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In the field of retail trade, a common problem is the estimation and prediction of
product market shares. With additional information on the consumer population,
the market shares are eventually turned into a sales volume and thus in an expected
revenue. The problem is inherently spatio-temporal, that is, the expected sales
volume can be considered as a function of both space and time. Understanding the
spatio-temporal dynamics of the sales volume allows, on the one side, to optimize
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have a better insight into the spatial features of the market potential and to facilitate the
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the sales volume. As a case study, the problem of estimating the spatial market potential of
a daily newspaper and the problem of optimizing the network of newsstands are tackled.
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the retail network, and on the other to optimize the production process with respect
to the temporal fluctuations of the demand.

Unlike the temporal dynamics, the spatial pattern of the sales volume is more
subtle to be assessed. The main reason is that, while sales data are usually dense
in time, they rarely are in space. Indeed, the stores at which a product is sold
are often irregularly located over the retail trade area, examples of which are the
district of a city, a town or a state. The focus of this paper, therefore, is on the
spatial aspects of the sales volume and in particular on the estimation of the spatial
market potential (SMP) of a given retail product. In a non-formal way, the SMP
is defined as the expected sales volume when the product is sold at a given spatial
location. The analysis of the SMP is useful to identify the locations of the retail
trade area where the SMP is higher and thus to optimize the retail network in order
to increase the sales volume.

In this paper, two approaches that can be used to study the SMP of a re-
tail product are compared. The first approach is based on the well known Discrete
Choice Logit Models (DCLMs) (Ben-Akiva and Boccara, 1995; McFadden, 1974;
Rust and Donthu, 1995), which are commonly used in the estimation of market
shares and have been extended in order to handle the spatial characteristics of a
retail trade area. The second approach is based on the recently introduced Geosta-
tistical Potential Model (GPM) (Finazzi, 2013), which allows to estimate the SMP
as a spatially continuous surface over the retail trade area and to obtain uncertainty
information on the estimated SMP.

The comparison is based on three key features: the ability in modelling retail
trade area and product features, the model goodness of fit with respect to the
observed sales data and the information provided by model outputs.

It will be shown that the GPM is able to handle all the available information
in a easier and more natural way with respect to the DCLMs, that the GPM is more
flexible and thus can provide a better goodness of fit and that the model output of
the GPM is richer both in terms of information and uncertainty assessment.

The rest of the paper is organized as follows. Section 2 introduces a clas-
sification of methods for the analysis of retail trade areas. Section 3 describes
the approach based on the DCLMs and introduces a suitable DCLM for dealing
with spatially distributed sales data. Section 4 formally introduces the concept of
SMP while Section 5 describes the approach based on the GPM. A case study on
the estimation of the SMP of a daily newspaper is presented in Section 6 while
conclusions and possible extensions of the GPM are reported in Section 7.
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A comprehensive classification of quantitative methods for the analysis of re-
tail trade areas, able to accommodate even the more recent methods, is given
in (Chasco Yrigoyen and Otero, 1998). In their work, the authors distinguish
between the class of the descriptive-deterministic methods and the class of the
explicative-stochastic methods. The Reilly model (Reilly, 1931) belongs to the
former and it can be considered as the first attempt to model spatial characteristics
of retail trade areas.

The class of the explicative-stochastic methods includes, in its turn, the family
of the revealed preference methods and the family of the direct utility assessment
methods. The main difference between the methods of the two families is that the
former consider past data on the behaviour of the consumers while the latter are
applied when the market shares of new products are to be estimated (Louviere and
Woodworth, 1983). The family of the revealed preference methods includes the
spatial interaction models, the dynamic spatial models as well as the DCLM and
the GPM. The Huff model (Huff, 1964) is an example of spatial interaction model
and it can be considered as an extension, in a probabilistic sense, of the Reilly
model. The dynamic spatial models (Allaway et al., 1994) focus on the evolution
of a retail trade area and they are more useful when the temporal dynamics repre-
sents a key aspect. The DCLMs model the choices made by the consumers among
a finite set of alternatives and they statistically relate the choice of each consumer
to the characteristics of the consumer and of the alternatives. Depending upon the
application, the alternatives can be identified with different products sold at one
store, with different stores selling the same product or with different products sold
at different stores. Finally, the GPM explicitly models the spatial market poten-
tial as a continuous surface over the retail trade area and the sales data are used
to recover the market potential by considering the spatial interaction between the
stores.

