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Abstract

Retailers typically expand gradually, rather than all at once, into new markets. Policy
that aims to accelerate growth requires distinguishing among the di�erent factors limiting
growth. I propose and estimate a model that quanti�es alternative explanations for gradual
growth, where one such explanation is diseconomies of scale in the opening of new outlets.
Such diseconomies of scale may arise from scarce managerial talent and/or lack of capital.
Alternative explanations allowed in the model include demand changes, decreasing cost of
capital, intramarket dynamics (e.g. learning), intramarket chain economies, and changes in
competition. An entry game is modeled, in which players choose how many stores to open and
close and in which markets to do so. The diseconomies of scale in store opening cause entry
decisions to be interdependent across markets. A variant of Maximum Simulated Likelihood
is used to estimate the game with these interdependencies. I estimate the model using entry
patterns in the Mexican supermarket industry during the early 2000s. I �nd that WalMart's
per-store entry costs increased by 2% for each additional store opened. I also �nd that a �rm
whose �nancial performance improves by 10% enjoys a 9% reduction in per-store entry costs.
Business-stealing e�ects and cannibalization e�ects are similar to those found in previous
work.

1 Introduction

When expanding its roster of outlets across geographic markets, retailers typically do so gradually

rather than all at once. WalMart's and Starbucks' expansions are two textbook examples of
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this gradual growth processes, of �rollout of stores�. Although much theoretical work exists1 on

plausible causes for such behavior, there are few empirical studies of this phenomenon. In this

paper I propose an empirical model that evaluates alternative explanations for the gradual growth

process. In particular, the model allows for diseconomies of scale in the expansion rate to be one

explanation for gradual growth. Diseconomies of scale in the expansion rate may originate from

limited resources, either capital or labor. For example, in retail, �rms need capital to fund new

stores and managers to open the new stores e�ciently. Both of these resources may be limited,

albeit renewable: positive cash �ows replenish capital and managers are free to work on new stores

upon �nishing the opening of a previous store. As such, the rate at which a �rm can grow may be

determined, in part, by the market for these renewable resources.

The diseconomies of scale in the expansion rate are modeled as a per-store sunk cost of entry

that increases in the number of stores being opened in a given year. The increase in per-store

cost may originate from rising cost of capital, as larger volumes of capital are required, or from

managers working beyond their e�cient productivity levels. Beyond diseconomies of scale, other

explanations for gradual growth embedded in the model are �uctuations in demand, changes in

competition, changes in the �rms' �nancials, and intra-market dynamics (e.g. learning by doing

within a market).

Distinguishing among the drivers of growth may be important for both �rm strategy and public

policy. A �rm whose growth is constrained by limited resources can target policies to increase these

resources, for example, by instituting management training programs or by developing a franchise

system. If, on the other hand, lack of demand constrains growth the �rm would do better by

investing in advertising and product development. In addition, a social planner concerned with

long-run concentration may wish to accelerate the growth of particular �rms. Distinguishing among

the drivers of growth is crucial for this goal. For example, making capital available will be e�ective

only if it is lack of capital what limits growth. If the market for managers is constraining growth,

a policy that simpli�es store entry, for example, by easing zoning laws and property transfers, may

have an impact in accelerating growth. The Mexican FTC encountered this problem in the early

1Penrose (1995) provides a summary of the classic models, and Sutton (2001), of more recent work.

2



2000s. WalMart was expanding at a much faster pace than the other national retailers. In an

attempt to equalize the playing �eld the FTC approved a purchasing alliance among three large

Mexican retailers.2 Had the FTC known the retailers limited expansion was due to demand and

cost of capital3 it might have taken a di�erent course of action.

The model I propose builds on the insights of Bresnahan and Reiss (1990, 1991) in which entry

costs are infered from observing entry and exit decisions. I model an entry game in which �rms

decide on how many stores to open or close over a set of markets. Competing �rms maximize

the di�erence between the added variable pro�ts from each market minus the costs of opening

stores in all the markets. Variable pro�ts in each market depend on the number of stores the �rm

has in that market and the number of stores the �rm's competitors have in that market. The

costs of opening stores is a non-linear function of the total number of stores being opened. This

non-linear cost causes markets to be interdependent, as the entry decision in one market increases

the cost of entry in other markets. I make the estimation tractable for this high dimensional choice

problem4 by using a variant of Maximum Simulated Likelihood: I use Bayes' rule to separate the

likelihood function into two parts, only one of which needs to be simulated and requires relatively

few simulation draws to obtain adequate accuracy.

I estimate the model using data on the Mexican supermarket industry during the early 2000s.

It is a time of expansion for both WalMart and other discount retail chains.5 I �nd that WalMart's

sunk cost per store increases between 1% and 2% for each additional store they open in a given

year. I also �nd that �rms enjoy a 9% reduction in sunk entry costs when the �rm's �nancial

performance, as measured by the �rm's debt to assets ratio, improves by 3 percentage points

2Sinergia, approved in 2004, was a JV for joint purchasing and distribution created by Gigante, Comercial
Mexicana and Soriana. cfr. Recurso de Reconsideracion, RA-022-2004, Comision Federal de Competencia

3Gigante exited the market in 2008 after years of poor performance. It sold its stores to Soriana, who repositioned
the brand and restructured the store network. Comercial Mexicana �led for bankruptcy protection in 2010 after
huge losses in the US derivative market. Had they �nanced their operation in pesos they would have avoided
bankruptcy.

4All entry games have complex interdependencies arising between players. In my model the interdependencies
are exacerbated, as they are present across players and across markets. Previous work that has dealt with inter-
dependencies across markets and players is Jia (2008). I do not follow her technique as it requires restricting the
game to two players and the Mexican supermarket industry has more than two players.

5Durand (2007) and Iacovone et al. (2009) attribute this expansion of discount retailers in Mexico to the fall of
trade barriers implemented by NAFTA.
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(10%). Also, demand �uctuations alone cannot explain the growth rate as markets must grow 90%

to justify the entry of a third store after opening a second store. The estimated competition e�ects

are very similar to those found in Jia (2008). I �nd that a market must grow 45% to recover the

loss in pro�tability caused by the presence of a competitor's store. I also �nd that the e�ect of

cannibalism (the pro�t-loss on the inframarginal stores upon opening an additional store) is twice

as strong as that of competition, which could imply that brand di�erentiation is signi�cant in this

industry. Counterfactuals in which the diseconomies of scale are completely removed for a subset

of �rms show how WalMart's competitors, Comercial Mexicana and Soriana, would have expanded

faster had these diseconomies not existed.

Finally, it is important to recognize that the model does not allow for falling costs that are

not due to �nancial constraints, nor does it allow for inter-market dynamics, as explanations for

gradual growth. As such, I conclude that the observed patterns of entry can be rationalized by

limited resources (increasing marginal costs) but I cannot reject the possibility that the observed

patterns could also be explained by falling costs or other inter-market dynamics (e.g. learning

across markets as opposed to learning within markets).

The next section provides background on the Mexican supermarket industry and discusses

how particular features of the industry will support various assumptions of the model. Section

3 describes the data. Section 4 sets forth the model and the identi�cation strategy. Section

5 demonstrates how Bayes' Rule can be applied to the likelihood function so as to make the

estimation tractable. Section 6 provides the results and is followed by conclusions in section 7.

2 Industry Background

Suppliers

The industry of interest is the supermarket industry. It is comprised of self-service stores that sell

mostly groceries but may also o�er general merchandise, drugs, optics, and services. In Mexico the

industry comprises 7 national chains, a few regional chains, and local stores. All national chains,

with the exception of Waldo's Dólar Mart, are publicly traded and have been in the industry
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for decades. Waldo's entered in 2002 and is not publicly traded. During the late 90s and early

2000s the national chains undertook a rapid expansion, opening stores in new markets and closing

unpro�table stores. This expansion is said to have been an e�ect of the trade liberalization that

followed NAFTA6. Figure 1 shows the growth of both national chains and regional/local �rms in

Mexico during this period. It is clear that national chains were expanding quite rapidly during

this time period.

Absent in the model are the non-formal grocery retailers: tent markets7 and behind-the-counter

stores. I do not consider these retailers as competitors to the chain stores given the signi�cant

quality di�erences. Non-formal retailers manage cash-only transactions, carry very few products,

and do not advertise. Their main advantage lies in their strategic locations and their ability to

operate outside a regulatory environment (tax evasion8 and FDA regulation).

Regional chains and local stores are included in the model but their entry decisions are taken as

exogenous. These �rms have stores that are smaller (with a few exceptions) than those of national

chains but o�er similar products and services. They open and close stores at a much slower rate

than national chains: between 1999 and 2006, 41% of the �rms did not open or close a single store,

31% opened or closed one or two stores, and 28% opened or closed more than two stores. The

largest number of stores opened by a regional chain during this time period is 16. Thus, I model

the regional chains and local stores as �rms that a�ect national chains' pro�tability but whose

entry and exit decisions are independent of those of national chains.

National chains operate stores under four di�erent formats: supermarkets, hypermarkets, clubs,

and bodegas. Stores that are run by di�erent �rms but have the same format are very similar, both

in �oor size9 and product assortment. Stores that have di�erent format di�er signi�cantly on sales

6Iacovone et al. (2009) discusses WalMart's entry and expansion in Mexico.
7Ambulant tent markets represent a signi�cant portion of the general merchandise industry in Mexico. According

to Instituto Nacional de Estadística (2004b), ambulant retailers accounted for 1.6M jobs in 2003, approximately the
same amount as Mom & Pop stores. Although some of these retailers are located in rural areas 65% of them are
located, as of 2003, in cities of more than 15k people and 47% in cities of more than 100k people. As a reference, the
formal sector accounted for approximately 7.8M jobs (cfr. sector 46 in Instituto Nacional de Estadística (2004a)).

8Fuentes et al. (2008) estimate ambulant-retailer tax evasion at 700 million dollars per year.
9The average �oor size of bodegas, in thousands of square feet, is 54 for Soriana, 55 for Comercial Mexicana,

and 49 for Gigante. The respective numbers for hypermarkets are 90, 83 and 69. The numbers are more dispersed
for supermarkets, ranging from 8k square feet for Waldo's to 38k square feet for Chedrahui. Source: ANTAD 2006
Directory. WalMart data are not available.
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�oor size and the number of products o�ered. They do, however, use the same distribution system

and suppliers. Table 1 shows the distribution of store formats for the national chains. Waldo's is the

only chain whose only format is supermarkets. They are also the only young chain in the industry.

All other chains have been operating in Mexico for decades. WalMart, who entered the Mexican

supermarket industry in 199310, did so through acquisition of a long standing national chain. The

di�erences in format distribution will be important when interpreting the di�erences in entry costs

across �rms. The recent entry of Waldo's will be important in interpreting the diseconomies of

scale in entry since the experience curve may bias the estimates of the diseconomies of scale.

Distribution centers (DCs) are important for store location since most merchandise is channeled

through the DC. The paper does not model the opening decisions of DCs but rather takes the

locations of DCs as exogenous. Such assumption does not seem restrictive given �rms do not add

DCs at the same pace they open stores. Only two �rms, Soriana and Chedrahui, add DCs during

the period under study. Soriana opens a major DC in the Mexico City area and opens two smaller

DCs, focused on perishable goods, in the northwest and southeast. Chedrahui opens two DCs,

one in Mexico City and one in Monterrey. Gigante inherits a DC in the south of Mexico with the

acquisition of a regional chain in that area.

