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The impact of geography on marketing science is an important topic of research
for business and management. A model becomes ‘spatial’ if the behaviour of one
economic agent is codetermined by nearby economic agents (Burridge et al., 2016).
Spatial analysis is a new and emerging research topic in marketing – one which has not
yet revealed its potential – that is attracting more interest each day due to the increasing
availability of georeferenced information. In the field of Customer Relationship
Management (CRM), taking advantage of the spatial correlation between customers can
improve the predictive performance of models. The main contributions to CRM
(including spatial effects) are in the subfield of customer acquisition (Baecke and Van
den Poel, 2012, 2013; Jeonghye et al., 2010); in relation to customer churn behavior,
however, no research that takes into account geography and ‘space’ as explicative
factors has yet been undertaken. How would any business model change if we could
predict which clients are more prone to leave the company? Can we actually predict
customer churning accurately in first moments of the client with the company?
Although there has been much literature around prediction of customer churning in the
last years, none of it takes into account spatial models to do so. So, this paper is based
on the belief that spatial econometrics can improve the performance of existing models.

The recent explosion of ecommerce companies makes having loyal clients an
extremely complicated task. Companies spend large amounts of resources trying to gain
new clients each year, but many of them consistently fail to retain such clients. Engaged
customers create higher benefits than new ones (Reichheld and Sasser, 1990). The cost
of gaining a new client overpasses the cost of retaining the same client. Some research
has shown that this costs between 6 (Verbeke et al., 2011) and 12 times that of retaining
the existing customer (Torkzadeh et al., 2006). So it seems only logical to avoid
churning as much as possible in order to create a sustainable business model and also to
elude adverse effects such as negative company’s reputation or negative feedback which
may influence potential customers (Saradhi and Palshikar, 2011). Therefore, predicting
churning before it happens is a critical point for grocery e-companies. If such group of
clients or policies can be detected, wherever the risk of churning is high, specific
marketing actions can be developed in order to retain the clients.
The phenomenon of client churn can be frequently observed in different
consumer services markets such as telecommunications (Archaux et al., 2004; Hung et
al., 2006; Rosset et al., 2003), insurance (Günther et al., 2014; Risselada et al., 2010;
Morik and Köpcke, 2004), subscription services (Coussement and den Poel, 2008),
financial services (Lariviere and den Poel, 2005) and banking (Xie et al., 2009). A great
deal of methodological approaches has been discussed in examinations of market
independence. The most popular of these approaches use classification trees (Lemmens
and Croux, 2006) and logistic regression (Günther et al., 2014); multiple statistical
techniques1 have also been developed in order to identify customers who are likely to
churn based on their characteristics: for instance, survival analysis (e.g. Brockett et al.,
2008); neural networks (Hung et al., 2006); random forest (Lariviere and Van del Poel
2005); support vector machines (Xie et al., 2009); and more recently, machine learning
(bagging; boosting; staking; voting) has been applied (Risselada et al., 2010). Most of
those techniques have resulted in limited gains in accuracy and substantial increases in
complexity (Risselada et al., 2010). This statement is also supported by Neslin et al.
(2006), who found that logistic regression models and classification trees accounted for
68% of entries in churn modelling.

1
A full description of methodologies used in the churn prediction model, besides the most important contributions, is to be found in
Table 1 in Verbeke et al., (2011); Table 1 in Soeini and Rodpysh (2012); Table 1 in Abbasimehr et al., (2014); Table 1 in Allahyari
and Vahidy, (2012); and Table 1 in Tsai and Lu (2009). A comparative study is presented in Vafeiadis et al. (2015).

Small e-commerce companies collect large amount of information from their
clients, which can be analyzed to find certain valuable patterns. They store data from the
very first moment of the client using the service. The specific date when the client
signed up and all the events of that specific moment could reveal something interesting
about coming client’s behavior. Channel of entrance is proved throughout this paper to
be decisive to discriminate the loyal clients to the ones who become inactive in a short
period of time. Also, first user’s orders impact meaningfully on the prediction of future
behavior of a customer. This already appears in Moriuchi and Takahashi (2015) where
shopping experience appear vital in gaining consumers’ trust.
There is one piece of information, which is included in all data warehouses that
has never previously been used in models of churn prediction: the address of the
customer. The address of a customer is an important element that enriches any churn
model. First, knowing the neighborhood of the customer, then indirectly the economic
position is revealed, allowing dividing customers into limited neighborhoods. Some
research that has been undertaken on zip codes in churn prediction (Löchl et al. 2009;
Verbeke et al., 2012; Huigevoort and Dijkman, 2015) showed ambiguous conclusions.
Verbeke et al. (2012) writes, “the number of times a customer called the helpdesk will
most probably be a better predictor of churn behavior than the zip code”. Secondly and
directly related to this research, knowing the exact location of a customer (map
coordinates) makes it possible to identify the proximity of other customers. Nearby
customer churn behavior is probably codetermined, and some mimetic conduct between
them can be detected. Pinheiro and Helfert (2010) wrote, “Some events within the
network can be influenced by activities of other customers. In the example of churn,
word of mouth, rumors, commentaries and mostly activities of churn of other customers
may create a chain process”. Along the same lines, Haenlein (2013) presents evidences
on the importance of social interaction in customer churn decisions. Lastly, if the egrocery company knows the exact location of a customer, it is easy to identify
geographical factors (strategic geographical points) that could be related to churning.
Proximity to certain supermarket is probably an essential factor that influences it.
Taking into account the state of research, the main objective of this paper is to
demonstrate the impact of geographical factors on churn prediction. Using the
experience of an e-commerce startup business in Madrid (Spain), it is proved in this
paper that the power of using geographical data to improve the classical probit

regression model using Spatial Regression Probit Models (LeSage, 2009). Spatial
Autoregressive Probit Model is a popular methodology in spatial econometrics that in
this paper show to perform well in churning analysis. Moreover, the parameters
estimated are easily interpretable. Overall, this paper proposes a new take on the classic
churning prediction analysis, which may lead to an improvement in the business model
of companies and resource allocation thereof.
The paper is structured as follows: the second section describes the data and
methodology; the third section presents the most important results and some potential ecompanies’ strategies and the last section concludes this work.
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