Note that DCLMs and GPM are comparable in scope when the alternatives
of the DCLMs consist of a given number of spatially distributed stores selling a
given product. In this case, both the models try to fit the sales data observed by
the stores. The first main difference is that the DCLMs provide the expected sales
volumes of the existing stores while the GPM can provide the expected sales vol-
ume for each point of the retail trade area. This allows to obtain a clear picture of
the spatial pattern of the market potential. The second important difference is that
the DCLMs require to know the spatial distribution of the consumer population
while the GPM can ignore this information. Instead, the GPM explicitly mod-

2. BACKGROUND
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els the competition between nearby stores assuming that the consumers are not
fixed in space. If available, the population spatial distribution can be considered
as a model term but it is ignored if it is not correlated with the observed sales
data. On the contrary, the quality of the DCLMs output largely depends on the
guessed spatial distribution of the consumers which, in general, is hard to recover.
More differences will be discussed in the following sections, in which a suitable
DCLM for spatially distributed sales data and the general form of the GPM are
introduced.

3. Discrete Choice Logit Models

Although the choice of the consumers is not observed, the idea behind the DCLMs
is to model the utility ui j (θ) of consumer i and alternative j as a function of the
individual characteristics and of the alternative characteristics, with θ a vector of
unknown parameters.

Consumer i chooses alternative j if and only if their utility for alternative j
is higher than the utility for the other alternatives. The characteristics of the alter-
natives and the distribution of the consumer characteristics determine the market
share of each alternative. If the consumer population size is known, then the ex-
pected sales volume is directly estimated from the market shares.

The general DCLM considered in this paper is based on the following utility
function

ui j (α,β ,γ,δ,µ) =−α p j −βdi j − γd2
i j +δ′x j +µεi j (1)

where p j is the price of the product sold at store j, di j is the distance between
consumer i and store j, x j is a vector of store characteristics while εi j is a random
variable identically and independently double exponentially distributed.

The utility function in (1) is an adaptation of the utility functions proposed in
(de Palma et al., 1994) and (Davis, 2006).

It is worthwhile to note that the DCLMs do not arise as spatial models in the
strict sense, that is, the utility ui j is not a function of the geographic coordinates
of the retail trade area. Space is addressed in terms of mutual distance between
consumers and stores: the higher the distance the lower the utility. A possible
drawback of the DCLMs, thus, is that the spatial correlation of the sales volumes is
directly induced by the spatial distribution of the consumers which, in many cases,
corresponds to the spatial distribution of the residents of the retail trade area. Even
when this distribution is known (for instance from census data), it may not be
representative of the consumer population and the consumer spatial distribution.
Indeed, the store at which the product is purchased is not necessarily the nearest

3. DISCRETE CHOICE LOGIT MODELS
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to home. It follows that, when the SMP has to be assessed for a small retail trade
area (e.g. a city) it may be risky to rely on the resident spatial distribution as the
consumers cannot be considered fixed in space.

As a consequence of the distribution of εi j, the probability that consumer i
purchases the product at store j is given by

Pi j =
e(−α p j−βdi j−γd2

i j+δ′x j)/µ

∑N
k=1 e(−α pk−βdik−γd2

ik+δ′xk)/µ
(2)

where N is the total number of stores.
Although each consumer is a potential buyer of the product, only few of them

actually purchase it. It is therefore necessary to introduce an outside alternative
which, following the literature, has utility ui0 ≡ 0 (Berry et al., 1995).

If the spatial location of each consumer is known or guessed, then the distance
di j is immediately evaluated and the expected sales volume for store j is ŷ j =

∑i Pi j.
When the number of model parameters is high and they enter in the mini-

mization in a non-linear fashion, model estimation is often based on the approach
proposed in (Berry et al., 1995). Since the parameters of the DCLM considered
in this paper are low in number, the model can be estimated through numerical
optimization: (

α̂, β̂ , γ̂, µ̂, δ̂
)
= argmin

α,β ,γ,µ,δ

N

∑
j=1

(y j − ŷ j)
2 (3)

where y j is the observed sales volume of store j.
Since the minimization procedure may converge to a local minimum, it is

carried out a suitable number of times. Each time, the initial values of the model
parameters are perturbed and the solution related to the minimum of the minima
is retained.

It is important to note that, while Pi j must be evaluated for all the stores of the
retail trade area (including the competing stores), the minimization in (3) is car-
ried out by only considering the stores for which the sales volumes are available.
Nonetheless, ŷ j can be evaluated for all the stores.

The rmse is given by
√

N−1 ∑N
j=1 (y j − ŷ j)

2 and it can be compared with the
standard deviation of the sales volumes in order to assess the goodness of fit of
the DCLM.
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In order to introduce the GPM, the concepts of SMP and conditional SMP of
a retail product are firstly introduced. In particular, it is assumed that a given
product is sold at different stores located over a retail trade area D ⊂ R2.