Markets

Urban areas in Mexico are well de�ned and clearly marked: people reside in a concentrated area

(�gure 2 shows an aerial snapshot of the median market) beyond which is the countryside. The

average distance between two neighborhing towns is 22 miles (�ying distance) and the median town

is 3.2 miles wide.11 De�ning a town as the relevant market for supermarkets is natural given the

lack of suburban sprawl. Unfortunately, Mexico's geopolitical structure is based on municipalities

and not towns. A municipality is smaller than a county but larger than a town. Most municipalities

encompass a single town. Since Census and ANTAD data are reported at the municipality level

10WalMart opens its �rst Sam's Club in Mexico in 1993 in a JV with Cifra. In 1997 WalMart adquires Cifra and
converts Cifra's stores into Supercenters.

11The median market, according to its 2006 expenditure on groceries, is Sahuayo, MICH; population of 63k;
expenditure of $104M.
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and not the town level, I use municipalities to de�ne markets.

Some larger cities are comprised of more than one municipality. For these large cities I merge

the municipality data to form a single market. The exception to this rule is Mexico City, which is

excluded from the analysis altogether,12 Monterrey, and Guadalajara. These last two cities are so

large that de�ning them as a single economic market would be unrealistic. Instead, I de�ne each

municipality within Monterrey and Guadalajara as a market and try to control for the possible

demand spillovers between neighborhing municipalities.

I include all municipalities with a population larger than 30,000 (as of 2005) or that appear

in the ANTAD directory (adding 33 more municipalities). This is a very inclusive rule: most

municipalities with fewer than 30,000 people are rural municipalities, which have less than 30%

of the population concentrated in or around a town.13 The �nal sample represents 80% of the

national population and includes all major urban areas.

Tourist and border towns require special attention. The demand for grocery stores in tourist

towns (e.g., Cancun) can be larger than that in otherwise similar-sized towns due to the a�uence

of tourists. Border towns have neighboring American counterparts (e.g., El Paso - Cd. Juarez).

These neighboring towns can potentially have demand and/or supply spillovers that a�ect store

pro�tability. The model partially controls for these factors with demand shifters.

Behavior

I now discuss some �ndings on �rms' behavior obtained in a set of interviews with employees from

ANTAD and from two chains in Mexico.

Firms' entry and exit decisions are made by a centralized planner who may be the board of

directors or a vice president. These decisions are revised once a year or once every year and a

half. Between revisions, a real estate department within the �rm searches for optimal locations.

Incorporated in the search is information obtained from regional managers, store managers, and

12Entry decisions in Mexico City are very di�erent than in other markets due to the scarce store locations, the
small correlation between demand and localized demographics (due to the commuting patterns), and the abundance
of non-formal retailers.

13For example, the largest municipalities that did not make the sample are Otumba, MEX and Bocoyna, CHIH,
each with an urban population of 8k, according to the Department of State (INAFED-SEGOB).
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suppliers. Upon �nding a location, the real estate department may purchase the land. Negotiating

with both sellers and government agencies to settle disputes on price, zoning regulation, encum-

brances, etc. involves a signi�cant amount of managerial time. Other hurdles that need to be

solved before opening a store include gathering the capital required for building and operating

the store, the construction of the store, and adjusting the supply chain to supply the store. In

summary, the time lapsed between the decision to open a store and the day the store is opened can

be as much as 18 months. The process requires much managerial talent, acquired mostly through

experience in the industry.

Most �rms are family owned, and as such, rely on internal cash �ows and bank loans for

�nancing. Thus, one of the important limitations on growth is the cost of capital.

Firms learn about each others entry plans through media reports, suppliers, and other �rms'

real estate purchases. Firms use this information when de�ning their own entry plans. Thus,

optimal store location is based on estimates of current demand, potential demand growth, and

competitors' current entry decisions. This suggests that a simultaneous move static game could

be appropriate in modeling how �rms compete.

3 The Data

The principal data source is the ANTAD annual directory. The directory contains, at the munici-

pality level, the number of stores each �rm has by format type. The WalMart data that was missing

from the ANTAD directories for certain years was acquired from Walmex and complemented by

the maps in Iacovone et al. (2009) and annual reports. The seven national chains are WalMart,

Comercial Mexicana (CCM), Gigante (GG), Soriana, Waldo's Dólar Mart, Casa Ley, and Tiendas

Chedrahui. All other grocery retailers in the ANTAD database are considered regional or local

�rms. A �rm is classi�ed as a national chain according to the number of stores it has and its geo-

graphic scope. The distinction between a national chain and one that is not is clear: the smallest

of the national chains, Chedrahui, operated 96 stores in more than 20 states in 2006. The largest

regional/local �rm in the ANTAD directory is HEB, which, as of 2006, had only 25 stores in 6
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states.14

Table 2 provides a snapshot of the industry in 2006. The average market had three national-

chain stores and one local or regional chain store. Tijuana had the maximum number of stores,

with 57 national-chain stores and 32 local supermarkets. Non-grocery retailers (apparel stores,

sporting goods, and pharmacies)15 averaged about seven stores per market, twice as many as

grocery retailers.

Entry and exit decisions are inferred by di�erencing the number of stores from year to year.

For years in which information is not disclosed at the store-format level entry and exit decisions

are inferred from the changes in aggregate �oor size (also reported in the directories) and annual

reports.

Entry and exit decisions are not directly observed. They are inferred by di�erencing. This

can lead to three types of mismeasurements: (1) the inability to observe a simultaneous entry

and exit within a market, as the number of stores from one year to the next remains constant;

(2) the inability to observe store refurbishing (without a change store format), which may involve

signi�cant investments; and (3) the double counting that may arise from store refurbishing that

changes the store format (this would appear in the data as simultaneous entry of one format and

exit of another format). The �rst two mismeasurements will cause the increase in entry costs

to be overestimated, while the third will cause the increase in entry costs to be underestimated.

Information from interviews and annual reports suggest the �rst type of mismeasurement is not

common in the industry, but that the second and third do arise from time to time. Of all the entry

decisions in the panel, only 3%16 occur with a simultaneous closure of a store of di�erent format

within the same market. I do not count these entries but rather assume the change is solely one

of format. I do not count changes in store format as entry decisions.

Entry and exit patterns are corrected for mergers and acquisitions. I do not consider a store

acquired via merger as an entry. I expect the strategic decisions behind mergers to be di�erent than

14Carrefour, also excluded from the list, operated up to 29 stores before exiting the market in 2004. It sold o�
its operation to Chedrahui.

15This data was also obtained from the ANTAD yearly directories.
16Twenty six out of 740.
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those behind opening or closing individual business units. There were only three mergers during

this time period: GG acquired Super Maz's 13 stores in 2001, CCM acquired Auchan's 4 stores in

2003, and Chedraui acquired Carrefour's 29 stores in 2005. In the year following the mergers, the

acquiring �rms did not close any of the acquired �rms' stores; thus, I am not concerned that the

new stores may bias variable pro�ts, identi�ed o� exit decisions.

After correcting for mergers and excluding entry and exit decisions in Mexico City, the total

number of entries over the seven-year span is 714. Table 4 shows the distribution of entry decisions

according to di�erent variables. Firms open between 0 and 69 stores a year, with a mean of 17.

Most entry decisions regarded opening a single store in the market (65%) or opening two stores in

the market (21%). The outliers involve opening 6 and 17 stores, respectively, in a single market.

Of all entries, 47% occurred in new markets, with a �rm starting operations in that market for the

�rst time. Fourteen percent occurred in markets where the �rm already had one store in operating

and 11% where the �rm already had two stores in operation. Most entries (85%) occurred in

markets where a competitor was already present. Overall, there is a lot of variation in where

entries occurred, which will be convenient for estimating competitive e�ects.

Although exits are not as common, there is still a lot of variation in exit patterns. Of a total of

91 exits, 70% were closing of a single store, and 15% were of closing of two stores, simultaneously,

in the same market. There is one observation of a �rm closing 7 stores simultaneously in the same

market. In 17 of these exits, the �rm closed its last store in the market; and in 20 more, the �rm

downsized from two stores to one. Of all exits, 68% occurred when a competitor simultaneously

entered the market. This richness in exit patterns will be helpful in separating �xed costs from

sunk entry costs.

Demand information comes from various sources. Population and state-employee17 information

is obtained from the 1995, 2000 and 2005 censuses. CONAPO18 provides population projections

for the remaining years. Projections are scaled to �t the census data. Income is obtained from

17State employees not only proxy for the size of government but also have access to state-run, and subsidized,
grocery stores. These stores do not appear in my data. Thus, the presence of large concentrations of state employees
may proxy for unobserved competition for the national chains.

18Consejo Nacional de Poblacion: the Mexican government agency that oversees population dynamics.
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INEGI19 at the state level. Population density is calculated by dividing population by municipality

land area, obtained from INEGI.

The principal demand covariate is the total expenditures on groceries in the market. Per-

person grocery expenditures are obtained from ENIGH,20 a household expenditure survey. The

included categories are (1) in-house food consumption, (2) personal care items, and (3) household

care and cleaning items. ENIGH contains survey data for the years 2000, 2002, 2004, 2005, 2006,

and 2008. I divide the ENIGH surveys into two databases according to household income. Low-

income households are de�ned at the poverty line as determined by CONAPO: two minimum

wages per adult.21 Thus I obtain, for each municipality, the per-low-income-person yearly grocery

expenditure, and the per-high-income-person yearly grocery expenditure. Since it is a survey, it

does not always have data on all municipalities. To �ll in the gaps, a non-parametric regression is �t

to the data and used to predict per-person expenditures. The predicted per-person expenditure is

used in the model even if the speci�c market-year had actual data. The non-parametric regression

�ts per-person expenditures on a 4th order polynomial of population, population density, income,

ratio of state employees to population, fraction of low-income population, and state and year �xed

e�ects. Outliers are censored at the 5 and 95 percentiles.

The adjusted R-squared of the high-income and low-income regressions is 0.37 and 0.24, re-

spectively. Despite the low R-squared, the �t is relatively good. For the high-income regression,

the standard deviation of the ratio of residuals to predicted values is 0.26 (the mean is zero by

construction) and the 5th and 95th percentiles of this ratio are -0.37 and 0.43, respectively. This

means that for 90 percent of the observations for which data exists, the di�erence between the

observed and the predicted values is less than 43% of the predicted value.

Measuring the goodness of �t for out-of-sample predicted values is more di�cult since no good

reference points exist. Nevertheless, I can compare the out-of-sample predicted values with the

in-sample predicted values for the municipalities that will be used in the model (ENIGH provides

19Instituto Nacional de Geogra�a, Estadistica e Informatica : the Mexican Census Bureau.
20Encuesta Nacional de Ingresos y Gastos del Hogar: a household expenditure survey administered by INEGI.
21For a household to be considered low-income, the average monthly income per adult in that household must be

less than two Zone B minimum wages in a 26-working-day month.
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data on more municipalities than the number used in the model). That is, for those markets that

will be used in the model, I can form two sets of predicted values: (a) those market-years for which

I do observe expenditure (in sample predictions), and (b) those market-years for which I do not

observe expenditure (out of sample predictions). The mean value of the out-of-sample predictions

is $2,239 dollars per person, per year. The 5th and 95th percentiles (before censoring) are $1,735

and $2,847, while the extreme outliers are $777 and $6,158. For the in-sample predictions, the

mean value is $2,417, the 5th and 95th percentiles are $1,839 and $3,229, and the extrema are

$935 and $6,184. Thus, the distribution of predicted values for those markets for which data exists

is very similar to the distribution of predicted values for those markets where data does not exist.

