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Abstract

In differentiated product markets, when firms are affected by demand shocks, they
may react by repositioning their products, which in turn affects market structure.
This paper proposes a dynamic oligopoly model to estimate the costs of reposi-
tioning store formats together with sunk costs of entry and sell-off values of exit in
the retail industry. The model gives important information about driving forces
behind format changes and how such repositioning can be linked to entry and
exit. Using data from Sweden, the results indicate that both repositioning and
entry costs increase with market size, and their growth decreases when moving to
larger markets. Small markets have higher sell-off values than repositioning costs,
but large entry costs. The difference between higher entry and lower repositioning
costs explains why the number of observed repositionings is higher than the num-
ber of entrants. Since entry is regulated in most of OECD countries, repositioning
costs and their link to competition have important implications for competition
policy.
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1 Introduction

There have been major structural changes in retail markets during the last decades,

e.g., decreasing number of stores and the rise of the “big-box” format. Due to the

increasing importance of information technology and distribution systems, large

retail firms dominate, each operating a number of well-defined store formats, and

continuously reconsidering store formats as well as possible entry of new stores,

or exit. Recent investments in retail aim to increase product differentiation in

store formats. However, each investment implies sunk costs. There are only a few

studies that emphasize firms’ strategies on format repositioning in local markets

in response to strategies of rival firms (Sweeting, 2007; Gandhi et al., 2008). But,

the retail industry has large scale-and-scope economies where format repositioning

has key implications for competition.1

The aim here is to provide a model that estimates and links respositioning

costs with sunk costs of entry and sell-off (exit) values. If rival firms enter with

new stores, the reaction of the firm may be to change the formats of affected stores

or to shut down some stores. Shifts in costs of entry and repositioning can then

lead to markets with few stores, with little product differentiation and low compe-

tition. A retail market increasingly dominated by a small number of stores is bad

for both consumers and suppliers. In Europe, there are countries where the top

five firms made up 70 percent or more of the grocery market in 2005: Germany

(70 percent), France (70 percent), Austria (79 percent), Estonia (79 percent), Ire-

land (81 percent), Slovenia (82 percent), Sweden (82 percent), and Finland (90

percent). Since entry is regulated in most of OECD countries, sunk costs of entry,

and repositioning-format costs, have important implications for policy analysis.2

This paper uses a fully dynamic oligopoly model to estimate the costs of for-

mat repositioning, sunk costs of entry, and sell-off values of exit in the Swedish

1Focusing on food prices in the EU, the European Commission published a report in December
2008, recommending among other things that, “regulations that restrict entry of new companies
into the market need to be scrutinized and removed when appropriate, while keeping in mind
their environmental and social goals” (European Commision 2008:321).

2Pilat (1997) surveys entry regulations in OECD countries.
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retail food industry.3 4During the period 2001-2006 the number of stores that

changed format was substantially larger than the number of stores that entered.

For example, over 80 percent more stores changed format than entered in 2006.

Four important firms dominate the Swedish retail food market. The focus here is

on the individual store, but the paper also accounts for firm’s strategies.5 This is

important, since firms try to change the formats of their stores in response to local

competition. The format of the store is chosen to maximize the store’s expected

future profits.6 But these choices may affect the future format choices of other

stores in the market.

In each period, a discrete choice demand model, that accounts foe spatial differ-

entiation, is estimated to recover unobserved store quality. Store quality is defined

as the mean of unobserved store characteristics across consumers. It is unobserved

by the researcher but known to the store. Section 3.1 provides a detailed discus-

sion about what I measure by quality. By changing format, stores try to increase

the their store quality (quality effect), but this changing cannot be done without

any cost. First, though stores try to keep their old consumers while hoping to also

gain new ones, there may be a fall in sales in the short-run until the customers

adjust to the new format. But second, there may also be sunk costs of investment

associated with format repositioning. Important factors for format repositioning

that are observable and differ across markets, e.g., local demographic characteris-

tics allow to estimate mean repositioning costs the for observed changes.

Returns from format repositioning are realized over future periods and, there-

fore, a dynamic model is best for estimating repositioning costs and benefits. The

dynamic approach used here is based on the two-step procedure proposed by Ba-

jari et al. (2007) (BBL). In the first step, I estimate price adjusted quality of each

3Maican (2008) uses a similar approach to estimate the sunk costs of store-type repositioning,
i.e., switching from a grocery store to a convenience store. But due to the small number of
observed changes in store type, an accurate estimation of sunk costs is hard to obtain. The
present paper extends Maican (2008) by introducing spatial competition and uses store concept
instead of store type to define store-format. This is important, since store type is more related to
size, while store concept is related to the firm’s business model. A firm can change store concept
to adjust to market competition. A more detailed discussion about the store-format definition
is given in Section 2.

4There are studies that estimate costs paid by individuals/households when moving between
different cities offering different market opportunities (Kennan and Walker, 2006; Bayer and
Falko, 2006; and Gemici, 2007).

5While the dynamic setting at firm level could be problematic, since techniques for estimat-
ing dynamic games with incomplete information assume stationarity, the growth of the retail
industry may be a non-stationary process, since some firms never exit.

6Since the store format is based on the business model given by the firm, the model presented
at the store level surprises also the firm effect.
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store from a random-coefficients demand model (Berry et al., 1995; Nevo, 2001;

Davis, 2006). Using assumptions on the timing of innovations in store-quality rela-

tive to store-format choices, this estimation allows for endogenous format choices.

These timing assumptions are used in the production-function estimation liter-

ature (Olley and Pakes, 1996; Blundell and Bond, 2000; Levinsohn and Petrin,

2003; and Ackerberg et al., 2006). The estimated quality is then used to estimate

the sales-generating function. In addition, the paper also estimates entry, exit,

and format-attractiveness policies. In the second step, using an inequality estima-

tor (Pakes et al., 2007b), the paper recovers the sunk costs of entry, sell-off (exit)

value, and format-repositioning costs. An advantage of using inequality estimator

is that it is robust to simulation errors in the value function. This estimation

approach is also used by Ho (2007) and Ishii (2005) when estimating models in

a static setting, and by Holmes (2008) in a dynamic study of Wal-Mart’s store

locations.

Recent literature on estimation of dynamic games with Markov perfect equi-

libria has developed alternative extensions to the Hotz and Miller (1993) and Hotz

et al. (1994) approaches (Aguirregabiria and Mira, 2007; Bajari et al., 2007; Pakes

et al., 2007a; and Pesendorfer and Schmidt-Dengler, 2003). Several recent papers

have estimated dynamic oligopoly games using industry data. First, there are

studies of entry and exit in homogenous product markets: Ryan (2009) analyzes

the cement industry and Collard-Wexler (2006) studies the ready-mix concrete in-

dustry. Second, there are papers that allow for vertical product differentiation by

using logit-demand models: Beresteanu and Ellickson (2006) and Macieira (2006)

analyze the supermarket and supercomputer industries, respectively. Third, there

are few studies of both horizontal and vertical product differentiation: Analyzing

the U.S. radio industry, Sweeting (2007) uses a random coefficients demand model

to measure the costs of product repositioning.

