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ABSTRACT ARTICLE HISTORY

Companies offering a wide range of products may have an inter- Received 18 June 2020

est in measuring the degree of diversity of their clients’ shopping Accepted 7 October 2020

baskets as an indicator of consumer behaviour. Customers buying

a wide range of products are somehow more dependent on the

business and their switching costs might be higher compared to h o .
eterogeneity; churn;

others that gnly buy a'small numl?er of products from your cata- customer behaviour;

logue. We aim to provide companies with a tool to measure how hypothesis testing; market

heterogeneous their clients are in terms of the composition of basket analysis

their shopping basket. First, the objective of this paper is to take

advantage of some approaches used in other fields to create a JEL CLASSIFICATIONS

new measurement. Second, we will show some possible applica- M2; M31; 033

tions of this indicator in a business context. We consider that a

client with low heterogeneity is not highly dependent on the

business and is more likely to defect. To check if this intuition is

true, we will test the dependence of heterogeneity and churn

with real data. By proving our hypothesis, we will be potentially

enriching churn models with a new explanatory variable, and we

could prevent the defection of those clients scoring low hetero-

geneity by making the appropriate marketing decisions.

KEYWORDS
Shopping basket

1. Introduction

Customers are the greatest asset for any company. Therefore, customer acquisition
and customer retention are two key aspects a firm should be tracking to assure its
future sustainability. How to balance the usage of resources towards these two objec-
tives (acquisition and retention) has been a topic of continuous debate and has been
addressed by many authors so far: Reinartz et al. (2005) and Blattberg and Deighton
(1996) provide two interesting insights regarding this.

As stated in Glady et al. (2009) the definition and modelling of customer loyalty
have been central issues in customer relationship management for many vyears.
Actually, as suggested by Reichheld and Sasser (1990), every company should follow
the Zero Defections goal since a small increase in the defection rate of any company
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can lead to a huge decrease in the total profit. Another argument to support this
retention-oriented idea is the common belief that acquiring a new customer is up to
five times more expensive than retaining an existing one, Pfeifer (2005).

Focusing on customer retention and particularly on customer churn models, we
have detected a lack of research when it comes to analysing non-contractual settings
between the firm and the customer, especially, regarding the choice of significant
explanatory variables.

The original idea for this paper came at this point. If we consider those businesses
where the provider offers a wide range of products in their catalogue (most often
wholesalers and supermarkets), it is crucial to know what amount of the heterogen-
eity is contained in the catalogue our clients are purchasing (e.g. just a few products,
a substantial number of different products, ... ). Originally, we had the intuition that
the lower this heterogeneity the higher the probability of churn for a particular client
would be. In fact, we consider this quite a straightforward intuition: you are more
attached, or you feel more dependent upon a supplier when the number of products
you need or purchase from this supplier is higher.

Most of the literature that talks about churn uses data from contractual settings,
mostly in the businesses of telecommunications, banking, or finance where the client
should communicate his or her defection to terminate the contractual relationship.
For instance, Verbeke et al. (2011) provides a summary and a comparison over a
wide sample of those churn models studied so far.

In those cases, the fact that the response variable (defection) is known simplifies
both the modelling and the validation substantially. Most of the models considered in
the summary provide different prediction techniques, ranging from classical statistical
methods such as logistic regression, Eiben et al. (1998) to machine learning techniques
like Neural Networks, Datta et al. (2000) or Decision Trees, Wei and Chiu (2002).

Building a customer churn model in a non-contractual setting is, obviously, far
more complicated. Most often, the client does not communicate his or her defection
and the only evidence we may have of it is a suspiciously long delay since last pur-
chase. The lack of certainty over the response variable is a clear difficulty when trying
to approach this particular issue. However, a great number of businesses operate on
non-contractual settings. Therefore, there is also a need to work on these kinds of
models in order to provide these types of companies with some guidelines on strat-
egies for customer retention.

The type of businesses we have just illustrated, two paragraphs above (those with a
wide range of products in their catalogue), very often work in non-contractual set-
tings. Therefore, to check whether the intuition we mentioned is true or not we have
a couple of difficulties to overcome: computing the probability of being active for
every client (as this is an unknown variable in a non-contractual setting) and building
a measurement that captures this heterogeneity concept which, in fact, is the primary
objective of this paper since it constitutes a novelty in the field.

One of the most widely used models to evaluate the probability of a client being
active in a non-contractual setting is the so-called Pareto-NBD model introduced by
Schmittlein et al. (1987). In spite of some limitations we are not going to discuss
here, the model proves to be useful, at least, to order customers regarding their
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potential danger of permanent inactivity. This probability mentioned above can be
either used as the response variable or transformed into a dichotomic variable (e.g.,
defining customers as inactive when the probability of being active falls below 50%).
A deeper insight into the model will be developed in Section 4.