After censoring, the average yearly expenditure per person for the sample that will be used in the

model is, for the high-income group, $2,270 dollars. For the the low-income group it is $1,100

dollars. The median values are just slightly lower, indicative of a non-skewed distribution.

The total market expenditure is calculated by multiplying predicted per-person expenditure by

population in that income group (obtained from CONAPO's Indice de Marginacion publication).

The average market expenditure is $277M dollars22 per year (corresponding to Cd. Cuauhtemoc,

Chih., population 134k). Market expenditure is highly skewed, with a median of $95M corre-

sponding to Zacatlan, Pue (population 70k). The skewness in market expenditure is the result

of both population skewness and a positive correlation between the household expenditure of the

high-income tier and population: perhaps not surprisingly, the wealthy live in the large cities. The

largest market ($3.7B) is Guadalajara (the municipality within the greater Guadalajara area),

whose population is 1.6M. The smallest market ($0.9M) is a small municipality in the state of

Oaxaca. Table 3 provides a summary of the demand covariates and some supply covariates.

The location of distribution centers is obtained from �rms' websites and annual reports. The

distance to a DC is calculated as the �ying distance from the geographical center of the market to

the geographical center of the city in which the DC is located. Although some DCs are specialized

for perishable products, the model assumes all DCs provide similar support and, thus, takes the

distance from the market to the nearest DC. The distance to the nearest and farthest markets in

22All economic �gures are in 2008 US dollars.
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wich a �rm has a store is also calculated as �ying distance. Table 3 shows these distances for 2006.

The average distance to the nearest DC is 225 miles, a large distance considering it is calculated as

a �ying distance and not a travel distance. Firms are very spread out in Mexico, with the largest

distance between any two active markets averaging 1,230 miles. As a reference the �ying distance

from Mexico City to Tijuana is 1,400 miles.

Financial data on the �rms is obtained for �ve of the seven �rms. Only Chedrahui and Waldo's

lack �nancial data since neither �rm was publicly traded during this time period.23 Two measures

are used to proxy for the �rms' cost of capital: the Debt to Assets ratio and the Operating Cash

Flow to Debt ratio. The values used are those of the previous year, since I want to proxy for the

cost of new capital. Table 5 shows a summary of these statistics.

4 The Model

In this section I extend the model in Bresnahan and Reiss (1990) to account for multi-business-

unit �rms. The objective is to estimate a cost curve that may be non-linear in the number of

stores a �rm opens per year and to account for a �rm's �nancial situation as it relates to entry

costs. In the �rst subsection I set up the general model and discuss the normalizations required

to identify parameters even when the econometrician has access to a very rich data set. In the

second subsection I impose additional assumptions to the model so as to recover the cost curve in

the context of the Mexican supermarket industry data, whose richness is not su�cient to identify

all types of complementarities and heterogeneities.

4.1 A Revealed Preference Approach

The primitives of the model are formed by a set of I �rms with access to a set of M markets. A

�rm obtains a bene�t from an action (di )
24 and incurs a cost from such action. The bene�ts may

depend on other �rms' actions. The action is the number of stores (business units) a �rm opens in

23Chedrahui entered the Mexican exchange in 2009. Casa Ley is not in the Mexican exchange. It is 50% owned
by Safeway. I use Safeway's �nancial numbers, as published on the NYSE.

24Bold face denotes vectors. i will index a �rm, m a market, and t a year.
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each market (dei ) and the number of stores it closes (dexi ). A �rm is allowed to open any number

of stores and to close as many stores as it had active at the start of the period. This extends BR's

work in that �rms in their model had a dichotomous action: entry or no entry (di ∈ {0, 1}), while

in my framework the action is a vector ({dei ,dexi } ∈ Ai ⊂ Z2M).25

Firms' pro�ts are a function of the number of stores each �rm has per market, denoted by

s ∈ ZIM . The number of stores in a market is given by the �rms' decisions and the previous store

allocation. In vector notation the number of stores at time t is: st = st−1 + det − dext .

The bene�t from opening a store is the increase in variable pro�ts achieved by doing so. The

bene�t from closing a store is the reduction in losses of variable pro�ts achieved by doing so. The

costs of the actions (di ) are sunk and thus properly called sunk entry costs. The number of active

stores (s) may also carry costs but are not sunk and thus are referred to as �xed costs. One may

think of sunk entry costs as the set-up costs (permits, furbishing, contracting, etc) and of the

�xed costs as operating costs (wages, utilities, etc). The distinction is subtle but important in

determining market structure. If sunk entry costs are large relative to �xed costs, �rst movers will

dominate the industry even if they are ine�cient. If sunk costs are small relative to �xed costs,

e�cient �rms will eventually enter and displace ine�cient �rms. In a BR-like model, �xed costs are

captured in the intercept of the variable pro�ts function, although this intercept may also measure

other variables. Identi�cation of both sunk entry costs and �xed costs requires information on

both entry and exit decisions.

To formalize the preceding paragraphs, �rms' pro�ts are given by (a) variable pro�ts, which are

a function of the number of a �rm's stores, and (b) entry and exit costs, which are a function of the

�rms' entry and exit decisions. Both variable pro�ts and entry costs are a�ected by L exogenous

observed shifters, xt ∈ <LIM . Variable pro�ts are also a�ected by unobserved shifters, εit ∈ <M .

Both functions are parametrized by a �nite unknown vector, θ. Thus, the pro�ts of a �rm may be

written as (to simplify on notation I omit the time script and group χi ≡ (xi, ε, θ))

π(dei ,d
ex
i |d−i, s, χi) = V (si + dei − dexi , s−i + de−i − dex−i, |χi) + C(dei ,d

ex
i |χi) (1)

25Previous extensions of BR involved �rms choosing a single location on an exogenous choice set of vertically
(Mazzeo (2002)) or horizontally (Seim (2006)) di�erentiated locations; �rms choosing multiple entry in a single
location (Ishii (2008)); and �rms choosing multiple entry in multiple locations (Ellickson et al. (2010); Holmes
(2011); Jia (2008); Nishida (2009)).
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where V (·) are the variable pro�ts and C(·) are the costs. It is this cost function that is of main

interest in the paper. The rest of the paper consists of trying to recover the parameters that

characterize both V (·) and C(·). Observed by the econometrician are the realized actions, d?,

and the state variables (s,x). Assumed by the econometrician are the functional forms V (·) and

C(·), although these may be very �exible. Also assumed by the econometrician are the rules by

which d? arises from the unobserved pro�ts, π(d). I will assume �rms play a complete information

simultaneous move game in pure strategies, choosing actions d? that maximize pro�ts.

The pro�t function is allowed to be very �exible. With enough variation in the data, one could

estimate very complicated functional forms, including dynamic value functions. Nevertheless, there

are two critical assumptions required to identify the pro�t function when observing solely entry

and exit decisions along with state variables. The �rst regards the fact that the pro�t function is

identi�ed up to level and scale. The second regards the fact that variable pro�ts, entry costs, and

scrap values are not separately identi�ed.

Assumption L&S The pro�ts from having 0 stores in the market is 0. The variance of the

unobservable ε is 1.

This normalization is common in almost26 all entry papers and is required since the observed

action d? is optimal under positive, strictly monotonic, transformations of the pro�t function.27 In

the model, a �rm with no stores accrues a pro�t of 0. In reality, the pro�ts from not operating in any

market are not 0 but the value of investing in some other venture. The level normalization a�ects

how the estimate on the constant is to be interpreted and the scale normalization implies that

estimates are relative to some base measure. Nevertheless, these normalizations do not bias other

estimates and, as such, can be called a trivial normalization. In contrast, the next normalization

on scrap values is not a trivial one.

26The alternative most common normalization (Manski (1975); Fox (2010)) is to normalize the parameter on
one of the covariates that has full support to 1. This is done when the econometrician does not want to make a
distributional assumption on the unobservable, such that the higher moments of the unobservable are unknown.

27The pro�t function is normalized up to an a�ne transformation, and not a strictly monotonic transformation,
since a�ne transformations are the only strictly monotonic transformations that preserve additive separability.
That is, if f(x) = f1(x1) + f2(x2), then g(f(x)) = g(f1(x1) + f2(x2)) = h1(x1) + h2(x2) only if g(·) is an a�ne
function.
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Assumption SV. Scrap Values are normalized to 0. Any complementarities (either positive or

negative) in multiple exits are also normalized to 0.

This is required since Entry Costs, Variable Pro�ts and Scrap Values (the pro�ts accrued/lost

following exit) are not separately identi�ed. The reason why this is so is that the econometrician

observes only two decisions (entry and exit) but would like to infer three values. A simple example

can make this clear: a monopolistic �rm is deciding to enter a market it has not yet entered.

Variable pro�ts are π + ε, where ε varies from market to market and its scale is normalized to 1,

pro�ts of not entering are normalized to 0, entry costs are E, and scrap values of exiting are S.

From observing many entry decisions, the econometrician can infer the entry threshold, ε?, where

E − π = ε?. From many exit decisions, the econometrician can infer the exit threshold, ε??, where

S − π = ε??. Now the econometrician has two equations but three unknowns: E, S, π. To identify

E and π some assumption needs to be made on S. This assumption can be setting S to 0 or to

some other value.

If a �rm can operate only one store the normalization on Scrap Values is just one of level,

a�ecting the constant of the variable pro�ts but otherwise trivial. When the �rm operates more

than one store the normalization is no longer trivial. For example, if the �rm operates two stores,

the econometrician would want to infer the scrap values accrued when exiting both markets si-

multaneously, when exiting each market individually, and when exiting one market and entering

another. Assumption SV states that the scrap values in all these cases would be the same: zero.

In the current context, normalizing complementarities on multiple exits to zero can be restrictive

if multiple closures a�ect the cost of entry (by absorbing the managers' time) or the �rm's overall

pro�tability (e.g., the loss of brand value or increased labor costs due to union contracts). Multiple

exits are not common in the Mexican supermarket industry, which mitigates these concerns. Only

four �rm-year observations close eight or more stores in a given year, and the next largest closure is

four stores. Nevertheless, I add a robustness check to the estimation. In an alternative speci�cation

I assume each exit increases the per-store sunk entry costs by the same amount that an entry would.

With these normalizations in place the cost function varies solely with entry decisions: C(dei ,d
x
i |χi) =

C(dei |χi) . Variable pro�ts are identi�ed separately from entry costs in that entry costs are not
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a�ected by exit decisions and variable pro�ts are.

One �nal comment regarding V (·), the variable pro�ts function: no structure has been imposed

on it. V (·) may be the value function of a dynamic program where the state space is de�ned by

(s, χ), as in Bajari et al. (2007). Furthermore, any arbitrary complementarity between the vectors

di, d−i, and the state space (x, s) may be recovered given the econometrician has enough data.