This paper is closely related to Sweeting (2007) and Ryan (2009). Both those

papers use the BBL dynamic framework to estimate sunk costs. Sweeting (2007)

does not model entry and exit. This paper explicitly model entry and exit since

there is a close connection between entry, exit, and format repositioning in retail

markets. To my knowledge, this is the first paper that models entry, exit as well

as repositioning at the same time. The sunk costs of entry are backed out as in

Ryan (2009). However, an important difference is that I also account for spatial

competition. Location is a key factor for a store, and consumers have preferences

over both geographic and store characteristics. Finally, this paper is first, to my
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knowledge, to estimate repositioning costs in the retail industry.

Another alternative is to model at the firm level (Aguirregabiria and Vicentini,

2006; Jia, 2008). Using a static setting, Jia (2008) provides an empirical model for

measuring the impact of chain stores on other discount retailers and quantifying

the scale-economies within a chain. Her model allows for flexible competition pat-

terns among all players. However, it has some limitations, such as that it cannot

be applied to oligopoly games with three or more chains. In this case the strategy

of the firm is modeled choosing the number, format, and location of its stores.

The researcher then explicitly models firm behaviour, but might miss important

information at store level. The researcher assumes that stores in the same format

are identical, the only difference between two stores in the same format being

their location. By aggregating stores, the researcher loses important information,

such that why a firm changed the format of one store but kept others in the same

format, if all were in similar locations. In addition, the researcher can then only

estimate the distribution of store quality. In my case, recovering the quality of

individual store is important, since store quality influences demand, and therefore

is an important decision-factor for the firm.

This paper uses detailed data on all retail food stores in Sweden during 2001

to 2006. This is the first model of the store format repositioning. Given the

complexity of this industry (multiple ownership, spatial differentiation, and reg-

ulation), the estimated parameters are preliminary, i.e. they cannot be used as

a direct guide for policies. This paper provides initial estimates of these costs

while future research should consider robustness tests and consider the implica-

tions of the results. I assume that the estimated repositioning costs are the same

for each store within each group market. The results indicate that the costs of

format repositioning increase with market size. For three groups by market-size,

the ratio between median sales and average repositioning costs is over 20. Format

repositioning seems most profitable, however, in medium-sized markets, with a

population between 20,000 and 60,000. I find higher entry costs per median sales

in medium than in large markets. Sell-off values on exit are about twice as high

in the large markets as in the small ones.

The findings show that stores are less likely to exit if they have high quality,

if they are located in large markets, or if the firm operates many stores in the

same format. Entry is more likely in large markets and if rivals have high quality,

i.e., if there is room for product differentiation. Stores with high quality are more

likely to be in large formats, and old stores are less likely to reposition themselves.
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Furthermore, distance is found to be a key factor when consumers choose a store.

Store’s quality is more persistent for non-repositioning stores.

The next section gives a brief overview of the Swedish retail food industry

and relevant recent events, and also discusses the data sources and introduce the

variables. Section 3 then presents the theoretical model, while Section 4 discusses

the results whereas Section 5 summarises and draw conclusions.

2 Overview of the Swedish Retail Food Industry

Annual retail sales in Sweden in 2004 were around SEK 400 billion, one-third of

private consumption, of which 52 percent was grocery sales and 48 percent is non-

food. Four large firms dominate Swedish food retail: ICA, Coop, Axfood, and

Bergendahls together had more than 90 percent of all food retail sales in 2004.

ICA, the largest firm (with 44 percent), consists of independently owned stores

but with a fairly high degree of centralized decision-making. Axfood is a mix of

franchisees and fully-owned stores.7 Coop, on the other hand, consists of central-

ized cooperatives where decisions are made at the cooperative level (national or

local). Axfood and Coop together have market shares slightly over 20 percent

each. Bergendahls (4 percent), operates mainly in the south/south-western parts

of the country. In addition, international firms with well-defined discount formats

(Netto and Lidl) entered the Swedish market in 2002 and 2003, respectively. So

far, they have fairly modest market shares. Finally, independent stores have about

8 percent market share.

Data. The data-set comes from Delfi Marknadsparter AB (DELFI); details of

its sources are given in Appendix A. The unit of observation is stores defined by

physical location. The data contains yearly information on all retail food stores

in the Swedish market during 2001 to 2006, including format, age, owner/firm,

sales, sales space, and location. Store format depends on firm/owner, sales space

(size), parking, product assortment, etc. Since retail food demand is a function of

the market’s population but varies across income levels, I connected demographic

information from Statistics Sweden(SCB), such as population by age-groups and

average income, to the store data from DELFI.

Store format. The retail food industry consists of firms that operate stores in

7Axel Johnson and the D-group merged at the end of the 1990s, to create Axfood, again with
fairly centralized decision-making and uniformly-designed stores.
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different sizes, where each store has a well defined business concept. The name of

a store is usually affiliated with the owner/firm and its self-defined store-concept

(such as “very large” or “near you”). The main purpose of the paper is to mea-

sure average repositioning costs from one concept to another. However, since the

number of store concepts is large (over 30), to reduce the space-dimensionality I

group them into 18 formats (Table 1), each format containing one or more close

store concepts of the same firm. The most important store concepts of one firm

are kept in one format, however.

I distinguish cases where, the firm decided to replace one format with another

for all its stores in that format. These aggregate format changes, decided at the

firm level, are not considered as format repositioning for purposes of this study.

On the other hand, a store can change format within or across firms, limited to

some extend by sales space available. For example, a hypermarket is not likely

to switch to a convenience store (more below). Because of the restricted entry

(regulations), the reserve is also unlikely.8

To define the possible repositioning alternatives, I re-group the stores in four

size groups based on sales space: very large (i.e., hypermarkets), large (i.e., super-

markets), medium (i.e., convenience stores), and small. The four main firms have

store concepts in all these four size-groups. I only allow stores to change to other

formats within the current size-group or in the next larger or smaller size-group.

Table 1 presents summary statistics for all formats grouped by firm. The

largest is ICA Maxi (3,3378 m2) followed by Coop Large, ICA Kvantum, and Ax-

food Willys, while the smallest is Others, i.e., gas station stores, small corner stores

and the hard discounters Netto and Lidl. ICA Maxi has the highest average sales

per square meter (SEK 88,000/m2), followed by Begendahls Vi (SEK 81,000/m2),

while Axfood Handlarń has the lowest (SEK 36,000/m2). Axfood Vivo and ICA

Rimi disappeared from 2001 to 2006, while Begendahls Vi and Coop Nära ap-

peared.

Figure 1 shows how the numbers of stores by format evolve during the study

period. ICA increased the number of ICA Maxi hypermarkets, but reduced the

number of ICA Nära small stores. Axfood increased the number of Willys su-

permarket, and of Tempo and Handlarń small stores, but reduced the number of

Hemköp supermarket. During the study period, Coop tries to redefine its store

8The Swedish Plan and Building Act (PBA) authorizes the 290 municipalities to decide
over applications for new entrants, while inter-municipality cases are handled by the 21 county
administrative boards. Several reports have stressed the need to better analyze how regulation
affects market outcomes (Pilat 1997; Swedish Competition Authority 2001:4, 2004:2, 2008:5).
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formats towards well defined formats such as Nära and Forum (in different sizes).

Finally, besides starting Vi, Bergendahls expanded the number of its Other stores.