Another key issue when considering the problem of building a customer churn model
is the right choice of explanatory variables. Obviously, this is an issue which strongly
depends on the kind of business you are trying to adjust the model to. In Buckinx and
Van den Poel (2005), one can find a list of some of the most frequent explanatory varia-
bles that are often chosen for this purpose. Frequency, inter purchase time, length of the
relationship or some demographic features are examples of these variables.

However, in our opinion, there is an important variable that is constantly missing
in all the models present in current literature. Our secondary objective for this work
(after building the heterogeneity measurement) is to prove that customer basket het-
erogeneity, i.e., its diversity regarding different products (and its proportion over the
total) may play an important role when trying to predict total defection. Actually, a
substantial decrease in basket heterogeneity probably implies partial defection, i.e.,
our customer has switched some of his or her purchases to another company. Partial
defection is a problem in itself since it implies a decrease on customer profitability,
but it also may be an indicator of a possible total defection since the switching costs
for the client are lower when the variety of products he or she buys from a certain
supplier decreases.

Proving that this variable is correlated with churn would be useful in itself, but the
results derived from the measurement we are going to propose for heterogeneity (pri-
mary objective) could be used for many other purposes in a business context (e.g., by
using a Market Basket Analysis algorithm for those clients scoring a low heterogen-
eity). Actually, if we are able to prove that basket heterogeneity and churn are corre-
lated, we will also be able to provide businesses with some guidelines to increase the
heterogeneity of their clients and, therefore, decrease their churn probability and also
enhance their profitability. Therefore, we understand the second objective of the
paper just as an example of a possible usage of the heterogeneity measurement we
are going to build. However, we believe this might be useful in many other decision-
making situations we will discuss in the last chapter of this paper.

Just to clarify and summarise, the article has these three goals:

1. To provide a tool to measure the concept of customer basket heterogeneity
(main objective).

2. To prove the relationship of this variable and churn to potentially enrich churn
models by suggesting a new possible explanatory variable.

3. To suggest a possible way of increasing the shopping basket heterogeneity for
those customers scoring a low value using Market Basket Analysis techniques.

The rest of the article will be structured as follows. In Section 2, we will take a
quick glimpse of the data we are going to use to build the measurements and test
potential relationships. In Section 3, we are going to review the state-of-art of hetero-
geneity measurements used in different contexts aside from Marketing, churn models,



ECONOMIC RESEARCH-EKONOMSKA ISTRAZIVANJA @ 2575

and Market Basket Analysis. As a follow-up of that chapter, Sections 4 and 5 will spe-
cify what means have been selected to measure churn and heterogeneity respectively
over our client database. Once we have quantified both concepts, we will proceed to
the results display that will cover the three above-mentioned objectives (Section 6).
Finally, Section 7 will be devoted to discussing certain limitations of the analysis as
well as possible ways of researching further into the topic and some additional appli-
cations of the proposed measurement.

2, Database description

In this section, we are going to briefly introduce some basic characteristics of the
database we are going to use to either prove or discard our hypothesis to answer the
second objective: shopping basket heterogeneity plays a significant role when trying
to predict churn.

This database contains all the transactions made by the clients of a beauty products
wholesaler company (mostly other smaller businesses) during the period spanning
from January 2014 to March 2018 (50 months). In order to provide the reader with a
general idea of the dimension of the company and the characteristics of its clients,
some main features of the data are displayed:

1,601 different clients made at least one transaction over the period considered.
47,783 transactions were made. The average number of transactions per month is
close to 1,000.
The average expenditure per transaction is equal to €1,243.85.
The standard deviation of expenditure per transaction is equal to €3,046.88.
Therefore, the coefficient of variation of the variable “expenditure per transaction”
is very high (2.45).
The company have sold 7,572 different products over these 50 months.

e The total amount of sales over the period is equal to €59,434,875 which leads to a
monthly revenue higher than 1 million.

Given the characteristics of the hypothesis we want to prove, some information
about the expenditure on each of the 7,572 different products is also provided.
Figure 1 shows a histogram for the total expenditure over these 50 months on every
product of this company. Figure 2 shows the Lorenz Curve as a measure of inequality
on the expenditure of these products.

These two figures reveal that there is a great deal of inequality on the income that
every product brings to the company. In Figure 1, we can observe that most of the
products (almost 90%) generated less than €10,000 of sales during the period. Then,
around 900 other products generated quite a larger amount (between €10,000 and
€50,000 each) while almost 200 products brought more than €50,000 each.

These numbers lead to the inequality distribution shown in Figure 2 where it can
be observed that the Pareto principle almost holds: 20% of the products are respon-
sible of 80% of total income. The Gini index for the expenditure on every product is
0.804 which means quite a great deal of inequality regarding the income brought by
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Figure 1. Bar plot of the absolute frequency of the total amount of expenditure per product.
Source: Authors.
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Figure 2. Lorenz curve for the distribution of the expenditure on the different products.
Source: Authors.

each SKU. Although measuring inequality among the expenditure within the different
products of the catalogue is not an objective of this paper, we found it useful for the
reader in order to obtain a quick idea of how the company generates its revenues.

