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Abstract 

This paper proposes a novel approach to the modelling of Customer Lifetime Value, a metric indicating 

the profit-generating potential of customers, which provides a key business tool for the customer 

management process. Existing approaches are problematic due to the heterogeneous and also 

multidimensional nature of customer behaviour. We suggest a solution to this problem by introducing an 

adaptive segmentation approach which allows us to identify customer neighbourhood-based segments 

using the similarity measure. This measure is defined over a predictive variable space. The set of 

predictive variables is determined during a cross-validation procedure using rank correlations between the 

observed and predicted revenues as optimisation criteria.  A one-period-ahead revenue is forecasted for 

each customer using a predictive probability distribution based on customers exhibiting similar 

behavioural characteristics, with bootstrap simulations being employed for a multi-period forecast. The 

model is developed and implemented for a UK bank.  
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1 Introduction 

Customer Lifetime Value (CLV) is a well established concept in academic and business literature 

indicating future customer profitability for an organisation. Organisations aim at maximising customer 

value over the period of his or her relationship with a company. To this end, CLV offers a unique decision 

support tool which gives “the same focus throughout the different decision making areas of the 

organisation” (Thomas, 2000). Applications of this concept include customer relationship management 

(CRM) which seeks to improve the long-term retention and profitability of both currently highly profitable 

customers and also of less profitable or even unprofitable customers with a capacity to increase their 

profitability in the future (Zeithaml, Rust, and Lemon, 2001). Measuring customer profit generating 

potential along with credit scoring, which has been long used as a decision support tool in itself, is 

increasingly becoming an integral part of the companies’ lending decisions focusing on a true company’s 

objective of profit maximisation (Oliver, 1993, Fishelson-Holstine, 1998, Thomas, 2000, and Finlay, 

2009). Another important application of customer lifetime value modelling is in customer segmentation 

where it facilitates the differentiation of levels and volume of customer servicing according to the 

profitability levels and cost optimisation (Zeithaml, 2001). Implementation of our CLV modelling 

approach for the UK bank led to better understanding of needs and preferences of some customer groups 

and to the development of tailored customer propositions.1 

 

Companies have wrestled with the concept of CLV. They have been facing a number of problems in the 

context of the multiservice financial organisation. Firstly, the multidimensional nature of customer 

behaviour introduced challenges for the behavioural models as not only future purchase decisions but also 

their volumes need to be predicted (Donkers, Verhoef and de Jong, 2007). Secondly, customers often 

purchase more than one product and these purchasing decisions are not independent; these inter-

dependencies should be taken into account when modelling customer lifetime value (Kamakura, 

Ramaswami and Srivastava, 1991, Kamakura et al., 2003, Knott, Hayes and Neslin, 2002, and Li, Sun and 

Wilcox, 2005). Thirdly, retail financial services organisations offer a wide variety of financial products 

(some rather complex), which differ in their nature and also in their revenue generating pattern. Finally, at 

any point in time a customer can switch between products or even between product providers (Kamakura 

et al., 2003). Intense competition and technological advances enabled historically monogamous retail bank 

customers (i.e., those conducting business only with one provider), to increasingly move towards the 

                                                 
1 A segment was identified in the over 50s customer age group with high future revenue generating potential which was 
subsequently recognised by the organisation as a prime target for product cross-sale and customer acquisition and retention 
activities. This understanding has also contributed to the organisation’s compliance with the regulatory requirement of treating 
customers fairly by the UK Financial Services Agency. 
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“always a share” relationship in which a customer simultaneously conducts business with several financial 

services providers and can relatively easily switch between them. Due to these specifics of the retail 

financial industry, only a limited number of existing modelling approaches can be applied in this context.  

  

We propose a novel approach to the modelling of customer lifetime value which is based on adaptive 

customer segmentation using a “nearest-neighbour” concept. Our approach identifies customer 

neighbourhoods (local segments) which are (1) small enough to ensure customer homogeneity by 

capturing only customers with similar characteristics and past behaviour, and (2) sufficiently large to 

ensure robust forecasts of future behaviour. The segmentation uses a similarity measure defined over a 

predictive variable space. The optimal local segment size and set of predictive variables are determined 

during a cross-validation procedure using rank correlations between the observed and predicted 

profitability as optimisation criteria. A one-period-ahead profitability is forecasted for each customer 

using a predictive probability distribution estimated over the population from his/her local segment 

containing customers exhibiting similar behavioural characteristics. Multi-period forecasts are produced 

by convolution of one-period predictive probability distributions which is implemented using bootstrap 

simulations.  