• The SMP q(s) is the expected sales volume when a store is placed at the
spatial location s ∈ D .

• The conditional SMP q(s | S ) is the expected sales volume when a store is
placed at the spatial location s ∈ D given the existence of N stores located
at S = {s1, ...,sN}, si ∈ D , N ≥ 1.

The main peculiarity of the SMP is that it does not assume the existence of
any store. Indeed, the SMP is supposed to exist beyond the existence of the stores
and it merely reflects the propensity of consumers towards the product and their
willingness to reach the spatial location s and purchase it. This is in contrast with
the DCLMs in which, when the spatial dimension of the problem is addressed,
the market share is only defined at the locations of the existing stores. On the
contrary, the SMP exists and it is well defined for each point of D and it can be
estimated as a surface over the retail trade area.

The conditional SMP is strictly related to the SMP and it can be considered
as the market potential that would be measured by an additional store if opened at
the generic location s. Although the stores do not alter the SMP, each store alters
the SMP that can be observed by the other stores. The conditional SMP, thus,
can be considered as the "residual" SMP given the presence of the existing stores.
While the analysis of the SMP is useful to assess if the company has stores located
in high SMP areas, the analysis of the conditional SMP is useful if the company
wants to open new stores. In fact, it is profitable to open new stores where the
residual SMP is high. Note that the stores in S include both the company stores
and the stores of one or more competitors selling the same product, the sales data
of which are, in general, not available. In what follows, S (1) and S (2) will be
used to refer to the stores for which the sales data are available and to the store for
which they are not, respectively.

It is important to understand that the stores observe/measure the SMP at their
spatial location but they are not supposed to alter the SMP. Different stores can
have a different attractiveness but this only affects the way the stores interact with
each other and their effectiveness in attracting the existing consumers. Although
this may represent a limitation, the role of the SMP is to provide a snapshot of the

4. SPATIAL MARKET POTENTIAL AND CONDITIONAL SPATIAL
MARKET POTENTIAL
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current spatial pattern of the market potential and it is not intended to be a tool for
increasing the market potential itself.

The above discussion highlights some peculiarities that the GPM adopted in
this paper should be able to handle when applied to the analysis of retail trade
areas. In particular, the GPM should:

• provide the SMP as a spatially continuous surface;

• provide the SMP even when the consumer population is not known (both in
terms of spatial distribution and size);

• provide the uncertainty of the estimated SMP;

• handle the spatial characteristics of the retail trade area;

• handle competitors and missing sales data;

• handle the spatial interaction between stores and their attractiveness.

5. The geostatistical potential model

When dealing with a spatially continuous phenomenon observed at finite spatial
locations (possibly with missing data), the adoption of a geostatistical approach
can be profitable. Within the geostatistical approach, the SMP of a given retail
product can be modelled as the realization of a spatial random field. Given the
observations, the realization of the random field is estimated in terms of a spatially
continuous surface over the retail trade area. Moreover, the uncertainty of the
estimated SMP is easily provided. In spite of this, however, there are at least
two reasons why a classic geostatistical approach cannot be adopted. First of all,
though related to the SMP, the observations are not a realization of a spatially
continuous variable. Indeed, the variable "sales volume" is only defined at the
spatial locations of the stores. In this sense, it does not make sense to estimate a
spatially continuous surface of the sold items. Secondly, the interaction between
the stores has to be considered. In particular, it may be assumed that a spatial
competition is in force, that is, nearby stores tend to steal each other customers.

Finazzi (2013) introduced the GPM as a statistical tool for the estimation of
spatially continuous potentials under conditions of interaction. Within the general
framework, the spatial potential is considered as the latent state of a system which
is concurrently measured at some locations in space by a set of measuring in-
struments. The interaction between the instruments prevents the spatial potential

5. THE GEOSTATISTICAL POTENTIAL MODEL
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from being directly measured. In the estimation of a SMP, the stores represent the
measuring instruments while the interaction between the stores manifests itself in
terms of a spatial competition.