3. Key concepts and literature review
3.1. Heterogeneity measurements

Shopping basket heterogeneity is not a variable that can be quantified in a trivial way
so there is a need for some discussion about what this concept means and how it can
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Product 1 | Product 2 | Product 3 | Product 4
Client 1 25% 25% 25% 25%
Client 2 97% 1% 1% 1%
Client 3 33 % 33% 34% 0%

Figure 3. Example of different customer baskets to illustrate the concept of heterogeneity.
Source: Authors.

be measured. As defined by Boztug and Reutterer (2008), we understand a shopping
basket as the set of items (or product categories) included in a retail assortment that a
consumer purchases during one and the same shopping trip. Nevertheless, although we
agree with the convenience of the definition, we will consider the items bought during
a certain period instead of the items bought within the same shopping trip. We pro-
ceed this way because our interest is to check the variety of products the clients are
purchasing over time and not to analyse the shopping basket of one specific purchase.

First, we provide a practical example of how we understand heterogeneity within a
client’s shopping basket. To make it simpler, let’s consider a business offering four
different products and let’s consider the historical shopping basket (in terms of the
percentage of items of each product bought during the period over the total amount
of products) of three different clients:

In this situation, we understand that Client 1 is the most heterogeneous since he
or she buys all the products and he or she does so in the most heterogeneous way
possible. Client 2 also bought all the products available, but his or her level of diver-
sity is very low provided that the great majority of purchases come from the same
product. Finally, Client 3 does not buy all the items, but shows a great deal of hetero-
geneity over those products he or she is buying. From this simple example and for-
getting about measurement methods, we would say that Client 1 is the most
heterogeneous while Client 2 is the most homogeneous.

The question that arises now is the following: how can we measure this idea? The
concept of heterogeneity is particularly relevant in many fields. For instance, it has
been commonly used in thermodynamics, ecology, and statistics (among others)
where it is called disorder, diversity and information respectively.

To check some examples of how this concept has been applied and measured in
the fields we have just mentioned, one can refer to Ozawa et al. (2003) in the context
of thermodynamics, Banavar et al. (2010) for an application in ecology and Eliazar
and Sokolov (2010) from a statistical perspective.

Nevertheless, what is generally common among all those fields is the regular use of
the so-called entropy function to measure them. It is important to highlight that
other measures regarding diversity or heterogeneity have been used in many different
contexts. For example, one can check Rocchini et al. (2017) for the Rao’s Q Diversity
Index or Guiasu (1986) for the weighted entropy among others.

However, as we will properly detail in Section 5, we consider the entropy
formula to be the most convenient for our purpose, since it takes into account
both the quantity of different items bought during a period and also the



2578 e R. NICOLAS-SANS AND D. GONZALEZ IBANEZ

proportion that each of these items represent over the total shopping basket.
Looking back at Figure 3 and its explanation, one can figure out that this is
exactly how we understood heterogeneity: not only a mere count of the number of
different items but also their overall weight.

3.2. Churn prediction

The secondary objective of this article is to prove the significance of a variable that
has been constantly missed when building churn models: shopping basket heterogen-
eity. First, it is important to remark that churn models need to be accommodated to
the nature of the company.

Here, we can set an important difference. On the one hand, we have one-service
industries (such as telecommunications services, gymnasiums, banks, insurance compa-
nies, etc) where it is very common to establish a contractual relationship with the client
and, therefore, his or her defection is observable. On the other hand, we have compa-
nies offering a wide range of different products to their customers (such as supermar-
kets, cloth stores, wholesalers selling to retailers, e-commerce sites, etc). In this last
setting (non-contractual), the client does not communicate his or her defection and the
only evidence to predict this is a suspiciously long hiatus in his or her buying pattern.

On those one-service businesses, testing the accuracy of any churn model over a
specific sample is trivial because the response variable (i.e. defection) is completely
certain. Hence, the challenge in respect to these models is to choose the correct varia-
bles and apply the most accurate method (e.g., logistic regression, neural networks,
decision trees, etc.) There is plenty of literature about these kinds of models. For
instance, Neslin et al. (2006) talks about the relevance of method selection in terms
of predictive accuracy and Verbeke et al. (2011) provides an interesting summary
table about the research done on this topic so far.

However, churn models in non-contractual settings are more complicated. To the
challenges mentioned before there is also the inconvenience of the lack of awareness
on the response variable. The presence of these types of churn models in the litera-
ture is not so large compared to the above-mentioned setting.

