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Abstract
This paper presents a novel method of market delineation which generates isolated residential clusters using data on the spatial distribution of population.
The performance of this approach is assessed by contrasting it with traditional
delineation techniques based on municipal boundaries. An estimation of a model
of entry behavior in the retail food industry shows that markets defined using microlevel residence information perform better in terms of reducing cross-border
spatial spill-overs, as well as predicting the equilibrium number of firms on the
market. Additionally, the estimated entry threshold ratios using this method
reflect prior industry knowledge regarding the pricing strategies of supermarkets to a greater extent than their municipal counterparts, suggesting that the
so-called “cluster markets” may correspond to an economically relevant unit of
measurement.
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Introduction

Over the last two decades a wide array of papers has analyzed the relationship between market size (usually measured by population) and market structure (entry, exit
and the number of firms in a market) in order to uncover information regarding the
determinants of unobserved firm profitability. Following the seminal contributions of
Bresnahan and Reiss (1990, 1991) and Berry (1992) population thresholds for firm
entry have been calculated, showing that as price competition intensifies a disproportionately high increase in demand (population) is needed for an additional firm to
enter, because the number of firms in a local market drives down profitability. The
appealing feature of these models is that one can gain insight into the determinants
of firm profitability and the intensity of competition with minimal data requirements.
∗ We thank participants of the Winterseminar of the 2017 Winter Seminar of the Gesellschaft
für Regionalforschnung and the ERSA Annual Congress 2017. Additionally, we would like to thank
Christoph Weiss for his helpful comments in the preparation of this paper.
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However, the relevance and precision of the approach hinges decisively on the researchers’ ability to adequately define the market and hence measure its size and
structure.
Both first (Bresnahan and Reiss, 1990, 1991) and recent contributions (e.g. CollardWexler, 2014; Zang and Scott, 2016) restrict their analyses to isolated markets and
analyze only towns without other settlements of relevant size nearby. In densely populated areas local markets typically overlap rather than being isolated spatial entities.
Recent contributions of Carree and Dejardin (2007) and Schaumans and Verboven
(2008, 2015) circumvent the problem of overlapping markets by restricting their analyses to rural areas. Focusing on isolated and small (rural) markets, however, has
been criticized by Aguirregabiria and Suzuki (2016), who argue that extrapolating
the results to urban markets is generally not plausible.
If the assumption of market isolation fails to hold, local markets close-by affect
each other due to demand linkages and due to competitive pressures exerted by firms
located in other markets. Some of the existing empirical studies address the first issue
by including explanatory variables to capture demand effects of nearby markets (like
information regarding the presence of neighboring towns or measuring commuting
patterns, see e.g. Bresnahan and Reiss, 1991, or Asplund and Sandin, 1999). The
effect of the number of competitors in other nearby markets is ignored in virtually
all empirical articles (the work of Lábaj et al., 2018, is a notable exception). In
the literature on entry which is not concerned directly with the calculation of entry
threshold ratios, Seim (2006) presents a detailed model which incorporates possible
substitution across different locations. This model captures the trade-offs that firms
face when locating in densely populated areas which also attract competitors. However, the increase in the complexity of game means that convergence is often difficult
unless certain restrictions are imposed on the parameters (such as the impact of an
additional competitor being constant).
Since the endogenous definition of market size poses difficulties, most authors
seek to define the size of the market prior to the analysis. Ellickson (2006) uses
internal firm data to define markets by looking at the distribution networks of the
companies. While this approach is superior to those relying on assumptions regarding
administrative boundaries, it also implies that consumers and firms have a similar
sensitivity to distance, which need not hold true. Additionally, information on the
logistical organization of the markets is necessary, which may not always be available
or even possible to define (when services rather than physical products are traded).
In this article we propose an alternative approach in dealing with the issue of
market isolation. We define local markets based on the actual spatial distribution
of the residential population rather than relying on administratively defined spatial
units, as done by all other empirical articles in this field.1 We can draw on spatially
1 A somewhat different kind of literature, starting with Seim (2006), investigates the spatial locations of stores within a local market. Studies of this kind usually utilizes data at the sub-municipal
level.
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highly disaggregated data of the entire population of Austria, based on grid cells of
250 meters (about 270 yards), and provide a simple and intuitive way to define local
markets. Note that data on the population at the grid level have become available
in many countries in recent years (besides Austria similar data are available e.g. for
Sweden or Japan) and will become even more widespread in the near future. Thus,
the appealing feature that entry threshold models rely on a limited amount of data
that are easily available is preserved by the approach proposed in this article.
Results from entry threshold models on food retailing (supermarkets) suggest that
our approach to delineate local markets is a considerable improvement compared to
administratively defined units: With our approach the fit of the model is better,
the number of correctly predicted markets is higher, and spillover effects between
local markets are smaller. Additionally, the number of residents located close to
the border of neighboring markets is greatly reduced and estimated entry threshold
ratios meet our expectations quite closely, but differ considerably from results based
on municipality data.
The remainder of the paper is organized as follows: The market definition based
on the spatial distribution of the population is outlined in the next Section 2. The
results are presented and discussed in Section 3. Section 4 concludes.
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Market Definition and Industry Background

