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Abstract

The entry of large (“big-box”) stores and the accompanying drastic

decrease in the overall number of stores represent a striking trend in retail.

We use a dynamic model to measure the impact of the entry of large stores

on incumbents’ productivity separate from demand while accounting for

local markets and the endogeneity of entry. Using data on all retail food

stores in Sweden, we find that incumbents’ productivity increases after the

entry of large stores and that the magnitude of the increase declines toward

the upper part of the productivity distribution. Our findings highlight that

large entrants play a crucial role in driving productivity.
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1 Introduction

A major structural change in retail markets during the last few decades

has been the entry of large (“big-box”) stores and a drastic decrease in

the overall number of stores. This trend has been accompanied by inten-

sive investment in information technologies and innovations to cut costs.

The most striking example is the expansion of Walmart in the U.S.1 Re-

tail markets in Europe have also followed the “big-box” trend, although

on a smaller scale. Some examples of big-box stores in European countries

include Carrefour, Metro, Schwartz, and Tesco. Despite the significant

structural shift toward big-box stores, the impact on productivity has re-

ceived little attention.

This paper uses a dynamic structural model to estimate total factor

productivity in retail markets and to quantify the effect of increased com-

petition from the entry of large stores on incumbents’ productivity and

demand. Detailed data on all retail food stores in Sweden from 1996 to

2002 give us a unique opportunity to investigate the questions at hand.

Incumbent stores can respond strategically to big-box entry, and such

responses are likely to be heterogeneous. For example, stores can lower their

prices, increase their product offerings, or change their quality (Basker and

Noel, 2009; Matsa, 2011; Basker et al., 2012). Stores can also respond by

investing in new technology and improving their management practices,

logistics, and inventory management to increase productivity.

Productivity in services and retail industries is not well understood. In

fact, few studies go beyond measures such as sales and value-added per

unit of input.2 We present a first attempt to use a structural framework

for estimating total factor productivity in retail markets and provide a gen-

eral strategy to identify the effect of large store entrants on productivity

separate from demand. We address several aspects of productivity in retail

markets. First, we account for the fact that stores can substitute labor

1Basker (2005), Basker (2007), Jia (2008), Haltiwanger et al. (2010), Ellickson and
Grieco (2013), Ellickson (2015).

2Some recent studies that focus on labor productivity are, e.g., Foster et al. (2006),
Haltiwanger et al. (2010), Schivardi and Viviano (2011), Basker (2012), and Ellickson
and Grieco (2013).
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and capital investments. This consideration is important because retail

stores have invested heavily in new technologies such as scanner and bar-

code techniques to increase self-service, which has substantially decreased

the cost of labor (Basker, 2012). Second, we recognize that productivity

in service industries suffers from problems related to measuring output.

When sales or value-added is used as an output, productivity might in-

crease because stores with market power in local markets can set higher

prices (Foster et al., 2008). Third, we view large store entrants as part of

the local market environment and thus recognize that they affect incum-

bents’ productivity and exit.

The modeling framework takes into account that store productivity can

be influenced by the external environment in which stores operate and by

internal factors. Many questions remain open regarding external drivers

of productivity (Syverson, 2011). The external environment can influence

productivity in at least two ways. The first is through productivity gains

within stores. Such gains can arise due to spillovers where stores have a

one-time opportunity to learn best business practices related to, for ex-

ample, management from a large store entrant in the local market. The

second is through selection, whereby competition induces productivity im-

provements among surviving stores and forces low-productivity stores to

exit. We quantify the overall effect of large store entrants on productivity

rather than modeling all of the possible sources of productivity improve-

ment. Our approach considers that increased competition reduces slack

and improves productivity (X-inefficiency) (Leibenstein, 1966; Syverson,

2011).

Our dynamic structural model builds on recently developed methods of

estimating production functions that have been almost exclusively applied

to manufacturing industries (Olley and Pakes, 1996).3 The objective of

these methods is to understand productivity heterogeneity within indus-

tries (Ericson and Pakes, 1995). The modeling of the external environment

in local markets is in addition to the scarce literature on how to measure

3Levinsohn and Petrin (2003), Ackerberg et al. (2007), De Loecker (2011), Doraszel-
ski and Jaumandreu (2013), Gandhi et al. (2014), and Ackerberg et al. (2015).
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and understand heterogeneity in productivity in retail markets.4 A central

feature of the proposed model is that stores are allowed to react differently

to large store entry, thus allowing us to calculate a productivity response

by each store in the data. We evaluate the effects of large store entrants on

different parts of the distribution of local market productivity, aggregate

weighted productivity in local markets, and exit.

To disentangle the effect of large store entrants on productivity from de-

mand, we augment the production function with a simple horizontal prod-

uct differentiation demand system, whereby exogenous demand shifters and

large store entrants affect prices (Klette and Griliches, 1996; De Loecker,

2011).5 Our joint model of productivity and demand addresses four endo-

geneity concerns. The first two relate to endogeneity of large store entry

and output in local markets. These concerns are addressed using political

preferences, previous periods’ output, and characteristics of neighboring

markets as instruments. The last two concerns relate to standard problems

of simultaneity of input usage with productivity and selection on exit in

estimation of the service-generating function (Ackerberg et al., 2007). Be-

cause retail markets are characterized by lumpy investments and difficulties

in measuring product stocks, we recover productivity from the store labor

demand function (Levinsohn and Petrin, 2003; Doraszelski and Jauman-

dreu, 2013).

Food retail is an important industry because groceries account for a

substantial share (15 percent) of private consumption (Statistics Sweden,

2005). The structural shift toward larger but fewer stores is striking in

Sweden. The total number of stores decreased by 17 percent, whereas the

4The paper also relates to the vast literature on how competition affects produc-
tivity. Previous theoretical work has emphasized both positive and negative effects,
while empirical work has often emphasized positive effects. Examples of recent contri-
butions are MacDonald (1994), Nickell (1996), Bertrand and Kramarz (2002), Djankov
et al. (2002), Aghion and Griffith (2005), Greenstone et al. (2010), De Loecker (2011),
Buccirossi et al. (2013), and Maican and Orth (2015).

5A quantity-based production function, which has begun to be used in manufactur-
ing, is not suited for services because physical output is unobserved and thus lacks a
unit of measure. Our study touches on the more general question of how to measure
productivity in services, especially because of the rapid expansion of service markets
such as information technology, e.g., Google (Syverson, 2011).
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share of large stores increased from 19 to 26 percent during our sample

period 1996-2002. Average sales space increased by as much as 33 percent,

but the total sales space remained virtually constant. Our framework is

particularly attractive when applied to local markets that consist of many

stores with independent pricing strategies and input decisions, as is the case

in Sweden. Most stores operate as independent or franchise units affiliated

with four major retail groups, of which only one operates as a cooperative.6

Our main results show that large store entrants force low-productivity

stores to exit and surviving stores to increase productivity. The median

incumbent increases productivity by 3.1 percent as a result of a large store

entry. A key result is that productivity increases most among incumbents

in the bottom part of the productivity distribution and declines with the

productivity of incumbents. A large store entrant increases productivity

by up to 1-2 percentage points more for a store in the 25th local market

productivity percentile than for a store in the 75th percentile. Stores with

low productivity are small; i.e., they have fewer employees, lower capital

stock, and less value-added. Productivity gains from large store entrants

are higher if stores are affiliated with more retail groups in a local market.

The median increase in store productivity is 2.3 and 3 percent in markets

with two and four groups, respectively. We document the robustness of the

results when alternative modeling specifications are used.

The possibility of documenting productivity gains arising from large

store entrants has important policy implications. Entry regulations are in

effect in the OECD, although such regulations are much more restrictive in

Europe than in the U.S.7 Productivity is obviously an important object to

study because it can be directly incorporated into a cost-benefit analysis

of the entry of new large stores.

6While we recognize the importance of ownership in retail markets, we do not model
ownership and only show descriptives from our single-agent model. There is a growing
stream of literature that models entry while accounting for ownership in a dynamic
oligopoly framework (Sweeting, 2010; Sweeting, 2013).

7The consequences of retail regulations (e.g., supermarket dominance) are frequently
debated among policymakers in Europe (European Parliament, 2008; European Compe-
tition Network, 2011; European Commission, 2012). Maican and Orth (2015) find that
more liberal entry regulations increase store productivity in the Swedish retail trade.
See also Pilat (1997), Boylaud and Nicoletti (2001), and Griffith and Harmgart (2005).
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The next section describes the Swedish retail food market. Section 3

presents the model, whereas Section 4 presents the data. Section 5 discusses

identification and estimation. Section 6 presents the empirical results and

robustness checks, and Section 7 summarizes and draws conclusions. In

several places, we refer to an online appendix containing various analyses

that are not discussed in detail in the paper.

2 The Swedish retail food market

An important feature of the Swedish retail food market is that stores have

independent pricing strategies. Indeed, must recognize that significant in-

teractions between stores take place at the store level. Stores are affiliated

with groups that historically collaborate on wholesale provision.8 Stores

tend to operate as independent or franchise units that are relatively inde-

pendent of their group affiliation. Decisions regarding inputs, pricing, and

exit are thus traditionally made by individual store owners. Importantly,

all groups have both small and large stores. In fact, the store size distri-

butions are strikingly similar across group affiliations.

To reflect the fact that each store operates independently with its own

pricing policy and to emphasize store level heterogeneity in productivity,

we model each store as a separate unit. For our purposes, we focus on

a recent increase in centralized decisions to enter large stores into local

markets together with the historical network of independent and franchise

stores.9

Stores are affiliated with four major groups that each have a particular

structure. ICA consists of a group of independent store owners that began

through collaboration on wholesale provision. Axfood contains a mix of

independent and franchise stores. Bergendahls has a mix of franchises and

8Previous research on Swedish food retailing uses the expressions group and whole-
saler rather than firms (Asplund and Friberg, 2002; Chamber Trade Sweden, 2013).

9There has been a recent increase in centralized decisions related to the expansion
of large stores. Although this centralization might also be reflected in exit decisions,
such decisions are always made based on store performance.
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centrally owned stores and operates mainly in the south and southwest of

Sweden. Coop, by contrast, consists of cooperatives, with decisions made

at the local or national level. Despite its cooperative structure, indepen-

dent store owners in Coop have the power to decide on, e.g., pricing and

labor. The joint market share of stores affiliated with these four groups

constituted approximately 92 percent of total sales in 2002. Stores affil-

iated with ICA constituted 44 percent of total sales. The corresponding

figures were 22 percent for stores affiliated with Coop, 23 percent for stores

affiliated with Axfood and 3 percent for stores affiliated with Bergendahls.

Various independent owners made up the remaining 8 percent of the mar-

ket share (fifth group).10

Large stores. The big-box expansion in Sweden comprises the entry of

large hypermarkets. These large stores differ from other stores in a num-

ber of respects. For example, they operate almost exclusively in external

locations, and a separate and sufficiently large parking lot is provided to

customers. In contrast, stores located closer to consumers’ homes and work

are often easier to reach by foot, bike, or public transport. Large stores

deliver broad product assortments with a high degree of self-service. There

has been a rapid expansion of self-scanning, which is widespread in large

stores. In addition, large stores often offer different services than other

stores, including independent cafés and bakeries, gaming services and full

pharmacies.

Entry regulation. The Plan and Building Act (PBA) empowers the 290

municipalities in Sweden to make decisions regarding the applications of

new entrants. The main rationale for entry regulations is that new en-

trants generate both positive and negative externalities that require care-

ful evaluation by local authorities. Advantages, such as productivity gains,

lower prices, and wider product assortment, contrast with disadvantages,

10International groups with hard discount formats entered the Swedish market after
the study period: Netto in 2002 and Lidl in 2003. Stores affiliated with ICA operated
in almost all of the 290 markets. Coop decreased from 236 to 227 markets and Axfood
from 276 to 266 during the study period. Bergendahls stores were in 21 markets at
the beginning and 42 markets at the end. The median (mean) store sizes are 316 (540)
square meters for stores affiliated with ICA, 350 (620) for Axfood, 400 (620) for Coop,
and 448 (1,297) for Bergendahls. Hence, most stores are small.
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notably, fewer stores and environmental effects. The PBA is viewed as

a major barrier to entry, resulting in diverse outcomes, e.g., price levels,

across municipalities (Swedish Competition Authority, 2001:4). Several re-

ports emphasize the need to better analyze how regulation affects market

outcomes (Swedish Competition Authority, 2001:4, 2004:2). Because large

store entrants are expected to impact the market structure extensively,

they are carefully evaluated by local governments. The online appendix

(Section A) describes the PBA in greater detail.

Local markets. Food products fulfill daily needs and are often of rela-

tively short durability. Thus, stores are located close to consumers. Travel

distance when buying food is relatively short unless the prices are suffi-

ciently low. Proximity to home and work are thus key considerations for

consumers in choosing where to shop, although distance likely increases

with store size. The size of the local market for each store depends on

its type. Large stores attract consumers from a wider area than do small

stores, but the size of the local market also depends on the distance be-

tween stores. We assume that retail markets are isolated geographic units,

with stores in one market competitively interacting only with other stores

in the same local market. A complete definition of local markets requires

information about the exact distance between stores. Without this infor-

mation, we must rely on existing measures.

The 21 counties in Sweden are clearly too large to be considered lo-

cal markets for our purposes, and the 1,534 postal areas are probably too

small, especially for large stores (on which we focus). The 88 local labor

markets take into account commuting patterns, which are important for

hypermarkets and department stores, while the 290 municipalities appear

to be more suitable for large supermarkets.

An accurate definition of local markets reflects the fact that consumers

think of all stores in the local market as their choice set. We believe mu-

nicipalities are reasonable local markets in our setting for at least three

reasons. The first is that survey evidence of shopping behavior shows that

most consumers buy groceries in their municipality. According to surveys,

more than 80 percent of Swedish consumers never or rarely buy groceries
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outside of their home municipality. More precisely, 17 percent never buy

groceries outside of their municipality, 46 percent do so less than 1-2 times

per month, and 23 percent do so 1-2 times per month (Swedish Trade Fed-

eration, 2011).11 The second reason is that municipal governments evaluate

new entrants and thus have to account for the responses of all incumbents

in the municipality. The third reason is that distance measures show that

the average distance for consumers to the nearest store in the municipality

is 2.3 kilometers. The corresponding average distance to the second nearest

store is 4 kilometers. In virtually all municipalities, the nearest store for

over 80 percent of the population is within 15 kilometers.

Given the information from surveys, regulations, and descriptive dis-

tance measures, we believe that it is reasonable to use municipalities as

local markets. We exclude the three largest metropolitan municipalities

(Stockholm, Göteborg, Malmö), which are likely to consist of submarkets.

The population in the remaining markets ranges from 3,244 to 192,496.

The average market consists of 25,836 people, whereas the median market

consists of 15,133 people.

3 Modeling the impact of large store en-

trants on productivity

This paper uses a general strategy to measure the effect of entry of large

stores on incumbents’ productivity shocks while controlling for local mar-

ket characteristics and unobserved prices.

Service-generating function. Stores sell products and services accord-

ing to Cobb-Douglas technology:

Qjt = Lβl

jtK
βk

jt exp(ωjt + up
jt), (1)

11Only 15 percent buy their groceries outside of the municipality more than 1-2 times
a month. Moreover, 71 percent of consumers travel by car to buy groceries.
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where Qjt is the service output by store j at time t; Ljt is the labor in-

put; Kjt is capital stock; ωjt is store productivity;
12 and up

jt are the service

output shocks.13 The service output Qjt does not include items that are

purchased from the wholesaler and sold in the store, i.e., intermediate in-

puts.

Stores know their productivity ωjt when they make their input and exit

decisions. Store productivity is correlated over time, and it is unobserved

by the researcher. We assume that store productivity follows a controlled

first-order Markov process, i.e., P (ωjt|ωjt−1, e
L
mt−1), where e

L
mt−1 is the num-

ber of large store entrants in market m in year t − 1. Accounting for the

external environment in the productivity process allows for heterogeneous

store responses to large store entry. The model allows for a flexible relation-

ship between store productivity and large store entrants, which is discussed

in detail below.14 The previous number of large store entrants affects not

only the ωjt but also after the period t through ωjt, i.e., the effect of large

store entrants in each period accumulates into productivity.15

The external environment in which stores operate can influence pro-

ductivity in at least two ways. The first is through productivity gains

within stores. Such productivity gains can arise due to spillovers, where

stores have a one-time opportunity to learn best business practices from

a large store entrant in the local market. The second is through the fact

that more intense competition induces selection among stores with differ-

ent levels of productivity, which increases average productivity and forces

low-productivity stores to exit (Syverson, 2011).

We measure the overall effect of large store entrants on store produc-

12Other technology functions, such as translog, can be used (see robustness section).
13In the case of value-added, up

jt may be associated with measurement error when
there is the same measurement error in intermediate inputs and output (Gandhi et al.,
2014).

14We follow the common notation of capital letters for levels and small letters for
logs for all variables except for the number of large store entrants eL, which is in levels.

15The way that we model the relationship between store productivity and large store
entrants is complementary to previous work on retail productivity (e.g., Foster et al.,
2006, Schivardi and Viviano, 2011, Basker et al., 2012, Ellickson and Grieco, 2013). For
example, Ellickson and Grieco (2013) use detailed spatial and panel data to quantify
changes in growth rates every year before and after entry. None of these papers focus
on a structural approach of modeling total factor productivity and large store entry.
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tivity as it relates to X-inefficiency. An additional large store entrant in

the market decreases the service output (competition effect). To compen-

sate for the decrease in service output, stores try to reduce their slack to

continue to operate. The fact that it takes time for stores to adjust their

productivity in response to increased competition justifies a lagged effect

of large store entrants on productivity.