One of the most revolutionary approaches to targeting this inconvenience is the Pareto-
NBD model introduced first by Schmittlein et al. (1987). The usefulness of the model lies
in the little data required (frequency, recency and observation period) to estimate the prob-
ability of a customer being inactive at a certain time. Many authors have used and tried to
improve the Pareto-NBD model afterwards (Reinartz & Kumar, 2000, Hopmann & Thede,
2005 or Abe, 2009 and Mzoughia et al., 2017 using Bayesian approaches).

Another approach with a larger number of explanatory variables that has been
developed is the one by Buckinx and Van den Poel (2005). They used up to 61 pre-
dictors (related to customer behaviour and demographics) to assess partial defection
in the FMCG retail sector.

More examples of models trying to estimate churn in non-contractual settings can
be found at Tamaddoni et al. (2010) where they work with a pre-paid mobile telecom
company database to predict defection based on customer behaviour (number/type/
duration of calls, cost, etc).
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Most of the churn measurements in non-contractual settings mentioned above
have been tailored specifically for the problem they were trying to approach.
However, the advantage of the Pareto-NBD model is its robustness when applying it
to any kind of business, since it just considers the time since the last purchase of a
customer (recency) considering his usual buying pattern (frequency). More details of
how this model predicts churn probability will be specified in Section 4.

3.3. Market basket analysis

Market basket analysis or association rule-mining is a method consisting of discover-
ing customer purchasing patterns by extracting associations or co-occurrences from a
store’s transactional databases, Chen et al. (2005). More specifically, it has the object-
ive of identifying products or groups of products, which tend to occur together in
buying transactions, Trnka (2010).

According to Kaur and Kang (2016) the main utility of Market Basket Analysis in
marketing is to provide the information to the retailer to understand the purchase
behaviour of the buyer, which can help this retailer in correct decision making. By
knowing which set of items are usually bought together, it becomes easier to
approach our customers with more attractive promotions rather than offering them
random discounts for random products.

In Karthiyayini and Balasubramanian (2016), some specific situations that use
these kinds of algorithms and which will become useful in a business context are
mentioned and some of them are listed below:

e Store layout: Put products that co-occur together to improve the customer shop-
ping experience.

e Marketing: Target customers who can potentially be interested in a product. Then,
attract these targeted customers with promotions to encourage them to spend
more on their shopping basket.

e Online retailers: Drive recommendation engines like Amazon or many other
online stores.

There are several algorithms to perform Market Basket Analysis. Probably, the most
popular is the Apriori algorithm developed by Agrawal and Srikant (1994) which has
been implement in the statistical software R. The implementation allows even non
expert users to obtain interpretable results since the required information (and its for-
mat) is easy to obtain and the code is intuitive enough. More details about the algo-
rithm and specially about some important concepts regarding Market Basket Analysis
will be given in Section 6.3 together with the summary of the results of the algorithm.

4, Measuring churn in non-contractual settings: the pareto-NBD model

Defection of a client is a variable that is not always observable. Particularly, in those
businesses where no contract is set between the supplier and the buyer, a company
has no tool to determine if a customer has finished its relationship with them. In
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fact, the only evidence that may prove this defection is a buying hiatus longer than
expected considering its traditional transaction pattern.

Knowing the nature of the business where the company operates, one can aim to
design a tailored model to detect churn in these circumstances. However, the Pareto-
NBD model introduced by Schmittlein et. al. (1987) uses an approach that makes
sense for any kind of business.

The only information this model needs to compute the probability that a client is
still active is the number of purchases (x), the moment when the last purchase
occurred (t) and the observation period (T). With just these three variables, we can
establish the recency (T-t) and the frequency (T/x) of a particular client.

Those are the five assumptions about the purchase event process and the time the
customer stays active (alive) as they were stated first in Schmittlein et al. (1987):

1. Poisson Purchases: While alive, each customer makes purchases according to a
Poisson process with rate A.

2. Exponential Lifetime: Each customer remains alive for a lifetime which has an
exponentially distributed duration with death rate pu.

3. Individuals’ Purchasing Rates Distributed Gamma: The purchasing rate A for the
different customers is distributed according to a gamma distribution across the
population of customers.

4. Death Rates Distributed Gamma: The customer’s death rates p are distributed
according to a different gamma distribution across customers.

5. Rates A and i are independent: The purchasing rates A and the death rates u are
distributed independently of each other.

Since careful exploration of this model is not the aim of this article, for the statistical
sense and justification of these assumptions, we suggest reviewing the original paper.

Just as an example of the results of this model concerning the probability that a
customer is still active; Figure 4 shows the data and the output of some selected cli-
ents in order to illustrate how it works. However, we will make three quick clarifica-
tions about the model estimation:

1. The model was estimated using a Bayesian approach (this is the reason why we
can have credible intervals for the probability of being alive in Figure 4).

