category increase, consumers suffer a negative income effect. The

apparent lack of an income effect could be an indication of habit or addiction. If sugar is physically (or

mentally) addictive, we would expect a smaller income effect.
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(a) Effect of tax on seas. adj. prices (log) (b) Effect of tax on seas. adj. quantities (log)

Figure 16: Effect of tax on prices and quantities

The sample includes the 4.5 years of data from the 20 stores from corporation 4. I use prices and

quantities that are seasonally adjusted at the item level according to equations (27) and (29). The

figures show the coefficients for the weekly dummies in equations (30) and (31). The estimations include

observations in both tax categories; Sweetened beverages, and Chocolate and sweets. Standard errors

are clustered at the item level.

would for example be the case if high-income consumers have different demand elasticities

and buy different products than low-income consumers. This implies that high-income

consumers face a different pass-through than low-income consumers. Consumer selection

therefore matters for welfare effects of taxes.

Figure 17 shows the event study plots for chocolate and sweets. The left column shows

the effect on prices, and the right column shows the effect on quantities. The dependent

variables are seasonally adjusted. I have calculated the mean 2017 price per kilogram for

each item. I split the sample into cheap and expensive items by the median of the mean

2017 prices. In the event study regressions I then introduce and interaction term with

the weekly dummies, allowing for different weekly coefficients for the expensive items. I

again cluster standard errors at the item level. The top row of the figure shows the weekly

coefficients for the cheap items, and the bottom row shows the figures for the expensive

items.

Comparing the graphs for the price effect in the left column, we can see that coefficients

for the high-price items are larger. Note that the vertical axis is the logarithm of the

seasonally adjusted prices. The coefficients can therefore be interpreted as percentage
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(a) Price effect on low-price sweets (b) Quantity effect on low-price sweets

(c) Price effect on high-price sweets (d) Quantity effect on high-price sweets

Figure 17: Comparing high- and low-price sweets

The sample includes the 4.5 years of data from the 20 stores from corporation 4. I use prices and

quantities that are seasonally adjusted at the item level according to equations (27) and (29). The

figures show the coefficients for the weekly dummies in equations (30) and (31). The estimations include

observations on products in the tax category of chocolate and sweets. I calculate the products’ mean

2017 price per kg or the product. Subsequently, I split the product into cheap and expensive products

by whether their mean 2017 price per kg is above or below the median. Standard errors are clustered at

the item level.

price increases. As the expensive item experience larger increases in percentages, the

increases in absolute numbers must be even larger. This indicates a higher pass-through

rate expensive items.

Similar to the aggregate quantity effect, there is no significant demand response for

either price level of items. This is illustrated in the figures in the right columns. Due

to different percentage price increases, relative prices between cheap and expensive items
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have changed. Furthermore, increased prices in in general could also induce consumers

to switch to cheaper products if they are budget constrained. The figures in panels (b)

and (d) not not show such a substitution pattern.

5.4 Estimating pass-through

Let pist denote the seasonally adjusted price of item i, store s and time t, measured in

Norwegian kroner (NOK) per kilogram (kg). Let Taxit denote the tax on item i at time

t, measured in NOK per item. I estimate the following pass-through equation:

p̃ist = β0Taxit + (Taxit ×Xis)
′β1 + θi + γs + εist , (32)

where θi and γs are item and store fixed effects, respectively. Xis is a vector of item/store

characteristics, for example a dummy for the price level of the item. Standard errors

are clustered at the item level. I use the same sample of observations ten weeks before

and after the tax change, to make estimates comparable to the event-study figures in the

previous subsection.

Table 2 shows the regression results for the pass-through estimation. On average,

there is less than complete pass-through. Specification (1) shows that the average pass-

through rate is 68 percent. I.e. for every one-dollar increase in the tax on an item, the

item’s price increases by 68 cents.

Looking at the sub-sample of items in the chocolate and sweets category, I compare

the pass-through for cheap and expensive items. As for the event study graphs in figure

17, I split the sample into cheap and expensive items by the median of the mean 2017

prices. The pass-though for expensive items is significantly larger than the pass-through

for cheap item. In fact, the pass-through for the expensive items is much larger than

one. This may suggest that the corporation is cross-subsidising the cost increase between

product types.

If the purpose of the tax is to reduce unwanted sugar consumption, the correlation

between sugar content and pass-through of the tax is of interest. In column (3) , I

therefore include a dummy variables for items with low sugar content. Low sugar content

is defined as items that contain less sugar than the median, measured in grams of sugar per
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kilogram of the item. As sugar content is positively correlated with price, the unfortunate

result is a higher pass-through on low-sugar items. As relative prices change, this could

lead to substitution from low- to high-sugar goods.

Dependent variable:

Seas. adj. price (NOK) (1) (2) (3) (4)

Tax (NOK/item) 0.678∗∗∗ 0.698∗∗∗ 0.618∗∗∗ 0.662∗∗∗

(0.143) (0.181) (0.150) (0.166)

Interactions with dummies

Expensive products 1.122∗∗

(0.488)

Low sugar content (pr kg of product) 1.005∗∗

(0.448)

Low sugar content (pr NOK paid) 0.106

(0.238)

Observations 65 557 42 141 63 713 62 973

Store FE Yes Yes Yes Yes

Item FE Yes Yes Yes Yes

Table 2: Pass-though estimates

Standard errors in parentheses (clustered at item level), ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

The sample includes the 4.5 years of data from the 20 stores from corporation 4. Prices are seasonally

adjusted at the item level, according to equation (27). Sample includes observations for ten weeks before

and after the tax change. Columns (1), (3), and (4) included both tax categories; Sweetened beverages,

and Chocolate and sweets. Column (2) uses only observations on chocolate and sweets, and splits the

product into cheap and expensive products by whether their mean 2017 price per kg is above or below

the median kg price.
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If sugar consumption is addictive, consumers might want to consume a certain amount

of sugar per dollar paid. In column (4), I therefore introduce a dummy variable for

whether the item is below the median amount of sugar per dollar paid. In this case, the

coefficient on sugar content becomes insignificant.