Because service output is difficult to measure in retail markets and

is therefore unobserved in many data sets, deflated value-added is often

used as a proxy for service output. In this case, store prices are included

in the output measure, and they affect the productivity measure. In other

words, the productivity measure includes price and demand variations (Fos-

ter et al., 2008). Thus, the relationship between measured productivity and

large store entrants is affected by the impact of large store entrants on prices

and demand. To isolate the effect of large store entrants on productivity,

we consider a standard horizontal product differentiation demand system

(CES):

Qjt = Qmt

(

Pjt

Pmt

)η

exp(µjt), (2)

where Qmt is the aggregated service output in local market m; Pjt is the

service output price of store j; Pmt is the average price in the market; and

µjt represents store level shocks to demand (Klette and Griliches, 1996;

De Loecker, 2011). The parameter η (< −1 and finite) captures the elas-

ticity of substitution among stores.16 The demand system implies a single

elasticity of substitution for all stores. Thus, there are no differences in

cross-price elasticities, i.e., we have a constant markup over marginal cost

( η
1+η

), and the Lerner index is ( 1
|η|
). This simple demand system is suitable

for retail markets where stores have independent pricing strategies and the

local markets consist of many stores, such that a single store does not in-

fluence the market price.

Combining the service output (1) and demand equation (2), we obtain

an expression for the log of deflated value-added (yjt) as a function of inputs

16The vertical dimension is to some extent also captured because deflated output
measures both quantity and quality, which is correlated with store type (size).
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and local market output:

yjt ≡ qjt + pjt − pmt =
(

1 + 1
η

)

[βlljt + βkkjt]−
1
η
qmt +

(

1 + 1
η

)

ωjt

− 1
η
µjt + (1 + 1

η
)up

jt,

(3)

where pjt and pmt are logs of the service output prices at the store and

market levels, respectively.

Estimation of the service-generating function (3) involves controls for

both unobserved productivity ωjt and unobserved demand shocks µjt. In

the retail industry, other local market characteristics can explain store price

variation in addition to the log of store output qjt and the log of market

output qmt. For example, differences in the number of large store entrants

across local markets over time likely affect unobserved demand shocks µjt

and, therefore, store prices. We decompose demand shocks µjt into ob-

served local market characteristics xmt and the number of large stores that

enter a local market in period t, eLmt:

µjt = βee
L
mt + x′

mtβx + ud
jt, (4)

where ud
jt are remaining unobserved demand shocks. Controlling for de-

mand shocks µjt in the service-generating function (3) yields the specifica-

tion taken to the estimation

yjt =
(

1 + 1
η

)

[βlljt + βkkjt]−
1
η
qmt −

1
η
βee

L
mt −

1
η
x′

mtβx

+
(

1 + 1
η

)

ωjt −
1
η
ud
jt + (1 + 1

η
)up

jt.
(5)

The remaining shocks in (5) are grouped into ǫjt, where ǫjt = − 1
η
ud
jt+(1+

1
η
)up

jt.

How to recover productivity and assess the relationship between store

productivity and the number of large store entrants in a market is complex,

especially because it relates to how competition from large store entrants

affects productivity. In our setting, stores compete in the product market

and collect their payoffs. At the beginning of each time period incumbents

decide whether to exit or continue to operate in the local market. The

11



shocks up
jt and ud

jt are not predictable during the period in which inputs

can be adjusted and stores make exit decisions. Stores are assumed to know

their scrap value received upon exit γ prior to making exit and investment

decisions. If the store continues, it chooses optimal levels of investment i

and labor l. Store j maximizes the discounted expected value of future net

cash flows using the Bellman equation (Olley and Pakes, 1996):

V (sjt) = max

{

γ, sup
ijt

[π(sjt)− ci(ijt, kjt) + βE[V (sjt+1)|Fjt]

}

, (6)

where sjt = (ωjt, kjt, wjt, qmt, pmt, e
L
mt,xmt); wjt is the log of the wage rate

at the store level; β is a store’s discount factor; π(sjt) is the profit function,

which is increasing in both ωjt and kjt; ci(ijt, kjt) is the investment cost of

new capital (equipment), which is increasing in investment choice ijt and

decreasing in current capital stock kjt for each fixed ijt (Pakes, 1991); and

Fjt represents the information available at time t. We assume that capital is

a dynamic input that accumulates according to Kt+1 = (1−δ)Kt+exp(it),

where δ is the depreciation rate. In our setting, groups decide about the

entry of large stores, and individual stores cannot influence this decision.

Local market shifters and wages follow exogenous processes.

The solution to a store’s dynamic maximization problem (6) yields op-

timal policy functions for investment ijt = ĩjt(sjt) and exit χjt+1 = χ̃jt(sjt).

The exit rule χjt depends on the threshold productivity ωmt, which is a

function of all state variables except store productivity (Olley and Pakes,

1996). A store continues (χjt = 1) if its productivity is larger than the local

market threshold (ωjt > ωmt). We assume that labor ljt = l̃jt(sjt), which

is part of profits π(·), is chosen to maximize short-run profits (Levinsohn

and Petrin, 2003; Doraszelski and Jaumandreu, 2013).17

Productivity for stores that continue to operate in period t follows a

Markov process

ωjt = h(ωjt−1, e
L
mt−1,Pjt) + ξjt, (7)

17If labor has dynamic implications (e.g., in the case of labor adjustment costs), then
labor in the previous period is part of the state space, and the optimal policy function
for labor ljt = l̃jt(sjt) is derived from solving the dynamic optimization problem (6).
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where h(·) is an approximation of the conditional expectation, and ξjt are

shocks to productivity that are mean-independent of all information known

at t− 1.18 Pjt are predicted survival probabilities of being in the data in

period t, conditional on the information in t − 1, Pjt = Pr(χjt = 1|Ft−1)

(Olley and Pakes, 1996). Two stores with the same productivity and cap-

ital have different distributions of future productivities if they operate in

local markets with a different number of large store entrants.

A timing assumption distinguishes an incumbent’s response to large

store entrants on demand from productivity. Large store entrants imme-

diately affect stores’ residual demand and thus local market equilibrium

prices but affect store productivity with a one-year lag. The plausibility of

this timing assumption for service industries ultimately depends on the em-

pirical application at hand. More generally, several aspects could validate

this assumption for retailing. First, intensive investments in information

technology, such as scanners, have enabled stores to quickly adjust prices at

a low cost (Basker, 2015). Consumers can also easily switch stores. Second,

it is likely that it takes time for stores to adopt new technologies and take

advantage of improvements in, for instance, management and logistics.19

De Loecker (2011) uses a similar timing assumption when analyzing pro-

ductivity effects from trade liberalization in the textile industry. Indeed,

this timing assumption is particularly appealing in local retail markets that

consist of many stores and where stores apply independent pricing strate-

gies. Subsection 5.1 discusses additional remarks on the timing assumption

of the entry of large stores.

18With focus on the existence of large stores and thus on the stock of large store
entrants, the productivity process can be modeled as ωjt = γee

L
mt−1 + ξjt, where ξjt

follows an AR(1) process, i.e., ξjt = ρξjt−1 + bjt, where bjt are i.i.d. shocks. First, this
approach implies that the productivity effect is on the rate of change; i.e., productivity
increases for all future periods after the entry of a large store. Second, the productivity
process can be rewritten as ωjt = ρωjt−1 + γee

L
mt−1 − ργee

L
mt−2 + bjt. This modeling

specification implies that the data should be lagged twice, which is a significant drawback
for short panels.

19This assumption directly follows the assumptions in recent work on dynamic struc-
tural models of R&D and productivity, where investment in R&D affects productivity
with a one-year lag (e.g., Ericson and Pakes, 1995; Doraszelski and Jaumandreu, 2013).
A major difference is that we consider the role of the external environment (large store
entry) rather than at firm’s choices of R&D.
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We base our empirical strategy on stores’ static decisions on labor to

disentangle the relationship between current productivity, entry of large

stores, and future productivity (Doraszelski and Jaumandreu, 2013). Three

major concerns are addressed when estimating the service-generating func-

tion (5). The first concern relates to the standard problems of simultaneity

of input usage on productivity, i.e., labor and capital are correlated with

store productivity. All endogeneity problems regarding inputs are concen-

trated in ωjt. The labor demand function ljt = l̃jt(sjt) allows us to recover

the unobserved productivity ωjt, to control for it in the service-generating

function (5) and to use it in the productivity process (7). The second con-

cern addresses selection on exit due to productivity. The third concern

addresses the endogeneity of local market quantity qmt and entry of large

stores eLmt due to their possible correlation with remaining demand shocks

ud
jt in ǫjt. The next section presents the data that support our identification

strategy. Section 5 discusses the identification and estimation.

4 Data

The estimation of our service-generating function requires store-level data

on output, inputs, wages, entry and exit. It also requires municipality-level

data on aggregate output and local market characteristics. We use two mi-

cro data sets that both contain yearly information on all retail food stores

in Sweden from 1996 to 2002.

The first data set is provided by Delfi Marknadspartner (DELFI) and

contains information about store type, chain/firm, and square meters of

sales space. A unit of observation is a store based on its geographic loca-

tion (i.e., only its address). A store is assumed to enter if it is observed

in the data in year t but not t − 1, and a store is assumed to exit if it

is observed in year t but not t + 1. DELFI is used to define large store

entrants based on physical entry and detailed store type definitions.

The second data set is provided by Statistics Sweden (SCB) and con-

tains sales, value-added, investments, capital, the number of full-time ad-
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justed employees, and full-time adjusted wages for all organization num-

bers. The data are based on tax reporting and contain all organization num-

bers belonging to SNI code 52.1, “Retail sales in non-specialized stores”.20

Organization number is the most disaggregated level for which accurate

input and output measures exist.21 In a few cases, an organization number

can consist of more than one store (a “multi-store”) in the same municipal-

ity for which we observe total, not average, inputs and outputs.22 The SCB

also provides municipality demographics such as population, population

density, and average income. In addition, it contains political preferences

in municipalities throughout the election periods 1994-1998 and 1999-2002.

The SCB data are used to estimate productivity for each organization num-

ber and year.23 Online appendix A provides more information about the

data.

Large store entrants. We define the five largest types of stores (hy-

permarkets, department stores, large supermarkets, large grocery stores,

and other24) as “large” and four other types of stores (small supermarkets,

small grocery stores, convenience stores, and mini markets) as “small.” This

classification accords with the Swedish Competition Authority (see, e.g.,

Swedish Competition Authority, 2002:6). In terms of the Swedish market,

we believe that these types are representative of being “large.”25 In light

20Swedish National Industry (SNI) classification codes build on the EU standard
NACE.

21A so-called organization number specifies the identity of a corporate body. The
Swedish Tax Authority (Skatteverket) has a register of all organization numbers used
for tax reporting. The numbers are permanent and unique, i.e., one number follows
the corporate body throughout its whole existence, and two identical organization num-
bers do not exist. The register contains the date of registration of the organization
number and information regarding any exit/bankruptcy (Swedish Tax Authority, 2011).
Anonymous codes in FS-RAMS indicate that we do not know the exact identity of an
organization number.

22In the SCB data, we observe the municipality in which each organization number is
physically located. Further, entry and exit are defined only on the basis of organization
numbers. Exit in the SCB may thus be due to a re-organization, for example.

23We remove large store entrants from the SCB when estimating productivity.
24Stores classified as other stores are large and externally located.
25Because the store type classification in DELFI is extremely detailed, grouping stores

into two size classes is not highly restrictive. Sales, sales space, and other store char-
acteristics suggest that it is reasonable to group, e.g., hypermarkets and large grocery
stores together and to separate large and small supermarkets (online appendix A). Alter-
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of the entry regulation, we only consider the physical entry of large stores

(defined only based on address). A store that is re-classified into one of

the large store types during the period is thus not counted as a large store

entry. Gas station stores, seasonal stores, and stores under construction

are excluded, as they do not belong to the SNI-code 52.1 in the SCB.

Descriptive statistics. Table 1 presents descriptive statistics of the

Swedish retail food industry from the two data sets, DELFI and the SCB,

for the period 1996-2002. In the SCB, the number of observations decreases

by approximately 17 percent (from 3,714 to 3,067). The share of large stores

increases from 19 percent to nearly 26 percent during the sample period.

While total sales space remains virtually constant, mean sales space in-

creases by 33 percent. This result suggests that there has been a major

structural change toward larger but fewer stores. The wage-bill increases

by over 22 percent (in real terms), while the number of employees increases

by only 9 percent. Total sales increase by approximately 26 percent. Ag-

gregate value-added per employee increases from SEK 247.22 thousand to

SEK 277.69 thousand during the period (12 percent). The corresponding

increase in value-added per sales space is from SEK 7.29 thousand to SEK

8.72 thousand (19 percent).

Table 2 shows the distribution of stores and groups across all local

markets and years. The average number of stores is 23, with a standard

deviation of 35. A majority of markets consist of stores that belong to

three groups, whereas almost no markets consist of stores that belong to a

single group. In the upper part of the distribution, most stores belong to

ICA, about twice as many as belong to Coop and Axfood. On average, as

many as 7.25 stores belong to ICA, and slightly less than 4 each belong to

Coop and Axfood.

Table 3 shows the median characteristics of local markets with and with-

out large store entrants during the period 1997-2002. Based on all stores,

average value-added per employee increases from SEK 249.33 thousand to

SEK 266.28 thousand (7 percent) during the study period, whereas aver-

natively, we define observations in the SCB with sales above the 5th percentile of large
store sales in DELFI as large and otherwise as small. The empirical results (available
from the authors upon request) are consistent with those reported here.
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age value-added per sales space (m2) increases from SEK 4.85 thousand

to SEK 5.55 thousand (14 percent). The median number of stores varies

from 22 to 54 in markets with large store entry, compared with 13 to 15

in non-entry markets. The number of markets with at least one large store

entrant varies from 6 to 23. Among these, up to three large store entrants

become established in the same market in the same year. As expected,

median entry and exit are higher in large store entry markets than in non-

entry markets, as are median population and population density.

5 Identification and estimation

This section discusses the identification and estimation of the service-

generating function (5) based on the Olley and Pakes (1996) (OP) ap-

proach, which uses information about store input choices and exit deci-

sions.

Recovering productivity. We use the labor demand function from the

stores’ static profit maximization problem to recover productivity together

with a good measure of store-specific wages (Doraszelski and Jaumandreu,

2013).26 Using labor demand to recover productivity has the advantage

that we can include stores with zero investment. The number of full-time

adjusted employees is our measure of labor. Labor is a static and variable

input chosen based on current productivity. For several reasons, this as-

sumption is less restrictive in retail than in many other industries. First,

part-time workers are common. As many as 40 percent of employees in food

retail work part-time, compared with 20 percent in the Swedish economy

as a whole (Statistics Sweden). In addition, the share of skilled labor is

26Intermediate inputs would be an excellent choice of proxy for productivity in retail
markets (Levinsohn and Petrin, 2003). Ideally, we would like to have data on the stock
of products (materials), but such data are unfortunately not available in many data sets
on service industries. The complexity of food products and the fact that stores have
different product assortments make it difficult to collect data on the stock of products
for all stores. The investment policy function is restrictive because retail stores make
lumpy investments, and we can only use stores with positive investment (Olley and
Pakes, 1996).
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low in retail. Only 15 percent of all retail employees had a university edu-

cation in 2002, compared with 32 percent in the total Swedish labor force

(Statistics Sweden). Moreover, we find no systematic differences in hiring

educated workers between small and large stores in our data. Stores have

long and similar opening hours and adjust their labor due to variations in

customer flows over the day, week, month, and year. The training process

might also be shorter than in many other industries.27 We relax the static

labor assumption in the robustness section.

The general labor demand function that arises from the stores’ op-

timization problem (6) is ljt = l̃t(ωjt, kjt, wjt, qmt, pmt, e
L
mt,xmt), where

l̃t(·) is an unknown function. To back out productivity, the following

key assumptions must hold. First, the labor demand function must be

strictly monotonic in productivity, which holds when labor is a static

input and more productive stores do not have disproportionately higher

markups than less productive stores. The labor demand function ob-

tained from Cobb-Douglas technology is strictly increasing in productiv-

ity. In our case, the parametric labor demand function under imperfect

competition derived from a store’s static optimization problem is ljt =
1

[(1−βl)−
1

η
βl]
[−δ1+(1+ 1

η
)ωjt−wjt+pmt+(1+ 1

η
)βkkjt−

1
η
qmt−

1
η
βee

L
mt−

1
η
x

′

mtβx],

where δ1 = −ln(βl) − ln(1 + 1
η
) − lnE[ǫjt] (Doraszelski and Jaumandreu,

2013).28 By adding mild regularity conditions on a general technology in

equation (1) instead of Cobb-Douglas technology, we can show that static

labor demand is strictly increasing in productivity under imperfect compe-

tition (online appendix D provides the proof). One important condition is

that labor’s marginal product is increasing in productivity, which is fully

consistent with store profit-maximization behavior. Second, ωjt is the only

unobservable entering the labor demand function, which rules out, e.g.,

measurement error, optimization error in labor, and a model in which ex-

ogenous productivity is not single dimensional. Our detailed register data

27We assume that the labor market is efficient, so there are no training, hiring or
firing costs, no labor supply constraints for stores (they can hire when they want), and
no labor market rigidities.

28Then, one can derive the parametric form for the inverse labor demand function, i.e.,

ωjt =
η

1+η
[δ1+[(1−βl)−

1
η
βl]ljt+wjt−pmt−

(

1 + 1
η

)

βkkjt+
1
η
qmt+

1
η
βee

L
mt+

1
η
x

′

mtβx].
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of wages for all employees in Swedish retail are less subject to measurement

errors due to reporting. Third, we require helpful variation in store-specific

wages. Even if store wages change over time, we need additional variation

at the store level if we are to control for time effects in the estimation.29

The variation in store wages in our data is discussed in detail in the em-

pirical implementation Section 5.2.

Estimation of the service-generating function is performed in two steps

(OP framework). In the first step, we recover productivity from the inverse

labor demand function. In the second step, we use the recovered produc-

tivity and productivity process to estimate the parameters of the service-

generating function using the generalized method of moments (GMM) es-

timator.

Inverting the labor demand function l̃t(·) to obtain productivity ωjt and

substituting it into (5), the service-generating function becomes

yjt = φt(ljt, wjt, kjt, qmt, e
L
mt,xmt) + ǫjt, (8)

where φt(·) =
(

1 + 1
η

)

[βlljt + βkkjt]−
1
η
qmt−

1
η
βee

L
mt−

1
η
x

′

mtβx+
(

1 + 1
η

)

ωjt.

Estimation of (8) yields an estimate of φt(·), φ̂t and helps to recover pro-

ductivity ωjt without demand and service output shocks (ǫjt):

ωjt(β) =
η

(1+η)

[

φ̂t −
(

1 + 1
η

)

[βlljt + βkkjt] +
1
η
qmt +

1
η
βee

L
mt

+ 1
η
x

′

mtβx

]

,
(9)

where β = (βl, βk, η, βe,βx).