2. Only the last two years of activity were considered.

3. Because of (2), the number of clients left for analysis decreased to 1,466.

We have deliberately chosen these clients in order to have some with low probabil-
ities of being active, moderate probabilities of being active and high probability of
being active respectively for high frequency customers (averaging more than one pur-
chase per month) and low frequency customers (averaging less than one purchase per
month). This will help us to understand if the model is bringing sensible estimates
for their probability of being active.

First, we analyse the first two customers whose probability estimates of being active are
below 50%. The first one has not been active for almost a year (when he or she made
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Id. Client P CI 95% x Tt T
10382 046 (0.08—-0.82) 3 294 665
14128  0.04 (0.00-0.18) 59 100 728
12008  0.75 (045-0.93) 5 165 651
14522  0.66 (0.33-094) 30 77 721
15196 096 (0.88—-0.99) & 14 281
11190  0.99 (0.97-1.00) 95 7 721

Figure 4. Frequency, recency, observation time, point estimate probability of being alive and its
credible interval for some selected clients using the Pareto-NBD model.
Source: Authors.

three purchases the year before) while the second one was buying, on average, almost
once every 10days and now he or she has been inactive for 100 days. Therefore, in the
first case, the wide confidence interval suggests that the model is not sure whether the cus-
tomer is still alive while the second one has both a point estimate and a credible interval
very close to 0, suggesting that the permanent inactivity of the customer is almost granted.

For the third and the fourth client respectively, we can observe point estimates of
the probability of being active which are moderately high and wide confidence inter-
vals. The model is quite dubious about the activity of those clients. This seems sens-
ible since the recency of both is higher than their usual average inter-purchase time,
but not by a significant amount compared to the two previous cases. Considering
that inter-purchase time follows an exponential distribution (because the purchases
follow a Poisson process), which is rather skewed to the right, makes sense for the
model to hesitate about the activity of these customers.

Finally, the last two clients do not need any detailed comment. Both have bought
recently and, therefore, the only evidence the model may have about their inactivity
(which is a suspiciously long hiatus) does not exist. Point estimates and credible
intervals of both are very close to 1.

The little information required by the model and the simplicity of the assumptions
(using 1-parameter distributions such as the Poisson and the Exponential) imply a
great deal of simplification on a complex problem such as estimating churn.
However, these estimations are sensible and reliable and, although their accuracy
might be improved by adding some complexity, it seems clear that the Pareto-NBD
model is, at least, useful to order clients in terms of their probability of being active
regarding their recency and frequency.

5. Measuring customer basket heterogeneity: Shannon’s entropy

In the introduction, we highlighted two potential obstacles to verify our hypothesis
corresponding to the secondary objective, which states that customer basket
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heterogeneity may have an impact on client defection. In Section 4, we have dealt
with one of the obstacles: how to measure the probability of a client being alive
(which needs to be understood as the complementary probability of churn) at any
moment in time. Now, we need a measurement for that basket heterogeneity both to
respond to our primary objective and to overcome the second obstacle.

In Section 3, we have briefly mentioned how other disciplines aside from
Marketing measure similar concepts. However, the attempt to measure how diverse a
client is when choosing from a wide catalogue has not been specifically addressed yet.
At first, our intention was to measure this dispersion just by counting how many dif-
ferent products the customer has bought during a specific period of time. Although
this looks reasonable, it might not give the desired results.

For example, consider these two customers baskets regarding all the 10 products a
company offers:

If the method used to measure basket heterogeneity was just to count how many
different products the client has purchased, both would score 5. However, we con-
sider this measurement not to be convenient since Client 2 is buying Product 1
almost exclusively (and some other products very occasionally). For example, it could
be the case of a client that only regularly buys a single product from us and occasion-
ally (e.g., when the other supplier he or she uses to buy runs out of the other prod-
ucts) some other references from our catalogue.

Contrary to this case is Client 1 who regularly buys five different products from us
and can be considered a loyal customer in all these five references. Therefore, it does
not make sense to consider a measurement such as just counting the different num-
ber of SKUs a client is purchasing. The proportion of each of the references over the
whole basket should be also considered.

Following this intuition and reviewing what has been done in other disciplines to
measure similar ideas, we found the concept of entropy, firstly introduced by
Shannon (1948). Although at the beginning, it was used in Communication Theory,
it has been adapted to other fields such as Statistical Thermodynamics or Ecology.
Generally, entropy is associated with concepts such as disorder or uncertainty. After
Shannon, other different versions of the original entropy formula such as Rényi’s
entropy or Hartley’s entropy have been developed.