 

Our segmentation approach allows the re-aggregation of small customer segments into larger ones in a 

flexible way that can be driven by the business decisions for which the segments are required. It can also 

be applied to a range of predictive tasks, such as the forecasting of the conditional profitability (given 

some other customer characteristics, e.g., credit risk) or prediction of other customer-related 

characteristics (e.g., product purchasing decisions or account balances). This provides a powerful tool in 

the development of tailored customer acquisition and retention strategies. The ranking approach offers 

benefits during times of significant economic change.     

 

Our model is implemented using customer data for a UK retail bank for the period 2005-2008 to predict 

and validate customer profitability. We are able to make robust predictions of individual customer 

revenues using a small number of variables.  

 

The remainder of this paper is structured as follows. Section two offers a short review of literature leading 

to our model. The details of our modelling approach are provided in section three. Section four offers an 

implementation algorithm which enhances the computational efficiency of our approach. The estimation 
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results and discussion of potential applications are given in sections five and six correspondingly. Section 

seven concludes. 

 

2 Review of previous studies leading to our model 

Jain and Signh (2002) and Gupta et al. (2006) provide an overview of the existing lifetime value models. 

Empirical evidence in the context of a multiservice financial company (Donkers et al., 2007) suggests that 

currently available complex service-level models of customer behaviour do not offer an advantage over 

simple models using aggregate customer data when predicting individual customer lifetime value. These 

simple models are based on a strong limiting assumption that customer profitability is constant over time 

or can be represented by a linear function of past profitability (e.g., Berger and Nasr, 1998, and Malthouse 

and Blattberg, 2003). This assumption can be satisfactory in the context of retail banking only for 

customers who continuously hold one or more long-term products (e.g., a savings account and a personal 

loan or a mortgage) over a number of years, so that the company’s future profits are determined by regular 

(constant, increasing or decreasing at a certain rate) payments and a constant profitability margin. Both 

assumptions are not valid when a customer purchases a new product, or switches products or product 

providers before product maturity, or when interest rates (and hence, sales margins) change. From a 

business perspective one is most interested in customers with a high propensity to buy new products or to 

attrite, as immediate action is required in these cases to ensure the maximisation of their CLV.      

 

More complex models of customer behaviour which are used for the customer lifetime value predictions 

adapt the univariate or multivariate probit modelling frameworks to predict next period purchase 

probabilities. The multivariate probit model accounts for dependencies between the purchasing decisions 

arising either from a hierarchy in the decisions to add new services to the current portfolio, or from cross-

sales promotions or sale of financial packages (e.g., Kamakura et al., 1991 and 2003). The main 

weaknesses of this model class are that (1) only one-period ahead prediction can be made and (2) only a 

purchase decision is predicted and a separate model is needed to estimate the purchase value, which varies 

greatly in the context of a retail bank and introduces additional complexity to the model. This complexity 

contributes to larger prediction errors and a weaker forecasting ability for these models of individual 

customer profitability compared to simpler models (Donkers et al., 2007). Another widely discussed 

approach used in customer relationship and behavioural models employs the Markov Chain methodology 

(e.g., Morrison et al., 1982, and Pfeifer and Carraway, 2000). This class of models allows for additional 

flexibility in modelling customer behaviour when compared to earlier models. An important restrictive 

limitation of the Markov Chain methodology, however, is that the robustness of profitability estimation 
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depends on the existence of a relatively small number of meaningful and homogenous customer segments. 

The latter condition is difficult to satisfy in the retail banking industry given that there is a significant 

diversity of customer purchasing behaviour, which may result in a wide range of revenues, even for 

customers who are similar in terms of characteristics such as age, tenure as a customer, earning capacity 

etc. which are often used as a basis for customer segmentation. As a result, the robustness of the 

estimation suffers. Also, allocating customers to a limited number of segments may lose a lot of 

information, which again affects the robust estimation of model parameters, which may therefore not be 

enough to satisfy business needs in terms of differentiating between groups of customers for marketing 

decisions.  

 

3. Modeling customer behaviour  

In this section we describe our approach to predicting the customer lifetime value of individual customers 

in the context of a multiservice financial organization. As discussed above, in this industry a customer’s 

relationship with a company is typically long-term and customer purchasing behaviour is rather complex. 

Also, due to the specifics of retail banking, a purchase of the same product (say, a personal loan or fixed-

term deposit) by two different customers may result in substantially different revenues as the revenues 

vary not only with the decision to purchase but also across the wide range of possible purchase volume. 