The presence of the demand shocks ud
jt in ǫjt adds possible endogene-

ity concerns regarding large store entrants, local market output, and wages

(i.e., the moments E[ǫjt|e
L
mt, qmt, wjt] = 0 does not hold). To obtain the esti-

mate φ̂ from (8), we use the Two-Stage Least Squares (2SLS) estimator and

the moment conditions E[ǫjt|f(ljt, wjt−1, kjt, qmt−1,
∑

o 6=m qot, e
L
mt−1,

∑

o 6=m eLot,

29In the absence of store-level wages, however, it may be difficult to estimate the
coefficients of static inputs in the Cobb-Douglas case (Bond and Söderbom, 2005). The
proposed estimation strategy assumes that the first-order condition for labor does not
include the derivative of the wage rate with respect to labor.
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polmt,xmt)] = 0, t = 1, · · · , T, where f is vector-valued instrument func-

tions (Wooldridge, 2009),
∑

o 6=m qot is the aggregate quantity in the neigh-

borhood local markets,
∑

o 6=m eLot is the number of large entrants in the

neighborhood local markets. The robustness section shows and discusses

the estimates without controlling for endogeneity using the Ordinary Least

Squares (OLS) estimator, as in OP the framework.

As noted, retail groups can decide into enter large stores in markets with

favorable characteristics, such as a short distance to a distribution center

or good logistics. In other words, the moment condition E[ǫjt|e
L
mt] = 0

does not hold when ǫjt includes shocks due to advertising, sales promotion

activities related to large store entrants, and distribution (transportation).

To account for the endogeneity of large store entrants, we use the share

of non-socialist seats in local governments (Bertrand and Kramarz, 2002;

Schivardi and Viviano, 2011; Maican and Orth, 2015), the number of large

store entrants in other markets (Hausman-type instruments), and the pre-

vious number of large store entrants as instruments.30 Local authorities

make decisions regarding entry, and we expect non-socialist local govern-

ments to have more liberal views regarding large store entrants.31

The remaining demand shocks in ǫjt affect stores differently and might

also impact the aggregate service output making the moment E[ǫjt|qmt] = 0

not hold. Our local market approach differs from that of De Loecker (2011),

who considers firms that are relatively small relative to the industry. Still,

median local markets consist of approximately 15 stores that independently

30Data on the number of applications and rejections for each municipality are not
available in Sweden. Even if this information were available, it would not be com-
pletely exogenous because the number of applications is easily influenced by current
local government policies. No major policy reforms changing the conditions for large
store entrants occurred in Sweden during the study period. Hausman-type instruments
are widely used, as they are always available, but their use is controversial (Hausman,
1997).

31The Social Democratic Party is the largest party nationally, with 40.6 percent of
seats on average. It collaborates with the Left Party (8 percent) and the Green Party (4.2
percent). The non-socialist group consists of the Moderate Party (18 percent), which is
most often aligned with the Center Party (13.2 percent), the Christian Democratic Party
(5.9 percent), and the Liberal Party (5.6 percent). Twenty-two percent of municipalities
had a non-socialist majority during the period 1996-1998, increasing to 32 percent during
1999-2002. The non-socialists had 8.6-85 percent and averaged 40.7 percent in 1996-1998
and 44.1 percent in 1999-2002.
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make price decisions. To control for possible endogeneity of market out-

put, i.e., correlation between qmt and ud
jt, previous market output or market

output in other local markets can be used as instruments for qmt. When

ǫjt include demand shocks related to wages, then E[ǫjt|wjt] = 0 does not

hold and the moment E[ǫjt|wjt−1] = 0 can be used in estimation.32 The

empirical implementation and results sections offer additional discussions

and specific tests on the instruments for large store entrants and local mar-

ket quantity.

Selection. Store decisions to exit in period t depend directly on ωjt;

therefore, the decision is correlated with the productivity shock ξjt (Ol-

ley and Pakes, 1996). Selection can affect retail markets because large

stores (large kjt) are more likely to survive larger negative productivity

shocks than are small stores. Even if stores have low productivity, there

might be other reasons for stores to stay active such as favorable market

conditions, logistics support by the firm, and a good location. To con-

trol for selection when estimating the service-generating function, we use

predicted survival probabilities Pjt (Olley and Pakes, 1996).33 In the esti-

mation, selection affects only the productivity process in the OP approach,

i.e., ωjt = h(ωjt−1, e
L
mt−1,Pjt) + ξjt.

Estimation of service-generating function parameters. In the sec-

ond step, we nonparametrically regress ωjt(β) on a polynomial expansion

of order three in ωjt−1(β), e
L
mt−1, and Pjt. To identify β, the following mo-

ment conditions based on productivity shocks ξjt that are directly linked to

the model in Section 3 can be used, i.e., E[ξjt|ljt−1, kjt−1, e
L
mt, qmt−1,xjt−1] =

0 (i.e., just-identified specification). This set of moments uses the timing

assumption for large entry, i.e., large store entrants influence productiv-

ity with a one-year lag, and only current large entrants influence prices,

which implies that we can use the moment E[ξjt|e
L
mt] = 0. Adding polmt−1

32If the observed variation in store wages is due to differences in exogenous market
conditions, the moment condition E[ǫjt|wjt] = 0 can be used in the estimation (Acker-
berg et al., 2007).

33Probability of being in the data in period t conditional on the information
in t − 1 is given by Pr(χjt = 1|ωmt,Ft−1) = Pr(ωjt ≥ ωmt|ωmt,Ft−1) =
Pjt(ljt−1, kjt−1, wjt−1, pmt−1, qmt−1, e

L
mt−1,xmt−1) ≡ Pjt, where the second equality

follows from the inverse of the labor demand function.
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and
∑

o 6=m eLot−1 as instruments gives us an overidentified specification. We

use this overidentified specification to obtain the main results in Section

6. The robustness of our results when using alternative moment conditions

are discussed in Section 6.5.34

The parameters β are estimated by minimizing the GMM objective

function

min
β

QN =

[

1

N
W

′

ξ(β)

]′

A

[

1

N
W

′

ξ(β)

]

, (10)

where A is the weighting matrix defined as A =
[

1
N
W

′

ξ(β)ξ
′

(β)W
]−1

, and

W is the matrix of instruments.35 The estimation is performed at the in-

dustry level, controlling for local market conditions. Standard errors are

computed according to Ackerberg et al. (2012).36

5.1 Additional remarks on the timing assumption of

large store entrants

In the following, we discuss how the timing assumption on large store en-

trants affects the marginal effect of one additional large store entrant on

incumbent productivity. We show that the presence of demand shocks re-

lated to large store entrants to productivity measures produces a downward

bias in the effect of the large store entrants on productivity. However, read-

34When the moment E[ξjt|e
L
mt] = 0 does not hold, an overidentified specification

based on the set of moments E[ξjt|ljt−1, kjt−1, polmt−1,
∑

o 6=m eLot−1, qmt−1,xjt−1] = 0
can be used to identify β (see Section 6.5). As Ackerberg et al. (2015) discuss in their
Section 4.1., there are many ways to estimate an Olley and Pakes’ framework based on
second step moments. For example, one can also use the moment conditions based on
ξjt+ǫjt (see also the discussion in Gandhi et al., 2014). It is also important to emphasize
that stronger assumptions can lead to more precise estimates.

35Wooldridge (2009) and Ackerberg et al. (2015) [ACF] (equation (31)) suggest a one-
step estimator using GMM based on moment conditions E[ǫjt|Fjt] = 0 and E[(1+ 1

η
)ξjt+

ǫjt|Fjt−1] = 0. Even if this estimator is more efficient than the two-step estimator, it is
very computationally demanding in our case due to the large number of parameters to
be estimated.

36Bootstrapping might not be the best choice when the underlying model is more
complicated. It requires additional computation time, optimization errors may appear,
and the choice of stores in different samples yields different effects of competition from
large store entrants, which implies that a large number of bootstraps may be required.
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ers not interested in these details can go directly to the empirical results.

Empirical evidence. In our setting, large store entrants immediately af-

fect stores’ residual demand and thus local market equilibrium prices but

affect store productivity with a one-year lag. Reduced-form evidence shows

that this assumption is not rejected by our data; e.g., when regressing store

sales or value-added on both eLmt and eLmt−1, the coefficient on lagged large

store entrants is not significant using OLS or 2SLS estimators. Most impor-

tantly, the coefficient for eLmt−1 is positive in all of the regressions, i.e., our

hypothesis is not rejected.37 Therefore, the findings suggest that we cannot

reject the timing assumption regarding the number of large store entrants.

However, this reduced-form empirical evidence on the timing assumption

should be interpreted with care, as the regressions do not control for other

simultaneity and selection bias issues (specific to production functions).

Measurement issues. If ud
jt are i.i.d. shocks (i.e., not part of ωjt), we

can use the timing assumption on large store entrants to separate the im-

pact of large store entrants on productivity from their impact on demand

(De Loecker, 2011). To show the implications of the timing assumption,

we consider the total change in future productivity given by the Markov

process, i.e., dωjt = hωdωjt−1 + heLde
L
mt−1, where hω = ∂h(·)/∂ωjt−1 is the

marginal effect of the previous productivity (ωjt−1) on future productivity

(ωjt) and heL = ∂h(·)/∂eLmt−1 is the marginal effect of an additional large

store entrant (eLmt−1) on future productivity (ωjt).
38 Thus, the total change

in productivity in period t due to the number of large store entrants in t−1

is dωjt/de
L
mt−1 = hω × (dωjt−1/de

L
mt−1) + heL . Our timing assumption on

large store entrants implies that the immediate effect of large store entrants

on productivity is zero, dωjt−1/de
L
mt−1 = 0, which yields dωjt/de

L
mt−1 = heL .

37Online appendix B provides a detailed discussion of the identification of the effect of
large store entrants on productivity and demand, and Tables B.2-3 present reduced-form
results. The share of non-socialist seats and the number of large stores in neighboring
municipalities are used as instruments to control for endogeneity of the current number
of large store entrants (eLmt).

38We use the continuous notation because store productivity is a continuous variable,
and it interacts with the number of large store entrants. In the case of a discrete

variable, the partial derivative is in fact the first difference,i.e.,
∂ωjt

∂eL
mt−1

= ∂h(·)

∂eL
mt−1

≃

[h(ωjt−1, e
L
mt−1 + 1)− h(ωjt−1, e

L
mt−1)] ≡ ∆eLh(ωjt−1, e

L
mt−1).
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The remaining demand shocks ud
jt are less likely to be mean-independent

of current and previous numbers of large store entrants when we do not

control for the effect of large store entrants on demand. If this is the case,

the shocks ud
jt are related to large store entrants, and they will be part of

the productivity measure. To understand the measurement implications

for the impact of large store entrants on productivity, we denote by ω̃jt the

productivity measure that includes residual demand shocks related to large

store entrants, ω̃jt = ωjt − (1/(1 + η))ud
jt.

An increase in the number of large store entrants in the market implies

lower residual demand, i.e., (dud
jt/de

L
mt) < 0. Using simple algebra, we find

that the impact of large store entrants on a productivity measure affected

by demand shocks related to large store entrants (ω̃jt) is lower than that on

ωjt, i.e., (dω̃jt/de
L
mt−1) < (dωjt/de

L
mt−1).

39 Therefore, not fully controlling

for the impact of large store entrants on demand results in a downward

bias in the effect of large store entrants on productivity.

The downward bias in the effect of large store entrants on productivity

also results if ud
jt are correlated over time after various controls as well as

part of a store’s input and exit decisions. In this case, we can only identify

the impact of large store entrants on ω̃jt. To address only one unobserv-

able, the implicit assumption in the empirical implementation is that the

productivity measure is ω̃jt, which follows a Markov process. In this case,

the remaining i.i.d. shocks are denoted by ǫjt = (1 + 1
η
)up

jt. Summarizing,

the key difference between the impact of large store entrants on ω̃jt and

ωjt is that the effect is lower on the productivity measure that includes

demand shocks, ω̃jt.
40

39This result occurs because
dω̃jt

deL
mt−1

= − 1
1+η

hω̃
dud

jt−1

deL
mt−1

+ heL < heL ≡
dωjt

deL
mt−1

. In

addition, this result also occurs when both current and previous numbers of large store
entrants have an effect on demand, but we do not control for the effect from previous
entrants on demand in the estimation, i.e., (dud

jt/de
L
mt) = 0 and (dud

jt/de
L
mt−1) < 0.

In this case, the impact of a large store entrant on productivity is
dω̃jt

deL
mt−1

=
dωjt

deL
mt−1

−

1
1+η

dud
jt

deL
mt−1

<
dωjt

deL
mt−1

.
40The productivity measure can also be affected by capital mismeasurement, e.g.,

stores vary their capital services by changing their utilization of the capital stock, or
capital service flows for retail space might be higher in urban/dense areas than in typical
big-box locations. Because these data are not available, we assume that the flow of

24



If we had price data for each store, we could estimate demand and

supply separately, which would allow us to distinguish between the im-

pact of large store entrants on demand and on supply without relying on a

timing assumption. However, the retail market is complex due to its multi-

store, multi-product, and multi-location nature. Owing to this complexity

and difficulties in defining a “price” measure (because stores offer different

product baskets), this type of analysis of retail markets will always require

additional assumptions (e.g., a timing assumption) to separately identify

the effect of large stores on demand and on supply. Hence, even if prices

are observed, the use of a product basket necessitates assumptions. In fact,

the researcher will have to choose among sets of assumptions in accordance

with the specific application and data available.

5.2 Empirical implementation

Wage variation. Helpful variation in store-specific wages is required when

using labor demand to recover store productivity.41 High-quality data on

store-specific wages, the fact that stores set wages, and the prevalence of

temporary job contracts and part-time work ensure the existence of wage

variation across stores. The coefficient of variation for wages is approxi-

mately 18 percent across stores and 53 percent across municipalities. Store-

equipment services is proportional to the stock of equipment (ideally, we would like
to know how each machinery (technology) and square meter of sales space are used
in the store). We minimize capital mismeasurements by controlling for the common
characteristics of capital service flows for retail space at the local market level.

41Our measure of wages is a good reflection of exogenous changes in the price of
labor because the 22 percent growth in the retail wage bill during the period (Table
1) is consistent with the 24 percent growth in aggregate real wages in Sweden (Statis-
tics Sweden). The average wage contains both the price of labor and its composition,
e.g., age, gender, and skill groups. In Sweden, we do not expect compositional effects
due to some employees working overtime or differences in opening hours across stores.
The one-sided t-test results show that we cannot reject the null of equal means of the
share of educated employees (0.064) for both small and large stores. However, wages
might pick up unobserved worker quality. Because worker quality is unobserved by the
econometrician but observed by stores, we have two unobservables to control for, which
complicates estimation. Instead, the unobserved quality will enter into our productivity
measure. However, this concern is not significant in the retail food market, where the
quality of workers is expected to be fairly homogeneous (online appendix C).
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specific wages regressed on market- and year-fixed effects, store size, and

observed labor quality (education) show that there are other unobserved

factors at the store level, for example, bargaining negotiations, experience,

etc., that explain variations in store wages (online appendix C).

Using data for the year 2000, market dummy variables alone explain

only 9.7 percent of the variation in wages. By adding capital and a dummy

for large stores and local market controls, we explain 14.2 percent of the

wage variation. By including the number of employees as an additional

measure of store size, the variation in wages explained by the covariates

increases to 15.7 percent.

Instruments for large entrants. In the following text, we elaborate

more on the use of the proposed instruments for large store entrants. To

be an effective instrument for large store entrants, political preferences (i.e.,

the share of non-socialist seats) should not be related to local market de-

mand or reflect characteristics of the population that favor shopping at

big-box stores but can boost productivity at other stores. This approach

raises the following concerns. First, the outcomes of elections might be

influenced by economic conditions. Political business cycles can only affect

our results if there is substantial ability to predict future demand shocks

when politicians are elected. We also investigate median local market char-

acteristics for socialist markets with large store entrants and non-socialist

markets without large store entrants. There are between 1-6 socialist mar-

kets with large store entrants and 82 to 147 non-socialist markets without

large store entrants during the study period. Socialist markets with large

store entrants are larger markets (population) and have lower population

density than non-socialist markets without large store entrants. In addi-

tion, these two groups of markets do not significantly differ in income per

capita. Importantly, we control for local market characteristics (income

growth, population growth, population density) when estimating produc-

tivity.

The second concern is that political preferences might capture local

policies other than entry regulations. In Sweden, the PBA is rather excep-

tional because it enables local politicians to play a key role. Furthermore,
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in our context, the number of large store entrants in other markets is an ap-

propriate instrument if the number of large store entrants in other markets

reflects common trends or demand shocks that are only specific to large

store entrants, e.g., unobserved advertising.

Although the proposed instruments are not perfect when there are cor-

related unobservables across markets, we believe that they are the best

instruments, given the available data and modeling framework, and they

have been used extensively in the empirical literature. Section 6.1 presents

the statistical specification tests on the instruments when estimating the

model.

Large store entrants. The choice to model the entry of new large stores

instead of the total number of large incumbents is due to the entry regu-

lation’s focus on entrants’ impact on consumers and the market structure.

We also focus on the fact that new stores come with new technology and

innovations, providing a one-time learning opportunity for incumbents. For

instance, scanner techniques have become common among large store en-

trants in recent years.42

Demand system. Although our CES demand model is restrictive because

of data constraints, several features make it less restrictive in the Swedish

retail food market than in many other industries. First, stores determine

their own prices, and we do not expect a single store to influence the market

price because local markets contain many stores. On average, there are 30

stores in markets with large store entrants and 15 in markets without large

store entrants (Table 3). Second, all stores offer a wide range of products,

i.e., we assume that stores serve the same basic function for consumers – to

provide food. In Sweden, price (and quality) differences for a homogenous

product basket are found to be small between groups and stores (Asplund

and Friberg, 2002). Given our data constraints, we focus on the key di-

mension of differentiation in location.