Nevertheless, the original function serves our purpose of measuring the hetero-
geneity of a shopping basket in the way we wanted, since it considers not only
the number of different references that have been purchased, but also their pro-
portion over the whole basket. The formula, as stated in Shannon (1948), is the
following:

H= -— Zpi*logzpi (1)
i=1

where, adapted to our situation, n would be the total number of different articles pur-
chased by our client and p; the proportion that represents the article i over the
whole basket.
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P1 (P2 |[P3 |P4 |PS [P6 |[P7 P8 P9 |P10
C1 [20% | 0% | 20% | 0% | 20% | 0% | 20% | 0% | 20% | 0%
C2196% [ 1% | 1% (1% | 1% 0% | 0% [0% | 0% | 0%

Figure 5. Shannon’s entropy in terms of pi when a business offers just two products.
Source: Authors.
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Figure 6. Example of different customer baskets to illustrate the inconveniences of one possible

method to measure heterogeneity.
Source: Authors.

Derived also from Shannon’s manuscript, we can reproduce the most important
properties of that formula:

1. H = 0 if and only if all the p; but one are zero, this one having the value unity.
2. For a given n, H is a maximum and equal to log n when all the p; are equal

(ie., D).

The base used for the logarithm is not an important issue since it is just a matter
of scale. Our choice for this base is 2, but one can also choose Euler’s number or 10.
In fact, we should not forget that we are trying to measure something intangible,
therefore, we are much more interested in a measurement that is able to sensibly
order and separate our clients in terms of heterogeneity rather than a measurement
that brings accuracy, since we have no clue about what accuracy is in this context.

So, just to have an idea of how the formula works we can study its value for the
simplest case where a company offers just 2 products. In Figure 5, we reproduce one
of the plots of Shannon (1948) to illustrate the relationship between the entropy (H)
and p;.

We can observe that the entropy reaches its maximum (H = 1) when we reach
the highest level of uncertainty (p; = 0,5). Moreover, the entropy has two minima
(H =0) which are obviously equivalent (p; =0 or p; = 1).
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We can also compute the entropy (1) for the two example customers displayed in
Figure 6.

EClientl - - 5*(0) z*logzo, 2) - 2.32

EClienn = — (0, 96xlog,0,96) — 4x(0,01xlog, 0,01) = 0.32

This measurement gives a much more realistic idea of how heterogeneous both
customers are in terms of their shopping baskets, since it also incorporates the infor-
mation of the proportion that each item represents over the whole basket.

Although it looks as if we have found a good measure for heterogeneity, there is
another difficulty to overcome. How do we calculate these proportions? In terms of
the quantity purchased (number of units of the same item) or in terms of the amount
of money they represent over the total?

The issue in the sector of wholesalers of beauty products (and in the great majority
of businesses) is that their catalogue has some very cheap products that retailers often
buy in very large quantities (e.g., hair clips) and some very expensive products that
they buy very occasionally (e.g., specialized furniture for hairdressing salons).

Therefore, measuring these proportions p; with quantities would over-represent
those hair clips while assessing it by the amount of money they suppose over the total
would over-represent that hairdresser shop furniture. To solve this problem, we have
decided to compute the mean between the two types of entropies. So, the final for-
mula used to define the heterogeneity of each client is:

H = 0,5*( — Zqi*logzqi> + 0,5*( — Zmi*logzmi> (2)
i=1 i=1

1

where:

gi is the number of units bought from an item over the total quantity of units bought
and m; is the amount of money spent on an item over the total amount of money
spent on all items.

6. Results

In this section, we are going to show the main results derived from the 3 different
objectives we established at the beginning of the paper: building a measurement for
shopping basket heterogeneity, checking its possible relationship with churn and
using Market Basket Analysis to improve the profitability of those low-heterogen-
eity customers.

6.1. Overview of the results for the H measurement

To calculate this heterogeneity defined in (2), all the items bought during the period
mentioned in Section 2 (from January 2014 to March 2018) have been considered to
define every customer shopping basket.
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Figure 7. Histogram of H’ over the 1.466 customers of the company who purchased at least twice

during the last two years.
Source: Authors.

Statistic Value

Mean 5.69
Median 6.08
Std. Deviation 1.79
Coef. of Variation 0.31
Quantiles (2.5%-97.5%) (1.23-8.23)

Figure 8. Some descriptive statistics of the distribution of H'.
Source: Authors.

To provide a summary of the results obtained at a customer-level, we show, in
Figures 7 and 8 respectively, how the distribution of heterogeneity falls over our sam-
ple of 1,466 customers that have made at least a couple of purchases over the last two
years (Section 4).

As we have already mentioned in this section, it is not possible to state whether
the results are accurate or not. What we want to measure is a concept. Therefore, the
objective is that the measurement reasonably orders the customers from the least het-
erogeneous to the most heterogeneous. Just to quickly check if the measurement pro-
vides results which are aligned to the idea of heterogeneity we have previously
described, in Figure 9 we have a short summary of the composition of the shopping
basket of 3 clients, scoring respectively a low value of H’, a medium value of H” and
a high value of H’.

