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Abstract
Purpose – The purpose of this paper is to provide a customer lifetime value (CLV) model to carefully assess
and classify banking customers using individual measures and covering customers’ relationships with a
portfolio of products of the company.
Design/methodology/approach – The proposed model comprises two sub-models: (sub-model 1)
modelling and prediction of CLV in a multiproduct context using Hierarchical Bayesian models as
input to (sub-model 2) a value-based segmentation specially designed to manage customers and
products using the latent class regression. The model is tested using real transaction data of
1,357 customers of a bank.
Findings – This research demonstrates which drivers of customer value better predict the contribution
margin and product usage for each of the products considered in order to get the CLV measure. Using this
measure, the model implements a value-based segmentation, which helps banks to facilitate the process of
customer management.
Originality/value – Previous CLV models are mostly conceptual, generalisation is one of their main
concerns, are usually focussed on single product categories using aggregated customer data, and they are not
design with a special emphasis on their application as support for managerial decisions. In response to these
drawbacks, the proposed model will enable decision makers to improve the understanding of the value of
each customer and their behaviour towards different financial products.
Keywords Customer lifetime value, Customer relationship management, Customer value management,
Hierarchical Bayesian model, Latent class regression model, Product portfolio management
Paper type Research paper

1. Introduction
Due to the inherent complexities of the financial sector industry related to the high level of
competition (Worthington and Welch, 2011), the comparatively long duration of many
relationships with customers (Leverin and Liljander, 2006), and the fact that it can take several
years for customers to become profitable (Reichheld, 1996), nowadays financial service
providers realise the importance of an effective Customer Relationship Management (CRM)
(Öztaysi et al., 2011). Within this industry, decisions about customers are crucial, but complex,
because companies have to recognise hazardous customers’ relationships in order to be
avoided, which will ensure the survival. In this regard, CRM has potential to help financial
services providers to acquire new customers, retain existing ones, and maximise their lifetime
value through a more efficient provision of financial products (Krasnikov et al., 2009; Xu and
Walton, 2005). Consequently, given the existence of vast amounts of customer’s data recorded
in customer databases, the phenomenon known as marketing accountability has grown in
importance to manage customer base by taking into account its value to the firm (customer
value management, CVM) (Verhoef and Lemon, 2013). Therefore, careful assessment andIndustrial Management & Data

Systems
Vol. 117 No. 2, 2017
pp. 250-266
© Emerald Publishing Limited
0263-5577
DOI 10.1108/IMDS-03-2016-0107

Received 17 March 2016
Revised 25 July 2016
9 September 2016
Accepted 30 October 2016

The current issue and full text archive of this journal is available on Emerald Insight at:
www.emeraldinsight.com/0263-5577.htm

The support by the Consejería de Innovación, Ciencia y Empresa of the Junta de Andalucía (research
grant program), Hasselt University and Cajamar is gratefully acknowledged.

250

IMDS
117,2



segmentation of customers offer benefits in the decision making process related to customer
management to this industry.

Undoubtedly, one of the main tools for identifying the value of customers is the
customer lifetime value (CLV) measure (Kumar and Shah, 2015). CLV is the present value
of the future cash flows associated with each customer (Romero et al., 2013). CLV includes
all the elements of customer profitability (i.e. revenues and costs) and it is a
forward-looking measure (i.e. predictive) (Holm et al., 2012). In general, CLV provides a
good basis to assess the market value of a firm, and it has been proven that marketing
decisions based on this measure improve the financial performance of firms (Gupta and
Zeithaml, 2006).