Market definition. Food products fulfill basic needs and consumers typically

travel relatively short distances when buying food (except if prices are sufficiently

low). Consequently, nearness to work and home are key aspects for consumers

when choosing a store, though the distance likely increases with store-size.9

Local markets must be isolated geographic units, such that stores competitively

interact only with other stores in the same one. Postal areas (in total 1534) are not

large enough for large stores, which leaves the 88 local labor markets defined by the

290 municipalities. The local labor markets take commuting patterns into account,

which are important for largest stores. Municipalities are more appropriate for,

while matching the local-government decisions. Therefore, I use municipalities as

local markets.

Descriptives. Table 2 presents store characteristics during the study period.

The total number of stores decreases from 6,524 in 2001 to 5,953 in 2006 (about

9%), which confirms the trend towards fewer retail stores discussed above. In all

years, the number of exits exceed the number of entrants. The number of format

repositionings vary between 589 (in 2005) and 243 (in 2006). Average annual sales

increases around 25 percent during the period, but only 14 percent for industry

as a whole, implies more larger stores at the end of the period. Median popula-

tion at the local-market (municipality) level increased almost 6 percent, while the

median number of families increases by almost 5 percent. The median sales of

repositioning stores are lower than the average sales for the full sample, indicating

that repositioning is most common among small stores.

The next step is to analyze the difference between repositioning markets (where

at least one repositioning occurred during the study period) and non-repositioning

markets. There are 52 markets where I observe repositioning every year (2001-

2006); 41 with at least one during 4 years; 71 during 3 years; 63 during 2 years;

51 during only 1 year; and 12 markets where there are no format repositionings

during the whole period.

Table 3 presents median characteristics for markets with and without reposi-

tioning. Repositioning markets have about twice the median population and twice

the median number of stores throughout period. Repositioning markets are less

9According to surveys made by the Swedish Institute for Transport and Communication
Analysis, the average travel distance for trips with the main purpose of buying retail food
products was 9.83 kilometers (1995-2002).
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concentrated, with C4 only 0.19 in 2006 compared to 0.39 in non-repositioning

markets. They also have more entrants and exits. There is persistent high corre-

lation between the numbers of repositionings and of entries, increasing over time

(0.63 in 2002 compared to 0.88 in 2006), as does the correlation between the num-

bers of repositionings and exits (0.50 in 2002 compared to 0.66 in 2005). These

high correlations are why it is important to analyze entry, exit, and repositioning

at the same time as done here.

Another important question is what characterizes markets where each for-

mat is present. Table 4 shows median characteristics of repositioning and non-

repositioning markets by format. The formats present in most municipalities are

ICA Supermarket (230 markets), ICA Nära (247 markets), and Coop Medium

(219 markets). For all formats, markets with repositioning have larger median

populations than markets without. Median market-share in repositioning markets

is lower than in non-repositioning markets for all formats except Coop OBS and

Vi. All formats expect Rimi, OBS et al., Axfood Others, Bergendahls Others, and

Others have median sales per square meter.

The total numbers of format repositionings from 2001 to 2006 for each firm

are presented in Tables 5-8. For example, there are 8 repositionings from ICA

Kvantum to ICA Maxi, and 2 repositionings from ICA Maxi to ICA Kvantum

during the period (Table 5). The highest number of repositionings are from ICA

Nära to Others (220). As mentioned earlier, the format Rimi disappeared with

most of the stores switching to ICA Supermarket (100) and ICA Nära (30). There

are also many repositionings from ICA Nära to Axfood’s formats Handlarń and

Tempo.

Table 6 presents repositionings from Axfood, including many from Vivo to

Hemköp et al. and to Vi, as well as many from Hemköp et al. to Willys et al. and

to Tempo, and from Axfood Others to Handlarń and to Others. The number of

repositionings from Bergendahls’ formats is small and mostly to other firms (Table

7). Finally, most Coop repositionings were from Coop Medium to Coop Nära or

Coop Large, and to other firms’ formats such as Handlarń and Bergendahs Others

(Table 8).
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3 The Modeling Approach



6. Incumbent stores that exit the market receive their sell-off values. Stores

that enter pay an entry fee.

Stores that exit of course sell products and services in the year before leaving the

market. Furthermore, stores change formats (or not) without knowing the deci-

sions of their competitors. At the beginning of each year, they observe quality and

the entry, exit, and repositioning decisions of their rivals in the previous period.

Since private shocks are i.i.d., stores do not update their expectations of their

rivals future behavior after observing their actions.

Equilibrium. The actions that a store takes in a given period (exit or reposition-

ing) affect current profits and the state variables, and, therefore, future strategic

interactions. In this way, the model captures dynamic competition via entry,

exit, and repositioning decisions. There are Nm stores in market m, denoted

j = 1, · · · , Nm, that make decisions at times t = 1, 2, · · · ,∞. Store characteristics

at t are summarized by the vector of state variables, quality ωt ∈ R
Nm . Given

states ωt, the stores choose entry, exit, and repositioning simultaneously. Each

store j receives a private shock υjt, drawn independently across stores and over

time from a distribution Qj(·|ωt). Differences in each store’s productivity might

be one explanation for the existence of private shocks. I denote ajt ∈ Aj the action

of store j and at = (a1t, · · · , aNt) ∈ A the vector of actions at time t. The vector

of private shocks is υt = (υ1t, · · · , υNt).

The profits of store j at time t, πj(at,ωt, υjt), depend on its quality (state)

ωjt, the actions of all the stores in the market at, and the store’s private shock

υjt. Profits are net of fixed and sunk costs at time t, such as entry costs, and

repositioning costs, as well as sell-off value. In addition, all stores are assumed to

have a common discount factor 0 < β < 1. Conditional on current quality ωt,

the expected future profit of store j, evaluated prior to realization of the private

shock, is

E

[

∞
∑

τ=t

βτ−tπj(aτ ,ωτ , υjτ)|ωt

]

Finally, to define the transition between states, I assume that quality evolves as

an AR(1) process, where the speed of quality-adjustment is estimated from a

static-demand model. To be more precise, quality at t + 1, ωt+1, is drawn from a

probability distribution P (ωt+1|at,ωt). This implies that entry, exit, or changing

format might affect future competition.
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I focus on pure strategy Markov perfect equilibria (MPE). As in Bajari et al.

(2007), I assume that there is at least one MPE (Doraszelski and Satterthwaite,

2010) for details on existence and uniqueness). The existence of which implies

that each store’s behaviour depends on its current quality and its current private

shock. If Ω is the quality space, a profile of vector strategies is σ = (σ1, · · · , σN ),

where σ : Ω×Υ1×· · ·×ΥN → A, Υj is the space for the private shock υj and A is

the space of actions. Assuming Markov behaviour implies that store j’s expected

profit, given state ω, can be written

Vj(ω|σ) = Eυ

[

πj(σ(ω,υ),ω, υj) + β

∫

Vj(ω|σ)dP (ω
′

|σ(ω,υ),ω)|ω

]

.

A strategy profile σ∗ is a Markov perfect equilibrium given opponent profile σ−j

if each store j prefers strategy σj to all Markov strategies σ
′

j , so that

(1) Vj(ω|σ
∗
j , σ

∗
−j) ≥ Vj(ω|σ

′

j , σ
∗
−j)

for all j, ω, and σ
′

j .