Store price decision. Stores adjust their prices in response to a large

store entrant, and this change most likely occurs within the year that large

42The modeling implications of using the existence of large stores instead of their
entry is explained in footnote 17. Specifically, it implies that we need to lag the data
twice, which is not preferable for our short panel.
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store entry takes place. In Sweden, individual stores make pricing deci-

sions and previous research on Swedish data has documented that large

store entrants have only small effects on the prices of rival stores (Asplund

and Friberg, 2002).43 The cost of adjusting prices is low, and there is a

high frequency of price changes to retail food products (we abstract from

promotions and discounts, etc.). Our model captures the average price

effect in the year of entry, i.e., the main shift in price that may occur af-

ter large store entry. We argue that this is a valid time period in which to

measure the “main demand response” as a consequence of large store entry.

6 Results

This section presents the main empirical results from the model presented

in Section 3. First, we discuss the estimation of the service-generating func-

tion that allows us to recover store productivity. Then we discuss how large

store entrants affect store productivity, aggregated weighed productivity in

local markets, and exit.

Our main specification is the most general one that (i) controls for simul-

taneity and selection biases; (ii) allows the external environment of stores

to affect productivity, i.e., the previous number of large store entrants af-

fects the productivity process; (iii) allows for imperfect competition, where

current large store entrants and other local market characteristics affect de-

mand; and (iv) controls for endogeneity of large store entrants, aggregate

market demand and wages (see Section 5). Section 6.5 considers alternative

modeling specifications and discusses several robustness checks.

43If we aggregate and analyze decisions of, e.g., pricing at the firm level (instead of
at the store level), we lose much of the dynamics crucial to our analysis of the Swedish
retail food market. National pricing with the market power of groups rather than stores
is more common in other countries (e.g., the U.K.). To analyze the relationship between
groups and stores in more detail, we would require data on the identity of (multi-) stores
for which we observe inputs and outputs. The decision to exit or continue is made at the
store level, although groups can influence each store’s decision through possible chain
effects. Section 2 provides details regarding the organization of groups.
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6.1 Service-generating function estimates

Table 4 presents estimates of the service-generating function. We show the

results from the OLS estimator under perfect competition (column 1) and

the two-step estimator presented in Section 5. Column (2) shows the esti-

mates that include elasticity, and column (3) shows the estimates without

elasticity (i.e., structural parameters).44

The estimate for the labor coefficient augmented by demand elastic-

ity is 0.406 and that for capital is 0.188 (column (2)). The corresponding

structural parameters (without elasticity, i.e., βl and βk) are 0.797 for la-

bor and 0.368 for capital. As theory suggests, the estimate of returns to

scale (βl + βk) in our estimator that controls for imperfect competition

is greater (1.165) than that under perfect competition given by the OLS

results (0.929). Few studies that use a production function framework em-

phasize the returns to scale in service industries. Increasing returns to scale

are expected in industries with high consumer participation, geographic

dispersion, and multi-market contacts (economies of density). The scale is

likely to increase with the degree of self-service and is found to be higher

in retail food than in other retail sectors (Ofer, 1973).45 The Sargan test

shows that the overidentifying instruments used to estimate β are valid,

i.e., the test fails to reject the null hypothesis that the instruments are

uncorrelated with the productivity shocks ξjt (p-value=0.985).

The estimate of the implied elasticity of demand is -2.04. Thus, the

implicit assumption that η=−∞, which is often used in empirical studies,

does not hold. The markup, defined as price over marginal cost, is 1.95.

Our estimates are consistent with previous findings based on retail data

44Physical quantity cannot be measured in service industries; therefore, we report the
coefficients of the value-added function augmented by demand elasticity in column (2),
i.e., (1 + 1/η)βk and (1 + 1/η)βl. This reporting approach also allows for easy reading
across different reduced-form estimators, for example, OLS.

45For food retailing in Israel, Ofer (1973) estimates returns to scale at 1.42 and at
1.31 when controlling for supermarkets. Bairam (1994) estimates returns to scale at
approximately 1.30 for fruits and vegetables based on Australian data. These estimates
rely on Cobb-Douglas technology and value-added but do not control for simultaneity,
selection or omitted price bias. As shown in the previous version of the paper, the
scale is larger when including large cities in the estimation (Stockholm, Göteborg, and
Malmö).
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(Hall, 1988; Roeger, 1995; Maican and Orth, 2013).46

Large store entrants have an expected negative effect on residual de-

mand and, hence, prices in the year of entry. An additional large store

entrant decreases residual demand by, on average, 0.2 percent, but the ef-

fect is not statistically significant. That large stores have a modest impact

on residual demand and hence prices is consistent with previous studies

on the Swedish retail food market (Asplund and Friberg, 2002). Stores

in markets with growing population or income have a higher residual de-

mand. However, stores in densely populated markets have a lower residual

demand. This finding links to previous work indicating that markets with

high population density are more competitive (Syverson, 2004).

First-stage results. The results of the first-step estimation of the sales-

generating function (equation (8)) are presented below. Readers not inter-

ested in these details can turn directly to the estimates of the productivity

process (Section 6.2).

To control for possible endogeneity of large store entrants (eLmt), aggre-

gate market output (qmt), and wages (wjt) when recovering productivity,

we estimate equation (8) using the 2SLS estimator. Political preferences,

previous number of large store entrants, number of large store entrants in

the neighborhood markets, and previous local market output and wages

are used as instruments for eLmt, qmt, and wjt. Because of the polynomial

expansion and large state space, equation (8) contains many parameters;

for simplicity, we only discuss specification tests in the main text and do

not show first-stage estimates from 2SLS.

The Sargan test of overidentifying restrictions fails to reject the null

hypothesis that the instruments are uncorrelated with the residuals (p-

value=0.09), and we conclude that the overidentifying instruments are

46The aggregate mark-up (η/(1 + η)) depends on the estimated elasticity of demand
η at the industry level; i.e., a larger |η| implies a lower mark-up. Hall (1988) uses
aggregate sector time series U.S. data and finds a markup of approximately 1.42 for
retail trade and 1.53 for services. Using the same data, Roeger (1995) finds a mark-
up of approximately 1.50 for food and kindred products. Using a nested logit demand
model with store-level prices for a product basket in Swedish retail food (2001-2008) and
assuming Nash equilibrium, Maican and Orth (2013) find an estimated average price
elasticity of approximately -3 for large stores and -3.8 for small stores.
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valid. To check the validity of the instruments, we report the partial F -test

suggested by Staiger and Stock (1997) (Table 4). The statistically signifi-

cant F -tests validate the proposed instruments and show that they are not

weakly correlated with the number of large store entrants, local market

output, and wages. The partial F -tests when considering each potential

endogenous variable are larger than 10 (Stainer and Stock’s threshold),

i.e., for large store entrants, F -value=65.66; for local market output, F -

value=216.05; and for wages F -value=85.93.

To ensure the relevance of our instruments, we also run simple reduced-

form regressions outside of our two-step framework. The findings are sum-

marized here, and they are reported and discussed in detail in online ap-

pendix B. The findings show that the share of non-socialist seats in local

markets and the number of large store entrants in other municipalities in

the same county (neighboring markets) have a positive and statistically

significant effect on the number of large store entrants after controlling for

observed and unobserved market characteristics. Using simple reduced-

form regressions with various controls, we also find that previous aggregate

market output and previous wages have a positive and statistically signifi-

cant effect on current aggregate market output and wages, respectively. In

addition, we should recall that the only objective of the first-step in our

structural framework is to isolate demand shocks from the productivity

measure (lower prices, new demand from product differentiation) associ-

ated with current large store entrants.

6.2 Store productivity and large store entrants

In this section, we discuss the main findings on how large store entrants

influence store productivity. Using the estimated parameters of the service-

generating function and equation (9), we recover store productivity without

i.i.d. shocks.47

47Productivity can also be recovered from the service-generating function: ωjt =
η

1+η
[yjt − (1+ 1

η
)[βlljt + βkkjt] +

1
η
qmt +

1
η
βee

L
mt +

1
η
x
′
mtβx]. However, this productivity

measure contains the i.i.d. ǫjt shocks. Our results on the impact of large store entrants
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To highlight descriptive patterns in the productivity distributions in

local markets, incumbents are classified into six percentile bins (p10, p10-

25, p25-50, p50-75, p75-90, p90) for each year based on productivity. We

then follow transitions between percentile bins or exit over time. Table 5

shows that low-productivity incumbents in markets without large store en-

try decrease their productivity or stay as low-productivity stores without

being forced to exit. The share of incumbents that remain in p10 is 10

percentage points higher in markets without large store entry. Stores with

low productivity are small, i.e., they have fewer employees, lower capital

stock, and lower value-added.

The estimation of a simple linear AR(1) productivity process shows

that an additional large store entrant increases store productivity by 2.4

percent. While an exogenous AR(1) process is not entirely consistent with

our structural model, these results provide the first evidence of a positive

effect of large store entrants on store productivity. These findings also show

high persistence of productivity.48

6.2.1 Main results

Our structural framework provides information about stores’ heterogeneous

productivity responses with respect to large store entrants through the es-

timation of the nonlinear productivity process. The conditional expecta-

tion of future productivity, h(ωjt−1, e
L
mt−1,Pjt), is approximated using a

third-order polynomial expansion in its arguments (Table 6).49 Large store

on productivity are robust to using this alternative measure. The average productivities
obtained from both measures (output and proxy) are close, but there are distributional
differences and, as expected, a higher variance when using the service-generating func-
tion. For our preferred specification, the interquantile ranges are 1.192 and 1.438 for
productivity recovered from labor demand and output, respectively.

48

ωjt = 0.710ωjt−1 + 0.024eLmt−1 + ξjt, R2 = 0.630
(0.005) (0.012)

(standard errors are in parentheses). In the absence of large store entrants and other
productivity shocks, 71 percent of actual productivity comes from previous productivity.

49The static entry process implies that there is no endogeneity problem of large
store entrants in the productivity process because eLmt−1 is uncorrelated with current
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entrants can influence productivity differently depending on store produc-

tivity ωjt−1 and eLmt−1. Therefore, a gain is that we recover marginal effects

of large store entrants on productivity for each store in the data set. We

can then exploit heterogeneity in store productivity responses to large store

entrants in multiple dimensions. We only consider incumbent stores and

exclude stores that enter (see next section for exit). For brevity, we focus

on marginal effects and specification tests in the main text.

Summary of store productivity responses. Table 6 shows the pro-

ductivity changes from an additional large store entrant across all incum-

bent stores in Sweden (the three largest cities are excluded).50 The me-

dian increase in incumbent productivity from a large store entrant is 3.1

percent. There is also substantial heterogeneity in the magnitudes across

stores at the national level. The interquartile range of the distribution of

the marginal effects is 2.7 percent.51 The 75th percentile marginal effect (4

percent) is approximately three times larger than that at the 25th percentile

(1.3 percent). The estimation of the controlled productivity process shows

that an average store has higher persistency in productivity than when us-

ing the simple exogenous AR(1) specification (nonlinear controlled: 0.745;

AR(1): 0.710). The findings also show that the remaining productivity

shocks (ξjt) have a lower variance in the nonlinear specification than in

AR(1).

Productivity regression: specification tests. We perform F -tests of

the null hypotheses of zero coefficients for all terms in the productivity pro-

cess that include store productivity and the number of large store entrants.

The null is rejected for both productivity (F -test=7.9, p-value=0.000) and

large store entrants (F -test=3632.8, p-value=0.000). All coefficients of the

polynomial expansion are reported in online appendix D.

innovation in productivity ξjt (Section 3). We model eLmt−1 as a continuous variable in
the Markov process because eLmt−1 is larger than one in some local markets (see also
footnote 38). The results remain robust when using a dummy variable for the entry of
large stores.

50By including the three largest cities, Stockholm, Göteborg, and Malmö, the positive
impact of large store entrants on productivity is approximately 1-2 percent greater.

51Because of exit and product differentiation, this result does not imply that large
store entrants will continuously increase productivity among incumbents.
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Productivity distribution in local markets. Focusing on local mar-

kets, we evaluate whether large store entrants have a greater impact on

one part of the productivity distribution than another. Table 7 (Panel A)

shows the marginal effects of large store entrants related to incumbents’

position in the local market productivity distribution. To account for store

productivity heterogeneity when measuring the impact of large store en-

trants across local markets, we evaluate the marginal effects of an additional

large store entrant for different productivity percentiles at the local market

level (10th, 25th, 50th, 75th, and 90th). First, we calculate the marginal

effects of large store entrants for each productivity percentile measure in

each local market. Second, we compute the median and standard devia-

tion of the marginal effects for each productivity percentile measure across

local markets. This approach provides us with robust productivity changes

across local markets following entry by a large store for each productivity

percentile.

The median increase in store productivity from an additional large store

entrant across local markets is 4 percent. There is, however, high disper-

sion in the impact across markets, as indicated by the standard deviation

of 0.076. A key result is that the impact of large store entrants on produc-

tivity decreases toward the upper parts of the productivity distribution.

Large store entrants force low-productivity incumbents to improve their

productivity more than high-productivity incumbents. A large store en-

trant increases productivity by 2 percentage points more for a store in the

10th local market productivity percentile than for a store in the 90th per-

centile. The corresponding difference is 1 percentage point for a store in the

25th productivity percentile compared with a store in the 75th percentile.

Variation in the number of large store entrants across local markets cre-

ates differences in competitiveness and in store incentives to improve pro-

ductivity. Increasing competition reduces productivity dispersion in local

markets, and our findings are in line with the recent empirical literature on

productivity (Syverson, 2004; Asplund and Nocke, 2006; Collard-Wexler,

2011). This result occurs because low-productivity stores have stronger

incentives to reduce costs and slack to continue to operate than do high-
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productivity stores. Thus, the lower tail of the local productivity distri-

bution moves faster than the upper tail as a result of increased competi-

tiveness. Recognizing that stores are heterogeneous in their productivity

response to large store entrants allows us to understand the productivity

differences across local markets (Syverson, 2011).

Heterogeneity by ownership. To further exploit store heterogeneity, we

examine whether the store productivity changes resulting from large store

entrants vary by ownership structure in local markets. Interestingly, the

productivity gains from large store entrants are higher if more retail groups

operate in the local market. The median increase in store productivity is

2.3 percent in markets with two groups and 2.8 percent in markets with

three groups. The corresponding figures are 3 and 3.2 percent for mar-

kets with four and five groups, respectively. Furthermore, the interquantile

range in the impact of large store entrants is smaller in markets with many

groups, e.g., 0.037 and 0.026 in markets with two and five groups, respec-

tively.

Further, the increases in store productivity due to a large store entrant

are positively correlated with the joint market shares of stores affiliated

with ICA (i.e., the market share of the ICA group) in the municipality

but are negatively correlated with the market share of Coop. The Coop

group started to reorganize their store formats after 2002. These results re-

flect differences in store productivity changes from large store entry across

groups and ownership structures in local markets.52

52It is important to highlight that these results are only descriptive statistics of the
impact of large store entrants on store productivity conditional on group affiliation and
the market shares of groups in local markets. However, we do not explicitly model the
affiliation of stores with groups in our single agent dynamic framework. The number of
groups and the market shares of stores affiliated with different groups are constructed
using DELFI. Anonymous identification codes hinder us from obtaining group affili-
ates of stores in the SCB data, which provide inputs and outputs for our productivity
estimation.
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6.2.2 Aggregate productivity in local markets

Policymakers making decisions about the entry of new stores need to con-

sider the responses of all of the incumbents in local markets. For an overall

cost-benefit analysis of allowing large new stores to enter a local market, it

is important to evaluate the changes in aggregate productivity due to the

large store entrants.

Aggregate productivity in market m is ωmt =
∑nm

j=1 sjtωjt, where sjt is

the market share of store j in period t and nm is the number of stores. We

compute the change in aggregate local market productivity due to a large

store entrant as a weighted sum of individual stores’ marginal effects using

store market shares as weights, i.e.,
∑nm

j=1 sjt
∂h(·)

∂eLmt−1

.53 As before, we only

focus on changes in the productivity of incumbent stores.

Table 7 (Panel B) shows the distribution of the weighted aggregate local

market productivity growth of incumbents following a large store entrant,

i.e.,
∑nm

j=1 sjt
∂h(·)

∂eLmt−1

. The median contribution of a large store entrant to

the local market productivity growth of incumbents is 1.5 percent, with a

maximum of 3.4 percent. These figures are 2.5 percentage points lower than

the median increase in productivity computed using distribution measures

of local market productivity reported as averages across markets (4 percent

– Panel A in Table 7). There are at least two possible explanations for this

results. It is likely that stores with relatively low productivity increases

from a large store entrant have larger market shares and therefore receive

larger weights. It could also be that more stores have low productivity

increases rather than high productivity increases from a large store entrant

(marginal effect).

Heterogeneity by market size. We also consider the relationship be-

tween productivity and market size. The average aggregated weighted local

market productivity is the same in small and large markets (1.4 percent).

However, the dispersion (measured by the interquantile range) is lower in

large markets, i.e., 0.020 in small markets and 0.014 in large markets. The

53We do not model the changes in market shares due to large store entrants. To
model the impact of large store entrants on market share in various types of markets,
we need a dynamic oligopoly model, which is beyond the scope of this paper.
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lower dispersion in large markets may reflect the fact that higher demand

substitutability implies more intense competition (Syverson, 2004).

6.3 Exit

A negative relationship between productivity and exit is one of the most

robust findings in the productivity literature (Olley and Pakes, 1996; Bar-

telsman and Doms, 2000; Syverson, 2011). Table 5 shows the transitions

between the productivity percentile bins and exit in local markets. A higher

share of exit occurs from the lower half of the productivity distribution in

large store entry markets than in non-entry markets. More than 25 per-

cent of stores in the p10 bin exit in large store entry markets, but only 20

percent of such stores exit in non-entry markets.54

A store’s dynamic optimization problem provides the policy function

for exit, which states that a store’s optimal decision to exit is a function of

the state variables (Olley and Pakes, 1996). The probability of exit is thus

a function of the store’s state variables. We work under the assumption

that shocks to demand ud
jt are i.i.d. and are not predictable by stores when

exit decisions are made.55

Table 8 shows regression results from simple probit specifications for

the probability to exit, with our estimates of productivity, the number of

large store entrants, capital, and demand shifters as explanatory variables.