This data requirement is not trivial. With many markets the vectors are of high dimensionality

and independent observations are given by players acting in an industry, where the industry is

composed of a set of markets. The Data Generating Process must be able to generate such rich

data. In other words, the industry must have gone through signi�cant variance to produce di�erent

combinations of entry and exit for each state, where the state is given by the number of stores

in each market. In most settings a single rise and decline of an industry is observed. Additional

restrictions need to be added to recover some parts of the variable pro�ts and cost curves.

The Mexican supermarket industry data is not as rich as one would like. As such, I do not

estimate a dynamic value function and I restrict signi�cantly the complementarities that may arise

across markets. The following section makes these restrictions explicit. The exact structural forms

of variable pro�ts and entry costs are introduced at the end of the section.

4.2 Adapting the Model to the Mexican Supermarket Industry

The main interest of the paper is to estimate a cost curve where the cost per store may increase

with the number of stores opened per year. I assume per-store entry costs can be separated into

two parts, one at the national level that is independent of location and depends solely on the total

number of stores being opened; and a second part at the market level that is dependent solely on

observed market covariates but not on how many stores are being opened in that speci�c market.

This restriction limits the market interdependencies that may arise due to entry costs. Opening

a store in Tijuana will raise the cost of opening a store in Cancun, but it will do so by the same

amount in which it raises the cost of opening a store in Oaxaca. This is the only intermarket

dependency that will be allowed.28 The two main complementarities that are assumed away are (1)

28The number of arbitrary complementarities that the general framework allows for is much larger. For example,
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economies of scale in entry within the same market, for example, if WalMart opened a Supercenter

and a Sam's Club next to each other, with a shared parking lot; and, (2) economies of scale across

a subset of markets, for example, opening a store in Cancun may decrease the cost of opening a

store in Playa del Carmen but not in Oaxaca. This latter complementarity is unlikely to exist in

the industry given the isolation of markets. Complementarities of the former form may exist and

would bias estimates of variables pro�ts, especially those regarding competition between a �rm's

own stores. It is not likely to bias the nationwide diseconomies of scale in entry if the �rms open

stores in many markets, as is the case. Nationwide economies of scale (e.g. national advertising)

may exist but cannot be separately identi�ed from nationwide diseconomies of scale and will bias

downward the diseconomies of scale.

The above restriction does not reduce the relevant state space, as entry decisions across markets

remain interdependent.29 As such, I must resign myself to estimating a model with a huge state

space. Estimating a dynamic model is infeasible since a reduced form of either Value Functions

or Policy Functions that can be related to the primitives of the model is unknown and the usual

techniques for solving for either Value Functions or Policy Functions are infeasible with such large

state space. Thus, the following assumption is made:

Assumption SG. Firms play a static game. They do not consider they, or any other competing

�rm, will revisit their decisions next year when making decisions this year.

The assumption is not as stringent as it appears at �rst glance. By posing a static game,

the estimates of the variable pro�ts should be interpreted as NPV and not as per-period pro�ts.

Covariates will capture both a direct e�ect of the covariate on pro�ts and an indirect e�ect of that

covariate on the expectations of future pro�ts. For example, market growth does not contribute

directly to pro�ts, but a positive estimate on market growth indicates that �rms value growing

markets for their future rents.

with 400 markets and a simple dichotomous entry/exit decision, the set of di�erent possible entry costs is 2400,
which is a number with 120 zeros.

29A reduction in the state space would require removing the market label from the state. This would make the
model unrealistic: it would imply that having two stores in di�erent markets is the same (at least stochastically so)
as having two stores in the same market.
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The two important dynamic concerns are learning and preemption. I will try to control for

these two in the static model. I control for learning within a market by allowing for a level shift

in entry costs for the �rst time a �rm opens stores in a market. If �learning by doing� within a

market is prevalent in the industry this estimate will be positive, as opening subsequent stores is

easier than opening the �rst. If the �option value� of learning is prevalent, this estimate will be

negative as �rms open the �rst time in a market to learn about the market and, following a bad

outcome, do not open subsequent stores. Although I could allow for similar shifts in entry costs

for the second and third time a �rm opens in a market, I do not think it is necessary to do so

as most the the intra-market learning happens with the �rst store: the store manager will have a

good idea of the local demand, local suppliers and local real estate.

I control for preemption within a market by allowing for a level shift in entry costs for the

�rst time a �rm opens stores in a market where no other competitor is present. If preemption is

prevalent the estimate will be negative.

What is lost in the static model is learning and preemption across markets. It is these inter-

market dependencies that make the dynamic model infeasible. The isolation of markets mitigares

the concern of intermarket learning but not of intermarket preemption. It may be the case that a

�rm may open in its opponents' favorable markets before opening in its own favorable markets. In

interviews with industry players this does not seem to be the case, as managers focus on opening

the most pro�table stores given competitors current expansion plans but not competitors' potential

future expansion plans.

The optimal strategy in the static game is very complex given the many di�erent store opening

con�gurations that are possible. I reduce the complexity of the problem by assuming away any

market interdependencies that are not related to diseconomies of scale in entry costs. Thus, the

gains in variable pro�ts from the entry decision in many markets is solely the added value of the

gains in variable pro�ts of each market where entry occurs.

Assumption IVP. Variable pro�ts are assumed to be independent and additive across markets.

This assumption eliminates any spillover across markets due to variable pro�ts. There are
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two reasons for this assumption. The �rst is that the data are not rich enough to estimate these

spillovers. Estimating arbitrary complementarities across markets would require observing multiple

entry and exit vectors. The mexican data does not have such richness. The second reason is that

it simpli�es the optimal entry/exit strategy. By assuming no spillovers in variable pro�ts, no

spillovers in exit costs (assumption 4.1), and equal spillovers in entry costs, exit decisions are

independent across markets and entry decisions in any given market do not alter the optimal

ordering of entry decisions in other markets. The combinatorial search problem is simpli�ed to

one of �nding the optimal ordering of entry possibilties.

Independence is a strong assumption. It rules out the possibility that consumers may bene�t

from stores in nearby markets. It also rules out the possibility of sharing advertising, procurement,

overhead, and/or distribution costs across markets. For example, a �rm cannot increase its overall

purchasing power by increasing the number of stores it operates.

Assuming away spillovers on the demand side is not much of a concern in this industry since

markets are isolated (cfr. section 2). On the supply side, stores acquire most of their merchandise

either from a DC (operated by the parent company or by a large supplier, e.g., CocaCola) or from

local suppliers. One of the main spillovers to worry about is �rms clustering stores in anticipation

of a DC (as in Holmes (2011)). During the observed time span, only two �rms added DCs to their

networks (and one �rm inherited a DC from an acquired �rm). Thus, with the exception of these

two �rms, it is reasonable to consider the network of DCs as exogenous and the clustering of stores

as a response to current DCs and not future DCs.

The other supply-side complementarity of concern is increasing purchasing power. A �rm that

opens stores in a given market may increase its purchasing power, increasing the variable pro�ts

of stores in all markets. If such behavior is prevalent, entry costs may be biased downwards. The

�rm has an incentive to open many stores since that increases the pro�tability of existing stores.

The bias on the increase in the entry cost should be negligible given the large base of stores the

�rms already operate.

The last assumption is on heterogeneity. Ciliberto and Tamer (2009) and Toivanen and Wa-

terson (2005) are examples of entry models that allow for rich competition patterns that depend
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on �rms' identity. Estimating such entry models requires many independent observations of the

same �rms. Limitations on the length of the panel and the fact that I allow for heterogeneity in

entry costs across �rms requires reducing the degrees of freedom in other parts of the model.

Assumption HVP. Variable pro�ts are homogeneous across �rms and across markets condi-

tional on covariates.

Variable pro�ts are identi�ed o� exit decisions. Allowing for variable pro�ts to di�er across

markets/�rms requires observing multiple exit decisions in all markets and/or for all �rms. As

stated earlier, although exit does happen, it is not overly common. Complementarities would be

estimated o� very few observations, making them dubious and biasing entry costs in unknown

ways. By assuming homogeneity, exit decisions of di�erent �rms and/or in di�erent markets may

be pooled.

To the extent that �rms are di�erent, the estimated coe�cients would capture the average

e�ect. Other coe�cients may be biased to accommodate the heterogeneity. For example, if �rms

di�er in variable pro�ts, estimated di�erences in entry costs will capture di�erences in variable

pro�ts and not only true di�erences in entry costs. Another example of this type of bias occurs

when �rms with more stores are also more e�cient. Since variable pro�ts are not allowed to vary

across �rms, competition e�ects between a �rm's own stores will be biased downwards, as �rms

with lower costs will also be the �rms that have more stores in the same market.

As described in Section 2, stores owned by di�erent �rms but of the same format (supermarkets,

hypermarkets, bodegas, and clubs) are very similar. They tend to be of the same size, operate

with similar personnel and carry similar product lines. Assuming homogeneous variable pro�ts

should not be too much of a concern once the covariates include the store-format mix and di�erent

intercepts (purchasing power) for the di�erent �rms. I add both of these in an extension to test

the homogeneity assumption.
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4.3 Structural Forms

In this section I set forward the speci�c functional forms of the variable pro�t and cost functions.

To summarize the previous section, variable pro�ts are additive across markets and are the same

for all �rms and all years conditional on covariates. Variable pro�ts in a given market depend

solely on the number of stores, both of the �rm and its competitors, in that market. Entry costs

consist of two parts: a per-market entry cost and a national cost function, which depends solely

on the total number of entries. Thus, �rms pro�ts are given by:

π(dei ,d
ex
i |d−i, s, χi) =

∑
m∈M [v(simt, s−imt|χimt)− c1(deimt|χit)]− c2(ωit|χit)

sit = sit−1 + deit + dxit s−imt =
∑
k∈I\{i} skmt ωit =

∑
m∈M deimt

(2)

Sunk Entry Costs

The cost function is given in two parts: the per-store cost in a given market and the overall national

cost that is increasing in the number of stores:

c1(deimt|χit) = deimt
(
θLi + θFxFsit + θLearning1{simt−1=0} + θPreemption1{simt−1=0,s−imt−1=0}

)
(3)

c2(ωit|χit) =
(
θCi + θFCxFsit

) (
1 + θTrendt

)
(ωit ln [ωit]) (4)

Equation 3 is the linear part that is common in previous literature. It contains a constant linear

cost, θLi , which is allowed to vary by �rm. This parameter is what is recovered in most of the

previous literature when referring to sunk costs. It can capture the sunk costs of a speci�c store:

building the store, issuing permits, hiring personnel, contracting with suppliers, etc. I expect θLi

to be lower for the more e�cient �rms (e.g. WalMart) or for those �rms whose store-format mix is

dominated by small stores (e.g. Waldo's, which only operates supermarkets). I also expect θLi to

be lower for �rms with unobservably larger variable pro�ts, since variable pro�ts are not allowed

to di�er arbitrarily across �rms.

The term xFs is the �rm's debt-to-assets ratio. It proxies for the �rm's cost of capital, so I

expect θF to be positive: the larger is the debt, the more expensive the capital becomes for the

�rm. As a robustness check, I use the ratio of operating cash �ow to debt as an alternative measure

of the cost of capital.
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Also a�ecting the per-store entry costs are θLearning and θPreemption. The former is a level increase

in per-store entry costs when the stores being opened are the �rst stores in that speci�c market.