Previous CLV models are unconvincing in their ability to manage customers in a
banking context because, in general, they have been mostly conceptual and have focussed
on the impact of a limited set of predictors on CLV (e.g. Fader et al., 2005; Park et al., 2014),
without a special emphasis on their application as support for managerial decisions.
Additionally, whereas the early CLV contributions mainly discuss how to develop
a CLV model that can be generalised (e.g. Berger and Nasr, 1998), later CLV applications
have demonstrated that these models differ substantially across industries and
countries (Chuang et al., 2013; Haenlein et al., 2007). Moreover, despite the fact that
most previous research has used aggregated customer data (Fader and Hardie, 2009) in
order to measure and predict CLV directly for different customer segments (e.g. Haenlein
et al., 2007; Hwang et al., 2004), the individual or disaggregated approach is able to capture
customer heterogeneity and can be considered as more sophisticated and accurate than
aggregate approaches (Holm et al., 2012). More related to the financial services sector,
prior research on CLV is primarily focussed on analysing transaction patterns associated
with only one product category (e.g. Klein and Kolb, 2015). However, customers’ shopping
behaviour usually comprises the purchase of multiple product categories. CLV models
that cover customers’ relationships with a portfolio of products of the company offer a
more comprehensive and realistic understanding of the customer base (Park et al., 2014).

In response to these drawbacks, the objective of this study is to propose a new and
comprehensive CLV model designed to carefully assess and classify banking customers
using individual measures and covering customers’ relationships with a portfolio of
products of the company. The proposed model comprises two sub-models. The first
sub-model is designed to get a complete assessment of customers predicting the components
of CLV using a set of drivers through Hierarchical Bayesian (HB) models. Therefore, the
main contribution arising from this work is derived from the use of panel data that provides
individual behavioural measures of 1,357 banking customers throughout 24-months of
activity with the bank. More specifically, we analyse whether the length of the
relationship with the bank, purchase and cancellation recency, cross-buying behaviour,
average monthly assets and liabilities and adoption of online banking create customer value
to the bank. In the second sub-model the estimated individual CLV (resulting from the first
sub-model) is related to demographic variables and customers’ portfolio of financial
products in order to carry on a value-based segmentation using the latent class (LC)
regression methodology. Using the customer segments provided by the model, CVM
strategies are proposed.

2. Literature review
2.1 Approaches to model CLV
Past research has provided numerous definitions of CLV. Examples include the combination of
customer value (past contribution), potential value (potential contributions), and customer
loyalty (churn probability) (Hwang et al., 2004; Kim et al., 2006); the compilation of purchase
frequency, recency regarding transactions, and monetary value spent per transaction
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(Donkers et al., 2007); the use of aggregate or general measures of customer acquisition,
retention, general profits and costs to serve customers (e.g. Libai et al., 2009); and the
application of the Customer Asset Management of Services (CUSAMS) framework (Bolton
et al., 2004). The CUSAMS is an integrated theoretical framework to make an assessment of
customers as assets of a company, offering a wide scope to study CLV. CUSAMS characterises
each customer-company relationship using three dimensions (i.e. length, breadth, depth).
Previous authors have made use of this framework by means of unsophisticated CLV models
and not adapted to the financial services industry (e.g. Venkatesan and Kumar, 2004). However,
because of a multiproduct or multiservice provider generally depends on these three core
variables to increase the value of its customers (Verhoef, 2004), these dimensions are used in
this research to complement the classification of components and drivers of CLV identified by
Persson and Ryals (2010) (for more details see Section 3).

2.2 Approaches to develop a value-based segmentation
Despite the fact that the process of delineating customer segments provides a basis for an
effective CRM management (Öztaysi et al., 2011), it remains one of the most difficult goals
for organisations to achieve in practice (Quinn and Dibb, 2010). Traditional segmentation is
focussed on identifying customer groups only based on geographic, demographics and
attributes such as attitudes and psychological profiles (Foedermayr and Diamantopoulos,
2008). These criteria are helpful to define the customer’s needs and wants, and therefore
customer’s purchasing behaviour (Aeron et al., 2012). However, segmentation focussed on
the basis of profitability (e.g. CLV) is helpful not only to satisfy customers’ needs, but also to
satisfy the needs of the business, because it enables the company to decide more effectively
on the allocation of resources to each customer segment (Kumar et al., 2009).