The GPM allows to define a direct link between the SMP q(s) and the sales
volume y(s|S ). In particular, y(s|S ) represents the observed sales volume of a
store at s given the existence of N other stores located at S . The GPM adopted in
this work is described by the following equations:

y(s|S ) = u(s) ·gφ ,α(s | S )
u(s) = q(s)+ ε(s)
q(s) = µ +x(s)β+ γw(s)

(4)

The first stage of (4) is a measurement equation and it simply describes how the
SMP is measured by a generic store located at s. The interaction term gφ ,α(s |S ),
which extends the interaction term given in (Finazzi, 2013), has the following
functional form

gφ ,α(s | S ) =

(
1+ ∑

s′∈S

exp
(
−‖s− s′‖

φ

)
·

c

∏
i

(
x̃i (s)
x̃i (s′)

)αi
)−1

(5)

and it is characterize by the scalar parameter φ > 0 and by the parameter vector
α = (α1, ...,αc)

′, αi ∈ R. In the language of the GPM theory, Eq. (5) describes
an absorption interaction (Finazzi, 2011), which is a model for the spatial com-
petition between stores. In particular, φ is the interaction parameter: the higher
the value of φ the stronger the competition between nearby stores. The x̃i > 0,
i = 1, ...,c are observed features of the stores representing their attractiveness.
The parameter αi defines how much a difference in the value of x̃i of two stores
impacts on their attractiveness and thus on their sales volume. If αi = 0, then the
feature x̃i does not drive the sales volume. The product price can be represented
by one of the x̃i as, for all purposes and intents, it can be considered as a store
feature. Finally, ‖s− s′‖ is the Euclidean distance between s and s′.

At the second stage, ε(s) represents an error component which is assumed
to be independently and identically distributed N(0,σ2

ε ) and is supposed to cap-
ture both the measuring error and the model error. Finally, at the third stage,
the SMP q(s) is modelled by three terms, where µ is the overall intercept, x(s)
is the vector of covariates, β is a vector of coefficients, w(s) is a zero-mean la-
tent Gaussian process and γ is a scale parameter. The spatial correlation function
of w(s) is cov(w(s),w(s′)) = ρθ (s,s′), with ρθ (s,s′) a valid correlation function
parametrized by the vector θ (see (Diggle et al., 1998) for an introduction on

.
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Gaussian processes and spatial correlation functions). The GPM parameter vector
is Ψ =

(
µ,β′,σ2

ε ,γ,θ′,φ ,α′) and all the parameters are supposed to be unknown.
Everything which is related to the stores (store features, product price, ad-

vertising costs, etc.) must be modelled within the interaction term gφ ,α(s | S )

while everything related to the SMP q(s) must be modelled within the third equa-
tion of the GPM. The vector x(s), in particular, should include spatial covariates
that describe all the available characteristics of the retail trade area. While some
covariates are easily recovered, others, especially those related to the population,
may not be readily available. In such a case, the covariates actually considered
may not be able to describe all the spatial variability of the SMP. The role of w(s)
is precisely that of modelling the residual SMP variability, which is assumed to be
spatially correlated. Finally, it is important to note that the GPM does not directly
link the SMP to the store features. As already discussed in the previous section,
the GPM cannot be used to potentially increase or decrease the SMP by varying
the features of the existing stores. The store features can be changed and new
sales volumes y(si|S ) can be derived but, conditionally on q(s) and S , the total
market volume of the retail trade area is conserved. It follows that the stores can
only "steal" each other customers by changing their attractiveness but they cannot
"generate" new consumers. Nevertheless, Section 5.3 describes how the estimated
SMP can be exploited in order to increase the total market volume of the product
by optimizing the geographic distribution of the retail network, namely by altering
S .

The term gφ ,α(s |S ) is the key element of the GPM and more details about
its role can be found in (Finazzi, 2013). The influence of x̃i and α on the inter-
action term gφ ,α(s |S ) is depicted in Figure 1. The graphs represent the value of
gφ ,α(s |S ) with respect to the mutual distance between stores. In particular, only
two stores and one feature x̃1 are considered, with φ = 0.2 and x̃1 (s1)/x̃1 (s2) = 2.
This implies that the store located at s2 is twice as attractive as the store located
at s1. The values of α ≡ α1 taken into account are {0,1,2}. When α1 = 0, the
value of gφ ,α(s |S ) is equal for both the store at all the mutual distances, that is,
the feature x̃1 does not influence the attractiveness of the stores. On the contrary,
α1 � 0 implies a different value of gφ ,α(s |S ) for the two stores. When the mutual
distance increases, however, the feature x̃1 is less important. This reflects the fact
that consumers tend to choose the nearest store even if a better store exists but it
is too far.
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5.1 MODEL PARAMETER AND SMP ESTIMATION

Figure 1:   Influence of ααααα on the gφ, α ( )s S  interaction term in the case of � �x x( ) ,′ ′ =s s( ) 2

φ = 0.2 d and α = 0 (dot-dashed line), α = 1 (solid line) and α = 2 (dotted line).
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More generally, the quantity y(s|S )−yΨ̂(s
∗ |S ) is a measure of the goodness of

fit of the GPM and it can be used to evaluate the rmse.