The coefficient of large store entry has the expected positive sign and is

54In both market groups, approximately 3-4 percent of stores exit in p90. This re-
sult might be due to the re-structuring and re-organization of incumbent stores. Most
importantly, there are no systematic differences in the exit of high-productivity stores
in markets with or without large store entry. Although large store entrants represent
“physical entry”, the data only allow us to link estimated productivity and exit based
on organization number. The proposed estimation approach accounts for these possi-
ble selection problems by controlling for survival probabilities when estimating store
productivity (Olley and Pakes, 1996).

55If stores can observe or predict the demand shocks ud
jt after controlling for observ-

able demand shifters, it is not possible to estimate the exit regression as below without
including the demand shocks in the productivity process. Exit decisions include physi-
cal exit and the re-structuring/re-organization of stores, which cause changes in stores’
organization numbers.
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significant at conventional significance levels in all of the specifications.

The probability of exit is approximately 0.18 higher for stores after a large

store enters a local market. In line with both theory and previous empirical

studies (e.g., Olley and Pakes, 1996), exit is less likely if productivity and

the capital stock are high.

The interaction term between large store entrants and a dummy variable

for stores with productivity below the 25th percentile is positive and jointly

statistically significant with large store entry. These results are robust to

additional controls. Hence, the entry of large stores forces low-productivity

stores to exit. Exit is also less likely in high income growth markets and

markets with low population density.

6.4 Summary and discussion of results

The results shown in Tables 5-8 indicate that large store entrants increase

store productivity, aggregate local market productivity, and exit. These

findings show the mechanisms that have resulted in an observed trend to-

ward larger but fewer stores in the retail industry. That the entry of large

stores has the largest effect on incumbents with low productivity is an in-

direct effect of competition. Large store entrants induce exit and bring

new demand but also capture demand from incumbent stores, where the

net effect is higher competitive pressure on stores with low productivity.56

Overall, the results indicate that the entry of large stores both induces

both productivity gains within stores and creates selection among stores

with different levels of productivity (i.e., incumbent productivity increases,

and low-productivity stores are forced to exit).

56The dynamic effect of competition is included in the measured effect of a new store
entrant on productivity, and the positive effect on productivity should be balanced with
the decrease in the number of stores, i.e., the lower product differentiation available to
consumers. Maican and Orth (2013) use a dynamic entry-exit game with store type
differentiation to study large store entry and industry dynamics in Swedish retail food
from 2001 to 2008 in detail.
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6.5 Robustness and specification tests

This section discusses the main robustness and specification tests. The

online appendix presents additional robustness results.

Alternative specifications. Table 9 shows robustness checks using alter-

native empirical specifications. First, we present robustness checks on our

main specification (column (2) of Table 4), with the only difference that we

do not control for endogeneity of large store entrants, aggregate quantity,

or wages. The results are reported in column (3) of Table 9. The goal is

to see how the results change when we treat these variables as exogenous.

The positive marginal effects of large store entrants on store productivity

remain robust when we do not control for endogeneity. The median increase

in store productivity due to a large store entrant is 5 percent. However,

the standard deviation of the marginal effect is slightly larger when we do

not control for endogeneity. The sales-generating function estimates show

a slightly smaller capital coefficient (βk = 0.308) and a slightly larger labor

coefficient (βl = 0.966).57 The demand elasticity (|η|) increases from 2.04

to 2.62, and the scale increases from 1.16 to 1.27. The modest impact of a

large store entrant on residual demand and hence prices remains when not

controlling for endogeneity. The coefficient of large store entrants (βe) is

small and negative (-0.003) but not statistically significant.58

Second, not controlling for the effect of current large store entrants on

prices in our main specification results in a 2 percentage-point lower median

impact of large store entrants on store productivity (results not reported);

this result is in line with the theoretical predictions presented in Section

5.1. Hence, part of the productivity increase caused by large store entrants

is in fact an effect on prices, which is important to control for (De Loecker,

2011).

57When not controlling for the fact that large store entrants affect prices, we expect
the coefficients for labor and capital to be biased because of the positive correlation
between inputs and demand shocks, which are part of the productivity measure in this
case. After controlling for local market competition, the capital coefficient increases,
which is in the direction of controlling for selection bias (Olley and Pakes, 1996).

58This small effect might be due to the fact that, because of data constraints, our
simple demand system only allows us to estimate average effects and does not consider
distributional effects. Large store entrants may, e.g., reduce prices in nearby stores.
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Third, the fact that the impact of large store entrants on productivity

is biased when not controlling for the impact on demand is confirmed by a

robustness check presented in column (1) of Table 9. Considering a simple

parametric specification that explains productivity by the number of large

store entrants, ωjt = βee
L
mt+ue

jt, where u
e
jt are i.i.d., we can interpret βe as

the effect on productivity when estimating the service-generating function,

yjt = β0 + βlljt + βkkjt + βee
L
mt + ue

jt + υjt, by OLS. The results show that

the coefficient for large store entrants is positive but small (0.009) and not

statistically significant. In addition to the standard problems of production

function estimation and the use of strong assumptions to identify βe (i.e.,

E[ue
jt + υjt|e

L
mt] = 0), this specification does not address the effect of large

store entrants on prices.

Fourth, the robustness specification in column 2 of Table 9 considers

the role of omitting imperfect competition. This specification corresponds

to the implementation of the OP method with labor demand as a proxy. A

new large store decreases median productivity by approximately 2 percent.

The negative impact of a large store entrant suggests that we must control

for demand in local markets.

Parametric labor demand and test of static labor. An attractive

alternative is to use a parametric labor demand function to recover pro-

ductivity (Doraszelski and Jaumandreu, 2013). The functional form of the

parametric labor demand function is shown in Section 5. Our identifica-

tion strategy and empirical findings are robust to the choice of the labor

demand function. The estimates are presented in column (4) of Table 9

(Section E in the online appendix shows additional results and discusses

the empirical strategy using parametric labor demand).

In the parametric labor demand specification, we test the validity of

our assumption that labor is static. If the inverse labor demand func-

tion is misspecified, the labor coefficient in the service-generating function

differs from that in the inverse labor demand function. We estimate the re-

stricted and unrestricted models and compute the GMM distance statistic,

DN = N ∗ [QN(βrestricted)−QN(βunrestricted)], to test the null of equal labor

coefficients. The null is not rejected, i.e., our assumption of static labor is
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valid.

Relaxing the timing assumption on labor. If there are hiring and

firing costs of employees, labor is a static and fixed input. We can then use

current labor ljt as an instrument in our main specification. The results

are directly comparable with those when labor is static and variable, i.e.,

Tables 4 and 7. Under perfect competition, the coefficient for labor (ad-

justed with elasticity) increases from 0.406 to 0.647, and the coefficient for

capital increases from 0.188 to 0.240. Controlling for imperfect competi-

tion, the labor coefficient increases to 0.491, the capital coefficient increases

to 0.412, and demand elasticity is -2.88 (slightly larger than in Table 4).

Using the moment condition based on current labor gives similar support

of the marginal effect of large entrants (Table 7).

Alternative production technology. For our main specification, we re-

lax the Cobb-Douglas technology in equation (1) and consider a translog

production function qjt = βlljt+βkkjt+βlll
2
jt+βkkk

2
jt+βlkljtkjt+ωp

jt+up
jt,

which requires the estimation of three additional parameters: labor squared

(βll), capital squared (βkk), and the interaction between labor and capital

(βlk). The results, which are not reported but are available from the au-

thors upon request, are consistent with our previous findings. Large store

entrants have a greater impact on low-productivity incumbents than on

high-productivity incumbents. An additional large store entrant increases

productivity by approximately 4 percent for a 10th percentile productivity

store, by approximately 2 percent for a median store, and by approximately

0.1 percent for a 90th percentile store.

Alternative moments. As suggested in Section 5, an alternative set of

moments that can be used in the estimation of the sales-generating function

β is E[ξjt|ljt−1, kjt−1, polmt−1,
∑

o 6=m eLot−1, qmt−1,xjt−1] = 0 (i.e., an overi-

dentified specification). This set of moments can be used when the moment

E[ξjt|e
L
mt] = 0 does not hold. Using this overidentified specification, there is

no significant change in the estimation of β. The Sargan test cannot reject

the null hypothesis of overidentified restrictions (p-value=0.963), which

suggests that the overidentifying instruments are valid. In addition, the

median marginal effect of large entrants on productivity (3.6 percent) is
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close the findings presented in Section 6 (4 percent).

Decomposition. We also estimate the contribution of all store entrants to

aggregate productivity growth during the period from 1997 to 2002 using

various productivity decompositions (Griliches and Regev, 1995 and Foster

et al., 2001). Incumbent stores that increase their productivity at the ini-

tial sales level contribute approximately 8 percent (within), and net entry

contributes 2-4 percent (Section F in the online appendix). These findings

suggest the importance of understanding the factors that drive productiv-

ity growth.

7 Conclusions

The present study provides new insights into competition and productiv-

ity differences among retail stores. Net entry is found to foster almost all

labor productivity growth in the U.S. retail sector (Foster et al., 2006).

However, total-factor productivity in retail markets has rarely been stud-

ied, in contrast with manufacturing. We present a first attempt to use

recent advances in the semiparametric estimation of production functions

to estimate productivity in retail markets and to investigate how the entry

of large (“big-box”) stores influences stores’ efficiency shocks and demand

shocks. On both sides of the Atlantic, the pros and cons of the big-box

format have been widely debated (the “Walmart effect”).

We provide a dynamic structural model to obtain accurate measures

of total-factor productivity in retail food. The framework addresses a set

of measurement issues in services, i.e., substitution of capital and labor,

difficulties in measuring output, and the importance of modeling the exter-

nal environment in local markets. We analyze whether large store entrants

force low-productivity stores out of the market and increase productivity

among the surviving stores with different positions in the productivity dis-

tribution. Our empirical application relies on detailed data on all retail

food stores in Sweden, a sector that is representative of many OECD mar-

kets in terms of market structure and regulation.
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The results show substantial heterogeneity in the positive effects of large

store entrants on future productivity. A large store entrant increases pro-

ductivity in the median store by 3.1 percent. A key finding is that produc-

tivity increases decline toward the upper part of the productivity distribu-

tion. Productivity increases by 1-2 percentage points more for a store in

the 25th local market productivity percentile than for a store in the 75th

percentile. Stores with low productivity are smaller, and large store en-

trants force them either to exit or to increase their productivity to survive.

These stores increase their productivity relatively more than do stores with

high productivity.

These results can be rationalized by the fact that increased competition

from large store entry forces existing stores to improve their productivity

and low-productivity stores to exit. Productivity improvements are larger

in the bottom part of the local market productivity distribution, which de-

creases productivity dispersion. Our findings support previously discussed

mechanisms of how competition affects productivity (Asplund and Nocke,

2006; Syverson, 2011). Furthermore, not controlling for the contemporane-

ous effect of large store entrants on prices leads to underestimation of their

impact on store productivity. We conclude that the entry of big-box stores

catalyzes retail productivity.

Our findings contribute knowledge that is relevant to competition pol-

icy, as entry regulation issues are a significant concern for policymakers in

Europe, where such regulations are generally much more restrictive than in

the U.S. As an example, the European Commission recently highlighted an

investigation of the food sector (European Commission, 2012). We argue

that a more restrictive design and application of entry regulations can hin-

der aggregate productivity growth in local markets. In addition to produc-

tivity, entry regulations compound a wide range of other aspects. How to

balance potential productivity growth against increased traffic and broader

environmental effects and the consideration of dynamic game frameworks

are interesting topics for future research (Pakes et al., 2007; Holmes, 2011;

Dunne et al., 2013; Maican and Orth, 2013; and Sweeting, 2013).
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Table 1: Characteristics of the Swedish Retail Food Market

A. FS-RAMS
Year No. of No. of Wage Value Total Value added

stores employees bill added sales per employee

1996 3,714 74,100 9,882,234 18,319,407 141,743,876 247.22
1997 3,592 73,636 10,322,136 18,838,130 142,840,611 255.83
1998 3,482 74,696 10,766,043 19,185,120 147,726,647 256.84
1999 3,398 74,758 11,110,785 19,570,472 152,160,949 261.78
2000 3,287 77,180 11,536,063 20,389,492 154,106,865 264.18
2001 3,094 76,905 11,522,482 20,748,902 158,512,132 269.79
2002 3,067 80,931 12,081,931 22,473,696 179,335,162 277.69

B. DELFI
Year Large Large Mean Total Total Value added per

stores entry sales space space space sales sales space
m2 (ft2) m2 (ft2) m2 (ft2)

1996 905 21 538 (5,792) 2,510,028 (27,017,711) 129,326,000 7.29 (0.67)
1997 925 8 550 (5,916) 2,483,248 (26,729,464) 126,732,397 7.58 (0.70)
1998 926 9 587 (6,315) 2,552,794 (27,478,041) 130,109,604 7.52 (0.69)
1999 936 18 604 (6,500) 2,534,082 (27,276,632) 133,156,023 7.72 (0.71)
2000 948 23 654 (7,040) 2,612,566 (28,121,432) 138,314,044 7.80 (0.72)
2001 942 28 689 (7,419) 2,520,110 (27,126,244) 139,352,920 8.23 (0.76)
2002 932 5 718 (7,733) 2,575,784 (27,725,503) 142,532,944 8.72 (0.81)

NOTE: FS-RAMS is provided by Statistics Sweden and consists of all organization numbers in SNI code 52.1,
i.e., “multi-store” units that contain one store or several (e.g., due to the same owner). Sales (incl. 12%
VAT), value-added, wages, value-added per employee and sales space are measured in thousands of 1996 SEK
(1USD=6.71SEK, 1EUR=8.63 SEK). DELFI is provided by Delfi Marknadspartner AB. Sales in DELFI are
collected by surveys and reported in classes, while sales are based on tax reporting in FS-RAMS. Therefore,
total sales are lower in DELFI than in FS-RAMS. Value-added per employee is defined using the number of
full-time adjusted employees in FS-RAMS. Value-added per square meter of sales space (m2) and value-added
per square feet of sales space (ft2) are defined using value-added from FS-RAMS and sales space from DELFI.
From 1996 to 2002, the total population in Sweden increased from 8,844,499 to 8,940,788.
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Table 2: Distribution of stores and firms across local markets and years

No. of stores Total No. of Share of pop
ICA Axfood Coop Bergendahls Others no. of firms with nearest

stores store < 2km
Minimum 0 0 0 0 0 3 1 0.45
10th percentile 2 0 1 0 2 7 2 0.59
25th percentile 3 1 1 0 3 9 3 0.66
50th percentile 5 2 2 0 5 15 3 0.75
75th percentile 9 4 5 0 8 25 3 0.82
90th percentile 15 8 8 1 16 44 3 0.91
Maximum 86 93 88 12 218 460 4 1.00
Mean 7.25 3.66 3.91 0.22 8.25 23.29 2.86 0.74
Std. deviation 7.74 6.76 5.81 0.89 16.87 35.34 0.55 0.12

NOTE: This table shows the distribution of the number of stores and firms across local markets as well as the share
of population with less than 2 kilometers to the nearest store. ICA, Axfood, Coop and Bergendahls are defined as
firms. Municipalities, considered as local markets, increase from 288 to 290 due to three municipality break-ups
during the period, which gives a total of 2,021 market-year observations. Distance to the nearest store is calculated
based on 800x800 meter grids and is only available for 2002 (290 observations).
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Table 3: Local market characteristics

Year 1997 1998 1999 2000 2001 2002
A. Productivity measures for all markets: mean (std. dev.)
Value-added per employee 249.33 252.11 271.66 256.93 258.93 266.28

(70.04) (49.95) (149.64) (54.98) (64.79) (57.62)
Value-added per square meter (m2) 4.85 5.01 5.11 4.95 5.16 5.55

(4.77) (5.16) (5.29) (5.72) (5.71) (5.97)
Value-added per square feet (ft2) 0.43 0.45 0.46 0.44 0.46 0.49

(0.38) (0.43) (0.45) (0.46) (0.46) (0.49)
Total no. of markets 285 285 286 286 286 287

B. Markets with large entrants: median
No. of stores 35 45 28 30 33 20
No. of all entrants 2 2 2 2 1 1
No. of all exits 2 2 2 3 1 -
Population 43,646 54,933 37,054 40,363 58,266 13,150
Population density 69.30 48.70 66.92 78.65 69.30 31.80
Per capita income 149.20 157.70 161.40 170.70 179.10 177.80
Total no. of markets 8 8 19 19 21 5

C. Markets without large entrants: median
No. of stores 15 15 15 14 13 14
No. of all entrants 0 0 1 0 0 0
No. of all exits 0 1 1 1 0 -
Population 14,825 14,709 14,244 14,090 14,047 15,049
Population density 25.80 25.76 25.10 24.99 24.66 25.90
Per capita income 143.20 149.10 155.90 162.50 168.40 175.90
Total no. of markets 277 277 267 267 265 282

NOTE: 1996 is left out because entrants are not observed. Municipalities are considered as local
markets. The three largest municipalities are excluded (Stockholm, Göteborg, Malmö). Municipali-
ties increase from 285 to 287 due to three municipality break-ups during the period. Value-added per
employee is defined using the number of full-time adjusted employees in FS-RAMS. Value-added per
employee and sales space are in thousands of 1996 SEK (1USD=6.71SEK, 1EUR=8.63 SEK). Sales
space, stores, entrants and exits come from DELFI. Population density is defined as total population
per square kilometer in the municipality.
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Table 4: Service generating function estimates

OLS Two-step estimation
(1) (2) (3)

Log no. of labor 0.735 0.406 0.797
(0.004) (0.008) (0.012)

Log of capital 0.194 0.188 0.368
(0.003) (0.007) (0.019)

Number of large store entrants -0.001 -0.002
(0.001) (0.002)

Population growth 0.534 1.090
(0.956) (0.992)

Log of population density -0.016 -0.033
(0.007) (0.013)

Income growth 0.567 1.158
(0.128) (0.195)

Market output
(

− 1

η

)

0.499

(0.010)

Scale (βl + βk) 0.929 1.165
Demand elasticity (η) -2.042

Markup
(

η

1+η

)

1.95

Sargan test (p-value) 0.985

Test for ortogonality and weak intruments in the first-step of OP framework

Sargan test (p-value) 0.094

Partial-F test: Large entrants 65.665
(p-value) (0.000)

Partial-F test: Agggregate quantity 236.053
(p-value) (0.000)

Partial-F test: Wages 85.930
(p-value) (0.000)