Customer segmentation methods using CLV can be classified into three categories as
follows (Kim et al., 2006): segmentation by using only CLV values (e.g. Zeithaml et al., 2001),
segmentation by using only CLV components, for example, current value, potential value
and loyalty (Hwang et al., 2004), and segmentation by considering CLV values and other
information, for example, demographic or transaction history (Aeron et al., 2012). However,
most previous customer value models, with a segmentation proposal, do not calculate CLV
using stochastic and disaggregated formulation (e.g. Haenlein et al., 2007; Kim et al., 2006).
This research aims to overcome this drawback through the first sub-model in order to
obtain a more accurate individual CLV measure.

3. Research framework
The proposed model is based on the CUSAMS theoretical framework, used to complement
the classification of components and drivers of CLV identified by Persson and Ryals (2010).
In line with the traditional customer value literature (e.g. Berger and Nasr, 1998; Kumar and
Shah, 2009), we include past behavioural data available from the customer database
(customer transaction behaviour). According to our knowledge, this set of variables has not
been studied together in other previous CLV models.

Persson and Ryals (2010) make an important distinction between components and
drivers of CLV. The components of CLV are retention rate, cash flows (or alternatively
profits) the firm expects to receive from the customer in each future period and the discount
rate. The proposed model complements these components with the level of cross-buying of
each customer by considering the portfolio of banking products that each customer chooses
and purchases (breadth dimension of the CUSAMS framework), and the level of usage of
each banking product (depth dimension of the CUSAMS framework), which includes the
retention rate. From the usual distinction between contractual (when the firm observes
customer defection) and non-contractual contexts (in which defection is unobserved and it is
necessary to predict whether an individual is active or alive for the company (P (Alive)),
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CLV models were traditionally focussed on retention as the main source of customer value
(e.g. Fader et al., 2005; Romero et al., 2013). However, focussing only on customer retention is
not enough, and cross-buying (i.e. breadth dimension) needs to be accounted for (Donkers
et al., 2007), as customers’ shopping behaviour usually comprises the purchase of multiple
product categories (Park et al., 2014).

Persson and Ryals (2010) complement the CLV concept with its drivers, which depend
to a great extent on the availability of data. In particular, as the first group of drivers of
product usage we have included loyalty variables, such as length of the relationship
between the customer and the bank and recency variables. They are usually included in
less sophisticated usage models (Venkatesan et al., 2007). Dynamic cross-buying is also a
selected driver of product usage, mainly because product usage is a clear consequence of
cross-buying (i.e. customers uses more products) (Kumar et al., 2008). In addition, Reinartz
et al. (2008) analyse the dispersion of spending (spread or concentration) across different
product categories in the relationship between cross-buying and loyalty. Consequently,
it is also interesting to analyse whether the dispersion of spending (i.e. average monthly
assets and liabilities) is a driver of product usage within this research. Moreover, as PC
banking customers uses more products that the traditional customer population (Hitt and
Frei, 2002), adoption of the online banking is also included as a driver of product usage in
the proposed model. Finally, we have also included a one-period lagged of product usage,
mainly because previous authors suggest that customers decide how much to use the
service in the future by considering how resources currently are exchanged within the
provider (Villas-Boas and Winer, 1999).

On the other hand, as the first group of drivers of contribution margin we have also
included loyalty variables (i.e. length of the relationship and recency variables). They are
usually included in less sophisticated contribution margin models (Kumar and Shah, 2009;
Kumar et al., 2006). We have also included dynamic cross-buying as driver of contribution
margin, mainly because previous authors state that cross-selling contributes to customer
profitability (Prinzie and Van den Poel, 2008). In addition, Haenlein et al. (2007) explain that
intensity of product usage (in terms of average monthly assets and liabilities) is also a good
driver of contribution margin. Moreover, as some controversy exits around the effect of the
adoption of online banking on the contribution margin, it is also configured as an interesting
driver of this component. More specifically, some authors point out that PC banking
customers, on average, offer a higher contribution margin that the traditional customers
(Hitt and Frei, 2002), whereas other authors state the contrary (Campbell and Frei, 2010).
We have also included a one lagged variable of contribution margin, following the same
rationale of the usage model (Villas-Boas and Winer, 1999). Finally, we have included total
quantity of purchases as driver of contribution margin following the suggestions of
Venkatesan and Kumar (2004).