4 Estimation

Store demand. The utility of consumer i from buying from store j in market m

in period t is a function of observed and unobserved vector of store characteristics

(xjmt,ωjmt), a vector of observed consumer characteristics zimt, and a vector of

unobserved consumer characteristics ν imt. Unobserved store quality is difficult to

quantify but is a determinant of demand. Stores may have the same format but

differ in consumers’ perceptions of their display, variety offered, advertising, and

service, all elements of quality.

Each store’s market-share also depends on its format, as well as other store

characteristics such as owner, age, sales space, local demand, and competition.

Since quality is not directly observed in the data, it is backed out through estima-

tion of the demand model.

The utility of consumer i from buying from store j is then given by the scalar

uijmt = u(zimt,xjmt, ωjmt; θ), where θ is a vector of parameters to be estimated.

Consumers with different characteristics (zimt, νimt) make different store choices.

By integrating out the choice function over the distribution of zimt and νimt, the

12



aggregate demand of the store can be obtained. It is assumed that νimt follows

a normal distribution, so that its parameters can be estimated. The mean and

standard deviation of νimt then appear in the utility function as part of the vector

θ. Consumer i chooses store j if and only if

(2) u(zimt,νimt,xjmt, ωjmt; θ) ≥ u(zimt,ν imt,xrmt, ωrmt; θ) for j 6= r

where the alternatives r = 1, · · · , Nm represent the competing stores in the market

m.

An outside alternative is the option of buying from stores with different for-

mats. I set stores that never changed format during the study period as outside

alternative for each local market. In my case the outside alternative is Others

(Table 1). The presence of this outside alternative allows us to model changes in

total sales as a function of store characteristics.

Consider

Bjmt = {ν|u(zimt,νimt,xjmt, ωjmt; θ) ≥ u(zimt,νimt,xrmt, ωrmt; θ), j = 0, 1, · · · , Nm} ,

where Bjmt is the set of values for νimt that induces the choice of store j rather

than store r. Assuming that the F0(ν) provides the density of ν in the population

of interest, the market-share of store j as a function of the characteristics of all

stores in the market is

(3) sjmt(xjmt, ωjmt; θ) =

∫

ν∈Bjmt

F0(dν).

Let s(·) be the Nm-element vector of functions whose jth component is given by

(3)

s(x,ω; θ) = [s1(x1, ω1; θ), · · · , sNm
(xNm

, ωNm
; θ)]′.

Then, if pop is the number of consumers in market m, the vector of demand for

the Nm stores is pop × s(x,ω; θ). In the empirical application I set pop equal to

the population in each market.

In the demand model, I allow for interaction between individual and store

characteristics. Following Berry et al. (1995), I also allow each individual to

have different preferences for some observed store characteristics. The random-
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coefficients model generated is then

(4) uijmt = Djmtθ1 + xjmtθ1 + µijmt + ωjmt + ǫijt

where uijmt is the utility of consumer i from buying from store j in market m

in period t; Djmt is a row vector that contains 0 and 1, where 1 indicates the

format of the store; the term µijmt captures the interaction between the store’s

format and consumer characteristics; and xjmt are store characteristics j i.e. age

and distance to center of zip code; ωjmt is quality of store j; and ǫijt represents

unobserved sources of variation that are independent across consumers, given the

store, and across stores, given the consumer. The term µijmt contains two compo-

nents: (i) interaction between observed consumer characteristics (zimt) and store

format (Djmt), and (ii) interaction between unobserved consumer characteristics

(the νimt) and store format, or

µijmt = zimtDjmtθ2 + ν imtDjmtΨ, νimt ∼ N(0,ψ2),

where νimt is assumed to have multivariate normal distribution.

In the demand specification, I also control for spatial differentiation between

stores. Store location is one of the most important factors that generate sales.

Consumers tend to shop closer to their home and work, though of course the choice

of store also depends on store format, prices, and product assortment, etc. Loca-

tion is defined by three digit postal-codes, with the assumption that consumers are

located in the center of each one. One of the reasons for using postal-codes is that

competition is more intense in smaller areas. With the geographical coordinates

of each store and its postal-code, I compute the distance between the store and

the center of the postal-code area using the Haversine formula.10

An alternative measure would be the distance to that store of the same size or

format that is closest to the center of the postal-code area. First, the minimum

distance for each size-groups (4 different) in the postal-code area is computed.

Then, relative distance is computed as the difference between each store’s dis-

tance and the minimum distance. To be more precise, I give an example. Assume

10The Haversine formula is based on latitude and longitude measures with R the radius of the
earth, the distance between two points A and B is given by

dA,B = 2R arcsin
[

min
{

(

(sin(0.5(latB − latA)))2 + cos(latA)cos(latB)(sin(0.5(lonB − lonA)))2
)0.5

, 1
}]

.
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a postal area where three stores operate with the following distances to the center:

ICA Nära (300m), Coop Nära (600m), and Tempo (500m). The relative distances

are then: ICA Nära (0m), Coop Nära (300m), and Tempo (200m). Consequently,

ICA Nära has an advantage over Coop Nära (300m) of being closer to consumers.

Choosing size-groups instead of formats to define relative distance allows con-

sumers to shop from other firms that have a store of the same size. The advantage

of relative distance is that it models consumer preference for size-groups, but it

restricts consumer choices. In the empirical part I use distance to the center of

the postal area to account for spatial differentiation.

Demand estimation. The main objective of the demand estimation is to obtain

a measure of the store’s quality, ωjmt. To back out the quality, I use the same

method used in the production function literature to back out the unobserved

productivity. I assume that a store’s quality evolves as an AR(1) process, and

that all customers value it in the same way. The evolution of store quality is

estimated using a standard approach for random-coefficient demand (Berry et al.,

1995, Nevo, 2000, and Ackerberg et al., 2008). A drawback of this approach is

that it assumes that observed product characteristics is exogenous. In my case,

ωjmt measures price adjusted quality because the store prices are unobserved. It

is a difficult task to construct an informative and consistent price index at the

store level, e.g., different stores offer different product varieties. One strategy is to

specify a price equilibrium equation and introduce it in the demand specification.

However, this might be problematic due to the existence of multiple equilibria.

Innovations in the quality of format repositioning and non-repositioning stores,

ξre
jmt and ξnre

jmt, are unknown when stores make decisions for the following year, so

that

(5) Repositioning: ωjmt = ρre
1 ωjmt−1 + ρre

0 + ξre
jmt

(6) Non-repositioning: ωjmt = ρnre
1 ωjmt−1 + ρnre

0 + ξnre
jmt,

where ξre
jmt ∈ N(0, ηre) and ξnre

jmt ∈ N(0, ηnre). Moreover, innovations ξre
imt and ξnre

imt

are assumed to evolve independently across markets.

I use these innovations to form a set of moment conditions used in the estima-

tion (Berry et al., 1995; Sweeting, 2007). The mean utility provided by store j in

market m at time t is then

(7) δjmt = Djmtθ1 + xjθ1 + ωjmt = yjmtθ̃1 + ωjmt,
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where θ̃1 = (θ1, θ1). In the first step of the estimation, I obtain an estimate of

quality ωjmt(·) as a function of θ. In the second step, an identification assumption

that θ = θ0 is needed, where θ0 is the true value of θ. In the third step, I use

method of moments to find θ.