No. of obs. 15,318 11,079

NOTE: The dependent variable is the log of deflated value-added. Labor is measured
as the number of full-time adjusted employees. All regressions include year dummies.
OLS refers to ordinary least squares regression. OP refers to the Olley and Pakes
(1996) estimation method. The specification in column (2) is a two-step estimation
method that uses a nonparametric labor demand function and controls for imper-
fect competition and the endogeneity of large store entrants, aggregated local market
quantity and wages in the first step of the OP framework (see Section 5). In specifi-
cation (2), the reported parameters include elasticity, specifically, (1+ 1

η
)βl for labor,

(1+ 1

η
)βk for capital, − 1

η
βx for exogenous demand shifters, and − 1

η
βe for large store

entry (equation (3)). Column (3) shows the estimated coefficients for specification (2)
without elasticity (structural parameters). Market output is measured as the market
share weighted output in the municipality. Markup is defined as price over marginal
cost. Reported standard errors (in parentheses) are computed using Ackerberg et al.
(2012). The largest cities Stockholm, Gothenburg, and Malmo are excluded.
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Table 5: Transition matrix from t-1 (column) to t (row) in percentage

Percentile <p10 p10-p25 p25-p50 p50-p75 p75-p90 >p90

Markets with large store entrants in t-1
<p10 24.24 21.05 11.43 2.78 2.44 1.49
p10-p25 33.33 31.58 14.86 8.33 1.22 4.48
p25-p50 13.64 23.16 38.29 19.44 12.2 11.94
p50-p75 1.52 6.32 19.43 35.56 29.27 10.45
p75-p90 1.52 0.00 3.43 23.33 32.93 29.85
>p90 0.00 0.00 1.71 3.89 17.07 38.81
Exit 25.76 17.89 10.86 6.67 4.88 2.99
Markets without large store entrants in t-1
<p10 34.68 22.41 6.81 2.45 1.13 1.41
p10-p25 23.47 28.48 19.23 5.58 1.99 1.29
p25-p50 14.68 25.86 37.16 25.76 8.32 5.16
p50-p75 4.74 8.17 20.17 38.22 29.46 14.55
p75-p90 1.16 1.6 4.32 14.65 32.24 32.39
>p90 0.69 1.26 1.99 5.06 19.58 40.96
Exit 20.58 12.22 10.33 8.29 7.28 4.23

NOTE: Productivity is estimated using our preferred specification of the model described in Section
3. Productivity is backed out from the labor demand function. Municipalities are considered as local
markets. Large store entrants in period t-1 are defined as the five largest store types in the DELFI
data (hypermarkets, department stores, large supermarkets, large grocery stores, and other stores).
The largest cities Stockholm, Gothenburg, and Malmo are excluded.
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Table 6: Estimation of productivity process

Panel A: Estimation of Markov productivity process using 3rd
order polynomial expansion in ωjt−1 and eLmt−1

F -test p-value

H0 : Coefficients of ωjt−1 terms are zero 7.973 0.000
H0 : Coefficients of eLmt−1

terms are zero 3632.800 0.000

Adjusted R2 0.986
No. of obs. 11,079

Panel B: Distribution of the marginal effect at store level across
entry markets

25th percentile 0.013
50th percentile 0.031
75th percentile 0.040

Mean 0.022

NOTE: Productivity is recovered from the labor demand function
using the semiparametric two-step approach controls for simul-
taneity, selection, and imperfect competition (see Sections 3 and
5). We control for endogeneity of large entrants, market output
and wages in the first stage. Large entrants in period t − 1 are
defined as the five largest store types in the DELFI data (hy-
permarkets, department stores, large supermarkets, large grocery
stores, and other stores). Panel B shows the distribution of the
marginal effect across stores and years. For each store and year,
the marginal effects arecomputed using store estimated produc-
tivity. The largest cities Stockholm, Gothenburg, and Malmo are
excluded.
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Table 7: The impact of large store entrants on incumbents’ productivity
in local markets
Panel A: Marginal effects by productivity percentiles in local markets

Median Std.Dev.

10th percentile productivity 0.041 0.061
25th percentile productivity 0.041 0.067
50th percentile productivity 0.040 0.076
75th percentile productivity 0.030 0.085
90th percentile productivity 0.022 0.094

Panel B: Change in aggregate local market productivity

Minimum -0.010
25th percentile 0.003
50th percentile 0.015
75th percentile 0.023
Maximum 0.034

Mean 0.013

NOTE: The figures are computed using the estimated controlled Markov pro-
cess of productivity. Panel A shows the medians and standard deviations of
the marginal effects across local entry markets and years. For each market
and year, we computed the effects for various local productivity percentiles.
Panel B shows the distribution of changes in aggregate local market produc-
tivity after large store entry. The figures are computed as weighted averages
of the productivity of individual stores, using market shares as weights, i.e.,
∑nm

j=1
sjt(∂h(·)/∂e

L
mt−1

)). Productivity is recovered from the labor demand
function using semiparametric two-step approach controls for simultaneity,
selection, and imperfect competition (see Sections 3 and 5). We control for
endogeneity of large store entrants, market output and wages in the first stage.
We drop extreme values by removing 3 percent of the observations from each
tail of the marginal effect distribution. Large entrants in period t − 1 are
defined as the five largest store types in the DELFI data (hypermarkets, de-
partment stores, large supermarkets, large grocery stores, and other stores).
The largest cities Stockholm, Gothenburg, and Malmo are excluded.
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Table 8: Regression results: Exit

(1) (2) (3) (4) (5)
Log of productivity -0.217 -0.179

(0.033) (0.037)
Productivity in p25 0.102

(0.038)
No. of large entrants (eL) 0.107 0.006 0.081 0.004

(0.047) (0.067) (0.048) (0.068)
No. of large entrants × Productivity in p25 (inter) 0.181 0.169

(0.090) (0.091)

Log of capital -0.044 -0.076
(0.017) (0.015)

Income growth -8.237 -8.499
(2.382) (2.379)

Population growth -3.266 -2.269
(2.600) (2.723)

Population density 0.050 0.050
(0.017) (0.017)

H0 : Sum of the coef. of eL and inter=0 (0.003) (0.006)

Year fixed-effect Yes Yes Yes Yes Yes

No. of obs. 7,486 7,486 7,486 7,486 7,486

NOTE: This table shows probit regressions on exit. Productivity is estimated usingthe model de-
scribed in Section 3. Reported standard errors are in parentheses. Large entrants are defined as the
five largest store types in the DELFI data (hypermarkets, department stores, large supermarkets,
large grocery stores, and other stores). The p-values are reported for the null hypothesis of the
zero sum of the coefficients of the number of large store entrants and the interaction variable. The
largest cities Stockholm, Gothenburg, and Malmo are excluded.
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Table 9: Robustness on service-generating function estimates

OLS Two-step framework Parametric
(1) (2) (3) (4)

Log no. of labor 0.732 0.843 0.597 0.403
(0.004) (0.006) (0.015) (0.004)

Log of capital 0.199 0.162 0.190 0.200
(0.003) (0.004) (0.009) (0.0003)

Number of large entrants 0.009 -0.001 -0.0009
(0.009) (0.003) (0.0001)

Population growth 0.484 0.498
(0.814) (0.014)

Log of population density -0.026 0.011
(0.006) (0.002)

Income growth 0.485 0.488
(0.091) (0.004)

Market output
(

− 1

η

)

0.381 0.457

(0.007) (0.004)

Scale (βl + βk) 0.930 1.005 1.274 1.021

Demand elasticity (η) -2.624 -2.186

Markup
(

η

1+η

)

1.615 1.842

No. of obs. 15,318 11,079 11,079 11,079

NOTE: The dependent variable is the log of deflated value added. OLS refers to
ordinary least squares regression. Standard errors are in parentheses. The reported
parameters in specifications (3) and (4) include elasticity, i.e., (1 + 1

η
)βl for labor,

(1 + 1

η
)βk for capital, − 1

η
βx for exogenous demand shifters, and − 1

η
βe for large store

entry (equation (5)). Labor is measured as the number of full-time adjusted employees.
All regressions include year dummies. Specifications (2) and (3), which are based on
the two-step estimation framework, include previous large store entrants and use the
nonparametric labor demand function as a proxy for productivity; Specification (3)
controls for imperfect competition but assumes that large entrants, aggregate local
market quantity and wages are exogenous; Specification (4) is a one-step estimation
using a parametric labor demand function and controlling for imperfect competition
and endogeneity of large store entrants, aggregate local market quantity and wages
(Doraszelski and Jaumandreu, 2013). Market output is measured as the market share
weighted output in the municipality. Markup is defined as price over marginal cost.
The largest cities Stockholm, Gothenburg, and Malmo are excluded.
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ONLINE APPENDIX

Productivity Dynamics and the Role

of “Big-Box” Entrants in Retailing

Florin Maican∗ and Matilda Orth†

August 31, 2015

The online appendix contains six parts. Section A provides additional

information about the data sets. Section B provides a more detailed dis-

cussion of the identification of the impact of large entrants on productivity

and demand shocks presented in Section 3 in the paper. Section C pro-

vides a detailed discussion of wage variations in the data. Section D shows

additional details about the estimation of the productivity process. Sec-

tion E discusses the identification and estimation of the model presented

in Section 3, using a parametric approach. Section F presents productivity

decompositions at the industry level.

Section A: PBA and data sources

Entry regulation (PBA). On July 1, 1987, a new regulation was im-

posed in Sweden, the Plan and Building Act (PBA). Compared to the

previous legislation, the decision process was decentralized, giving local

governments power over entry in their municipality and citizens a right

to appeal the decisions. Since 1987, only minor changes have been imple-

mented in PBA. From April 1, 1992 to December 31, 1996, the regulation

was slightly different, making explicit that the use of buildings should not

∗Research Institute of Industrial Economics (IFN) and University of Gothenburg,
Box 640, SE-405 30, Göteborg, Sweden, Phone +46-31-786 4866, Fax +46-31-786 4154,
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†Research Institute of Industrial Economics (IFN), Box 55665, SE-102 15, Stockholm,
Sweden, Phone +46-8-665 4531, Fax +46-8-665 4599, E-mail: matilda.orth@ifn.se
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counteract efficient competition. Since 1997, PBA has been more or less

the same as prior to 1992. Long time lags in the planning process make

it impossible to directly evaluate the impact of decisions. In practice, dif-

ferences because of the policy change seem small (Swedish Competition

Authority 2001:4). Nevertheless, PBA is claimed to be one of the major

entry barriers, resulting in different outcomes, e.g., price levels, across mu-

nicipalities (Swedish Competition Authority 2001:4, Swedish Competition

Authority 2004:2). Municipalities might then be able to put pressure on

prices through the regulation. Those that constrain entry have less sales

per capita, while those where large and discount stores have a higher mar-

ket share also have lower prices.

Data. The data consist of two micro-data sets, DELFI and FS-RAMS.

Both contain yearly information on all retail food stores in Sweden from

1996 to 2002. DELFI defines a unit of observation as a store based on

its geographical location, i.e., its physical address. The data include store

type, chain, revenue class, and sales space (in square meters). The store

type classification (12 different) depends on size, location, product assort-

ment, etc. A store is assumed to enter if it is observed in the data in year

t but not t − 1, and a store is assumed to exit if it is observed in year t

but not t + 1. In DELFI, entry and exit are defined only with respect to

the geographical location of the store, so that an entrant introduces a new

store to the market. In light of regulations and based on investigation of

the impact of large of entrants on the productivity of incumbent stores, we

believe that physical entry is the most relevant consideration. If a store

changes owner or store type, it is not considered an entrant or exit. An

advantage of DELFI is that it contains all stores and their physical loca-

tions; the disadvantages are a lack of input/output measures and the fact

that revenues are reported in classes. DELFI is only used to define large

entrants and to compute simple aggregate productivity measures.

The most disaggregated level for which more accurate input and out-

put measures exist is organization number (Statistics Sweden, SCB).1 An

1A so-called organization number specifies the identity of a corporate body. The
Swedish Tax Authority (Skatteverket) has a register of all organization numbers used
for tax reporting. The numbers are permanent and unique, i.e., one number follows the
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organization number can consist of one store or several. SCB provides

data at this level based on tax reporting. Financial Statistics (FS) pro-

vides input and output measures, and Regional Labor Statistics (RAMS)

provides data on wages for all organization numbers, from 1996 to 2002,

belonging to SNI code 52.1, “Retail sales in non-specialized stores,” which

covers the four dominant groups (ICA, Coop, Axfood, and Bergendahls).2

Anonymous codes in FS-RAMS entail that we do not know the exact iden-

tity of an organization number. Except large entrants, it is therefore not

possible to exactly determine which stores in DELFI belong to each orga-

nization number in FS-RAMS. In FS-RAMS, entry and exit are defined

only on the basis of organization numbers and may not perfectly match

those in DELFI. Exit in FS-RAMS may thus be due to re-organizations,

for example. For most stores that exit, however, the organization number

disappears from FS-RAMS. For our purposes, we estimate productivity

for each organization number and year using FS-RAMS and define phys-

ical entry of big-box stores based on DELFI. All stores are included in

both data sets. In FS-RAMS, we observe the municipality in which each

organization number is physically located. If an observation in the data

consists of more than one store, we observe total, not average, inputs and

outputs. Most importantly, this does not affect the definition of large en-

trants, which is based on DELFI data. Because large entrants have new

organization numbers, we can remove them from FS-RAMS and check that

the number and characteristics of large entrants in each local market are

consistent with DELFI. Moreover, we can still analyze productivity and

exit through the exit of organization numbers in each municipality and

year using FS-RAMS. Finally, we associate demographic information (pop-

ulation, population density, average income, and political preferences) from

SCB with FS-RAMS and DELFI.

corporate body throughout its whole existence, and two identical organization numbers
do not exist. The register contains the date of registration of the organization number
and information regarding any exit/bankruptcy (Swedish Tax Authority, 2011).

2SNI (Swedish National Industry) classification codes build on the EU standard
NACE. In 2000, Axel Johnson and the D-group (D&D) merged to form Axfood, initiat-
ing more centralized decision-making and more uniformly designed store concepts from
2001 and onwards.
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The number of stores in DELFI decreases over the period from 4,664

to 3,585, i.e., a 23 percent reduction. In FS-RAMS, the number of ob-

servations decreases by about 17 percent (from 3,714 to 3,067).3 Because

we only observe the total number of unique organization numbers in FS-

RAMS, we can at most calculate bounds of the number of multi-store units

in FS-RAMS through comparison with the total number of single-store

units in DELFI. These bounds depend on the nature and combinations

of the multi-store units. At one extreme, there is only one multi-store in

FS-RAMS, while at another extreme, there are multi-stores consisting of

two stores each in FS-RAMS. This implies that the share of single stores

in FS-RAMS varies between 75 and 99 percent.

The DELFI data. DELFI Marknadspartner AB collects daily data on

retail food stores from a variety of channels: (1) public registers, the trade

press, and daily press; (2) the Swedish retailers association (SSLF); (3)

Kuponginlösen AB (which deals with rebate coupons collected by local

stores); (4) the chains’ headquarters; (5) matching customer registers from

suppliers; (6) telephone interviews; (7) yearly surveys; and (8) the Swedish

Retail Institute (HUI). Location, store type, owner, and chain affiliation

are double-checked in corporate annual reports.

Each store has an identification number linked to its geographical lo-

cation (address). The twelve store types, based on size, location, product

assortment, etc., are hypermarkets, department stores, large supermarkets,

large grocery stores, other stores, small supermarkets, small grocery stores,

convenience stores, gas-station stores, mini markets, seasonal stores, and

stores under construction.

Sales (including VAT) and sales space are collected via yearly surveys.

Due to the survey collection, a number of missing values are substituted

with the median of other stores of the same type in the same local market.

In total, 702 stores have missing sales: 508 in 1996, and 194 in later years.

For sales space, all 5,013 values are missing for 1996, and are therefore

replaced with the mean of each store’s 1995 and 1997 values. In addition,

3This indicates that entry and exit based on changes in organization numbers in
FS-RAMS in some cases differ from entry and exit based on addresses in DELFI due
to, e.g., re-organizations.
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2,810 missing sales space values for later years are replaced similarly. In

total, 698 observations are missing both sales and sales space.

Average sales between 1996 and 2002 is SEK 1.8 million for hypermar-

kets and SEK 0.8 million for large grocery stores. The standard deviations

are 0.9 million and 0.55 million, respectively. Large supermarkets have av-

erage sales of SEK 0.64 million; small supermarkets have average sales of

SEK 0.25 million. While sales space is largest for hypermarkets, average

sales space is 1,500 square meters for large supermarkets and 600 square

meters for small supermarkets. Due to the large differences in sales and

sales space, it is reasonable to separate small and large supermarkets.

The FS-RAMS data. FS-RAMS contains all registered organization

numbers in the different Swedish industries from 1996 to 2002. Value added

is defined as total shipments, adjusted for inventory changes, minus costs

of materials. Labor is the total number of employees. We deflated sales,

value added, wages, and investment by the consumer price index (CPI)

from IMF-CDROM 2005.

Capital is constructed using a perpetual inventory method, Kt+1 =

(1− δ)Kt +exp(it), where δ is the depreciation rate. Because the data dis-

tinguish between buildings and equipment (machinery), all capital stock

calculations are performed separately for buildings and equipment. Invest-

ment measures the difference between the real gross expenditures on capital

and real gross retirement of capital. In the paper, we include equipment in

the capital stock. Including both equipment and buildings in the capital

stock does not change the results, however. As suggested by Hulten and

Wykoff (1981), buildings depreciate at a rate of 0.0361 and equipment at

0.1179.4 To construct a capital series using the perpetual inventory method,

an initial capital stock is needed. We set the initial capital stock to its first

occurrence in FS-RAMS, defining entry as the first year in FS (some of the

stores have been in FS since 1973), and assume the entire book value of

capital was put in place in the previous year (Olley and Pakes, 1996).

Data limitations constraint us from comparing the capital stock and the

number of square meters at the store level. However, we can compute the

4These depreciation rates are used by other Swedish studies.
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correlation between capital stock and sales space across local markets and

years. The correlation between capital stock (equipment) and sales space

(m2) is 0.63, and the correlation between total capital stock (buildings and

equipment) and sales space (m2) is 0.65. Given these high correlations and

because of the importance of investment in technology in retail (such as

scanner techniques and credit card machines) and because there are no no-

table differences in the productivity estimates, we only report results using

capital stock based on equipment.