5.2. Conditional effectiveness estimation

To all intents, gφ̂ ,α̂(si | S�si) represents the conditional effectiveness of the store
located at si in absorbing/measuring the SMP. Since, for marketing purposes, each
store may be interested in knowing its conditional effectiveness, it is useful to
provide the conditional effectiveness with its confidence interval. To this end,
the samples φ̂s =

{
φ̂(1), ..., φ̂(M)

}
and α̂s =

{
α̂(1), ..., α̂(M)

}
can be generated by

considering the same bootstrap technique above mentioned. For each φ̂( j) ∈ φ̂s and
α̂( j) ∈ α̂s, j = 1, ...,M, the respective gφ̂( j),α̂( j)

(si |S�si) is immediately evaluated
and approximated confidence intervals on gφ̂ ,α̂(si | S�si) are derived from the

sample
{

gφ̂(1),α̂(1)
(si | S�si), ...,gφ̂(M),α̂(M)

(si | S�si)
}

.

5.3. Optimum retail network and maximum total market volume

The estimated SMP qΨ̂(s) is useful to check if all the areas characterized by a high
SMP are served by stores. The analysis of qΨ̂(s), however, is made uncomfortable
by the fact the quantity 1

|D |
∫
D qΨ̂(s)ds simply gives the average SMP and it cannot

be intended as the total market volume of the retail trade area. Nevertheless, the
maximum total market volume for the retail trade area D is supposed to exist and
to be a finite quantity. In particular, the maximum total market volume is supposed
to be related to the optimum retail network, that is, to the network that maximizes
the total market volume with respect to the estimated SMP.

Here, the problem of estimating the maximum total market volume and that
of estimating the optimum retail network are solved jointly. Estimating the opti-
mum retail network essentially means to estimate the number of stores N∗ of the
network and their spatial locations SN∗ = {s1, ...,sN∗}, si ∈ D . Both N∗ and S ∗

are ideally obtained as

{N∗,SN∗}= argmax
N;S⊂D

V (SN) (9)

where

V (SN) =
N

∑
i=1

qΨ̂(si | S�si) (10)

is the total market volume achievable by the retail network SN .
Due to the spatial competition between stores, it makes sense to assume that

there exists a number of stores N′ such that V (SN′)−V (SN)< ε for each N >N′,

5.2 CONDITIONAL EFFECTIVENESS ESTIMATION

5.3 OPTIMUM RETALL NETWORK AND MAXIMUM TOTAL MARKET VOLUME
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for each choice of {sN′+1, ...,sN} and for each arbitrarily small ε > 0. In other
words, if SN′ is the retail network of N′ stores which optimizes the total market
volume, it does not exist a larger network that increases the total market volume
more than ε . In this sense, N′ is the optimum number of stores N∗.

The optimisation of the retail network can be viewed as a competitive facility
location problem (Friesz, 2007). The optimization is typically a NP-Hard prob-
lem and exact algorithms are not computationally feasible for large sized prob-
lems. The common approach consists in using either genetic algorithms (Jaramillo
et al., 2002) or simulated annealing based algorithms. Due to the above consider-
ations on the optimum number of store N∗, however, the following algorithm for
the estimation of {N∗,SN∗} is proposed:

1. N = 0; SN = /0; V (SN) = 0;

2. SN+1 = SN ∪ argmax
s∈D

qΨ̂(s | SN);

3. if V (SN+1)−V (SN)< ε move to 4. else move to 2.;

4. N∗ = N; SN∗ = SN .

Starting from an empty retail network, a new store is added to the network at the
spatial location where the conditional SMP, with respect to the current network, is
maximum. The procedure is repeated until the increment in the market volume is
lower than ε . The features x̃i of each store added have an influence on the resulting
optimized network. Nevertheless, an important aspect is that the value of V (SN∗)

at convergence is independent of x̃i. Indeed, as well as the SMP, the maximum
total market volume is a property of the retail trade area rather than a property of
the stores.

Note that the algorithm does not guarantee that SN∗ = argmax
SN⊂D

V (SN), that

is, it might exist a different network of N∗ stores for which the market volume is
higher. Nevertheless, the algorithm is based on a sound heuristic and it has the
advantage of requiring exactly N∗ iterations.

6. Spatial market potential of a newspaper

In this section, the previously introduced DCLM and GPM are used to study the
sales volume of a daily newspaper sold at the newsstands of a city.