Although, obviously, this is a huge simplification of the results, we found it quite
illustrative to show the information displayed in Figure 9. Above, we can clearly dif-
ferentiate 3 types of clients in terms of heterogeneity. The first one has only pur-
chased 18 different references over the total of 7,572 the company is offering in the
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ClientID | H’ | #items | Max % Qty. | Max % (€)
10057 2.32 18 60.28% 27.29%
10011 6.13 125 8.02% 6.57%
10427 8.32 1238 4.39% 7.45%

Figure 9. Client ID, H’ score, number of items bought and what percentage over the total the prod-
uct with the greatest importance represents (in terms of quantity and expenditure respectively).
Source: Authors.

catalogue. Furthermore, in terms of quantity, there is a reference which concentrates
more than half of the total items bought during the specified period and has a H’
score equal to 2.32. Then, the second one has purchased a considerably higher
amount of different references and none of them represents more than 10% of the
total, neither in terms of quantity nor in terms of expenditure and scores 6.13 in the
H’ measurement. Finally, the last client scores 8.32 in H’ and, as we can see, it as a
really heterogeneous client. During the period considered, he has bought more than
1,000 different references and, as we can observe in the last two columns, none of
them represents a significantly large amount over the total.

After this short analysis, we are ready to confirm that the measurement we have
built is capturing the idea we have previously illustrated a couple of times during the
article. Regardless of the scale, which right now does not concern us, the formula we
are using guarantees a sensible ordering of the clients in relation to the concept of
shopping basket heterogeneity.

6.2. Relationship between churn and shopping basket heterogeneity

The first objective of this article was to provide a way to measure customer shopping
basket heterogeneity and has been covered in Section 5. Using the data from Sections
4 and 5 where we computed the probability of being active and the heterogeneity
respectively for every customer, we are ready to test if there is a significant relation-
ship between these two variables. The reader should keep in mind that the probability
of being active obtained through the Pareto-NBD model is just the complementary of
the probability of defection (churn).

As both of our variables are numerical and continuous, we have decided to test its
relationship with the Pearson’s correlation test. Therefore, our hypothesis is the fol-
lowing:

Hoi p:O
H]I p7é0

where p is the Pearson correlation between these two variables.

In Figure 10, we have the main results for this test:

As we can see, our hypothesis has been proved successfully: there are statistical
evidences to state that the true correlation (for this particular business) between the
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Test P
Point estimate 0.054
Confidence interval (0.003 —0.105)
P-value 0.0398

Figure 10. Point estimate, confidence interval (5% significance) and p-value of the Pearson’s correl-

ation test for the probability of being active and the heterogeneity, respectively.
Source: Authors.

probability of a client being active and its heterogeneity is different from 0 (and posi-
tive) with a 5% significance.

However, it is also true that the strength of this relationship is quite weak provided
that the point estimate as well as the confidence interval is relatively close to 0.
Nevertheless, before performing the analysis, we did not expect anything substantially
different since we are aware that there is a great number of variables that can explain
the defection of a client and the shopping basket heterogeneity is just one of them.

6.3. Market Basket Analysis algorithms

The following step once we have reached the conclusion that heterogeneity may have
an impact on churn (as we will discuss in the conclusions, we may need stronger evi-
dence to be sure about this) is to try to increase this heterogeneity for those clients
scoring low values. Not only because, if the relationship is true, increasing the hetero-
geneity of a client would increase the probability that this client remains active, but
also because increasing the heterogeneity itself implies increasing the profitability of
the customer (the greater the variety of a client’s purchases from the catalogue, the
more revenues he or she is bringing to the business).

From now on and to conclude with the results, we will provide a quick and
illustrative example of how to use Market Basket Analysis algorithms to try to fos-
ter higher profitability from those clients scoring low heterogeneity. To do this,
we have used the Arules package in R to use the apriori algorithm. Before pro-
ceeding with the results, some key concepts about this type of algorithms are
mentioned below (although we suggest reading Agrawal et al. (1993) for more
detailed information about association rules techniques as one of the pioneers in
this field):

Let X and Y be respectively any set of articles present in our catalogue. Then we
can establish the following definitions:

e If we define an association rule such as X => Y, we will call X the left-hand side
(LHS) or antecedent and Y the right-hand side (RHS) or consequent. In these
conditions, if we consider this as a remarkable association, we will be stating that
transactions containing the set of items X tend to also contain the set of items Y
but not the other way around.

e Support: The number of times the set of items X and Y appear in a certain trans-
action divided by the total number of available transactions.
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LHS RHS Support Confidence Lift Count
01279 00590 0.0116 0.30 2.8 553
01279 00698 0.0102 0.26 4.1 485
01279 00994 0.0099 0.25 22 473
01279 00858 0.0098 0.25 4.5 469
01279 00681 0.0098 0.25 22 468
01279 01994 0.0091 0.23 2.7 434
01279 00637 0.0086 0.22 42 411
01279 01030 0.0086 0.22 4.6 410
01279 01355 0.0085 0.22 6.0 405
01279 01938 0.0082 0.21 4.5 391
01279 01227 0.0080 0.20 5.4 381

Figure 11. Association rules for the items bought from a randomly chosen client including: LHS,

RHS, support, confidence, lift and count (how many transactions that association includes).
Source: Authors.

e Confidence: Number of times the set of items X and Y are bought together div-
ided by the support of X. This is the conditional probability of Y given X.

e Lift: This is calculated by dividing the support of X and Y by the product of both
supports independently. Values higher than 1 imply a positive correlation between
the set of items (and stronger the further we are from 1).