An approximation of the market-shares conditional on (δ,θ) is given by

(8) sjmt(θ, δ) =

∫

exp[δjmt + µijmt]

1 +
∑

r exp[δrmt + µirmt]
f(ν)d(ν).

Pakes’s (1986) simulation method is used to find this approximation, sjmt(θ, δ, P
ns),

where P ns is the empirical distribution of the simulation draws.11 For a given θ

and the set of simulation draws for ν, the unique values of δ that predict the

observed market-shares are found using contraction mapping (Berry et al., 1995).

Equation (7) implies that

(9) ωjmt(θ, P
ns) = δjmt −Djmtθ1 − xjθ1 = δjmt − yjmtθ̃1

i.e., that quality ωj(·) is a function of parameters, the data, and simulation draws.

Identification. An endogeneity problem arises because unobserved quality ωjmt

might be correlated with store-format. For each store, innovation in quality ξjmt

is given by

(10) ξjmt = ωjmt − ρ1ωjmt−1 − ρ0(δjmt − ρ1δjmt−1) − (yjmt − yjmt−1)θ̃1 − ρ0

These innovations are uncorrelated with store-format at t and t− 1, which allows

us to form the following moment-conditions:

(11) E[wjmtξ̂jmt(θ)] = 0,

where θ are all parameters of the demand-system and quality-transitions, and wjmt

is a set of instruments. yjmt, yjmt−1, and δjmt−1 together with log of population

plus competition variables interacted with store format, are used as instruments

to estimate θ by minimizing ‖ GN,ns(θ) ‖, where

(12) GN,ns(θ) =
∑

j

ξjmt(θ, P
ns) × wj .

11When using simulation to compute the integral, a simulation error is introduced, the variance
of which error decreases with the number of simulations used. Pakes (1996) and Berry et al.
(1995) discuss this in detail.
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In addition, in order to identify ρ1, I also include the log of market-share at t − 1

interacted with an indicator of whether if the store changes format or not.

Payoffs, entry, and exit. A store’s full period payoff function depends on

whether it is an entrant, a continuing incumbent, a repositioning incumbent, or

exits. Store payoff depends on store format, repositioning costs, and fixed costs.

The payoff for an incumbent store j in market m in period t is

(13)

πjmt(ωjmt,ω−jmt;α,γ) = r(ω;α)−γ1I(fjmt+1 6= fjmt)−γ2I(fjmt 6= 0)+γ3υjmt,

where r(·) is the revenue function, γ1 are the sunk costs of repositioning format,

and γ2 are fixed costs paid every period the store operates. The coefficient γ3 is

scale of the i.i.d payoff shocks υjmt, which are assumed to be drawn from a Type

I extreme-value distribution. The revenues of store j in market m in period t are:

(14) rjmt(ωjmt,ω−jmt) = αmt(1 + Kjmtα
K)(1 + HαH) + ǫr

jmt,

where αmt are the set of year-market fixed-effects dummies. While additional

store characteristics are collected in K, H contains variables that measure the

competition from other formats in the local market, including estimated store-

quality of competitors.

Incumbent stores that choose to exit have the payoff

(15) πjmt(ωjmt,ω−jmt) = r̃jmt + γ4,

where γ4 is the sell-off value associated with closing down the store and exiting

the market. Finally, the payoff for an entrant is a simple function of the fixed cost

of entry (entryf):

πjmt(ω−jmt) = −sunkjmt,

where sunkjmt is the sunk cost of entry.

Evolution of state space. The probability of moving to another state is given

by the combinations of all paths that lead to that state. To obtain a new state, an

incumbent has two options: (i) it stays in the market and moves to a new state; or

(ii) it exits and is replaced by a new entrant in the new state. For any change in

the state vector, I have to account for the entry, exit, and repositioning decisions
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of incumbents and potential entrants. I model entry is a restricted way because

in my data entry is based on the address. Therefore, in the forward simulations,

potential entrants can enter only in locations where stores exit. The probability

of entry and exit can be written in terms of optimal entry and exit strategies:

(16) Pr(entry|ωj) =

∫

Θ(ωj, sunkj)dG(sunkj)

(17) Pr(exit|ωj) = Φ(ωj).

There are a few further assumptions required. First, because in many cases, entry

and exit strategies take the form of simple cutoff rules in dynamic oligopoly models

(Beresteanu and Ellickson, 2006), I assume that both conditional probabilities (16)

and (17) can be approximated using probit models. Second, from the demand-

estimation assumption we have that quality evolves stochastically according to

the AR(1) processes described by (5) and (6). Third, since each market m is

defined by its characteristics, e.g., the total number of formats and population

groups, I assume that the growth rates for population groups evolve according to

the following AR(1) processes

(18) pop
g
mt = δ

pop
1,g pop

g
mt−1 + δ

pop
0,g + υ

pop
mt ,

where g is one of population groups and υ
pop
mt ∼ N(0, ηpop).

Value functions. Given the policy functions and the evolution of the state

space, the value functions for incumbents and entrants can be computed, giving

the expected discounted present value of the store of a given quality. The value

function has two components: the per period payoff function (profit of incumbents,

or sunk costs of entry for entrants), and the expected value of next period. Stores

use the value function to choose their optimal format, entry, or exit. When a

store considers changing format, it compares the marginal benefit of having a new

quality against the cost of achieving it. Similarly sell-off value at exit is compared

with its continuation value.

A potential entrant compares its draw from the distribution of sunk entry-costs

against its expected value if it enters. Since private shocks on profits are assumed

to be i.i.d, I integrate out all private information in the store’s per-period pay-

off function when computing these value functions. In other words, stores choose

their optimal strategy on given the ex-ante value function of next period’s potential

store qualities.
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I assume that the potential entrant only lives one year, so that there is no reason

to solve for an optimal stopping rule. If it has a higher sunk-costs draw in the

current period, it may postpone entering until it receives a more favorable draw.

Given current quality and its sunk-costs of entry draw, sunkj, the value function

of the potential entrant that decides to enter is

(19) V e
j (ω, sunkj) = maxfe

j

{

−sunkj + β

∫

Vj(ω
′

)dP (ω
′

|ω,υ)

}

.

This value function includes the optimal choice of store-format. Since the

potential entrant is forward-looking and rational, its expected value of entering

accounts for the chosen formats of other stores and their entry and exit decisions.

The choice of store-format does not depend on sunkj, i.e., stores choose format

f e
j conditional on entering. In other words, for a given quality there is a draw

from the distribution of sunk-costs of entry such that a store would be indifferent

between entering or not,

(20) sunkj = β

∫

Vj(ω
′

)dP (ω
′

|ω,υ).

The entry function is denoted Θ(ωj , sunkj). In equilibrium, a store enters the

market if it receives a sunk-costs of entry draw less than this value.

If a store decides to leave the market, it obtains profit πj(ω) and sell-off value

scrapj. On the other hand, if it stays in the market it receives the following payoff,

which depends on the cost of repositioning if it changes format

(21)

V
stay
j (ω) = maxfj

{

−γ1I(fjt+1 6= fjt) − γ2I(fj 6= 0) + β

∫

Vj(ω
′

)dP (ω
′

|ω,υ)

}

.

Summarizing, then the value function of an incumbent is a combination of its

expected payoffs if it stays in the market and if it exits,

(22) Vj(ω) =

∫

Vj(ω
′

)dP (ω
′

|ω,υ) + (1 − Φ(ωj))V
stay
j (ω) + Φ(ωj)gamma4.