Section B: Additional remarks on the iden-

tification of the impact of large

entrants on productivity and de-

mand

Our main assumption is that the current number of large entrants eLmt im-

pacts prices (demand effect), and the number of previous large entrants

eLmt−1 impacts stores’ productivity ωjt. In other words, we expect a nega-

tive impact of eLmt on sales and a positive impact of eLmt−1 on productivity.

First, an additional large entrant in the market decreases the quantity sold

(competition effect) and might force stores to set lower prices to compen-

sate for the immediate competition effect. Second, previous large entrants

eLmt−1 positively impact current productivity (X-inefficiency), i.e., eLmt−1 in-

creases quantity sold by stores qjt. The above assumption rules out the

effect of eLmt−1 on demand (prices). If previous large entrants still impact

current prices (lagged demand effect), stores decrease their prices, which

in turn increases quantity sold qjt. Therefore, qjt can increase because of

both productivity and demand.

Lack of product-level data in retail constrains us to identify these two

effects separately. If we had price data for each store, we could estimate de-

mand and supply separately, which would allow us to distinguish between
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the impact of large entrants on demand and on supply without relying on a

timing assumption. However, the retail market is complex due to its multi-

store, multi-product, and multi-location nature. Owing to this complexity

and difficulties in defining a “price” measure (because stores offer different

product baskets), this type of analysis of retail markets will always require

additional assumptions (e.g., a timing assumption) to separately identify

the effect of large stores on demand and on supply. Hence, even if prices

are observed, the use of a product basket necessitates assumptions. As a

matter of fact, the researcher will have to choose among sets of assumptions

in accordance with the specific application and data available.

Indeed, a common data constraint in the study of retail is a lack of

detailed price information. Because individual stores determine prices in

Sweden and because our ability to measure prices is limited, an additional

timing assumption is necessary. In Sweden, we believe it is reasonable to

assume that, if individual stores adjust their prices in response to a large

entrant, this will occur within the year that large entry takes place. Previ-

ous research on Swedish data has documented that large entrants have only

small effects on prices of rival stores (Asplund and Friberg, 2002). The cost

of adjusting prices is low, and there is a high frequency of price changes

of retail food products (we abstract from promotions and discounts, etc.).

Our model captures the average price effect in the year of entry, i.e., the

main shift in price that may occur after large entry. We argue that this is

a valid time period in which to measure the “main demand response” as a

consequence of large entry.

Reduced-form regressions. Table B.1 shows median local market char-

acteristics for socialist markets with large entrants and non-socialist mar-

kets without large entrants. There are 1-6 socialist markets with large

entrants and 82 to 147 non-socialist markets without large entrants during

the study period. Socialist markets with large entrants are larger markets

(population), and have lower population density than non-socialist markets

without large entrants. Both market groups have about the same median

income. In Sweden, income is relatively homogeneous across different geo-

graphical regions. However, we control for all these observed local market
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characteristics when estimating productivity.

Table B.2 presents reduced-form regressions for the endogenous variable

eLmt to show the relevance of the instruments. The share of non-socialist

seats in local markets and the number of large entrants in other municipali-

ties in the same country (neighboring markets) have a positive and statisti-

cally significant effect on the number of large entrants after controlling for

observed and unobserved market characteristics. In the empirical imple-

mentation presented in Section 5 in the paper, we use both the number of

large entrants in other local markets (i.e., Hausman type instruments) and

the share of non-socialist seats as instruments for large entrants. Hausman

type instruments are widely used but controversial (Hausman, 1997). They

are used because they are always available. In our context, the number of

large entrants in other markets is an appropriate instrument if the num-

ber of large entrants in other markets reflects common trends or demand

shocks only specific to large entrants, e.g., unobserved advertising. Our

productivity results are robust to using both these instruments. We ac-

knowledge that the proposed instruments are not perfect when there are

correlated unobservables across markets. We believe, however, that they

are the best instruments given the available data and modeling framework,

and they have been used extensively in the empirical literature (see, e.g.,

Hausman, 1997; Bertrand and Kramarz, 2002; Petrin and Train, 2010;

Schivardi and Viviano, 2011; Maican and Orth, 2015). In addition, we

should recall that one of the objectives of our structural framework is to

isolate demand shocks (lower prices, new demand from product differentia-

tion) associated with current large entrants from the productivity measure.

Table B.3 presents linear least squares (OLS) and two-stage least squares

(2SLS) regressions of reduced-form production function equation that in-

clude both current and previous large entrants. In all specifications, the

coefficients for current and previous large entrants are not statistically sig-

nificant at the 10 percent level.5 The 2SLS specifications (S2, S4, S5, and

S6) use the share of non-socialist seats and the previous number of large

5In 2SLS regressions, it is well know that standard errors “have a tendency to be
large” (Wooldridge, 2002, p.102).
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stores in neighboring municipalities as instruments to control for endogene-

ity of the current number of large entrants (Hausman type instruments).

The coefficient for eLmt changes sign when controlling for endogeneity of

the actual number of large entrants. One aim of our structural frame-

work in Section 3 is to isolate demand shocks (lower prices, new demand

from product differentiation) associated with current large entrants from

the productivity measure. Most importantly, in our empirical setting, the

coefficient for eLmt−1 is positive in all regressions, i.e., our hypothesis is not

rejected. In specification S6, we use the previous number of large stores in

neighboring municipalities as instruments to control for endogeneity in the

first step of our modeling framework. We also test for the presence of weak

instruments, using a partial-F test (Staiger and Stock, 1997). The results

indicate that the instruments are not weakly correlated with the current

number of large entrants. Therefore, the findings suggest that we cannot

reject the timing assumption regarding the number of large entrants. How-

ever, these results should be interpreted with care, as the regressions do

not control for other simultaneity and selection bias issues (specific to pro-

duction functions).

If the timing assumption with respect to large entrants does not hold,

the coefficient for lagged large entry will capture the “net effect” of both

productivity and (lagged) demand. A positive coefficient on lagged large

entry implies higher output due to productivity improvements in the next

period. Provided this coefficient is positive, however, the productivity ef-

fect outweighs the (negative) demand effect. Importantly, the presence of

lagged demand effects imply that the “true” impact of large entrants on

productivity will be larger than we observe.

Marginal effects of large entrants on productivity. The effect of

large entrants on productivity is computed using the endogenous Markov

process. The total change in future productivity is given by

dωjt = hωdωjt−1 + heLde
L
mt−1,
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where hω = ∂h(·)/∂ωjt−1 is the marginal effect of previous productivity on

future productivity and heL = ∂h(·)/∂eLmt−1 is the marginal effect of an

additional large entrant on future technical productivity. Thus, the total

change in productivity due to large entrants is

dωjt

deLmt−1

= hω
dωjt−1

deLmt−1

+ heL .

In the case of true technical productivity, i.e., recovered from a produc-

tion function based on quantities, the immediate effect of large entrants

on productivity is zero (dωjt−1/de
L
mt−1 = 0). The ratio dωjt−1/de

L
mt−1 is

different from zero when we do not remove the contemporaneous effect of

large entrants on prices and/or when large entrants enter expanding mar-

kets (dxmt−1/de
L
mt−1 6= 0). This explains differences in the effect of large

entrants across specifications that omit to control for the effect of large

entrants on prices.

Table B.1: Median of local market characteristics: Large entrants and
political preferences
Year 1997 1998 1999 2000 2001 2002
A. Markets with socialist majority and large entrants
No. of stores 35.00 35.00 20.00 22.00 22.00 20.00
No. of all entrants 2.00 2.00 3.00 1.00 1.00 1.00
No. of all exits 2.00 2.00 2.00 3.00 1.00 -.-
Population 43,646.00 49,219.00 24,059.00 20,037.00 17,619.00 7,949.00
Population density 69.30 36.98 26.24 9.77 7.25 1.38
Per capita income 146.45 158.55 153.10 170.70 168.40 155.60
Total no. of markets 6 4 4 3 6 1

B. Markets with non-socialist majority but without large entrants
No. of stores 18.00 18.00 17.00 16.00 14.00 15.00
No. of all entrants 0.00 1.00 1.00 0.00 0.00 0.00
No. of all exits 0.00 1.00 1.00 2.00 0.00 -.-
Population 28,835.00 25,152.00 20,262.00 20,406.00 19,967.00 22,790.00
Population density 75.46 80.51 45.05 45.32 42.67 48.28
Per capita income 150.40 156.05 159.15 166.15 172.90 180.10
Total no. of markets 83 82 134 132 133 147

NOTE: 1996 is omitted because entrants are not observed. The number of municipalities, considered as local
markets, increase from 288 to 290 due to three municipality break-ups during the study period. A non-socialist
majority is defined based on the share of seats held by the Moderate Party, Christian Democrats, and the Liberal
Party. The Center Party is excluded because of its focus on rural areas and because the cut-off share is set at
0.3. Data on stores, entrants and exits come from DELFI. Population density is defined as total population per
square kilometer within a municipality.
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Table B.2: The relation between large entrants, political preferences, and
large entrants in the neighboring markets
Panel A: Large entrants and political preferences

(1) (2) (3) (4)
Local political preferences 0.222 0.198 0.579 0.695

(0.058) (0.059) (0.214) (0.304)
Log of population -0.037

(0.766)
Log of population density 0.401

(0.684)
Log of income -0.050

(0.136)
Year dummies No Yes No No
Market dummies No No Yes Yes
Root of mean squared errors 0.285 0.284 0.248 0.248
R2 − adj 0.010 0.018 0.096 0.095
Partial F-test . 15.95 9.146 6.616
(p-value) . (0.000) (0.002) (0.010)
Number of observations 1,977 1,977 1,977 1,977

Panel B: Large entrants and the number of large entrants in neighboring markets
(1) (2) (3) (4)

No. of large entrants in 0.012 0.005 0.013 0.012
the neighboring markets (0.005) (0.005) (0.006) (0.006)
Log of population -0.023

(0.767)
Log of population density 0.386

(0.685)
Log of income 0.142

(0.098)
Year dummies No Yes No No
Market dummies No No Yes Yes
Root of mean squared errors 0.286 0.285 0.248 0.249
R2 − adj 0.003 0.009 0.094 0.094
Partial F-test . . 5.744 4.546
(p-value) . . (0.016) (0.033)
Number of observations 1,977 1,977 1,977 1,977

NOTE: The dependent variable is the number of large entrants. An OLS
estimator is used. Standard errors robust to heteroscedasticity are in paren-
theses. Partial F-tests are used to determine whether political preferences or
the number of large entrants in neighboring markets are weak instruments
(Staiger and Stock, 1997) for large entrants.

11



Table B.3: Reduced form regressions: The impact of current and previous
large entrants on value-added
Estimator OLS 2SLS OLS 2SLS 2SLS 2SLS

S1 S2 S3 S4 S5 S6

Log of Labor (ljt) 0.757 0.760 0.754 0.759 0.744 0.744
(0.0074) (0.0086) (0.0074) (0.0092) (0.0078) (0.0078)

Log of capital (kjt) 0.174 0.172 0.177 0.174 0.179 0.180
(0.0048) (0.0056) (0.0049) (0.0060) (0.0051) (0.0051)

Total local market sales (qmt) 0.030 0.033 0.032 0.036 0.057 0.066
(0.0090) (0.0010) (0.0091) (0.0107) (0.0259) (0.0223)

Current no. of large entrants (eLmt) 0.010 -0.093 0.011 -1.060 0.079 0.242
(0.0222) (0.657) (0.0223) (0.7514) (0.3672) (0.2769)

Previous no. of large entrants (eLmt−1
) 0.003 0.020 0.002 0.021 0.007 0.028

(0.0198) (0.0247) (0.0199) (0.0263) (0.0515) (0.0413)

Year dummies No No Yes Yes Yes Yes
Market dummies No No No No Yes Yes

Root of mean squared errors 0.440 0.488 0.440 0.500 0.422 0.425
R-square adjusted 0.788 0.788
Partial-F test (first-stage) 7.390 6.090 15.507 15.485
p-value 0.0006 0.002 0.000 0.000

NOTE: The dependent variables is the log of deflated value-added. Models S1-S6 also control for local market
characteristics (population, population density). The largest cities, Stockholm, Gothenburg, and Malmo,
are excluded. Models S2, S4, S5 use the share of the non-socialist seats and the previous number of large
entrants in neighboring municipalities as instrumental variables for the actual number of large entrants.
Model S6 uses the current and previous numbers of large entrants in neighboring municipalities and the
share of non-socialist seats at the municipality level as instrumental variables for the current number of
large entrants.
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Section C: Wage variation

We run reduced-form regressions that control for store and market charac-

teristics and market fixed effects. We use three measures of store size: the

number of employees, capital stock and a dummy variable for being a large

store. The local market controls include population, population density and

income. The model would be improved if we could add chain/firm dummies

in the regressions, however. Statistics Sweden (SCB) does not disclose the

name or identity of organization numbers in FS-RAMS for confidentiality

reasons, and the DELFI data do not have wage (input/output) informa-

tion. FS-RAMS protects individual stores by keeping them anonymous

(Answer to Comment 1). However, we have information about the share

of employees with a university degree in FS-RAMS.

Table C.1 below shows results for five different specifications using data

for the year 2000 and store-specific wages as the dependent variable. Mar-

ket dummy variables alone explain only 9.7 percent of the variation in

wages (column 1). By adding capital stock and a dummy for large stores

and local market controls, we can explain 14.2 percent of the wage variation

(column 2). The coefficients of capital and the large store dummy are both

positive and statistically significant at conventional levels. By including

labor (number of employees) as additional measure of store size, the varia-

tion in wages explained by the covariates increases to 15.7 percent (column

3). We additionally control for the share of employees with a university

degree (columns 4 and 5). The coefficient of education is negative but not

statistically significant, even at the 10 percent level, and the adjusted R2

remains approximately the same, i.e., 8.9 percent and 14.3 percent. One

plausible explanation of the negative sign is that more educated employees

are likely to be students who work and/or have a summer job, and they

have a negative impact on average store wages. Overall, the results indicate

that there are other unobserved factors at the store level that explain the

variation in the store wages, such as bargaining negotiations and experi-

ence (Ackerberg et al., 2007). The results presented for the cross-section

of data for year 2000 are robust when using data for the full time period
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1996-2002 (Table C.2).

The mean share of employees with at least three years of university ed-

ucation is 0.064 using the data from FS-RAMS during 1996-2002. We use

a one-sided t-test to test whether the mean share of educated employees

(defined in FS-RAMS) is the same for small and large stores, i.e., 0.064.

The results show that we cannot reject the null hypothesis that the means

are equal to 0.064 for both small and large stores. These findings suggest no

systematic differences in hiring educated workers between small and large

stores.

Our measure of wages is less susceptible to measurement errors due to

reporting. The FS-RAMS dataset contains full-time adjusted wages for all

organization numbers in the Swedish retail food market. Wages are aggre-

gated from a very detailed register database containing individual informa-

tion for each person in Sweden and are reported as averages in FS-RAMS.

Wages come from register data based on tax reporting and are provided

by Statistics Sweden (SCB). These data additionally account for part-time

work in an accurate way (we observe full-time adjusted wages).

The Swedish labor market regulations and the presence of labor unions

imply that we are unlikely to observe stores with wages below union levels

or illegal contracts that could reduce wages (the cost of labor). The players

in our data have been operating for a long time, store types and formats are

similar across groups, and we do not expect systematically lower wages at

some stores from a particular firm. Minimum wages are imposed by strong

labor unions. In addition, individual employees have individual wages and

meet with their employer every year for a private meeting regarding wages

and development. The Swedish Commercial Employees’ Union (“Handels”)

is the labor union representing a majority of members in the retail sector.

Handels was founded in 1906 and has 149,000 members. Other sectors in-

clude florists, hairdressers, storage and warehouse personnel, opticians, and

watchmakers. Handels negotiates agreements for fair pay and working con-

ditions. Consequently, the information regarding employment conditions

(for example, how wages are decided, the availability of part-time work,

the education of employees and the quality of contracts etc.) is quite good
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for the Swedish retail food market. These labor friendly conditions can be

contrasted with Wal-Mart. Wal-Mart allegedly has debated offering below

union wages and illegal contracts, which, if true, reduces the cost of labor

without reducing labor inputs and hence affects productivity. We do not

expect this situation to be a concern in our data. Swedish labor market

regulations additionally imply that it is unlikely that a full-time employee

works more than 8 hours per day. That is, we do not expect overtime to

play a role in our wage measurement. In addition, a majority of stores are

open from 8:00 to 22:00 or 9:00 to 21:00. Although there has been a ten-

dency toward longer hours of operation over time, there are no differences

across stores belonging to different groups (stores compete in a number

of similar store formats). While the total number of full-time employees

increased over time from 74,100 to 80,931 (Table 1 in the paper), the trend

of larger but fewer stores (consolidation) in local markets (municipalities)

indicates that this increase in employees is not driven by longer hours of

operation. Therefore, we do not expect systematic differences in hours to

cause compositional effects.

Given the data available, we can proxy for “observed worker quality”

using level of education. Because labor cost is reported as the full-time

adjusted average wage per worker, we may also measure unobserved em-

ployee quality. Because we do not directly observe employee quality and

some stores might hire high quality employees, the unobserved quality af-

fects productivity ωjt. Worker quality is unobserved by the researcher but

is observed by stores, so we have two unobservables, which complicates the

estimation. Ackerberg et al. (2007) provide a detailed discussion about the

unobserved quality of labor when estimating production functions. In our

model, the observed variation in store wages is due to differences in exoge-

nous market conditions, and not due to differences in unobserved employee

quality. The findings on the wage variation suggest that this assumption

is not restrictive in our application. A small part of wage variation being

caused by employee quality would appear in the productivity measure, but

the remaining variation in wages helps us to identify the input coefficients.

Importantly, our measure of wages is an accurate reflection of exogenous
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changes in the price of labor, because the 22 percent growth in retail wage-

bill during the period (Table 1 in the paper) is similar to the 24 percent

growth in aggregate real wages in Sweden (Statistics Sweden).