As we said in Section 2, our dataset contains 47,783 transactions that will be taken
into consideration to build our association rules. Just to illustrate how we would use
the algorithms in order to achieve our objective, we will randomly choose 1 customer
scoring low heterogeneity (a value smaller than 2) and we will show which items we
should recommend to each customer in order to try to increase his/her shopping bas-
ket heterogeneity.

Firstly, the algorithm requires some parameters to define the association rules
in terms of support and confidence. We have decided to set a low support
(0.005) since the list of transactions (47,783) and references (7,572) available is
huge and we have observed it is quite rare to find associations with a higher fre-
quency. Regarding the confidence, our threshold will be 0.2, meaning that we
will consider that an association X => Y is interesting if, at least, 20% of the
times that the set of items X appear in a transaction also appear the set of items
Y. Of course, these two parameters can be tuned depending on the needs of
the business.

Hereafter, in Figure 11, we present the association rules obtained for this randomly
chosen client which scored a low H’ value.

The client we randomly chose had a really low H’ value (1.34) since he only pur-
chased 6 items from the whole catalogue during the observation period (January 2014
until March 2018). Curiously, the apriori algorithm only found LHS associations with
1 of those 6 items he purchased.
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So, according to the criteria we have already established, we could somehow
encourage this customer to buy some of those 11 items proposed by the algorithm
(we previously made sure that none of the items appearing in the RHS were items
that have already been bought by the customer). At this point, the marketing actions
to convince this customer to purchase the recommended items would need to be
designed, but this is not the objective of the current paper.

7. Conclusions, limitations and further research

There are a couple of contributions from this article to the current literature about
churn models and consumer behaviour.

First, we have suggested a way of measuring the heterogeneity of the shopping bas-
ket of a client. We consider this to be an important magnitude any company should
track (obviously, except for those one-service businesses). By knowing how much
diversity of our catalogue our customers are purchasing, we have a way to segment
our marketing actions towards them.

For instance, a customer with a small degree of heterogeneity might be included in
a marketing campaign where he or she is encouraged to purchase other products
from the company (e.g., by using Market Basket Analysis algorithms) to increase
both his or her loyalty and his or her dependence on our business.

In many cases, a low heterogeneity could mean that our customer is purchasing
some items currently being offered by our competition. If we can detect such a situ-
ation (our measurement might be a tool for this) and we act accordingly, there is a
chance that this customer stops purchasing these products from the competition and
starts buying them from us. So, basically, we understand customers with low hetero-
geneity as those customers that can potentially increase our revenues if they are prop-
erly approached. Actually, in our database, the correlation between the heterogeneity
and the total expenditure of a customer (over the period stated in Section 2) is sig-
nificant and its point estimate is 0.18.

Second, we have also proved a significant (although weak) relationship between
this shopping diversity and the probability that a customer is still active. As we have
mentioned in Sections 1 and 3 churn models that are currently present in the litera-
ture do not incorporate heterogeneity as an explanatory variable. Therefore, including
this variable constitutes another alternative to improve the accuracy of these models
and enrich them.

Talking about the limitations of the research, we should mention the small scope
under which this was done. The collection and transformation of data as well as the
hypothesis testing has been done only with the information from one company work-
ing in a specific sector. Conclusions might be different for other types of businesses
and the relationship proved in this article could be either null or stronger for compa-
nies working in different scenarios. As stated in the introduction, the main objective
was to provide a tool to measure heterogeneity. Nevertheless, if the real interest is to
prove this relationship more firmly, data from other companies and sectors must be
gathered and tested.
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However, it is important to highlight that even if this relationship was weak or
even if it is not significant, the Market Basket Analysis makes sense for those clients
scoring a low H” measurement. Precisely, those clients purchasing a lower number of
different products are the ones that can potentially increase our revenues by purchas-
ing a larger amount of references.

Besides, there is room to improve research on this same topic. The analysis carried
out during the article has been static (i.e., a picture of the situation being taken at a
specific moment in time). However, the analysis can be potentially enriched by add-
ing dynamism to the variables. For example, one can compute the heterogeneity every
month by taking the information from the last X months to see how this H measure-
ment evolves over time and to check whether defection can be partially detected by a
gradual decrease on the shopping basket heterogeneity of customers.
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