2.1

Market Definition

The way to define local markets proposed in this article is based on the notion that
local markets can be interpreted as spatial clusters of the residential population.
We can draw on detailed information of the spatial distribution of the population,
collected in 2015 and provided by the Austrian Statistical Office (“Statistics Austria”).
Statistics Austria places regional statistical grid units over the entire territory of
Austria. The grids are independent of administrative boundaries and the size of one
grid cell is 250m. Each person is assigned to exactly one cell based on their physical
address. This provides very detailed information about the spatial distribution of the
population, as one square kilometer (square mile) is represented by 16 (41) cells.
The aim of the procedure outlined below is to define local markets that overlap
less than conventionally used administrative units (e.g. municipalities). To do so we,
first, discard all grid cells with a population size smaller than the average number of
inhabitants (i.e. < 7 residents). Using, second, the remaining cells with above average
population, two different grid cells are considered to be connected if they share a
common border (i.e. a common edge). All cells are in the same “spatial cluster” if
they are either directly connected to each other, or if they are connected via pairs of
connected cells. In this step all cells with more than 7 inhabitants are assigned to
exactly one cluster, precluding pairs of different clusters to share a common border.
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Third, we restrict the number of local markets to be the same as the number
of municipalities, to be able to compare the results of entry threshold models based
on different ways to delineate local markets2 . We thus take the largest clusters (i.e.
the clusters representing the largest population), such that the number of markets is
similar compared to the number of municipalities. The remaining small clusters are
assigned to the closest large cluster.3 Finally, all remaining cells discarded in the first
step (i.e. all cells with below average population) are assigned to the closest cluster.
Each grid cell is therefore assigned to exactly one compact spatial cluster, which we
will call “cluster market” henceforth.
This procedure is illustrated in Figures 1 to 4 for a small region in our sample.
The visualization suggests that the delineation of municipalities does not correspond
well to the spatial distribution of the population. This suspicion is supported by the
descriptive statistics reported in Table 1, which show that the population density close
to the border of a different municipality is quite high, whereas the border regions of
cluster markets are only thinly populated. Additionally, Table 1 suggests that the
number of stores close to neighboring markets is much smaller for cluster than for
municipality markets.

2.2

Industry Background and Market Demographics

We perform the empirical analysis for food retailing (supermarkets) in Austria, a market characterized by localized competition where consumers are not likely purchase
from stores which are not in their immediate vicinity.4 The number of outlets of each
supermarket was collected in 2015 by using Herold Marketing CD 4/2015 (Herold
Business Data Gmbh) and by general research via internet (i.e. homepages of the
individual chains).5 The industry is highly concentrated, with the companies REWE
(under the brands Billa, Merkur and Penny) and Spar controlling nearly 3,000 out of
less than 5,000 retail outlets (see Table 5 in Appendix A for details). While about
one fourth of all outlets are controlled by other chains, less than 800 outlets are run
by independent retailers, selling under the brands Adeg and Nah & Frisch.

2 It is important to note that we make this assumption in order to facilitate the comparison between
the cluster specification and municipalities. However, removing the restriction that the number of
clusters should be equal to the number of municipalities is likely to improve the performance of the
procedure significantly, as it would allow for a number of clusters which is data-driven.
3 The distance between a small and a large cluster is defined as the shortest airline distance
between (the centroids of) all pairs of cells, with one cell in each of the two clusters. Each small
cluster is assigned to a large cluster where the respective distance is smaller compared any other
large market. In case of ties the small cluster is randomly assigned to one of those large clusters with
the smallest distance to the respective small cluster.
4 Nishida (2015) provides empirical evidence on this issue by investigating the convenience store
market in Okinawa, Japan. He shows that the influence of the population on sales in the 1km grid
cell, where the store is located, is about 50 times larger compared to the impact of inhabitants in
neighboring grid cells.
5 We are grateful to Dietmar Weinberger for preparing the data for us.
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Figure 1: Spatial Distribution of the Population

Figure 2: Large and Small Clusters

Figure 3: Cluster Markets

Figure 4: Municipality Markets

Notes: Each pixel indicates one grid cell. Darker shades of grey (in Figures 1, 3 and 4) indicate larger population. Uninhabited cells are left blank. Large (small)
clusters are colored in dark (light) grey in Figure 2. Store locations are labeled with white diamonds with black frames. Black pixels indicate borders of cluster markets
and municipalities (“municipality markets”) in Figures 3 and 4, respectively.