6. SPATIAL MARKET POTENTIAL OF A NEWSPAPER
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In order to compare the two approaches, it is detailed how the information
about the product, the consumers and the retail trade area is used within the mod-
els. Model estimation is compared in terms of the rmse evaluated from the dif-
ference between the observed and the estimated sales volumes. Finally, the ad-
vantages related to the GPM are discussed by showing the full spectrum of model
outputs provided by the GPM and by showing how the model output can be use
to optimize the newsstand network.

6.1. Sales data

The available sales data consist of the yearly average daily number of copies sold
on working days by N = 75 newsstands located in the city of Bergamo, Northern
Italy (see (Cremonesi, 2011) for more details about the data). The newsstand
spatial locations are showed in Figure 2 along with their sequential code. The
sales volumes are reported in Figure 3. The data of 5 newsstands are unavailable
and the total sales volume of the remaining 70 newsstands is 490.96 average daily
copies. Although, from the point of view of the newspaper editor, the newsstands
do not compete with each other, this can be considered a typical case where the
spatial location of some stores is known but their sales volume is not.

The only available information on the newsstand features is if the newsstand
has a license for the sale of lottery tickets, scratch-cards and so on. Prelimi-
nary results, however, suggested that, at least for the newspaper considered in
this study, the sales volume is not driven by this feature. Moreover, the news-
paper price is fixed across the newsstands. It follows that, in principle, a news-
stand is preferred to another on the basis of the distance between the consumer
and the newsstand and the interaction term of Eq. (5) simplifies to gφ (s | S ) =

(1+∑s′∈S exp(−‖s− s′‖/φ))−1.

6.1 SALES DATA

6.2 COVARIATE DESCRIPTION

All the spatial covariates known or supposed to be related to the observed market
volumes should be taken into account. For this case study, most of the available
spatial covariates from the national database (such as population income, educa-
tion, criminality, etc.) are not useful as they are provided as aggregated data at the
town level. Only two covariates are available as a spatially varying surface over
the Bergamo area and in particular the population spatial density and the distance
from the generic spatial location s to the nearest busy street section (BSS) in terms
of car traffic and people (including commuters, tourists and so on).
The population above 20 years old is available in terms of number of residents
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Figure 3: Sales data (working days average daily number of copies) for the newsstands
over the area of Bergamo.

Figure 2:  Newsstand locations and circle plot of the yearly average copies sold on working
days.

for each street of Bergamo. In order to consider a realistic spatial distribution, the
number of residents of each street is equally divided on the house numbers of the
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Figure 4: Normalized population density of the Bergamo area.

6.3  DCLM ESTIMATION
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Figure 5: Representation of the spatial covariate x
BSS

 (s) defined in Eq. (11).

Note that the covariate xpop (s) does not appear in (12) as the utility func- tion
already includes the distance dij between each newsstand and each resident.
Instead, xpop (s) will be considered in the GPM which only works with spatially
continuous covariates.

The covariate xBSS (s) is considered in (12) as a property of the store. Net of
the distance between the resident and the newsstand, the utility of the resident is
higher if the newsstand is located along or near a busy street section. In practice it
is assumed that, when the resident is not at home, he/she has a higher probability
of being along a busy street section. This models the fact that the consumer does not
necessarily purchase the newspaper at the nearest newsstand to home.

Note that the signs of the utility function terms are such that the model pa-
rameters θθθθθ = {α, β,γ,δ, µ}are expected to be all positive.

The price p is common to all the newsstands so that it is normalized to one
while the distance dij is normalized to the range [0, 1].

The model parameters are estimated following the minimization procedure
defined in (3). In order to avoid local minima, the model is estimated 500 times
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Param. α̂ β̂ γ̂ δ̂ µ̂ rmse ∑
s j∈S (1)

ŷ(s j)

Value 0.84 9.14 0.14 0.06 0.17 8.85 416.01

and the best solution (related to the minimum rmse) is retained.
Although, for each iteration of the minimization algorithm, 12,415 ·75 	 106

probabilities Pi j are to be evaluated, each minimization takes less than 10 s on a
standard laptop machine using the fminsearch function of Matlab®.

The estimation results are reported in Table 1. As expected, all the estimated
model parameters are positive in sign and the predominant term, related to the
β parameter, is the distance di j between the resident and the newsstand. The
model, however, performs poorly as the rmse is even higher than the data standard
deviation which is equal to 8.53. Moreover, the estimated total sales volume is
416.01, which underestimates the observed value equal to 490.96 average daily
copies. Finally, the value of δ̂ suggests that the covariate xBSS, j is not relevant
with respect to the customer utility.