Table C.1: Reduced form regressions: Store level wages rates in year 2000

(1) (2) (3) (4) (5)
Log no. of labor 0.089

(0.013)
Log of capital 0.072 0.035 0.072

(0.007) (0.009) (0.007)
Large store 0.058 -0.011 0.057

(0.039) (0.040) (0.039)
Share with university degree -0.079 -0.048

(0.063) (0.061)

Local market characteristics no yes yes yes yes
Local market fixed effect yes yes yes yes yes

R-squared adjusted 0.097 0.142 0.157 0.089 0.143
Root of mean squared errors 0.456 0.453 0.453 0.465 0.453

NOTE: The dependent variable is the log of the average store wages in FS-RAMS. Standard
errors are in parentheses. Labor is measured as the number of full-time adjusted employees.
“Large store” is a dummy variable that defines a large store in FS-RAMS based on informa-
tion in DELFI. “Share with university degree” is the share of employees with a university
degree and requires at least 3 years of education in FS-RAMS. Local market characteristics
include population, population density, income and the number of large entrants.

Table C.2: Reduced form regressions: Store level wages rates 1996-2002

(1) (2) (3) (4) (5)
Log no. of labor 0.094

(0.004)
Log of capital 0.081 0.045 0.080

(0.002) (0.003) (0.002)
Large store 0.033 -0.047 0.033

(0.013) (0.001) (0.013)
Share with university degree -0.079 -0.053

(0.023) (0.022)

Local market characteristics no yes yes yes yes
Local market fixed effect yes yes yes yes yes
Year fixed effect yes yes yes yes yes

R-squared adjusted 0.052 0.109 0.128 0.052 0.109
Root of mean squared errors 0.480 0.465 0.460 0.480 0.465

NOTE: The dependent variable is the log of average store wages in FS-RAMS. Standard errors
are in parentheses. Labor is measured as the number of full-time adjusted employees. “Large
store” is a dummy variable that defines a large store in FS-RAMS based on information in
DELFI. “Share with university degree” is the share of employees with a university degree
and requires at least 3 years of education in FS-RAMS. Local market characteristics include
population, population density, income and the number of large entrants.
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Section D: Estimation of the productivity pro-

cess

Nonparametric labor demand function. Sections 3 and 5 in the paper

describe the identification and estimation of store productivity using invert-

ibility property of the nonparametric labor demand function. Conditional

on capital, profit maximizing behavior must lead to that more productive

firms use more labor (number of employees). We imagine a story where

increases in productivity result in an increase in the marginal product of

labor. This in turn leads firms to increase output, which leads to more

labor use. We show the conditions that are necessary for monotonicity of

the labor demand function under imperfect competition, where stores take

input prices as given (e.g., wage w). We assume the industry is competi-

tive if stores take input prices and the output price for the homogeneous

good as given. Current demand shifters are assumed to not be affected by

current productivity. To keep the notation short, we ignore the notation

of the exogenous variables to stores (x, eL) that affect demand, and store

index j (in the main text) .

Assumption. Stores sell products and services following the technology

Q = F (K,L, ω) : R3 → R, which is twice continuously differentiable in

labor (L) and FLω, FL, and Fω exist for all values (K,L, ω) ∈ R
3. The in-

dustry is competitive and (i) current investment does not respond to current

productivity; or (ii) current investment does not enter in current capital

stock; or (iii) current demand shifters are not affected by current produc-

tivity. Store productivity is observed before the choice of labor is made.

We treat capital and demand shifters as fixed, and assume labor responds

to the productivity. By adding more regularity conditions, it is possible to

show the following result when capital and demand shifters also respond

to ω.

Lemma. Under imperfect competition with downward sloping demand

curve p(
∑

Q) with the demand elasticity η < −1, if FLω+(1/η)(1/Q)FωFL >
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0 everywhere, then the labor demand L(ω;w,K) is strictly increasing in ω.

Proof: The profit maximizing store has a labor demand function that sat-

isfies the first-order condition:

p(·)(1 +
1

η
)
∂F

∂L
= λw, (1)

where λ is the Lagrange multiplier. To obtain an expression for the deriva-

tive of the labor demand function with respect to productivity, we compute

the partial derivative of the first-order condition [FOC] in equation (1) with

respect to productivity ω. The change in output price due to productivity

evaluated using the optimal labor demand function is given by

∂p(·)

∂ω
=

∂p(·)

∂Q

∂F

∂L

∂L

∂ω
+

∂p(·)

∂Q

∂F

∂ω
. (2)

Using the derivative of the FOC with respect to ω, we obtain

∂L

∂ω
=

p(·)
[

∂2F
∂L∂ω

+ 1
η

1
Q

∂F
∂ω

∂F
∂L

]

− 1
η
p(·)
Q

(

∂F
∂L

)2 , (3)

where η = ∂Q
∂p

: Q
p
and η < −1. Note that − 1

η
p(·)
Q

(

∂F
∂L

)2
> 0 holds every-

where. Therefore, we find that

sign

(

∂L

∂ω

)

= sign

([

∂2F

∂L∂ω
+

1

η

1

Q

∂F

∂ω

∂F

∂L

])

(4)

For example, under the Cobb-Douglas technology, we have

sign

(

∂L

∂ω

)

= sign

(

βl
Q

L
(1 + 1/η)

)

. (5)

This implies that under Cobb-Douglas technology, we have ∂L
∂ω

> 0, i.e., the

labor demand function is strictly increasing in productivity. This condition

holds for the model presented in Section 3 in the paper using the parametric

labor demand function (see footnote 28 in the paper and online Appendix

E). Since
[

∂2F
∂L∂ω

+ 1
η

1
Q

∂F
∂ω

∂F
∂L

]

> 0 holds everywhere, under the regularity
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conditions on F (·) that ensure that the Fundamental Theorem of Calculus

holds everywhere, we have

∫ ω2

ω1

∂L

∂ω
(ω;w,K)P (dω|K) >

∫ ω2

ω1

0P (dω|K) = 0. (6)

Therefore, we have L(ω2;w,K) > L(ω1;w,K), if ω2 > ω1. It is important

to point out that it is necessary that labor’s marginal product is increasing

in productivity in order to show that the labor demand function is increas-

ing in productivity.

Estimates of the nonlinear productivity process. For brevity, Table

6 in the paper only shows a summary of the estimated productivity pro-

cess. In this section, we provide additional details and show all coefficients

of the polynomial expansion of the estimated productivity process.
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Table D.1: Nonlinear estimation of the productivity
process using polynomial expansion of 3rd order

Estimate Std. Error

ω1
jt−1

-0.530 0.081

ω1
jt−1

(eLmt−1
)1 -0.296 0.074

ω1
jt−1

(eLmt−1
)2 0.047 0.017

ω2
jt−1

-0.339 0.019

ω2
jt−1

(eLmt−1
)1 -0.024 0.009

ω3
jt−1

-0.027 0.001

(eLmt−1
)1 -0.792 0.183

(eLmt−1
)2 0.162 0.109

(eLmt−1
)3 0.028 0.028

pb 0.165 0.598
pb2 -0.230 1.393
pb3 0.076 0.813

H0 : Coefficients of ωjt−1 terms are zero 7.973
p− value (0.000)
H0 : Coefficients of eLmt−1

terms are zero 3632.800
p− value (0.000)

Productivity persistence: Median
∂ωjt

∂ωjt−1

0.745

Adjusted R2 0.986
No. of obs. 11,079

NOTE: Intercept is included. Productivity is recovered from the
labor demand function using the semiparametric two-step ap-
proach controls for simultaneity, selection, and imperfect com-
petition (see Sections 3 and 5 in the paper). We control for en-
dogeneity of large entrants, market output and wages in the first
stage. The largest cities Stockholm, Gothenburg, and Malmo are
excluded.
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Section E: Parametric approach

Assuming Cobb-Douglas technology and that labor is a static and vari-

able input chosen based on current productivity, a parametric expression

for productivity can be derived from the inverse labor demand function

(Doraszelski and Jaumandreu, 2013)

ωjt ≡ l̃−1
t (·) = η

1+η

[

δ1 + [(1− βl)−
1
η
βl]ljt + wjt − pmt −

(

1 + 1
η

)

βkkjt

+ 1
η
qmt +

1
η
βee

L
mt +

1
η
x

′

mtβx

]

,

(7)

where δ1 = −ln(βl) − ln(1 + 1
η
) − lnE[ǫjt]. The value-added generating

function given in Section 3 is

yjt =
(

1 + 1
η

)

[βlljt + βkkjt]−
1
η
qmt −

1
η
βee

L
mt −

1
η
x′

mtβx

+
(

1 + 1
η

)

h(ωjt−1, e
L
mt−1) +

(

1 + 1
η

)

ξjt + ǫjt.
(8)

The assumptions under the nonparametric function apply also in the para-

metric case (Cobb-Douglas), i.e., scalar unobservable, monotonicity, varia-

tion in wages, and timing assumptions. Identification is based on variation

in store wages (and prices if available), and variation in large entrants

across markets and time. That each store sets wages guarantees our iden-

tification strategy. To estimate (8), we use the sieve minimum distance

procedure proposed by Ai and Chen (2003) and Newey and Powell (2003).

We approximate h(·) by a third-order polynomial expansion in ωjt−1, given

by (7), and eLmt−1. We use a tensor product polynomial series of capital

(kjt), labor (ljt−1), wages (wjt), the consumer price index for food products

(pmt), actual and previous large entrants (eLmt, e
L
mt−1), and demand shifters

(xmt−1).
6

Estimation results. For robustness, we also consider EDJlm which is the

implementation of using a parametric labor demand function as a proxy for

6Additional details about identification and estimation are available from authors.
A crucial difference from the nonparametric setup is that the moments used to identify
the parameters in (8) are formed on the sum of i.i.d. shocks ((1 + 1/η)ξjt + ǫjt) instead
of ξjt. The parameters (β, hH) are then jointly estimated using GMM.

21



productivity, including previous large entrants in the productivity process

and controlling for prices and local market characteristics (Doraszelski and

Jaumandreu, 2013). A major difference to our main specification is that

estimation occurs in one step. The estimated results are in Table E.1. The

returns to scale is 1.065. The coefficients of labor is 0.408 and the one on

capital 0.200. The demand elasticity is -2.186 and the markup 1.842.

Test of static labor. In the parametric specification EDJlm, we test the

validity of our assumption that labor is static. If the inverse labor demand

function is misspecified, the labor coefficient in the value-added generating

function differs from the one in the inverse labor demand function. We es-

timate the restricted and unrestricted models. Then we compute the GMM

distance statistic, DN = N ∗ [QN(βrestricted) − QN(βunrestricted)], to test the

null of equal labor coefficients. The null is accepted for EDJlm, i.e., our

assumption of static labor is valid.

Results: large entry, productivity and exit. Table E.3 shows results

from the exit regressions based on productivity in estimated by EDJlm.

Based on the pure stopping rule, the coefficient of large entrants is positive

but not significant (column 1). The coefficient of the interaction term be-

tween large entrants and productivity dummies is positive but not jointly

significant with the coefficient of large entry for p10 and p25 (p50-75 as

reference group). The corresponding coefficient is negative and jointly sig-

nificant for p90. The probability to exit is about 0.001 lower for stores in

the top part of the productivity distribution than for those in the middle.
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Table E.1: Value-added generating function
estimates: parametric approach

EDJlm EDJlme

Log no. of labor 0.408 0.413
(0.004) (0.004)

Log of capital 0.200 0.201
(0.003) (0.003)

Market output
(

− 1

η

)

0.457 0.458

(0.004) (0.003)

Number of large entrants -0.0009 -0.0009
(0.0001) (0.0001)

Population growth 0.498 0.499
(0.014) (0.007)

Log of population density 0.113 0.106
(0.002) (0.001)

Income growth 0.488 0.496
(0.004) (0.004)

Scale (βl + βk) 1.065 1.072

Demand elasticity (η) -2.186 -2.181

Markup
(

η

1+η

)

1.842 1.846

Sargan (p-value) 0.0927 0.0910
No. of obs. 11,079 11,079

NOTE: The dependent variable is log of deflated value
added. Labor is measured as number of full-time adjusted
employees. All regressions include year dummies. In all
specifications that control for imperfect competition, re-
ported parameters include elasticity, i.e., (1 + 1

η
)βl for

labor, (1+ 1

η
)βk for capital, − 1

η
βx for exogenous demand

shifters, and − 1

η
βe for large entry. Both EDJ specifi-

cations include previous large entrants in the productivity
process, and use previous capital stock and labor as instru-
ments. EDJlm is one-step estimation using a parametric
labor demand function and controlling for imperfect com-
petition. EDJlme is one-step estimation using a paramet-
ric labor demand function and controlling for imperfect
competition and endogeneity of wages and large entrants.
Reported standard errors (in parentheses) are robust to
heteroscedasticity. EDJlme uses the share of non-socialist
seats in the local government and the previous number of
large entrants in the neighboring markets as instrument
for current large entry. Two-step GMM is used for esti-
mation. Market output is measured as the market share
weighted output in the municipality. Mark-up is defined
as price over marginal cost.
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Table E.3: Regression results parametric approach: Exit

EDJlm
(1) (2)

Log of productivityt -0.182
(0.042)

Large entrantst-1 0.026 -0.068
(0.042) (0.069)

p10*Large entrantst-1 0.136
(0.122)

p10-p25*Large entrantst-1 0.104
(0.121)

p25-p50*Large entrantst-1 -0.123
(0.113)

p75-p90*Large entrantst-1 -0.214
(0.141)

p90*Large entrantst-1 -0.319
(0.150)

Log of capitalt -0.083 -0.079
(0.013) (0.013)

Log of populationt 0.033 0.078
(0.025) (0.023)

Log of population densityt 0.005 -0.012
(0.016) (0.015)

Year dummies Yes Yes
No. of obs. 7,376 7,376

NOTE: This table shows probit regressions on exit. Productivity
is estimated using EDJlm. Reported standard errors (in paren-
theses) are robust to heteroscedasticity. Large entrants in pe-
riod t-1 are defined as the five largest store types in the DELFI
data (hypermarkets, department stores, large supermarkets, large
grocery stores, and other stores). We use six percentile bins for
productivity in each local market and year, with p50-75 used as
reference group.

Section F: Productivity decompositions

We decompose aggregate productivity growth of all entrants, exits, and

incumbents (due to data constraints we cannot measure the contribution

of large entrants to aggregate productivity growth). We use three recent

decompositions – the ones by Foster et al. (2001) (FHK) and Griliches and

Regev (1995) (GR).7 Because we cannot determine the exact contribution

of large entrants, our data allow us to decompose aggregate productivity

growth due to entrants, exits, and incumbents. Industry-level productivity

(Ωt) can then be expressed as the weighted average productivity Ωt ≡
∑

j∈N msjtωmt, where N is the number of stores and msjt = salesjt/salest.

7Olley and Pakes (1996), Melitz and Polanec (2012), Petrin and Levinsohn (2012),
and Petrin and Sivadasan (2013) are other recent contributions.
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The change in retail food productivity from year t to year t′ can be

written as

∆Ωt,t
′ =

∑

j∈Ct,t′
msjt∆ωjt,t′ +

∑

j∈Ct,t′
∆msjt,t′(ωjt − Ωt)

+
∑

j∈Ct,t′
∆msjt,t′∆ωjt,t′ +

∑

j∈Et,t′
msjt′(ωjt′ − Ωt)

−
∑

j∈Xmt,t′
msjt(ωjt − Ωt),

(9)

where ∆ is the difference operator (∆Ωt,t′ = Ωt′ − Ωt); Ct,t′ is the set of

continuing stores, i.e., operating in both t and t
′

; Et,t′ is the set of entering

stores, i.e., that operated in t
′

but not in t; and Xt,t
′ is the set of exiting

stores, i.e., that operated in t but not in t
′

. This decomposition, derived

by Foster et al. (2001)(FHK), is a modified version of the decomposition

by Baily et al. (1992).

The decomposition (9) thus consists of five terms. The first term

(Within) is the increase in productivity when the continuing stores in-

crease their productivity at initial sales. The second term (Between) is the

increase in productivity when continuing stores with above-average pro-

ductivity expand their share of sales relative to stores with below-average

productivity. The third term (Cross) captures the increase in productivity

when continuing stores increase their market shares, while the fourth and

fifth terms (Entry and Exit) are productivity increases due to entry and

exit, respectively.

The second productivity decomposition used is given by Griliches and

Regev (1995) (GR) and modified by FHK to allow for entry and exit:

∆Ωt,t
′ =

∑

j∈Ct,t′
msj∆ωjt,t′ +

∑

j∈Ct,t′
∆msjt,t′(ωj − Ω)

+
∑

j∈Et,t′
msjt′(ωjt′ − Ω)

−
∑

j∈Xt,t′
msjt(ωjt − Ω),

(10)

where a bar over a variable indicates the average of the variable across t

and t′. The within term in the GR decomposition consists of the growth

rates of continuing stores’ productivity weighted by the average of their

shares across t and t′. Both decompositions compare aggregate productiv-

ity of entering and existing stores, either to the aggregate productivity of
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all stores (FHK) or to the unweighted average of aggregate productivity of

all stores (GR).

Results productivity decompositions. Aggregate productivity growth

was about 9 percent from 1997 to 2002 (Table F.1). While overall indus-

try growth is the same in all decompositions, the relative contributions of

incumbents, entrants, and exits differ. In both GR and FHK, incumbent

stores that increase their productivity at initial sales contribute about 8

percent and net entry 2-4 percent. Incumbent stores that increase produc-

tivity and market shares stand for 3.7 percent of the growth in FHK. The

decomposition results confirm our findings based on large entrants, i.e., in-

cumbents that increase their productivity and low productive stores that

exit foster productivity growth in retail.

Table F.1: Decomposition of retail food productivity growth, 1997 to 2002

Percentage of growth from
Overall Within Between Cross Entry Exit Net entry
industry stores stores stores
growth (1) (2) (3) (4) (5) (4) - (5)

A. Baily et al. (1992) / Foster et al. (2001)
0.088 0.079 -0.029 0.037 0.065 0.063 0.002

B. Griliches and Regev (1995)
0.088 0.097 -0.013 0.043 0.038 0.004

NOTE: Appendix F describes the decompositions in detail. This decomposition uses Equation (9)
in Appendix F. Productivity is estimated using the semi-parametric estimation (ACFlm) described
in Section 3. Shares of local market sales are used as weights.
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