To summarise, the research process is shown in Figure 1.
In the first sub-model, the components of CLV (i.e. product usage, contribution margin

and discount rate) are predicted using a set of HB models. By combining the usage and
contribution margin predictions, as well as a discount rate, the model provides individual
measures of CLV (using Formulas (1) and (2)). CLV for customer i is given by:

CLVi ¼
XT

t¼1

Profiti;t
1þdð Þt (1)

where CLVi is the lifetime value for customer i; i the index for customers (1⩽ i⩽ I, I is the
total sample size); t the index for periods of time or months (1⩽ t⩽T, T is the end of the
observation time frame); Profiti,t the current and future (predicted) profit from the customers
of the company; and d the monthly discount factor.
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Profiti,t, the main input to get CLVi, is calculated using the following equation (it makes use
of the predicted components of CLV for each customer (estimated in the sub-model 1):

Profiti;t ¼
XJ

j¼1

Product usageij;t � Contribution margini;t (2)

where j is the index for banking products (1⩽ j⩽ J, J is the total number of products).
In the second sub-model, the estimated CLVi resulting from the first sub-model is related

to customers’ portfolio of financial products and demographic variables (i.e. age, gender and
income) in order to carry on a value-based segmentation using LC regression methodology.

4. Methodology
4.1 Data
For the empirical analysis, we use panel data collected by Cajamar, a large Spanish bank
that operates at the national level. Cajamar is a cooperative group that has arisen out of the
mergers of several banks during recent years. Therefore, this bank has an extensive
physical branch network, as well as an online banking offering the same product
assortment, maintaining an important database of customers. All these characteristics make
it suitable to test the proposed model. Cajamar provided transaction data of 1,357
non-business and new customers[1] during 24-months (from December 2010 to November
2012; the total number of observations is 32,568). The set of variables used in the model are
described in Table I, where i refers to customers, j refers to products, and t refers to periods
of time (months). Right-censoring is presented when a customer i leaves the company (tdeath)
before the end of the observation period t (i.e. tdeatho t). The rows without observations are

 Customer
Database

Drivers of CLV

(Length of the relationship)i

(Purchase Recency)i,t

(Cancellation Recency)i,t

(Cross-buying)i,t

(Average monthly assets)i,t

(Average monthly liabilities)i,t

(Adoption of online banking)i,t

(Product usage)ij,t-1

(Contribution margin)ij,t-1

(Total quantity of purchases)i,t

(Income)i

(Gender)i

(Age)i

(Product ownership)ij,t

Input Processing

Interest rate
from secondary

sources

DISCOUNT RATEt

CONTRIBUTION MARGINi,t

PRODUCT USAGEij,t

Components of CLV

Hierarchical
Bayesian models

Sub-model 1:
Customer Lifetime

Value model

Latent Class
Regression model

Sub-model 2:
Value-based
segmentation

model

(CLV)i

Value-based
segmentation variables

Output

Notes: (*) Where i is the customer index, t is the time period, (t-1) refers to the previous period of
data, and j is the banking product index

Figure 1.
Research process for
the proposed model
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converted to null vectors according to the observed pattern of death and censoring
(except in case of non-time variables) (Mau, 1986). From the sample, the 51.5 per cent of
customers are males, and the remaining 48.5 per cent are females. On average, the selected
customers have an age of 39.57 years, and an income of 15,836.58€.