6.4. GPM estimation

The GPM adopted in this case study is given in (4) but µ ≡ 0. This choice auto-
matically implies that the SMP is zero over the uninhabited areas of the city. The
spatial correlation function of the latent component w is chosen to be

ρθ
(
s,s′
)
= exp

(
−‖s− s′‖

θ

)
(13)

which is a valid spatial correlation function. The model parameter vector Ψ is
thus estimated by means of the EM algorithm as discussed in Section 5.1 and
estimation takes less than 30 s. The estimation results are reported in Table 2 with
the confidence intervals evaluated by following the bootstrap approach discussed
in (Finazzi, 2013) and based on M = 10′000 runs.

The β̂ coefficients are positive in sign and significant though the lower con-
fidence limit of β̂pop is close to zero. The value of θ̂ implies a short range spatial
correlation of the latent variable w(s) which, in any case, is relevant in explaining
the SMP as γ̂ is significantly different from zero. As supported by the value of
φ̂ , the competition between nearby newsstands is quite strong. The conditional

6.4  GPM ESTIMATION

Table 1: Estimated model parameters, rmse and estimated total market vol- ume for the
DCLM.
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effectiveness for each newsstand is reported in Figure 6, confidence intervals in-
cluded. Note that most of the newsstands located in the city centre (newsstand
code between 34 and 49) are characterized by a conditional effectiveness around
0.2. As a result of their mutual proximity in space, each of these newsstands can
only sell 20% of the market potential at their spatial location.

6.5. DCLM and GPM comparison

While the model parameters of the DCLM and the GPM are not directly com-
parable, the rmse is largely in favour of the GPM. This result can be explained
in two ways. First of all, the GPM performs better thanks to the latent random
variable w(s) which compensates for the sales data variability not explained by
the covariates. Secondly, the GPM is a marginal model on the sales volume of
the stores while the DCLM is a model on the utility of the consumers in a given
population. In this sense, the GPM is less rigid as it does not require to know the
spatial location of the potential consumers and their number.

Note that the DCLM and the GPM give an opposite answer with respect to the
role of the covariates. The covariate parameters of the GPM are both significantly
different from zero but xBSS (s) prevails over xpop (s) in terms of explained variance
as their range is the same but β̂BSS 	 2.7β̂pop. On the other hand, the δ̂ parameter
of the DCLM related to xBSS, j is much lower than the β̂ parameter related to di j

and, indirectly, related to xpop (s).
The DCLM performance could be improved by including in the utility func-

tion an additional term with the same role of w(s), namely a spatially correlated
term which is not related to any covariate. Since w(s) is a random variable with a
given distribution, however, it might not be easy to derive the probability given in
(2) which is currently based on the distribution of εi j.

6.5  DCLM AND GPM COMPARITION

Table 2: Estimated model parameters, rmse and estimated total market vol- ume for the
GPM.

Value 9.26 25.23 11.87 13.78 69.30 220.43 0.85 487.41

LCL 0.45 16.03 3.27 10.59 16.55 186.41

UCL 29.37 55.93 98.60 27.00 233.81 408.30

Param. β̂pop β̂BSS σ̂2
ε γ̂ θ̂ φ̂ rmse ∑

s j∈S (1)
ŷ(s j)
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Figure 6: Estimated conditional effectiveness and 95% confidence intervals for the 75
newsstands over the Bergamo area.

6.6  SMP AND OPTIMUM RETAIL NETWORK ESTIMATION
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Figure 7: Estimated SMP q ˆ ( )
Ψ

s S  (average daily number of copies) over the Bergamo

area. Newsstand locations marked by the + symbol
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Figure 8: Estimated conditional SMP qΨ (s | S ) (average daily number of copies) over the
Bergamo area. Newsstand locations marked by the + symbol.

7. CONCLUSIONS AND REMARKS

In this paper, the problem of estimating the spatial market potential of a retail
product has been addressed by comparing an approach based on DCLMs and a
second approach based on the GPM.

Through a case study, it has been proven that the GPM is superior in terms of
goodness of fit and that it can provide a full range of outputs (uncertainty in- cluded)
useful to better understand the spatial pattern of the market potential and the
interaction between the stores.

When compared with DCLMs, two important advantages of the GPM are that
the spatial market potential can be estimated for each spatial location of the retail
trade area and that it can be estimated without assuming any spatial distribution of
the consumer population. Thanks to the fact that the spatial market potential is
obtained as a spatially continuous surface, the estimated market potential can be use
to optimize the retail network over the retail trade area.
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Figure  9:  Standard  deviation  map  for  the  estimated  conditional  SMP q ˆ ( )
Ψ

s S .