The term θPreemption is a level shift in entry costs when a �rm is entering a market for the �rst time

and no competitor is present in that market.

Equation 4 is the main interest of the paper. It is a non-linear function of the total number of

stores being opened in a given year (ωit). A positive estimate on θCi implies the cost per store is

increasing in the total number of stores opened. That is, the cost per store of �ve new stores is less

than the cost per store of ten new stores. I use ω ln [ω] instead of ω2 since I expect the increases

to be less than proportional. The term θCi is allowed to vary by �rm since I expect that resources

across �rms for store opening to di�er signi�cantly.

The only caveat is that I do not instrument for unobserved heterogeneity in entry costs. A

�rm that has an unobservably low entry cost will open more stores because its entry cost is lower,

and this will bias downward the estimate on θCi . Allowing for the per-store linear cost (θLi ) to

di�er across �rms mitigates this concern to some extent. Nevertheless, a �rm's per-store cost may

be dropping with time. This would be the case if the �rm were undergoing a learning process

(experience curve). I would not be surprised if this were the case with Waldo's, which is new to

the market. If this were the case, I would expect θCi to be biased downwards, and the bias could

be large enough to make θCi negative. It would be surprising if the other �rms, which have been

in the market for decades, experienced a similar learning curve.

The other terms a�ecting the non-linear costs are θFCxFs and the time trend. The former cap-

tures how a �rm's cost of capital a�ects increases in marginal costs. A negative estimate on θFC

implies increases in marginal costs are smaller when the �rm has a high cost of capital. If increases

in marginal costs captured purely managerial constraints, the estimate would be indicative of cap-

ital and managerial resources being complements in store opening. That is, when capital abounds,

the increases in the cost of entry are larger (the shadow price to the constrained managerial input

is larger), probably because managers are more spread out. Nevertheless, the overall entry cost

may be lower, as captured by θF . If, on the other hand, the increases in entry costs are due to

both managerial and �nancial limitations, then θFC may be capturing the non-linearities that the
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functional form restricts.

The time trend, (1 + θTrendt), allows for the increases in cost to relax over time. As �rms build

capabilities, each year they can open more stores than in the previous year. A negative value on

θTrend would capture this. The speci�c structure implies a linear discounting. The time trend is

important for rationalizing �rms opening more stores each year when demand is not growing.

Variable Pro�ts

Variable pro�ts are given similarly to Ellickson et al. (2010), where the variable pro�ts per market

are just the added value of a reduced form of pro�ts per store:

v(simt, s−imt|χ) = simt
[
ximtβ + θOwn ln [simt + 1] + θComp ln [s−imt + 1] + εimt

]
(5)

The term θOwn captures the complementarities/substitution stores in the same market have on

each other. A positive θOwn would capture the Chain E�ect of Jia (2008), while a negative value

would be more in accordance with Holmes (2011), who �nds that stores cannibalize each other.

The term θComp captures the e�ect of competitor stores and I expect this value to be negative.

Supply and demand shifters in x include the log of market potential of the high- and low-income

populations; the log-number of local stores (non-national grocery retailers); the log-number of state

employees; the log of the average income per capita in the market; the market's average growth

rate for the previous three years; the log of population density in the market; the log-distance to

the nearest DC, to the nearest market in which the �rm has stores, and to the farthest market

in which the �rm has stores; the dummy variables for tourist, border and metro markets; and a

constant.

The market potential is given by the total dollar expenditure, as given by the ENIGH survey

(cfr section 3). I posit that the market potential of the high-income population will be important

for variable pro�ts while the market potential of the low-income population will be less so since

the lower-income tier tends to buy more in the smaller mom and pop shops. I expect the number

of state employees to have a negative impact on variable pro�ts since they have access to state-run

and -subsidized grocery stores and, as such, do not buy at the national chains even though their
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expenditure has been accounted for in the market-potential variables. I also expect the distance

to the DC and to the nearest active market to be important for variable pro�ts but the distance

to the farthest market to be insigni�cant.

The term εimt is a unobservable that is known to the �rms. I assume ε is iid across market-

�rm-years and is distributed Normal with mean 0 and variance 1. The in�nite support of εimt

is important for rationalizing certain market outcomes. If θOwn is negative, such that stores are

partial substitutes, the optimal number of stores to have opened is increasing with market size

(xβ + ε ) and there is always a market size that justi�es a given number of stores. Figure 3 shows

how di�erent values of market size map into the optimal number of stores when θown is negative. On

the other hand, if θOwn is positive, the optimal number of stores is always in�nite independently of

market size and, thus, closure of a single store cannot be justi�ed under the current model. Thus,

I assume θOwn to be negative hereafter. I am not explicitly assuming θOwn to be negative (which

rules out the �Chain E�ect� within a market). I am a�rming that under the current model the

existence of a single exit rules out positive θOwn. I implicitly assumed θOwn to be negative when I

assumed free exit. If exit were costly, single exit could be justi�ed even if θOwn were positive. In

Jia (2008), a Chain E�ect can arise because the author does not observe exits and she restricts

the number of stores per location to one and because the e�ect dies out with distance.

As is normal in these models, I am concerned that εimt may be unobservably large in markets

where entry occurs, biasing both θOwn and θComp. Instead of using instruments for the endogenous

variables, I will proxy for the unobserved pro�tability by using the number of non-grocery retailers

in the market. Non-grocery retailers include the number of department stores, pharmacies, and

specialty stores (sporting goods, electronics, autoparts, etc). These stores draw employees from

the same labor pool as grocery stores and share similar real estate costs. As such, they should

capture the unobservable supply and demand conditions in the market that a�ect both grocery

and non-grocery retailers.
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5 Estimation

5.1 Best Response and Equilibrium

Under a simultaneous-move complete-information game, a player optimizes over his own strategy

space, taking the other players' strategy as given. These best-response functions along with an

equilibrium selection rule are su�cient to provide a mapping between the observed market out-

comes (d? =(d?1, ...,d
?
I) ) and the unobserved pro�t function. I now characterize the best-response

function of the players.

Let d?i be the observed action of �rm i. The optimality of (2) implies

π(d?i |d?−i, s, χi) ≥ π(d|d?−i, s, χi) ∀d ∈ Ai ⊂ Z2M (6)

This set of inequalities is very large, but most of them are redundant. In the appendix, I show

how the non-redundant inequalities can be separated almost to a per-market basis. They cannot

be fully separated into a per-market basis due to the market interdependencies caused by the

increasing entry costs.

The following are some relevant notations. De is the set of markets where the �rm entered

(opened at least one store). Dex is the set of markets where the �rm exited. Dn is the remaining

set of markets. De�ne:

msimt ≡ ximtβ + θComp ln [s−imt + 1]

ϕimt ≡ θLi + θFxFsit + θLearning1{simt−1=0} + θPreemption1{simt−1=0,s−imt−1=0} if dimt ≥ 0 & 0 otherwise

Ym ≡ msimt + θOwn (simt ln [simt + 1]− (simt − 1) ln [simt])− ϕimt if simt ≥ 1 &∞ otherwise

Zm ≡ msimt + θOwn ((simt + 1) ln [simt + 2]− simt ln [simt + 1])− ϕimt

E+ ≡ ((ωit + 1) ln [ωit + 1]− ωit ln [ωit])
(
θCi + θFCxFsit

) (
1 + θTrendt

)
E− ≡ (ωit ln [ωit]− (ωit − 1) ln [ωit − 1])

(
θCi + θFCxFsit

) (
1 + θTrendt

)
if ωit ≥ 1 &∞ otherwise

Ym is the non-random change in variable pro�ts due to reducing the number of stores in market

m from the observed number of stores (including the decision deimt, d
ex
imt) to one less store. This

reduction can be accomplished by opening one less store or by closing a store, depending on the

observed decision. When it is the former, the market speci�c entry costs (ϕimt ) are substracted
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from the variable pro�ts. Zm is the non-random change in variable pro�ts from reducing the

number of stores in market m from the observed number of stores plus one to the observed number

of stores. E+ is the non-market speci�c increase in costs of entry when opening one more store

when ω? stores have already been opened. E− is the same as E+ but with ω? − 1 stores.

The non-redundant inequalities of the optimality condition (6) are then

∀m ∈ De εimt ≥ −Ym + E− εimt < −Zm + E+

∀m ∈ Dex εimt ≥ −Ym εimt < −Zm

∀m ∈ Dn εimt ≥ −Ym εimt < −Zm + E+

minm∈De {Ym + εimt} ≥ maxk∈Dn∪De {Zk + εikt}

(7)

The last inequality is not irrelevant since convex costs imply E+ > E−. The last inequality

establishes that the �rm could not have done better by opening one more store in some alternative

market in exchange for not opening a store in one of the markets where it did open one.

Equations 1-4 in (7) are necessary conditions that each �rm must satisfy in any equilibrium.

They fully characterize the �rms' best-response function. As is well known, they are not su�cient

to derive a mapping between the observed outcomes, d?, and the underlying parameters. It is

because of multiple equilibria that such mapping cannot be established. I assume an equilibrium

selection rule and test how sensitive are the estimated parameters to the assumed equilibrium

selection rule.30 I choose the equilibrium selection rule by applying the iterative best response

heuristic and choosing an order of movement in the heuristic.31 Given the multitude of markets,

many di�erent equilibrium selection rules can be used. For example, I could allow �rm A to decide

where to open a single store, then to allow �rm B to decide where to open a single store, then

allow �rm A to open a second store, and so on. Reversing the order of the �rms or of the markets

30The other three approaches I could have taken are (a) to estimate the equilibrium selection rule along with
the parameters, (b) to be agnostic about the equilibrum selection rule and set identify the parameters that could
arise under any equilibrium selection rule (Tamer (2003); Ciliberto and Tamer (2009)), and (c) identify parameters
o� necesary conditions through moments of pro�t inequalities (Pakes (ming); Pakes et al. (2006)). The �rst two
require knowledge of the equilibria set, which in my application is so large that it would be di�cult to �nd. The
third option requires solving for a selection issue on the unobservables that is infeasible in the current setting.

31The iteratuve best response heuristic consists in assigning a strategy to all players (usually the no-action
strategy) and then allowing each player in turn to best response to the strategy of all other players. The process
is iterated until no player alters his strategy. When the process converges it does so at an equilibrium of the
simultanous move game. When players' strategies are strategic substitutes, as in entry, the process has been show
to converge.
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results in a di�erent equilibrium selection rule.

When using the equilibrium selection rule described above, there is no closed form solution for

the ε space that maps into the observed market outcomes. Monte Carlo integration is required to

obtain such probability: many ε draws are simulated. For each draw, the game is solved. Counting

how many times the outcome of the game matches the outcome observed in the data gives the

probability over the observed outcome. The key complication is that a single observation is a set

of �rms competing over a set of markets. As such, the necessary conditions for all �rms must hold

in all markets simultaneously, in addition to the given equilibrium selection rule. For any given

random draw, the probability of all these conditions holding simultaneously is very small. Thus,

a very large number of simulations is required to achieve positive probabilities.32

To circumvent this problem I apply Bayes' Rule to the likelihood function. Let Pr [Γd(θ)] be

the probability that market outcome d arises when �rms play according to a speci�c equilibrium

selection rule. Let Pr [Ωd(θ)] be the probability de�ned by the intersection of the half spaces of

equation (7) for all �rms and Pr [Ωdi
(θ)] be that for �rm i. Using Bayes' Rule and the independence

of unobservables across �rms, the following must hold:

Pr [Γd(θ)] = Pr [Γd(θ) ∩ Ωd(θ)] = Pr [Γd(θ)|Ωd(θ)] Pr [Ωd(θ)] = Pr [Γd(θ)|Ωd(θ)]
∏
i∈I

Pr [Ωdi(θ)]

The �rst equality indicates that the probability of the speci�c equilibrium arising is the probability

that it arises and that it is an equilibrium. The second equality separates this probability into

two parts: the probability that the speci�c equilibrium arises given it is an equilibrium times the

probability that it is an equilibrium.