The product portfolio considered for this research consists of stock capital, credit card,
debit card, saving insurance, home insurance, not linked life insurance, linked life insurance,

List of variables Description References

Components of CLV (Sub-model 1)
Product usage: U_1it … U_Nit N continuous variables that measure the total

quantity of purchases of each product customer i has
made from the bank at t

Venkatesan
et al. (2007,
p. 585)

Contribution margin (monetary
value): CMit

Difference between interest and fees charged to the
customer minus the cost or income for the bank (of
investments funds or collected from the customer) at
the interbank lending market

Benoit and
Van den Poel
(2009)

Discount rate: d Interest rate (Euribor rate) Chang (2011)

Drivers of CLV (Sub-model 1)
One-period lagged variables of
product usage: U_01it−1… U_Nit−1

N continuous variables of product usage at (t− 1) Donkers et al.
(2007)

One-period lagged variable of
contribution margin: CMit−1

Contribution margin at (t− 1) Benoit and Van
den Poel (2009)

Length of the relationship: Li Time between the entry of individual i as a customer
of the company and defection time or the end of the
observation period (*)

Glady et al.
(2009)

Recency Purchase
recency: PRit

Difference between the last purchase and the time of
analysis

Adapted from
Donkers et al.
(2007)Cancellation

recency: CRit

Difference between the last cancellation and the time
of analysis

Dynamic cross-buying: CBit Difference in the number of products purchased/
cancelled across all product categories between tn+1
and tn. CBit complements the information provided
by PRit and CRit (because they do not quantify the
real number of products that are purchased or
cancelled)

Verhoef et al.
(2001)

Intensity of
product
ownership

Average
monthly assets:
AMAit

Monthly positive balances on short and long-term
credit accounts, loans, debt on current account and
investment products

Prinzie and Van
den Poel (2006)

Average
monthly
liabilities:
AMLit

Monthly negative balances on savings and
investment products, credit on current account and
monthly insurance fees

Total quantity of purchases: Qit Total quantity of purchases customer i at t across all
product categories

Venkatesan and
Kumar (2004)

Adoption of online banking: OLit Binary variable which takes a value of 1 if customer i
adopts the online channel and 0 otherwise

Campbell and
Frei (2010)

Value based segmentation variables (Sub-model 2)
Product ownership: O_01it … O_Nit N binary variables that measure the ownership of

each financial product category by customer i at t (*)
Donkers et al.
(2007)

Age: AGEi Age of each customer (*) Kumar et al.
(2006)Gender: SEXi “1”¼ male, “2”¼ female (*)

Income: INCi Continuous variable measured every year
Note: (*) Non-time varying variables are measured at the end of the observation period (i.e. length of the
relationship and age) or are constant variables (i.e. gender)

Table I.
Model variables

measures
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other insurances, account, home loan, deposit, investment fund, pension plan, securities,
consumer loan, micro-consumer loan, mortgage, and credit. Therefore, the selected product
portfolio is consistent with the financial products available to a standard individual
customer (not including companies) of any bank.

4.2 Sub-model 1: prediction of individual CLVs
CLV has been predicted using individual information for the observation period of
24-months, of which the first 12-months (analysis sample) are used for model estimation and
the last 12-months (hold-out sample) for the evaluation of the predictive quality (Rust and
Schmittlein, 1985). For the prediction of CLV, a set of HB models are used as implemented in
WinBUGS 1.4.3 software (Lunn et al., 2000).

The proposed HB model is a mixture of Poisson and normal distributions, which are used
to jointly estimate the usage of banking products and the contribution margin.
The hierarchical nature of the model is reflected by the fact that the parameters
(the priors) of the two distributions are expressed as a function of the available covariates of
the customer (i.e. drivers of CLV).