Newsstand locations marked by the + symbol.

The GPM can be extended to study additional aspects of the market
potential when required by the peculiarities of the retail product considered. An
immediate extension concerns the analysis of panel data (or space-time data). The
GPM considered in this paper implicitly assumes that the market is stable and that
past sales data well describe present and future sales. The optimum retail network
is also estimated relying on the same assumption. In some cases, however, it may
be useful to understand the sales trend, especially when a growth or a decline of
sales is likely to be confused with the cannibalization effect of nearby stores. In
this regard, a possible formulation of the GPM for panel data is the following
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Figure 10: Current newsstand network (filled circles) and optimized network of 75
newsstands (empty circles).

for instance, in (Sriram et al., 2006) and (Neelamegham and Chintagunta, 2004).
Following (Fassò and Finazzi, 2011), the GPM can also be extended to more than
one product, in which case y(s, t|S ) and q(s, t) are vectors with dimension the
number of products and the vector w(s, t) is modelled by means of the Linear
Coregionalization Model.



344 Finazzi F.

REFERENCES

Allaway, A.W., Black, W.C., Richard, M.D., and Mason, J.B. (1994). Evolution of a retail market
area: An event-history model of spatial diffusion. In Economic Geography, 70 (1): 23.

Ben-Akiva, M. and Boccara, B. (1995). Discrete choice models with latent choice sets. In Interna-
tional Journal of Research in Marketing, 12: 9–24.

Berry, S., Levinsohn, J., and Pakes, A. (1995). Automobile prices in market equilibrium. In
Econometrica, 63 (4): 841–890.

Chasco Yrigoyen, C. and Otero, J.V. (1998). Spatial interaction models applied to the design of retail
trade areas. Ersa conference papers, European Regional Science Association.

Cremonesi, I. (2011). Geostatistical methods and applications to advanced mar- keting. University
of Bergamo - Italy. MSc dissertation.

Davis, P. (2006). Spatial competition in retail markets: movie theaters. In The RAND Journal of
Economics, 37 (4): 964–982.

de Palma, A., Lindsey, R., von Hohenbalken, B., and West, D.S. (1994). Spatial price and variety
competition in an urban retail market : A nested logit analysis. In International Journal of
Industrial Organization, 12 (3): 331–357.

Diggle, P., Moyeed, R.A., and Tawn, J.A. (1998). Model-based geostatistics. In Applied Statistics, 47:
299–350.

Fassò, A. and Finazzi, F. (2011). Maximum likelihood estimation of the dynamic coregionalization
model with heterotopic data. In Environmetrics, 22 (6): 735– 748.

Finazzi, F. (2011). Geostatistical modelling of spatial potentials. Tech. Rep. 9/MS, Dept. of
Information Technology and Mathematical Methods, University of Bergamo. Retrived from
http://hdl.handle.net/10446/25213.

Finazzi, F. (2013). Geostatistical modeling in the presence of interaction between the measuring
instruments, with an application to the estimation of spatial mar- ket potentials. In The Annals
of Applied Statistics, 7 (1): 81–101.

Friesz, T. (2007). Competitive facility location. In Networks and Spatial Eco- nomics, 7: 1–2.

Huff, D.L. (1964). Defining and estimating a trading area. In The Journal of Marketing, 28 (3): 34–
38.

Jaramillo, J.H., Bhadury, J., and Batta, R. (2002). On the use of genetic algorithms to solve location
problems. In Computers and Operations Research, 29 (6): 761– 779.

Louviere, J.J. and Woodworth, G. (1983). Design and analysis of simulated con- sumer choice or
allocation experiments: An approach based on aggregate data. In Journal of Marketing
Research, 20 (4): 350–367.

McFadden, D. (1974). Conditional logit analysis of qualitative choice behavior, 105–142. Academic
Press, New York.

Neelamegham, R. and Chintagunta, P.K. (2004). Modeling and forecasting the sales of technology
products. In Quantitative Marketing and Economics, 2: 195–232.

Reilly, W. (1931). The law of retail gravitation. W.J. Reilly, New York.

Rust, R.T. and Donthu, N. (1995). Capturing geographically localized misspeci- fication error in retail
store choice models. In Journal of Marketing Research, 32 (1): 103–110.

Sriram, S., Chintagunta, P.K., and Neelamegham, R. (2006). Effects of brand pref- erence, product
attributes, and marketing mix variables in technology product markets. In Marketing Science,
25 (5): 44–56.