Distribution of sunk entry-costs. The estimated policy functions describe how

a store will behave at each point. In addition, given the primitives of the model,

which quantify the benefits and costs of those actions, it is possible to find the

distribution of sunk entry-costs (Bajari et al., 2007; Ryan, 2009). Knowledge about
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store behaviour whether it enters, exits, or repositions, and the revenues associated

with those behaviours, allows computation of the expected value of entry. If

that value is positive yet the store did not enter, the store must have received a

large entry-costs drawn that made it unprofitable to enter. The distribution of

sunk entry-costs can be recovered by matching its cumulative distribution to the

predicted probability of entry. A store enters when the value of doing so, EV e(ω),

is larger than sunkj. By simulating many forward paths of possible outcomes

given that the firm entered, and averaging over those paths, I obtain the expected

value of entry, which I then match against observed rates of entry at different

quality states. Therefore, the probability that a store enters is given by

(23) Pr(sunkj ≤ EV e(ω)) = F e(EV e(ω); µF , σ2
F ),

where F e(·) is the cumulative distribution of sunk entry-costs. The entry proba-

bility estimated, by probit, gives us Pr(entry|ω). If ns is the number of quality

states from which I simulate EV e, I recover the parameters of the distribution by

market-size from the following optimization problem:

(24) minµF ,σF

1

ns

ns
∑

k

[Pr(entry|ω) − F e(EV e(ω)]2; µF , σ2
F ).

Estimation of sunk repositioning costs. The next step is estimation of aver-

age sunk repositioning costs (γ1), fixed costs of operation (γ2), the scaling param-

eter for heterogeneity of sunk costs (γ3), and the scrap value (γ4). The estimation

is done using Pakes et al. (2007b)’s (PPHI) moment-inequality estimator. The

inequalities are formed from the condition that the payoffs obtained using stores’

actual strategies must have been higher than those from any alternative strat-

egy (equation 1): Vj(ω|σ
∗
j , σ

∗
−j) −Vj(ω|σ

′

j, σ
∗
−j) ≥ 0. By construction, the value

function

(25)

Vj(ω|σ
∗
j , σ

∗
−j) = Eσ∗

j ,σ∗

−j

∑∞
t=0 βtr(·; α̂) − γ1Eσ∗

j ,σ∗

−j

∑∞
t=0 βtI(fjt 6= fjt+1)

−γ2Eσ∗

j ,σ∗

−j

∑∞
t=0 βtI(fjt 6= 0) + γ3Eσ∗

j ,σ∗

−j

∑∞
t=0 βtυjt(fjt+1),

+γ4Eσ∗

j ,σ∗

−j

∑∞
t=0 βtI(χjt+1=1),

where Eσ∗

j ,σ∗

−j
is the expectation operator over future states conditional on strate-

gies, is linear in γ. Having an estimator for the value function, I use the PPHI
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estimator, which allows for simulation error in the estimated value function.12

While the simulation error can also be reduced by increasing the number of for-

ward simulations, this would be expensive here and, therefore, it is more efficient

to use the PPHI estimator.13

Since we are not able to measure profits π(·) exactly, we can calculate an ap-

proximation, denoted π̃(·;γ), which is known up to the parameter-vector γ. This

approximation has the arguments: strategies σj and σ−j ; the observed vector of

determinants of profits, y; and the parameter vector γ. An approximation to the

difference in profits that the store would have earned if it had chosen σ
′

j instead

of σj is denoted ∆π̃(σj , σ
′

j , ·). The change in true profits can be written as

(26) ∆π(σj , σ
′

j ,σ
∗
−j ,y,γ) = ∆π̃(σj , σ

′

j ,σ
∗
−j ,y;γ) + ν1,j,σj ,σ

′

j
+ ν2,j,σj ,σ

′

j
,

where ν1 and ν2 are unobserved determinants of true profits, differing in what the

store knows about them. The store knows ν2 before it chooses its strategy for

the next period, so ν2 is part of its information set Ij . I assume that the store-

decision does not depend on ν1, so E[ν1,j,σj ,σ
′

j
|Ij] = 0 by construction and profits are

observable up to the parameter-vector γ plus an error which is mean-conditional

on the store’s information set (ν1), i.e., I assume that ν2,j,σj ,σ
′

j
is identically zero

for all σj and σ
′

j .

The PPHI estimator requires that expected profits using the actual strategy

σ∗
j be higher than under alternative σ

′

j

(27) E[∆π(σ∗
j , σ

′

j ,σ
∗
−j ,y)|Ij] ≥ 0.

But assumption E[ν1,j,σj ,σ
′

j
|Ij] = 0, yields the inequality in approximated profits

(28) E[∆π̃(σ∗
j , σ

′

j ,σ
∗
−j ,y,γ)|wj] ≥ 0,

where wj ∈ Ij. Taking sample averages across observations yields the following

moment-inequalities

(29)
1

N

N
∑

j=1

[

∆π(σ∗
j , σ

′

j ,σ
∗
−j ,y,γ) ⊗ h(wj)

]

≥ 0,

12Sweeting (2007) and Holmes (2008) also use the PPHI estimator in their dynamic framework.
13Simulation error appears since store-quality and format-decisions, as well as market demo-

graphics, can evolve in so many ways.
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where h(wj) is a set of instrument functions. The number of moment-inequalities

can be increased by increasing the number of alternative strategies or by expanding

the number of instruments. The moment-inequalities here are

(30)

1
N

∑N

j=1 [ (T1,σ∗

j ,σ∗

−j
− T1,σ

′

j ,σ∗

−j
) − γ1(T2,σ∗

j ,σ∗

−j
− T2,σ

′

j ,σ∗

−j
)

−γ2(T3,σ∗

j ,σ∗

−j
− T3,σ

′

j ,σ∗

−j
) + γ3(T4,σ∗

j ,σ∗

−j
− T4,σ

′

j ,σ∗

−j
)

+γ4(T5,σ∗

j ,σ∗

−j
− T5,σ

′

j ,σ∗

−j
)
]

≥ 0,

for five alternatives of σ
′

j , where Tk is the sample average of the term k in equation

(25). Using inequality (30), the lower bound for the sunk cost of repositioning from

the following inequality:

(31)

γ1 ≥
T1,σ∗

j
,σ∗

−j
−T

1,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

− γ2

T3,σ∗

j
,σ∗

−j
−T

3,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

+ γ3

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

+γ4

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

(if T2,σ∗

j ,σ∗

−j
< T2,σ

′

j ,σ∗

−j
). By increasing the number of format repositioning both the

revenues and cost of repositioning increase. Thus, this policy that is not preferred

by stores gives us the lower bound for the repositioning cost. The upper bound

is obtained using a strategy that decreases the number of repositionings, which

implies a decrease in revenues:

(32)

γ1 ≤
T1,σ∗

j
,σ∗

−j
−T

1,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

− γ2

T3,σ∗

j
,σ∗

−j
−T

3,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

+ γ3

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

+γ4

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

(if T2,σ∗

j
,σ∗

−j
> T2,σ

′

j ,σ∗

−j
).

The lower bound for the fixed cost is zero. The upper bound of th



tive strategy is not allowing repositioning.