For product usage, the random variable Ui follows a Poisson distribution with parameter
λi, where λi is the expected number of products used by customer i (Ascarza and Hardie, 2013):

P Ui ¼ uð Þ ¼ e�l

x!
lu;with i ¼ 1; 2; . . .; n (3)

E Uið Þ ¼ Var Uið Þ ¼ li (4)

Heterogeneity between customers can be accommodated into the model by assuming λi to be
a random variable that is influenced by covariates of a particular customer (X )k is a vector
of k specific covariates, and β ¼ ( β0, β1, β2,…βk) are the regression coefficients).
The Poisson log-linear model is summarised by the following expression:

Ui � Poisson lið Þ; log li ¼ b0þ
Xk

k¼1

bkxk ¼ Xkb (5)

We specify product usage for each customer i, each product j and each month t as follows:

Uij;t ¼ f Li;PRi;t ;CRi;t ;CBi;t ;AMAi;t ;AMLi;t ;OLi;t
� �

; if t ¼ 1

Uij;t ¼ f Li;PRi;t ;CRi;t ;CBi;t ;AMAi;t ;AMLi;t ;OLi;t ; Uij;t�1
� �

; if t41 (6)

For contribution margin, we use a normal distribution (Borle et al., 2008):

CM� normal mi; ti
� �

; mi ¼ r0þ
XK

k¼1

rkxk ¼ Xkr (7)

We use varying μi’s for each customer to emphasise the differences between customers due
to different characteristics, i.e., here i¼ 1,…, n, Xk is a vector of k covariates for customer i,
and ρ¼ (ρ0, ρ1, ρ2,…ρk) are the regression coefficients. We specify contribution margin for
customer i and period (month) t as follows:

CMi;t ¼ f Li;PRi;t ;CRi;t ;CBi;t ;AMAi;t ;AMLi;t ;OLi;t ;Qi;t
� �

; if t ¼ 1

CMi;t ¼ f Li;PRi;t ;CRi;t ;CBi;t ;AMAi;t ;AMLi;t ;OLi;t ;Qi;t ; CMi;t�1
� �

; if t41 (8)
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4.3 Sub-model 2: value-based segmentation
A customer classification is obtained based on CLVi as dependent variable, certain
demographic variables as independent variables (agei, genderi and incomei, where
i represents each customer) and customers’ portfolio of financial products as covariates (Oij,t)
using LC regression methodology as implemented in the Latent Gold 4.5 software.

LC regression analysis is a powerful technique for marketing segmentation that has
demonstrated its superior performance over other traditional methods (DeSarbo and Wedel,
1994). LC regression provides a powerful probabilistic analysis especially flexible to deal
with dependent and independent variables of mixed types (Kamakura and Wedel, 1995;
Magidson and Vermunt, 2004).

5. Results
5.1 Predictions of product usage and contribution margin
The parameter estimates for the models are presented in Table II for Poisson models
(usage models) and in Table III for the normal model (contribution margin model).
Both tables show that many functions are significant ( po0.05).

The measure of predictive accuracy, used to validate the results obtained from product
usage models, is the hit ratio or the percentage of cases correctly classified (Hair et al., 2009
p. 266). Comparisons between the hit ratio and the proportional chance criterion (a measure
of random allocation or classification by chance) are estimated. The model performs
significantly better when compared with a classification by chance because the difference
between the two percentages is substantial. Using a z-test, we have also checked whether the
classification rate for the hold-out sample is significantly larger than the percentage due to
chance. The majority of the results are significant (except in case of deposit (z¼ 18.90,
pW0.05), investment fund (z¼ 1.37; pW0.05) and micro-consumer loan (z¼ 3.05, pW0.05)).

To validate the results obtained from the contribution margin model Pearson
correlation is used (r¼ 0.750, po0.05), which indicates that a strong positive relationship
exists between predicted contribution margin and observed contribution margin,
validating our results.

5.2 Predictions of CLV
The predicted CLVi is obtained using the predicted values (calculated with the analysis
sample) for product usage and contribution margin using Equations (1) and (2). We also
calculate the observed CLVi using the observed values for product usage and contribution
margin (extracted from the hold-out sample). Predicted and observed CLVi are compared
using Pearson correlation (r¼ 0.977, po0.05), which indicates a strong positive relationship
between both measures, validating our results.