Table 1: Descriptives on different types of markets

Distance to
next local market
≤ 250m
250m < dij ≤ 500m
500m < dij ≤ 1km
> 1km
# of observations

Population
124,418
433,723
1,674,861
6,347,277

Cluster Markets
Pop.
# of
Density Stores
10.9
120
41.5
205
87.7
747
145.7
3,888
2,089

Store
Density
1.0
2.0
3.9
8.9

Municipality Markets
Population
Pop.
# of Store
Density Stores Density
701,302
52.3
361
2.7
802,225
69.3
439
3.8
1,802,798
87.8
924
4.5
5,273,084
137.3
3,236
8.4
2,100

Notes: Population density is measured in population per km2 and store density in number of stores per 100 km2 . dij denotes
the smallest airline distance of market i to closest neighboring market j, i.e. dij ≤ dik ∀k 6= j.
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Except for the independent retailers, all brands price uniformly across markets
(see Götz et al., 2008). As also the range of products and the size and design of
the stores are harmonized within brands, the possibilities for one store to adapt to
local market conditions are limited, and we thus expect to find a linear relationship
between population and the number of stores in a market.6
To estimate the entry threshold model the postal addresses of all stores are
geocoded and linked to exactly one local market. Following related work in this
field we include demographic market characteristics such as information on population, income, tourism, employment and age patterns. A detailed description of these
variables along with summary statistics are provided in Table 6 in Appendix A.
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Entry Model and Threshold Analysis

In order to evaluate the goodness of fit and level of independence of the two market
definitions, we estimate a standard entry model, while controlling for spatial spill-over
effects. Specifically, the number of firms in each market is assumed to depend on two
components. Firstly, we model the overall profitability of the market π, as a function
of market size S, characteristics of the representative consumer X, an unobserved,
normally distributed profitability shock ε and a spatial spillover effect W π, reflecting
the interdependence of nearby markets:
π = ρW π + αlnS + Xβ − ε
The second component influencing the entry decision is determined by the decrease
in market profitability due to competition, measured by the parameter θn , which is
a fixed effect calibrating the magnitude of competitive pressure on profits given the
presence of n competitors. The interaction of these two effects (market profitability
and market structure) can be represented as a spatial ordered probit7 :
N = n if θn < πn ≤ θn+1
Table 2 provides information regarding the fit of the model using the two alternative market definitions. The cluster specification is significantly better at predicting
the number of empty markets. It fares only marginally worse than the municipal delineation when predicting the number of monopoly markets and is marginally superior
when it comes to predicting the number of markets with 5 or more firms. Overall,
the cluster (municipal) specification makes a correct prediction 58.06 (54.93) % of
the time, overestimates the number of competitors in 15.94 (18.26) % of the cases
6 While individual brands do not adjust their pricing or product range to respond to local market
characteristics, it is possible that the identity of the entrants depends on market size. If this is the
case, then entrants in rural markets may be smaller because they don’t belong to the major brands,
which could result in small non-linearity in the estimated threshold ratios across market structures.
7 See LeSage and Pace (2009) for a discussion of the estimation procedure.
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Table 2: Predictive power of the model (prediction densities by market structure)

Observed firms

Panel A: Cluster

0
1
2
3
4
5

0
0.67
0.19
0.06
0.01
0.02
0.00

Predicted number of
1
2
3
0.32 0.01 0.00
0.72 0.09 0.00
0.51 0.35 0.07
0.28 0.41 0.24
0.06 0.36 0.36
0.03 0.05 0.15

firms
4
0.00
0.00
0.01
0.03
0.16
0.27

5
0.00
0.00
0.00
0.02
0.04
0.51

Number of
observations
702
703
297
123
81
183

5
0.00
0.00
0.00
0.02
0.01
0.50

Number of
observations
550
817
313
151
86
183

Observed firms

Panel B: Municipality

0
1
2
3
4
5

0
0.51
0.13
0.03
0.01
0.00
0.00

Predicted number of
1
2
3
0.47 0.01 0.00
0.76 0.10 0.01
0.55 0.35 0.08
0.16 0.56 0.24
0.05 0.45 0.31
0.01 0.08 0.22