A store that changes the format receives a large draw of ν. Large repositioning

costs can explain why some stores never change their format even if they receive

favorable draws of ν. The upper bound of the scale parameter γ3 is obtained

using an alternative strategy that increases ν, reduce the revenues, and makes

repositioning a constant strategy, i.e., format choices are made equal. I imple-

ment this strategy by equalizing the choice probabilities for other formats and

leaving unchanged the choice of the current format (Sweeting, 2007).

(34)

γ3 ≤
T1,σ∗

j
,σ∗

−j
−T

1,σ
′

j
,σ∗

−j

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

+ γ1

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

+ γ2

T3,σ∗

j
,σ∗

−j
−T

3,σ
′

j
,σ∗

−j

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

+γ4

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

(if T4,σ∗

j ,σ∗

−j
< T4,σ

′

j ,σ∗

−j
). The drawback of this strategy is that the store can also

choose to exit.

The next step is to propose an alternative strategy to estimate the upper bound

of the sell-off value (scrap value), γ4. This bound is obtained by increasing the

likelihood to exit. In the empirical implementation, I increase exit probability by

0.05.

(35)

γ4 ≤ −
T1,σ∗

j
,σ∗

−j
−T

1,σ
′

j
,σ∗

−j

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

+ γ1

T2,σ∗

j
,σ∗

−j
−T

2,σ
′

j
,σ∗

−j

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

+ γ2

T3,σ∗

j
,σ∗

−j
−T

3,σ
′

j
,σ∗

−j

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

−γ3

T4,σ∗

j
,σ∗

−j
−T

4,σ
′

j
,σ∗

−j

T5,σ∗

j
,σ∗

−j
−T

5,σ
′

j
,σ∗

−j

(if T5,σ∗

j ,σ∗

−j
< T5,σ

′

j ,σ∗

−j
). Due to heterogeneity across Swedish local markets, I es-

timate the cost-parameters for a groups of markets.14

5 Results

This section presents the results from: demand estimation; revenue generating

function estimation; entry, exit, and repositioning policies; and repositioning and

entry costs.

Demand. Table 9 shows the estimates from the demand model presented in Sec-

tion 3.1. The demographic format-taste parameters show to some extent expected

14Appendix C presents an alternative estimator for repositioning costs.
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patterns. Stores in markets with a large proportion of children (population 0-14)

tend to have large and very large formats (Table 9). ICA Supermarket is the most

preferred format in these markets. The very large formats ICA Maxi (1.03) and

Coop Large (0.88) are are preferred in these markets. ICA Kvantum, also a large

format, is found to be less preferred in markets with a high proportion of children,

however. Perhaps the effect of demographics is captured by other demographics.

Axfood’s large format Willys et al., which is promoted as “Sweden’s cheapest bag

of groceries”, is the one preferred in markets with the most kids (1.25), however.

Young adults (15-34) prefer small formats such as ICA Nära (0.69), Tempo (0.80),

and Coop Nära (1.99). ICA Maxi (0.68) is the most preferred very large format

in markets with large share of young adults. The medium format ICA Supermar-

ket (0.82), and small formats such as Tempo (1.98) are preferred in markets with

large share of older people (over 65). As with young adults, ICA Maxi is the most

preferred very large format in markets with large share of older people.

As discussed earlier, distance to the center of postal-code (three digit postal-

code area) is used to control for spatial differentiation in the demand estimation,

allowing us to explore the benefits of a store being closer to consumers. The es-

timated coefficients of distance represents the travel costs. ICA Supermarket, Vi,

and Coop Nära are the formats that are close to the consumers. However, they

are found to have relatively large travel cost. Consumers are less likely to choose

these formats based on distance, i.e., there are other factors that affect consumers

choices.

The age of the store is positive (0.65) and significant at traditional levels.

Perhaps indicating that older stores might have better location. Sales space is

also positive and significant, because large stores usually provide a wider range of

products and lower prices.

The standard deviations of the random components format-tests are small and

mostly are insignificantly different from zero. Demographics, therefore, seems to

capture most of the systematic differences in tastes for formats within markets.

Given the small standard deviation of the random coefficient on Others, there is

an acceptable degree of substitution with the outside good.

As explained earlier, unobserved is backed out quality from the demand esti-

mation. The AR(1) parameters for repositioning and non-repositioning are both

less than one. This implies that the processes that describe quality are stationary,

through quality is more persistent for the non-repositioning stores (ρnre = 0.62),

as one might expect.
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Repositioning stores have higher quality than non-repositioning stores in the

upper tail of the distribution, but lower in the lower tail. The median quality of

a repositioning store is larger that of a non-repositioning store, however.

Sales generating function estimation. Table 10 shows estimates of four sales-

generating function specifications, each including market demographics and store

characteristics such as age and quality. Including quality and quality squared al-

lows control for its effect on sales.

Model 2 adds repositioning, while Model 3 also controls for format competi-

tion. Model 4 also controls for the effect of current on future sales (non-linear

sales-effects) by including a dummy that specifies whether the store’s market-

share is less than the market-average. Increasing in sales due to an increase in

store quality decreased with quality in all four models.

Increasing the proportion of kids has a positive impact on sales, while the ef-

fect of young adults is negative, perhaps because a higher proportion of this group

might imply a lower income-level relative to the control group (35-65). While the

store’s age has a positive effect on sales (Model 4), the distance has a negative

impact. As might be expected, both the number of stores in the same format

and the number of stores owned by other firms have negative effects on sales. The

direct effect of repositioning is positive, but not significant, which is not surprising

since it might take time for consumers to adjust to the new format. Low previous

market-share has a negative impact on sales.

To estimate sunk costs of entry and repositioning, I use Model 4 since it pro-

vides the highest correlation between observed and predicted sales for both repo-

sitioning and non-repositioning stores.

Policy functions. Table 11 reports the multinomial logit estimates of incum-

bent stores’ format strategies. The first part of the table reports the market-

demographic variables that affect the prevalence of each format, i.e., the propor-

tion of the population in by age group and changes in those groups. In markets

with a large proportion of children, stores are more likely to choose large formats

such as ICA Maxi (345), ICA Kvantum (334), Coop Large (336), and Bergendahls

Others (341). In markets with a large proportion of young adults or with increas-

ing proportion of young adults, large formats such as ICA Maxi (72), Coop Large

(49), and Willys et al. (16) are more likely. In markets with a large proportion of

adults, Coop Nära is the most preferred format.

Stores with high quality are more likely to be in large formats (ICA Maxi, Coop

Large). Axfood’s small formats, Tempo and Handlarń, are also associated to have
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high quality (Axfood increased the number of stores in these formats during the

period).

In markets where rivals have high quality, ICA focuses most on ICA Kvantum

(0.098), ICA Supermarket (0.018), and ICA Nära (0.020); Axfood on Handlarń

(0.039) and Coop on COOP Medium (0.026). Thus, three of ICA’s formats are

more likely in markets where rivals have high quality (product differentiation). All

formats are less likely the more other stores there were the same format. The pos-

itive parameters on other formats show that stores try to differentiate in format.

The right part of Table 11 reports the coefficients on age, distance from other

stores in rival format, and market-share. I allow the coefficients to differ depend-

ing on whether a store remains in the same format or changes format. Old stores

in large formats are less likely to change format. Old stores that change are less

likely to be in one of ICA’s formats. On the other hand, old stores that change

are more likely to become Coop Nära, Axfood Others, or Hemköp et al.. Stores far

from others that changed format are more likely to become Bergendahls Others,

Handlarń, or OBS et al..