5.3 Value-based segmentation
The segment membership is identified by applying LC regression analysis. Among one to
six possible class structures, the four-class solution has the lowest BIC (572,974.20) and
CAIC (573,099.20) values (see Table IV), validating model fit and parsimony (Magidson and
Vermunt, 2004). The entropy or proportional reduction of errors of a model R2 (0.53) and the
classification error (0.0489) also support the appropriateness of the four-segment solution.

As detailed in Table V, LC sizes and average value of CLV were unbalanced among the
four differentiated segments. From the LC regression results, we are able to rank customers
in terms of their mean CLV. Additionally, for each segment the expected CLV will be
expressed as a percentage of the overall sample mean CLV.

The regression model suggests the existence of statistically significant influences of age,
income, and several ownership variables on the CLV (see Table VI). Age and income,
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Parameter estimates
for Poisson models
(coefficient Monte
Carlo error)
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initially measured as a continuous variables, were categorised to facilitate the interpretation
of the segments profiles.

Results were validated in a focus group with members of Cajamar, who expressed their
agreement with the model and the utility that it reports to the bank.

6. Theoretical contributions and practical implications
This study is an attempt to provide theoretical contributions to the customer value analysis
literature. In particular, we have extended the classification of components and drivers of
CLV proposed by Persson and Ryals (2010) using the CUSAMS framework (Bolton et al.,
2004). In particular, from the results obtained in the first sub-model related to the usage
model, we can observe a large variation among the different banking services considered

Parameter Coefficient (Monte Carlo error)

ρ0 −7.945 (0.03)
ρ1 (Li) 0.29 (0.001)
ρ2 (PRi.t) −0.93 (0.003)
ρ3 (CRi.t) −1.29 (0.003)
ρ4 (CBi.t) −15.68 (0.03)*
ρ5 (AMAi.t) 0.004 (2.21e−7)*
ρ6 (AMLi.t) −0.005 (3.24e−7)*
ρ7 (OLi.t) −8.06 (0.01)
ρ8 (Qi,t) 26.69 (0.005)*
ρ9 (CMij.t−1) 0.73 (1.32e−5)*
Note: *po0.05

Table III.
Parameter estimates

for normal model
(coefficient Monte

Carlo error)

Number of
segments BIC (LL)

Change
in BICa

(%) AIC

Change
in AICa

(%)
AIC3
(LL)

Change
in AIC3a

(%) CAIC (LL)

Change
in CAICa

(%)
Classification

error R2

1. cluster 34,655.56 – 34,556.51 – 34,575.51 – 34,674.56 – 0 0.06
2. clusters 28,701.32 −17.18 28,404.18 −17.80 28,461.18 −17.68 28,758.32 −17.06 0.0114 0.17
3. clusters 28,237.58 −1.62 27,742.35 −2.33 27,837.35 −2.19 28,332.58 −1.48 0.0392 0.31
4. clusters 28,161.43 −0.27 27,468.10 −0.99 27,601.10 −0.85 28,294.43 −0.13 0.0489 0.53
5. clusters 28,227.77 0.24 27,336.34 −0.48 27,507.34 −0.34 28,398.77 0.37 0.0537 0.60
6. clusters 28,324.17 0.58 27,234.64 −0.85 27,443.64 −0.57 28,533.17 0.84 0.0497 0.65

Notes: aChanges in BIC, AIC3, and CAIC refer to the previous number of clusters; bthe values supporting the appro-
priateness of the four-segment solution are printed in italic

Table IV.
Selection criteria
for competing LC
regression models

Class 1 Class 2 Class 3 Class 4

Class size (% of the sample) 69.59 12.56 12.01 5.83
Class size (number
of customers) 944 170 163 79
Mean CLV (dependent variable) 1,654.56 −16,604.73 11,004.35 203,527.78
% CLV of overall sample mean 5.08 −50.98 33.79 624.93
Class order in terms of CLV 3 4 2 1
Class brief description No ownership

pattern identified
(low engagement)

The least valuable
segment (deposit

customers)

Debit card
and account
customers

The most valuable
segment (high
engagement)