Note that when one wrongly ignores multiple equilibria and uses the best-response functions

directly in the likelihood, she is implicitly assuming the conditional probability is one. The econo-

metrician who wrongly speci�es such a likelihood will obtain inconsistent estimates only if the

conditional probability varies with the parameters. As I will show later, the Hessian of the condi-

32An alternative way to estimate the model would be to use Moment Inequality techniques (Pakes et al. (2006);
Pakes (ming)) on the best-responses alone. Doing so could come at the cost of point identi�cation and standard-
errors computation being quite challenging (Chernozhukov et al. (2007)). Furthermore, the requirements on the
unobservables in Pakes (ming) may be di�cult to meet in the current setting. The technique of bounding the
probabilities, developed in Tamer (2003) and Ciliberto and Tamer (2009), are also infeasible since they require
knowledge of the equilibria set.
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tional probability with respect to the parameters is, in the Mexican data, very �at compared to the

Hessian of the second probability (the probability of the best responses). As such, the estimated

parameters are insensitive to the speci�ed equilibrium selection rule at the estimated parameter

vector. It would not be surprising if they were also insensitive to other equilibrium selection rules.

I apply Bayes' rule once more so as to simplify Pr [Ωdi
(θ)]. Let Pr

[
Λ4

di
(θ)
]
be the probability

space given by line 4 in equation (7) and Pr
[
Λ1−3

di
(θ)
]
be the probability space given by lines 1

through 3 of equation (7). Then

Pr [Ωdi
(θ)] = Pr

[
Λ4
di

(θ)|Λ1−3
di

(θ)
]

Pr
[
Λ1−3
di

(θ)
]

The last probability does have a closed-form solution. This makes the simulations very convenient

as relatively few draws are necessary to obtain adequate coverage.

The mixed maximum simulated log-likelihood for estimation is then

MMSL(θ) =
∑
t∈T

log
[
P̃r [Γdt(θ)|Ωdt(θ)]

]
+
∑
t∈T

∑
i∈It

log
[
P̃r
[
Λ4
dit

(θ)|Λ1−3
dit

(θ)
]]

+

∑
t∈T

∑
i∈It

 ∑
m∈De

it

log [G(−Zm + E+)−G(−Ym + E−)] +
∑

m∈Dex
it

log [G(−Zm)−G(−Ym)] +
∑
m∈Dn

it

log [G(−Zm + E+)−G(−Ym)]


where

P̃r [Γdt
(θ)|Ωdt

(θ)] =
1

R2

R2∑
r=1

1{Γdt (θ,εr)} εr ∼ N(0, 1) ∩ εr ∈ Λ1−4
dit

(θ)

P̃r
[
Λ4
dit

(θ)|Λ1−3
dit

(θ)
]

=
1

R1

R1∑
r=1

1{Λ4
dit

(θ,εr)} εr ∼ N(0, 1) ∩ εr ∈ Λ1−3
dit

(θ)

The �rst conditional probability, P̃r [Γdt(θ)|Ωdt(θ)], is a count on how many times the observed

equilibrium (d?) arises when modeling �rms as playing under the assumed equilibrium selection

rule. The ε draws used for this censored probability are such that an equilibrium is guaran-

teed to exist, but it need not be the equilibrium observed in the data. The second probability,

P̃r
[
Λ4

dit
(θ)|Λ1−3

dit
(θ)
]
, is a count on how many times line 4 in equation 7 is satis�ed when ε is drawn

from a censored Normal distribution. The censoring is given according to inequalities Λ1−3
dit

(θ)

being satis�ed.33 Part B in the Appendix provides more details on consistency and e�ciency of

33Note that the censoring depends on the parameters. There is a closed form transformation between the unit-
uniform distribution and the censored multivariate-normal distribution used in P̃r

[
Λ4
dit

(θ)|Λ1−3
dit

(θ)
]
, so draws are
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the likelihood function when using conditional probabilities. I set R1 to 3000 and R2 to 2000.

Two di�erent equilibrium selection rules are used to form the conditional probability, Pr [Γd(θ)|Ωd(θ)]

. Both involve �nding the equilibrium through iterating best responses. The �rst entails �rms mov-

ing according to the number of stores they each owned at the end of the sample period: WalMart

moves �rst, followed by Waldo's, Soriana, GG, CCM, Ley, and Chedrahui, respectively. The second

involves �rms moving in alphabetical order.34 Note that the game is still a simulatenous-moves

game. The order of movement refers to the heuristic by which I �nd an equilibrium through

iterating best responses.

6 Results

Tables 6 and 7 contain the results of the main speci�cation. Table 6 shows the results for the

entry-cost parameters under all speci�cations, while table 7 displays the results of the variable-

pro�ts estimates only for the main speci�cation and the specifcation without constraints to entry.

The variable pro�ts of the other speci�cations are all very similar to those of the base model and

are not shown.

6.1 Entry Costs

The parameters governing the convex part of entry costs, θCi in equation (3), are positive and

statistically di�erent from zero for two �rms: WalMart and CCM. These two �rms along with

Soriana show a steady expansion over the time span, although WalMart grows much faster than

the other two. The estimate for Soriana is also positive, but not signi�cant. Casa Ley and

taken form the uniform distribution at the beginning of the optimization and held constant until the end. There is
no closed form transformation for the conditional distribution used in P̃r [Γdt(θ)|Ωdt(θ)], and as such may introduce
�chattering� into the optimization. Part B in the appendix provides more details.

34In a single-market entry game, the equilibrium selected by iterating over best responses would be the equilibrium
that is most bene�cial to the �rst mover. This is not the case with multiple markets. For example, assume there
are two markets and two players. Duopoly is never pro�table for A but is pro�table for B in market 2. Player B can
only open one store and prefers market 2 over 1 even when Player A is in 2. Player A prefers to be a monopolist in
2 than in 1. Player A moves �rst and opens in both markets. Player B then opens in market 2. Player A revisits his
strategy and opens only in market 1. This is not the most bene�cial equilibrium for player A. The most bene�cial
equilibrium for player A is for him to be a monopolist in market 2. He would have achieved that equilibrium if
player B had moved �rst.
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Chedrahui, who have an erratic expansion over the 7 year panel, show negative estimates, albeit

noisy. Gigante and Waldo's have negative and signi�cant estimates. Waldo's estimate is probably

due to learning since they entered the industry in 2001. Gigante's negative estimate are puzzling.

It could re�ect failure of the �rm to pro�t maximize, which would be consistent with them exiting

the industry in 2008. The estimates are consistent across all speci�cations, increasing slightly in

other speci�cations. Furthermore, the constraints are being relaxed over time at a rate of 7% a

year. Thus �rms can continue to expand at a greater pace each year.

The economic signi�cance of the estimates cannot be addressed in isolation of the other es-

timates that a�ect costs. To address the economic signi�cance, Table 8 displays the percentage

increase in the per-store entry cost of the marginal store opened and the marginal store not-opened

in a given year for each �rm. That is, if WalMart opened 24 stores in 2001, the number under

WalMart-2001 is the di�erence in cost between the 25th store and the 24th store, over the cost

of the 24th, for WalMart in 2001. Notice that it is precisely this di�erence between the marginal

store opened and the marginal store not opened that identi�es the estimates. Entry costs of in-

framarginal stores is not identi�ed, and as such it would be wrong to comment on the entry costs

of the inframarginal stores. A Wald test is speci�ed for each element in the table. The tested

hypothesis is that the percentage increase is 0 at a 90% and 95% con�dence level.

For WalMart and Comercial, each additional store increases the per-store cost of entry by 1%

to 2%, and this increase is statistically signi�cant. As such it appears both �rms have many entry

opportunities but can only capitalize on a few of them each year. I asses the size of this 1% in

two di�erent ways. From the model's perspective, a 1% increase in entry cost is o�set by a 6%

increase in market size (measured by high-income-expenditure) in the market where a �rm is just

indi�erent between opening a store or not. To asses the 1% increase in economic terms, note that

a WalMart store generates approximately $6 M in gross pro�t a year.35 This implies WalMart

would incur an additional $60,000 dollars if it were to open an additional store this year instead

of next. Although signi�cant, it is not much di�erent than the labor cost of an additional skilled

35The average sales per store is ~$ 30M and the gross pro�t margin is of 20%, as calculated from there 2006
Annual Report
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manager.

Soriana has economically insigni�cant estimates. Chedrahui and Ley have noisy negative esti-

mates that �uctuate across time. This �uctuation is driven by �uctuations in the �rms' �nancials.

As such, it appears these �rms are not constrained in the rate of growth, but sometimes present

economies of scale in the rate of growth. When they are not constrained it must be because

they lack the entry opportunities WalMart and Comercial have. This lack of opportunities may

be driven by high entry costs (�nancing costs) or high operating costs.36 Either way, since their

growth is limited by other costs they do not present diseconomies of scale in the rate of entry:

they cannot a�ord entry and thus, for those stores they do open their management su�ces. The

negative estimate on Waldo's is consistent with an experience curve that declines over time. Since

Waldo's is a new entrant in the industry it is not surprising that their costs drop in the number of

stores they open.

The parameters regarding the �nancial constraints are also of the expected sign and signi�cant

(table 6). When a �rm is more �nancially distressed, proxied by a high debt to assets ratio,

entry costs are larger. An estimate of 0.09 is equivalent to a 3% increase in entry costs37 for

each additional point in the debt to assets ratio. Given a standard deviation of 3.9 points in the

�rm-demeaned distribution of Debt/Assets ratio, a �rm's entry costs can vary by up to 12% due

to �nancial costs over the time span under study.

When diseconomies of scale in entry are ignored (column 7) the coe�cient on �nancial resources

is economically and statistically insigni�cant. This reinforces the argument that, to be able to

estimate the e�ect of �nancials on entry costs, one needs to account for managerial constraints or

else the endogeneity will work to eliminate the e�ect: a �rm with �nancial resources (low per-store

entry costs) can open stores, but as it does, it raises costs due to limited renewable resources. If

the model does not allow for this second e�ect, entry costs will be high when �nancial resources

are low (due to unobserved managerial costs) as well as when �nancial resources are high (due to

36The model assumes homogenous demand across �rms, thus, the lack of opportunities must be driven by covari-
ates that are �rm speci�c: �nancial constraints, location of distribution centers, or extension of network of stores
(nearest and farthest active markets).

37For all comparisons to entry costs I will take the average cost of entry of the marginal store opened, which is
3.0 units. 3% = 0.09 x 1 / 3
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observed �nancial costs), and they will estimate a zero e�ect on �nancial resources.