firms
4
0.00
0.00
0.00
0.01
0.17
0.20

and underestimates market coverage for 25.99 (26.78) % of the sample. We can thus
conclude that the model using a cluster delineation marginally outperforms methods
relying on administrative market boundaries in terms of predictive value.
While the analysis of predictive power shows that the cluster method is, at the
very least, not worse than administrative delineation, further evidence for the value
of the procedure can be derived from its ability to reflect known economic processes
on the market. With this in mind, using the estimates from the model, we calculate
sn , the per-firm market size necessary for n firms to break-even on an average market
(i.e. with Xβ set to the average value for the sample). Since firms do not adjust their
pricing to respond to local characteristics such as market structure, we expect to find
little evidence of mark-up adjustment due to entry. The estimated break-even market
size and entry threshold ratios reported in Table 3 confirm this hypothesis when using
the cluster market definition. On the other hand, the municipal estimates show strong
competitive effects. This result is due to two characteristics of the cluster method of
market delineation. On the one hand, the estimated monopoly break even population
is larger (1,078 inhabitants, as compared to 870 in the municipal specification) as
the method is likely to take into account that in certain areas where municipalities
are small, the relevant market size may correspond to several adjacent administrative
units. Other approaches would thus underestimate the relevant market size. On the
other hand, the necessary population for five firms is smaller (1,498 inhabitants per
firm are required in the cluster specification, as opposed to 1,564 when using municipal
borders to delineate markets). This may be due to the ability of the cluster method
8

to distinguish sub-markets in larger towns.
Aside from confirming the economic intuition behind the pricing on this market, the cluster method also provides estimates with relatively larger precision (when
comparing the estimate to the standard error).
Table 3: Break-even population and entry threshold rations

Per-firm break-even population
Cluster
s1
s2
s3
s4
s5

1, 078
1, 240
1, 366
1, 402
1, 498

Municipality

(182)
(215)
(245)
(257)
(280)

870
1, 183
1, 333
1, 452
1, 564

(172)
(239)
(276)
(305)
(333)

Entry threshold ratio
Cluster
s5 /s1
s5 /s2
s5 /s3
s5 /s4

1.40
1.21
1.09
1.07

Municipality

(0.01)
(0.03)
(0.03)
(0.03)

1.80
1.32
1.17
1.09

(0.01)
(0.03)
(0.03)
(0.03)

The strongest and most clear-cut indication for the ability of the cluster approach
to define isolated markets comes from an analysis of the spatial autocorrelation parameter (ρ). Figure 5 provides an overview of the distribution of the sampled values
of ρ. A comparison of the means of the two estimates indicates that the spatial autocorrelation is significantly lower when using the cluster approach to defining markets.
The absolute difference can be seen in Table 4. The reported estimates indicate that
spatial correlation increases by 71 % if one moves from the cluster market definition to
using administrative borders to define markets. Such high correlation is likely to exist
if markets are separated based on arbitrary boundaries which do not reflect actual
barriers to trade between the observed units.
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Discussion

The increase in the availability of micro-level data over the last decade has lead to
substantial improvements in the precision of economic analysis. However, the high
level of disaggregation also poses certain challenges when determining how individual
information should be aggregated to the market level.8 Additionally, as infrastructure
8 An

overview of Eurostat Census data from 2001 shows over 30% of the countries providing demographic data at the LAU2 (municipal) level report at least one municipality with zero inhabitants.
Furthermore, of the 90062 observations in the Census dataset, 7813 have fewer than 100 inhabitants.
While this level of disaggregation allows researchers to analyze economic processes in detail, it also
means that municipalities are not likely to act as independent economic units.
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Figure 5: Histogram of sampled values of ρ

Note: T-test rejects the null hypothesis of equal means (t = 123.05, df = 9994.8, p-value < 2.2e-16)

Table 4: Regression results - spatial ordered probit
Dependent variable:
Number of supermarkets
Cluster
Population (log)
Population density
Elderly
Education
Income
Employment
Tourism
θ1
θ2
θ3
θ4
θ5
ρ
Observations

∗∗∗

1.576 (0.0394)
−0.456∗∗∗ (0.1424)
6.005∗∗∗ (1.234)
−6.146∗∗∗ (1.1161)
0.008 (0.0073)
−0.151 (1.1317)
0.983∗∗∗ (0.1227)
11.779∗∗∗ (0.8194)
13.067∗∗∗ (0.8177)
13.859∗∗∗ (0.8211)
14.364∗∗∗ (0.829)
14.814∗∗∗ (0.8323)
−0.099∗∗∗ (0.0286)
2089