Table V.
Description of

the classes
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(all the variables considered as drivers of usage are significant for, at least, one of the products
included). In this regard, this model emphasises the importance of considering a wide range of
products offered by the company in order to provide a complete picture to determine which
customer behaviours better predict the usage of financial services (Park et al., 2014). On the
other hand, regarding the contribution margin model, dynamic cross-buying, average
monthly assets and liabilities, total quantity of purchases and one-period lagged of
contribution margin are the drivers that better predict contribution margin component of
CLV. Therefore, we are in line to previous authors, who state that cross-selling contributes to
customer profitability (Prinzie and Van den Poel, 2008). We also get support to the idea that
intensity of product usage (in terms of average monthly assets and liabilities) is also a good
driver of contribution margin (Haenlein et al., 2007). Finally, we also corroborate that total
quantity of purchases (Venkatesan and Kumar, 2004) and one-period lagged of contribution
margin (Villas-Boas and Winer, 1999) are good drivers of contribution margin.

From a managerial point of view, when firms adopt a segmentation approach based on
CLV, they are more able to make consistent decisions on how to acquire and retain
customers and to identify customers that are not interesting enough in investing in. In other
words, it enables the company to decide more effectively on the allocation of resources to
each customer segment (Kumar and Rajan, 2009). Therefore, the challenge is how to get
customer segments usefully applicable to real settings (Nenonen and Storbacka, 2014).
In response to this need, this research combines the value-based segmentation with the ideas
emerging from product portfolio optimisation (Katsifou et al., 2014) and market basket
analysis (Brijs et al., 2004). In this regard, we use the portfolio of products that each
customer owns as segmentation variable in order to not only improve the understanding of
the value of each customer, but also their behaviour towards different financial products.
Consequently, due to the segmentation results link customer profiles with portfolio of
banking products, it has been demonstrated the utility of the model to indirectly design
product portfolio management strategies. In this regard, the results that emerge from this
study allow for managing products appropriately, renewing (i.e. enhancing products related
to high value customers), removing obsolete ones (i.e. products related to low value
customers), and adding new products (i.e. in order to design cross-buying strategies aimed
at increase the value of low-value customers).

7. Conclusions
Within the banking industry, an optimal CRM strategy is a key issue under the current
growing competitive pressure that encourages banks to increase profits and reduce costs.
In this context, the proposed CLV model is a valuable tool designed to carefully assess and
classify banking customers using transaction data of individual customers and covering
customers’ relationships with a portfolio of products of the company. Previous CLV models
are mostly conceptual, generalisation is one of their main concerns, are usually focussed on
single product categories using aggregated customer data, and they are not design with a
special emphasis on their application as support for managerial decisions. In response to
these drawbacks, the proposed model will enable decision makers to improve the
understanding of the value of each customer and their behaviour towards different financial
products. Consequently, the proposed model allows the CVM (Verhoef and Lemon, 2013)
(see Figure 2), causing less waste of marketing spending and more effective allocation of
marketing resources to customers and marketing instruments.

This research suffers from several limitations that suggest avenues for further research.
First, the proposed model has been tested using panel data of one bank. It would be
desirable to replicate the study using data from other banks in order to analyse the effect of
competition. Second, the empirical setting for this research is limited to restricted
information regarding products, customers, and the period of time for the analysis at our
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disposal. With respect to the estimation of CLV, this study only considers objective
variables as sources of value. It would be of further interest to also consider subjective
measures as sources of value (i.e. perceptions of customers, such as satisfaction). This type
of information can complete the definition of customer value, integrating the voice of
customers and the firm (Larivière et al., 2013). Additionally, more detailed demographic
information can also lead to a more sophisticated value-based segmentation. Finally, useful
extensions of this work would be to apply the model in other industries and contexts
(e.g. different countries and business models).

Note

1. Customers who started the relationship with the bank in December 2012 to avoid the possible bias
generated by left-censoring (Baesens et al., 2004, p. 515).
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