By estimating equation (32) separately for each item, I can find item-specific pass-

through rates. Figure 18 shows the correlation between significant elasticity and pass-

through estimates. Panel (a) shows all individual item coefficients, while panel (b) ag-

gregates the estimates in a binned scatter plot. The estimated coefficient between the

elasticity and pass-through is 0.07. That is, a decrease in elasticity by 1,18 is associated

with an average increase in pass-though of 7 percentage points.

This result may seem surprising. Economic theory predicts that pass-through should

be increasing in an item’s elasticity of demand. When demand is perfectly elastic, firm

price at marginal cost. Thus, if the cost increases by one dollar, so will the price. This

implies full pass-through. Thus, we would expect pass-through to approach one, as the

elasticity of demand increases. As previously discussed, the tax change led to increased

costs on all items in a category. Consumers had information that the tax increased.

However, they did not know how large the increase was per item. The differential pass-

through rates might therefore be explained by asymmetric information and strategic

choices by firms.

Assuming that consumers with more elastic demand prefer cheaper candy, we would

expect elasticity of demand to be negatively correlated with prices. I.e. we would expect

a higher demand elasticity for cheaper items. The results in figure 18 thus correspond well

with the aggregate pass-through estimation. If we also assume that low-income consumers

are more price sensitive, buying on average cheaper products, this implies that low-income

consumers are facing a lower tax pass-through. This may alleviate some of the concern

that sugar taxes are regressive. It also implies that, if we use an average pass-through

rate when calculating the welfare effects of these taxes, we are overestimating the effect

on low-income consumers and underestimating effects on high-income consumers.

18As the elasticities are negative numbers, a decrease in elasticity implies moving to the right in the

figure. E.g. a decrease in elasticity by 1, would be moving from an elasticity of -2 to an elasticity of -1.
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(a) Scatter plot (b) Binned scatter plot

Figure 18: Correlation between elasticity and pass-through estimates per item

The figure shows uses estimates from individual regressions per item. The sample includes the 4.5 years

of data from the 20 stores from corporation 4. The figure includes only negative elasticity estimates. All

estimates are significant at least at the 90 percent level. Elasticities are estimated separately for each

store-item combination si, using equation (23). Pass-through is calculated separately per item, using

equation (32).

Steps to complete the analysis

As for the elasticity estimates, I use data for the selection of 20 stores from corporation 4.

This allows me to credibly control for seasonal variation in the data. As the data for the

remaining chains has a shorter time span, it would not be feasible to control for calendar

week effects in the individual store-item regressions. I could instead estimate calendar-

week effect using the selection of 20 stores, and use the estimated weekly fixed effects

to seasonally adjust prices and quantities from other brands. This approach would only

allow me to include items that are sold in all brands, excluding private label products.

Furthermore, the seasonal effects for an item may differ between chains. Although more

imprecise, this approach would be a valuable robustness check. I will conduct the analysis

in the continuation of this project.

Finally, I want to estimate the welfare effect of the tax change. In the welfare analy-

sis, I want to compare estimation results when using an average pass-through for wider

sets of product categories to an approach where I use different levels of pass-through for

intra-category subgroups of price levels. For example, I would estimate welfare effects

when using an average pass-through rate, by estimating pass-through separately for ex-
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pensive and cheap products, and by estimating pass-through for the cheapest, middle,

and most expensive quarters of products. If finer levels of subdivisions based on price

levels also provide statistically significantly different pass-through rates, I will estimate

welfare effects for those subdivisions as well.

6 Conclusion

Using an illustrative two-by-two model, I derive the theoretical prediction that uniform

pricing is the optimal strategy when consumers perfectly self-sort. In this case, the model

also predicts that the difference in elasticities of demand is larger between substitutes in

the same store, than it is between the same product in two different markets. I show

that firms may prefer to price uniformly, inducing more self-sorting, if pricing to market

is sufficiently costly. Finally, I show that self-sorting leads to larger pass-through for less

elastic (more expensive) products.

I then turn to empirical evidence in support of the theoretical predictions, using a novel

data set, consisting of the individual receipts of grocery purchases from the Norwegian

grocery industry. I show that the difference in elasticities of demand is larger between

substitutes in the same store, than it is between the same product in two different markets,

as predicted by the model. I also show that there is a negative correlation between the

variation in elasticities and number of products in a product category. This empirical

evidence offers support for the assumption that a larger product selection leads to more

self-selection.

Using an exogenous change in the Norwegian sugar taxes to estimate effects on

prices and pass-through rates, I show that pass-through is larger for high-price (and

low-elasticity) items. This offers further empirical support for consumer self-sorting. The

empirical findings also highlight that using average pass-through rates per product cate-

gory will bias estimates of welfare effects of consumption taxes.
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