The interaction between managerial constraints and �nancial constraints is also statistically sig-

ni�cant, albeit small. A negative estimate implies that a �rm that lacks capital has lower increases

in entry costs. If the increases in entry costs capture the degree of managerial constraints, the esti-

mate is indicative of managerial and �nancial resources being complements. As the cost of capital

increases, �rms open less stores, requires less managerial resources, and, thus, the constraints due

to managerial resources also decrease.

The learning estimate is positive, signi�cant, and stable across all models. An estimate value of

1.16 represents a 39% premium in entry costs for those markets where the �rm does not operate a

single store. This implies learning by doing (adquiring knowledge of local taste, local suppliers and

real estate locations) is much stronger than the learning option value of opening a store (opening

a store as a way to resolve uncertainty). The e�ect of preepmtion is, surprisingly, small and

insigni�cant. This could be justi�ed if demand has not been fully controlled for: markets that are

unobservably more pro�table are also those in which competitors have already entered. As such

the �rm will open in such markets, biasing downwards the estimate on preemption.

One �nal comment on entry costs. As more controls are added to the speci�cation, speci�cally

column 3 in table 6, the e�ects discussed above are stronger. The percentage increase in entry

costs between the marginal store opened and the marginal store not-opened are approximately 3%

for WalMart and CCM and 1% for Soriana38. For the other competitors it remains insigni�cant.

6.2 Variable Pro�ts

The estimates on variable pro�ts are shown in Table 7. The e�ect of cannibalism among a �rm's

own stores is signi�cant, as is the e�ect of competitor stores on pro�ts. Surprisingly, the e�ect of

the same-�rm-stores is stronger than that of the competitors, indicating that brand di�erentiation

may be signi�cant. With an estimate of -0.29 for the competitor stores and an estimate of 0.51

for high-income expenditure, the market size must grow 48% to recover the losses on the �rm's

existing stores in�icted by entry of a competitor. This number drops to 26% for the second

38Tables available on request.
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store a competitor opens and to 18% for the third store. As for the own-store competition e�ect

(cannibalization e�ect), the estimate is -1.14. Thus, a market must grow 147% for the pro�tability

per store to be the same as it was before the opening of the second store and 90% when opening

the third store. Considering entry costs, the market must grow 160% from the size at which it was

pro�table to open the second store in order to justify the entry of the third store.39

Other market covariates are statistically signi�cant and as expected. The e�ect of high-income

expenditure is large, while that of low-income expenditure is negligible. Using high-income expen-

diture as the base for interpreting the estimates, a 1% increase in the number of state employees

is o�set by a 0.2% increase in high-income expenditure. Similarly, a 1% increase in the distance

to the nearest DC is o�set by a 0.29% increase in high-income expenditure. Noticeably, the e�ect

of the nearest market is stronger than that of the DC; a 1% increase in the distance to the nearest

market is o�set by a 0.45% increase in high-income expenditure. This supports the �Chain E�ect�

in Jia (2008), where stores in nearby markets reinforce each other, possibly through the sharing of

overhead and advertising and through improved logistics.

Border towns appear to be particularly attractive, possibly due to unobserved access to Amer-

ican DCs or to greater unobserved demand from American counterpart towns or from travelling

consumers stalled at customs. Similarly, metro markets appear to be more attractive than the av-

erage market, possibly proxing for unobserved higher income. Surprisingly, however, tourist towns

do not appear to have a larger unobserved demand. Finally, the e�ect of non-grocery retailers

is positive and signi�cant. This is expected given they control for unobserved demand. With an

estimate of 0.094, a median of 2 non-grocery stores in a market, and a median market size of 100M,

an additional non-grocery retailer is equivalent to a $4 M increase in market size.

In related work, Jia (2008) �nds that population must increase 40% to o�set WalMart's lost

in pro�tability when a Kmart enters a market where WalMart has a store. This is very similar to

the 48% discussed earlier. Regarding her estimates on entry costs, she �nds that the pro�t loss

39Comparison is done from second to third store and not from �rst to second store given the Learning e�ect. If
the learning e�ect is considered, the market size at which the �rst store is pro�table is larger than that at which
it is optimal to open the second store. As such I should observe �rms open a store in a given market and open a
second store in the following year.
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a Kmart store in�icts on a WalMart store is equivalent to 4% of entry costs (her entry costs also

include �xed costs since she does not distinguish between the two). This number is 6.7% with my

estimates, indicative of slightly lower entry costs in the Mexican industry than in the US industry.

It is surprising that, despite two very di�erent data sets and estimation techniques, the two sets

of estimates are similar, at least regarding the e�ect of competition relative to entry costs and

market potential. Unfortunately, the estimates regarding cannibalization of a �rm's own stores are

not comparable for reasons described earlier.

Ellickson et al. (2010) �nd that the competition e�ect is stronger than the cannibalization

e�ect. In Table 3 of their paper, they show that population must increase 180% for a WalMart

store to o�set the loss incurred by the entry of a second competitor store. This contrasts with the

48% value discussed earlier. Furthermore, they �nd that the population increase required to o�set

the pro�t loss due to cannibalization when opening a second store amounts to 27,000 people, or

54%. This contrasts with the 147% required increase in high-income market expenditure implied

by the base-model estimates.

6.3 Multiple Equilibria and Likelihood

The estimates do not change when using the alternative equilibrium selection rule. That does

not guarantee that they would change under some third equilibrium selection rule. Nevertheless,

breaking down the likelihood into three parts may shed additional light on how the estimates are

insensitive to the equilibrium selection rule. Table 9 shows the values of the likelihood for each

of the three parts the conform the likelihood. It also shows a norm40 for the second derivative of

each of those parts of the likelihood with respect to the parameter vector (for the Hessian of the

objetive function). A small norm implies the objective function is �at, and as such insensitive to

the parameter vector. Since the log-likelihood is the sum of three diferent sets of probabilities,

the total hessian can also be expressed as the sum of three di�erent hessians. The table shows

how the hessian for the probability that varies with the di�erent equilibrium selection rules is

40I use the Euclidean operator norm: the square root of the largest eigenvalue of the square positive de�nite
matrix X'X.
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very �at. That is, the speci�c assumed equilibrium selection rule has no power in identi�ying

the parameters of interest. The parameters are being identi�ed o� the markte-speci�c necessary

condtiions (λ1−λ3 ). As noted before, these hessians are evaluated at the optimal paramter vector

given the equilibrium selection rule and could be very di�erent at an alternative parameter vector

or under an alternative equilibrium selection rule. Nevertheless, the fact that under these two

equilibrium selection rules provides sugestive evidence that alternative equilbrium selection rules

may also provide little information towards identifying the parameters.

7 Conclusions

In this paper I attempt to quantify the determinants of gradual growth observed in the Mexican

retail industry. One of such determinants is the �rm constraints to the rate of expansion; and, more

speci�cally, increasing marginal entry costs. Other determinants include �rms' �nancial situation,

increasing demand, and intermarket dynamics. By appropiately accounting for �rm's �nancials,

the increases in marginal entry costs may be attributed mostly to managerial constraints. Such

constraints arise because of the market for specialized managers, whose labor input is renewable

over time: after opening a store the manager is free to open a second store. With increasing costs

for the managers' time, a �rm expands gradually over time, in the form of a rollout process.

In the context of the Mexican supermarket industry, I do �nd evidence that managerial con-

straints can explain the rollout patterns observed in the data. After controlling for the �rms'

�nancial situation, I �nd that marginal sunk entry costs rise by 1 to 2%. This e�ect is economi-

cally signi�cant: for a store whose expected pro�ts per year are $6M, a 1% increase in cost implies

the �rm would have to pay $60k to open the store a year earlier. With such high entry costs, it

could be in the �rms' interest to invest in managers early on. If there is a tension between invest-

ing in managerial capacity and investing in increasing demand, the former may be better than the

latter when managerial constraints are so large. I also �nd that �nancial di�erences across �rms

explain a large portion of the di�erences in entry patterns. A �rm whose �nancial performance

is one standard deviation above the mean enjoys a 12% reduction in the cost of opening a store.
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Competition e�ects are similar to those found in other literature, in which markets must grow 48%

to o�set the losses a competitor induces on entry.

To estimate the constraints on entry a structural model is proposed. Given the limited data

that is available, strong simplifying assumptions are imposed on the model so as to reduce the level

of dependency of outcomes in one market on those in other markets. However, these dependencies

cannot be completely removed. To be able to estimate the model, a static game between �rms

is solved and an equilibrium selection mechanism is assumed. A likelihood function is formed

based on the predictions of the game and a GHK type Montecarlo integration is used to obtain

probabilities. Some robustness tests are used to show that the equilbrium selection rule speci�ed

has little impact on the parameters. These tests can also be used in other work where multiple

equilbria is present to �nd out, on a �rst approach, if the equilbirum selection rule a�ects or not

the parameters of interest.

The model is highly simpli�ed to retain tractability. With constrained growth, a dynamic

model would have been more appropriate but would have required estimating a dynamic model

with a huge state space. This leaves open the door to future research: estimating dynamic models

with large state spaces. Other future lines of research include estimating entry complementarities

that may exist among multi-business unit �rms that do depend on the location of entry, such

as opening multiple stores in the same market compared to opening multiple stores in multiple

markets.
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APPENDIX

A Proof of Redundant Deviations

The non-redundant inequalities to problem 6 are: (1) in each market, holding decisions in all other

markets constant, add one more store to the �nal count (either by opening one more store in

markets where exit did not occur, or by closing one less store in markets where exit did occur);

add one less store to the �nal count wherever possible (either by closing one more store in markets

where entry did not occur and the �nal count has a positive number of stores, or by opening one

less store in markets where entry did occur); and (2) not opening the least pro�table store that

was opened and open instead the most pro�table store not opened. Deviation (1) is captured in

the �rst three inequalities in 6 while deviation (2) is captured in the fourth inequality.

I prove the statement in four parts. First I show that the pro�t function is concave. This

implies that all deviations in which the net number of stores in a market is di�erent than the

observed strategy by two or more stores are redundant once all deviations of one or less stores are

accounted for. Concavity is not su�cient to reduce the set of non-redundant inequalities to those

speci�ed in (1) above because of the integer problem. It would be su�cient if the pro�t function

were continous in the decision variables. The second part of the proof shows that it is su�cient

to consider only inequalities in which the net number of stores across all markets di�ers from the

observed decision by one or less stores. This can be achieved by the additivity of the cost function,

by the absence of intermarket dependencies that are not through the cost function, and because

the intermarket dependencies introduced by the cost function are the same across all markets. The

third part of the proof shows that deviation (2) described above renders redundant all deviations

in which the net di�erence in the number of stores across all markets is zero. The last part of

the proof shows how (1) and (2) together render redundant all other deviations in which the net

di�erence in the number of stores across all markets is one or minus one. This completes the proof.
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Part 1. Concavity of the Pro�t Function in each Decision Variable ({deimt, dximt}
M
m=1 ∈

N2M)

Variable pro�ts for each market have the form x(a − b ln(c + x)), which is concave in x . The

variable pro�ts of one market do not depend on the entry/exit decisions in alternative markets.

The cost function is convex in entry decisions and �at in exit decisions. The cost function a�ects

negatively pro�ts. Thus, the pro�t function is concave in each entry decision variable. Regarding

exit decisions, the variable pro�ts in each market have the form −x(a − b ln(c − x)) , which is

concave in x . Thus, the pro�t function is concave in each exit decision.