Table 12 reports estimates of entry and exit policies, aggregated for all formats,

but accounting for market and format fixed-effects. Stores with high quality are

less likely to exit. Exit is also less likely in large markets, and if the firm has many

stores of the same format in the same market, which might indicate economies of

density (Holmes 2008). On the other hand, stores are more likely to exit if they

are old or if rivals have high quality.

Entry is more likely if rivals have high quality, and in markets with large pop-

ulation. Entry is less likely if the firm already operates many stores in that format

in the same market, or if there are many other-firm rivals.

Repositioning costs and sell-off values. Using estimated quality, sales esti-

mates, and policy functions, I can recover the cost parameters. Table 13 presents

repositioning-cost estimates (identified sets) for markets with population below

20,000, population 20,000-60,000, and over 60,000, as well as median sales of repo-

sitioning stores, and the median number of repositioning stores per year during

the period.

The confidence intervals for the estimated parameters are simulated (see Pakes

et al., 2007b). To apply bootstrap is very time consuming because of the forward

simulations. In addition to PPHI, there are different approaches for inferences

with moment inequalities (Imbens and Manski, 2004; Chernozhukov et al., 2007;

and Andrews and Soares, 2010). In this case, the confidence intervals are the ex-

26



treme points of identified set. PPHI suggests a simulation method to construct the

“inner” and “outer” confidence intervals. These intervals are asymptotically the

true confidence intervals for the estimated bounds. In the empirical part, I only

report the “outer” threshold, i.e., the conservative values. The “outer” confidence

intervals are obtained using 100 simulations.15 The small number of simulations

is due to computation burden, i.e., 100 linear programming problems have to be

solved.16

Average repositioning costs depend on the size of the market, being about

63 percent higher in markets with population 20,000-60,000 than in smaller mar-

kets, and another 16 percent higher in the largest.17 Median sales are more than

20 times higher than average repositioning costs, especially high for markets of

20,000-60,000. By far most repositioning are in large markets, though reposition-

ing seems to be most profitable in middle size-group ones. Sell-off values on exit

are twice as high in the large markets as in the small ones. Due to store hetero-

geneity, there is a large spread in sell-off values in large markets.

For robustness, Table 15 (Appendix C) shows the point estimates of the repo-

sitioning and sell-off values using the minimum distance estimator. The values of

estimated parameters belong to the identified sets estimated using PPHI.

Entry costs. Table 14 shows estimated sunk costs of entry, again for markets

grouped by size. It is far more expensive to enter a market than to reposition.

This might explain why the number of repositioning is larger than the number

of entrants. Mean entry costs increases substantially with market size. Entry

costs are more than twice median sales in small markets, over four times median

sales in medium markets, and a bit less in large markets. Thus, there is higher

entry costs per median sales in medium than in large markets. The large estima-

tion of entry costs in large markets may be due to big entrants that shift the mean.

6 Conclusions

While there have been important contributions in modelling both static and dy-



at modelling their supply. The fact the products are differentiated means that

shocks might cause firms to change their product assortment.

A dynamic oligopoly model is estimated in Swedish retail food industry to

measure the costs associated with repositioning by changing store formats, which

also often includes major changes in product assortment. The estimation gives im-

portant information about driving forces behind repositioning, associated costs,

and how it can be linked to entry and exit.

There are high correlations between entry, exit, and repositioning. More gen-

erally, the paper provides a framework for studying repositioning in any industry

where entry and exit are important. Understanding the potential role of reposi-

tioning in the trade-off between repositioning, entry, and exit is one of the aims

of this paper. Since entry is regulated in most OECD countries, knowledge about

repositioning and entry costs has important implications for policy.

In the Swedish retail food industry, repositioning costs increase with the size

of the market, though at a decreasing rate. Stores are less likely to exit if they

have high quality, are in large markets, or if there are many same-format stores

in the same market. Entry is more likely in large markets or if rivals have high

quality, so that there is room for product differentiation.

Stores with high quality are more likely to be in large formats. Old stores are

less likely to reposition. Distance is an important factor for consumers choosing a

store. Finally, store’s quality is more persistent for non-repositioning stores.

In future work, cost estimates of the four different size groups (see Section 2)

of stores will provide valuable information about repositioning. Having the es-

timated structural parameters, different policy experiments can be implemented.

My interest is to evaluate how the cost of repositioning could be affected by low-

ering the cost of entry, and how sunk cost of entry could be affected by lowering

the cost of repositioning.

I modelled multi-product ownership, i.e., the fact that each firm operates many

stores, in a limited way. Since I only control for owners in stores’ policies, I did

not explicitly model the dynamics of their product selection. Selection of products

in multi-product firms is an important topic for future research. Understanding it

will give us more information about market power, business cannibalization, and

economies of scope.
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Table 1: Store formats by firm

Format Firm Store concepts into Sales space Average sales Number of stores
the defined format m2 per m2(SEK) 2001 2002 2003 2004 2005 2006

1 ICA ICA Maxi 3,378 88 31 32 34 35 41 49
2 ICA ICA Kvantum 2,205 75 119 121 124 126 127 122
3 ICA ICA Supermarket 875 66 450 437 534 524 496 484
4 ICA ICA Nära 263 52 1,226 1,134 1,152 1,044 937 930
5 Axfood Willys et al. 1,559 69 56 76 111 135 146 150
6 Axfood Vivo 745 70 253 121 91 88 0 0
7 Axfood Hemköp et al. 1,214 56 180 269 251 224 174 161
8 Axfood Handlarn 167 36 117 172 187 208 217 221
9 Axfood Tempo 286 43 89 103 103 111 147 151

10 ICA Rimi 801 63 134 135 0 0 0 0
11 Axfood Axfood Others 281 61 281 172 162 129 158 157
12 COOP Coop Nära 302 68 0 0 0 0 97 114
13 COOP Coop Large 2,349 59 63 60 61 88 99 112
14 COOP Coop Medium 535 54 801 815 786 725 576 508
15 COOP OBS et al. 1,382 65 122 61 60 56 40 25
16 Bergendahls Vi 867 81 0 0 0 0 86 98
17 Bergendahls Bergendahls Others 1,290 47 62 73 80 83 92 108
18 Others Others 134 45 2,540 2,447 2,440 2 638 2,679 2,563

NOTES: Data from DELFI. Average sales per square meter are in 2001 thousand SEK (1 EUR=9 SEK, 1 USD= 8 SEK). Each format contains
one or more store concepts. ICA Nära includes also ICA Express stores; Willys et al. includes Willys and Willys Hemma; Hemköp et al. includes
Exet, Spar, Matex, Axfood Storlivs, and Billhälls; Axfood Others (format number 11) includes Jour Livs, Matnära, Axfood Närlivs Rätt Pris,
Axfood L̊agpris, and Östenssons; Coop Large (format number 13) includes COOP Forum level 2 and 3, B & W, Gröna Konsum, COOP Extra,
and Konsum Extra; Coop Medium includes stores Coop Konsum level 1 and 4; OBS et al. includes OBS, Robin Hood, Domus, Prix, and Fakta;
Bergendahls Others (format number 