Municipality
1.480∗∗∗
−0.098
6.980∗∗∗
−3.565∗∗∗
−0.0002
−2.063∗∗
0.956∗∗∗
10.126∗∗∗
11.546∗∗∗
12.345∗∗∗
12.924∗∗∗
13.378∗∗∗
−0.170∗∗∗

(0.0433)
(0.1186)
(1.0803)
(1.0221)
(0.0072)
(1.0237)
(0.1166)
(0.7882)
(0.8043)
(0.8042)
(0.8025)
(0.8054)
(0.0291)

2099

All markets with more than 5 firms are pooled in 1 category. SEs are
in parenthesis. ***, ** and * indicate that parameters are significantly
different from zero at the 1%, 5% and 10% levels, respectively.
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projects take place, original administrative boundaries diverge from the actual distribution of potential consumers. Census data regarding residency is likely to reflect
such changes in location accessibility and can thus be used to redefine the market
prior to the redrawing of borders by local authorities.
In the present analysis we propose a potential methodology which would allow
researchers to generate so-called “cluster markets” based on raster information and
show that the model has the ability to predict market structure with-in a simple entry
model, as well as to reflect prior knowledge about firm behavior. Additionally, spatial
correlation in entry decisions is significantly smaller across cluster markets than across
municipal borders.
While the present application relies on raster data, this approach can easily be
applied using municipal data as well. While such an endeavor would suffer from the
short-comings of municipal data (particularly the lack of comparability across units
due to differences in area), it would nevertheless allow researchers to aggregate small
units into bigger, more economically meaningful, clusters. The derivation of such
clusters can be of particular importance when the analyzed product has a relatively
large catchment area (hospitals and other specialized services are likely to be subject
to this type of market specification issue).
Additional improvements to this method would be possible through the incorporation of data on infrastructure, with specific attention being paid to the mobility
between municipalities. However, it should be noted that this would increase the data
requirements for the implementation of the analysis and may require certain assumptions about the utilization of specific transportation options. As such we would argue
that the market definition strategy presented above attempts to negotiate the tradeoff between applicability and precision in order to provide an easily implementable
solution to the isolated markets problem inherent in the literature on entry threshold
analysis (as well as in the modeling of localized competition in general).
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Appendix A

Descriptive Statistics
Table 5: Number of Retail Outlets

Brand
Billa
Merkur
Penny
Spar
Hofer
Lidl
Small chains:
Mpreis, Unimarkt, Zielpunkt
Independent retailers:
Adeg, Nah & Frisch
Total

13

# of outlets
1,045
123
273
1,538
455
195

Share
21.1%
2.5%
5.5%
31.0%
9.2%
3.9%

559

11.3%

772
4,960

15.6%
100.0%

Table 6: Descriptive Statistics on Market Demographics

Variable name

Description

Population

Population size (2015)

Tourism
Employment
Elderly
Income
14

Foreign

Number of overnight stays (between Nov. 1st
2014 and Oct. 31st 2015) over population
Number of employed individuals (in 2013)
over population (in %)
Number of population aged 65 or older (in
2013) over population (in %)
Total income (in 2012) over number of recipients (in 1,000 Euro)
Number of foreigners (by nationality, in 2013)
over population (in %)

Market definition
Cluster
Municipality
Cluster
Municipality
Cluster
Municipality
Cluster
Municipality
Cluster
Municipality
Cluster
Municipality

Mean
4,107.4
4,085.4
26.7
28.3
48.8
49.1
18.4
18.4
24.3
24.0
6.5
6.2

Std. Dev.
37,056.8
40,274.3
78.8
84.0
3.4
4.0
3.1
3.6
2.9
3.2
4.4
4.6

Min
381.0
46.0
0.0
0.0
32.6
28.6
11.4
10.3
15.0
11.6
0.6
0.2

Max
1,580,885.0
1,796,670.0
1,016.9
1,016.9
57.8
71.8
39.2
40.9
46.5
47.8
40.7
58.3

Notes: All data are collected by Statistics Austria. Information on population is provided at the grid cell level, while all other variables are available at
the municipality level. Total income includes wages, business income, pensions, transfers and other income. The number of observations equals 2,089
for cluster markets and 2,100 for municipality markets. Data at the municipality level is translated to cluster markets by taking the weighted average
of all municipalities comprised by a particular cluster. Thus, the weight of municipality j for calculating the variable for cluster i, ωij , is defined as
pop
the population of municipality j in cluster i, popij , over the total population in cluster i, popi , i.e. ωij = popij .
i