Since the pro�t function is concave in each decision variable independently of the other decision

variables, all deviations from the observed strategy of two or more units in a given market are

redundant.

Part 2. Consider only deviations where the total number of entries and exits are one

unit di�erent than the observed decision.

Let x be a valid deviation from the optimal decision d?, such that xem = de?m and xen = de?n + 1 . Let

y be another valid deviation such that (yel , y
x
l ) = (xel , x

x
l ) ∀l 6= (m,n) and yem = de?m + 1, yen = de?n .

Furthermore, let it be that π(d?i |d−i, s, χi) ≥ π(x|d−i, s, χi) and π(d?i |d−i, s, χi) ≥ π(y|d−i, s, χi) .

That is, x and y are two deviations that are known to not be better than the optimal strategy, and

they are the same deviation everywhere except for in markets m and n, in which x follows d? in

m and y does so in n. Let z be a third feasible deviation such that (zel , z
x
l ) = (xel , x

x
l ) ∀l 6= (m,n)

and zem = yem and zen = xen. Then π(d?i |d−i, s, χi) ≥ π(z|d−i, s, χi) by convexity of the cost function

and additivety across markets.

A similar argument can be applied for having one less entry and similar dual arguments can

be used with exit. Thus, no non-redundant deviation can have the total number of entries across

all markets being more than 1 unit apart from the observed strategy as they would contradict the

above result.
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Part 3. Equation 4 in6 implies any deviation in which the total number of entries and

exits are the same as the observed strategy (although the locations may be di�erent)

are redundant.

A deviation in which the the total number of entries/exits do not change but the location does

is one in which entry/exit decisions are swapped between two or more markets. By Part 1 of the

proof we need only consider deviations within a market of one unit. Thus the entry/exit decisions

are swapped between pairs of markets. Because of additivity of the pro�t function across markets

it is enough to consider each pair of swaps in isolation. That is, if it is not pro�table to swap the

entry decisions between markets A and B, and it is not pro�table to do so between markets C and

D, then it is not pro�table to swap A with B and C with D simultaneously.

Equation 4 in 6 states that the most pro�table entry-pair-swap among all pairs of markets is

not pro�table. That is, if the �rm would hold back the entry of the least pro�table market and

enter instead the most pro�table market, it would not fair better. If the best possible pair-swap is

not pro�table, than any other pair-swap is not pro�table either.

Exit is free. Thus, if is not pro�table to close a store in market A when following the �rms

optimal strategy in the other markets, it will not be pro�table to do so under any other deviation.

Part 4. All deviations in which the net number of entries/exit are 1 unit apart fromt

the observed strategy are redundant given all 4 equations in 6.

By Part 1 we need consider only deviations within a market of one unit. As such any deviation

in which the net number of entries/exits is di�erent from the observed strategy by exactly one

unit will be one in which the �rm opens one more (one less) store in a speci�c market and swaps

entry/exit decisions in other markets. As stated in Part 3, it is enough to consider those deviations

in which the �rm swaps entry/exit decisions in a single pair of markets and additionally opens one

more (one less) store in a third market. The additional opening of one more (one less) store is

not pro�table in isolation by the �rst 3 equations in 6. The pair-swap of entry is not pro�table in

isolation either by equation 4 in 6. Both deviations executed jointly will not be pro�table either
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because of the additivity of the pro�t function.

This completes the proof.

B Simulated Maximum Likelihood and Bayes' Rule

This section shows how separating the likelihood into two parts, one of which has a closed

form solution, diminishes signi�cantly the error introduced by simulation. I follow Gourier-

oux and Monfort (1996) and Cameron and Trivedi (2005). Let fN(θ) be a probability and

θ? = arg maxθ∈Θ EN [ln fN(θ)] be a unique maximizer. Let θ̂ = arg maxθ∈Θ
1
N

∑N
i=1 ln fi(θ) and

θ̂
p→ θ? with

√
N
(
θ? − θ̂

)
d→ N(0,A−1(θ?)) A(θ?) = −EN

[
1

N
HN (θ?)

]
In other words, θ̂ is a consistent, unbiased Maximum Likelihood estimator of θ?, where the log-

likelihood for a �nite N is 1
N

∑N
i=1 ln fi(θ). If a closed form of fi(θ) is unknown but there is

an fi(θ|r) and a sequence of independent draws {rj}Rj=1 such that f̃R,i(θ) = 1
R

∑R
r=1 fi(θ|r) and

f̃R,i(θ)
p→ fi(θ), then an alternative estimator can be used:

ˆ̂
θ = arg max

θ∈Θ

1

N

N∑
i=1

ln f̃R,i(θ)

Cameron and Trivedi (2005) show that if
√
N/R→ 0, then

√
N
(
θ? − ˆ̂

θ
)

d→ N(0,A−1(θ?)). That

is, the maximum simulated likelihood estimate converges in distribution to the same distribution

as does the Maximum Likelihood estimate.

Consistency requires that the number of draws, R, go to in�nity much faster than N . But for

a �nite N , how many draws are required? Cameron and Trivedi (2005) shed some light on this

question by studying the �rst-order bias of the log-likelihood function for �nite draws (R):

ln fi(θ)− ER
[
ln f̃R,i(θ)

]
=

1

2

ER
[(
f̃R,i(θ)− fi(θ)

)2
]

fi(θ)2
(8)

As is evident in (8) , the bias is inversely proportional to the probability squared. If the probability

is low, the bias can be signi�cant. The bias can be reduced by increasing the number of draws,

which would reduce the numerator: ER
[(
f̃R,i(θ)− fi(θ)

)2
]

= 1
R
σr. Using Bayes' Rule allows the

probability being simulated to be much larger, thus achieving a small bias without having to incur
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a large number of draws.

A Mixed Maximum Simulated Likelihood contains a part that is simulated and a part that is

not. Consistency and asymptotic properties of the MMSL are the same as those of the MSL when
√
N/R → 0 . The proof is a trivial extension of the proof presented in Gourieroux and Monfort

(1991).41

When applying Bayes' Rule to the probability, the draws for the simulated probability have

to be simulated from a conditional distribution. If there is a known, closed form, transformation

between the uniform distribution and the conditional distribution many draws may be taken from

the unit-uniform distribution and transformed, in each step of the optimization, into draws from

the conditional distribution. If there is no closed form transformation, draws must be simulated

from an unconditional distribution and screen accordingly to the restrictions of the conditional

distribution. This may cause �chattering� in the optimization.

41Let f?(yi|xi, uhi, θ) = f?1 (yi|xi, uhi, θ) + f?2 (yi|xi, θ) in equation (9) of Gourieroux and Monfort (1991).
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Figure 1: Total number of stores from chain retailers in Mexico over time

�

���

���

���

���

����

����

����

����

����

���� ���� ���� ���� ���� ���� ���	 ����

��������	�
�������������������������


���

���

����


�
�

��

��

Table 1: Distribution of store formats by �rm in 2006, in percentage points
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Table 2: 2006 Snap Shot of the Mexican Supermarket Industry
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Figure 2: Aerial view of the median (by market potential) market: Sahuayo, MICH
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Table 4: Summary Statistics on Entry and Exit patterns
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Table 5: Summary Statistics of Firm level data
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Figure 3: Entry Thresholds and Firms Pro�ts
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Table 6: Regression results - Entry Costs

����������	���������	
� ���
� ��� ���
� ��� ��� ��������� ������ ������ ������ ������ ��������������� ���� ���� ���� ���� ����
� ���������� ������ ������ ������ ������ ����������� � ����
� ���!
� ����
� ����
� ���� ����
������� ������ ������ ������ ���!�� ����!�"�# ���!
� ����
� ���! ����
� ����
� ���!
������� ������ ������ ������ ������ ���!��$������ ��� ���� ��� ���! ����
� �������!� ������ ������ ���!�� ������ ������%�	��&' ����
� ����
� ����
� ����
� ����
� ����
������� ����!� ������ ������ ������ ������%�	��� ���
� ���
� ���
� ���
� ����
� ���
������� ������ ������ ������ ������ ������
�����������	�(�� �
) ��� ��� ��� ����
� ���
� ���
� �������!� ������ ������ ������ ����!� ������ ������(�� �
)� ���� ���� ���� ���� ����� ����������� ������ ������ ������ ������ �������	���"������� ���
� ��!
� ���
� ���
� ���
� ���
������� ������ ������ ������ ������ ������*����+ ��� ���� ���� ���� ���� ���� ��������� ������ ������ ������ ������ ������(���
(���� ����
� ����
� ����
� ����
� ��� ����
������� ������ ������ ������ ������ ����������������	���������	
� ��!
� ��
� ��!
� ���
� ���
� ���
� ��!
������� ������ ������ ������ ������ ������ ���!����������� ���
� ���
� ���
� �!�
� ���
� �!�
� ���
������� ������ ������ ������ ������ ������ ����������� � ���
� ���
� ���
� ���
� ��!
� ���
� ���
������� ������ ������ ������ ������ ������ ���!��"�# ���
� ���
� ���
� ���
� ���
� ���
� ���
������� ������ ������ ������ ������ ������ ������$������ ���
� ���
� ���
� ���
� ���
� ���
� ���
������� ��!��� ������ ������ ������ ������ ���!��%�	��&' ���
� ���
� ���
� ���
� ���
� ���
� ���
������� ���!�� ������ ������ ���!�� ������ ������%�	��� ����
� ����
� ����
� ����
� ��!
� ����
� ���
������� ������ ������ ���!�� ������ ������ �������������������� ��,��� ��,��� ��,��� ��,�!! ��,��� �,��� �,���

���������� ������������������	���� ��	����	����
��������  �����������	�����! "������������	�
-./

-./
-./

��������	�	��	����	�����#����$�����

�
$��+	�
���	���'
�
0���'
�1��
�
#���'
�+��� ���
��
���
���2� '
3�44���%�� �
' ������
�����'
��
+���� ��'�'
$ ����
�' ��� �'
'����0���� 	#
��00���� 
 ���
�
� 
�5

-/-/

���
)�������	
���'���
�'��
��
4�'�
����	
�'
6�4 ./''� '
�0
 ��
+��1���'
#���
/	 ���� �1�
0�������	
���'���
�'
-� 
��'�
)	�7'
.
6�4 
�0
 ��
+��1���'
#�������

8�'�
�9��	�4����
'�	�� ���
��	�
����1��
0���
� ��� ��
4�' 
��'+��'�'
7� �
 ��
�����
�0
��1���� 
4����:
%�	��&',
%�	��� ,
$������,
����� �,
��������	,
"�#,
���������
/	 ���� �1�
;$<
��'
0���'
��1�
��
�	+��4� ���	
�����
��
��� ��	'
���	���,
��
���� ���
 �
 ��'�
+��'�� ��
��
 �4	�
�,
(���
������'
0��
�� �#
��' ',
)���
������'
0��
1����4	�
+��0� ',
���
 ��
���'����
���4��
�0
������ ��	
������#
' ���'
�+����.�	�'��

49



Table 7: Regression results - Variable Pro�ts
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Table 8: Estimated Percentage Increase in Marginal Cost of Entry���� ���� ���� ���� ���� ���	 ���
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Table 9: Breakdown of Likelihood Function and Hessian���������	
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