Existing models of customer behaviour using a Markov Chain methodology and probabilistic models 

developed within a probit modeling framework do not offer a satisfactory solution to this problem. We 

propose an adaptive segmentation approach which uses information from the historic probability 

distributions of a set of predictive variables for a close customer neighborhood to predict the future 

revenues associated with a given customer. Our approach allows for a wide diversity of customer 

purchasing behaviour without compromising the robustness of the estimation. Our approach is explained 

in detail next. 

3.1 General CLV model 

We start with a general definition of customer lifetime value as the net present value of future cash flows 

associated with a customer over the time period of her relationship with a company or over a given time 

horizon. Many articles provide slightly differing formulations of the classic customer lifetime value model 

(Berger and Nasr, 1998, Jain and Singh, 2002, Reinartz and Kumar, 2003, and Gupta et al., 2006, among 

others) which can be summarised as follows. 

∑
=

−−−=
T

iiiii ACDqCRCLV
0

0)1()(
τ

ττττ ,     (1) 
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where iRτ  denotes the predicted revenue from customer i  in period τ  given that the customer continues 

his or her relationship with the company in period τ  and iCτ  is the direct costs of servicing the customer 

in this period. iAC0  denotes a cost of acquisition for a new customer. τD  is the discount factor in period  

τ  and T  is the number of periods for which CLV is estimated. iqτ  is the projected probability that 

customer i  may terminate the relationship with a company in period τ , T<τ ;  this is sometimes called 

the customer attrition rate.  

 

In the current application, which is presented in this paper, we focus on predicting future revenues from a 

customer iRτ  assuming that direct costs iCτ  associated with servicing a customer during T≤≤ τ0 and 

costs of customer acquisition iAC0  are known. We address the estimation of the customer attrition rate iqτ  

in the next section. Considering that our approach can be applied to a wide range of forecasting problems, 

we present a general formulation for the proposed approach next. 

3.2 Adaptive segmentation approach 

For each customer, we aim to obtain the conditional probability distribution of observing the vector of 

dependent variables ( ) ττ ++ = tMt yy ,,1 …y  , T,...,2,1,0=τ . τ+ty  can be generally a multidimensional 

vector and include both continuous and cardinal variables. In the current application it consists of the 

customer revenue-variable itR τ+ . tx  is a vector of K predictive variables, ( )tKt xx ,,1 …=x  which can 

include any elements of the historic information set for a customer available at time t. tx  provides the 

explanatory variables in our model. In the current application, it contains a set of variables from the 

company’s customer database which are predictive of customers’ future revenue (and of other, if any, 

dependent variables in τ+ty for the general case) and may include variables observed at all or some of time 

periods Ltttt −−− ,...,2,1, .  t  is the most recent period and L  is the number of periods for which 

historic customer data is available. Typical predictive variables, for example, might include current and 

past customer revenues, his or her age, tenure with the company, credit score, and current and past product 

holdings.  

 

The conditional probability distribution of observing vector of dependent variables τ+ty  given the current 

customer state  tx  is ( )ttp xy 1+ ,  ( )ttp xy 2+ , …, ( )tTtp xy + . We call these distributions predictive 

distributions from now on. Note that the probability ( )ttp xy τ+  is conditional on current customer state tx  
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and also on a customer continuing his or her relationship with the company until and throughout period 

τ+t . 

 

Because the analytical form of the predictive probability distributions are not known, it is suggested to 

estimate these distributions empirically using an adaptive segmentation approach. Given a currently 

available information tx  for a customer, we locate a group of customers that were in a similar state (and 

had a similar history, if historic variable observations are included in tx ) one or more periods ago; we 

name this time-period as the basis period 0t .  This group is called here a local segment or customer 

neighborhood. The empirical conditional distribution of the dependent variable for the local segment at 

10 +t serves as an estimate of the one-period-ahead predictive distribution of the dependent variable. The 

empirical joint distribution of the explanatory variables within a local segment is used as an estimate of 

the one-period-ahead predictive distribution of the explanatory variables which is used for multi-period 

predictions.  Figure 1 illustrates this concept. 

 

Figure 1 Estimation of the empirical predictive distributions with a bivariate vector of explanatory 

variables (K=2). N is the number of customers in the customer database 

 

In this approach customers with similar characteristics and past behaviour are expected to exhibit similar 

behaviour in the future. The size of the local segment is chosen so that it is (1) small enough to ensure 

customer homogeneity within the local segment by capturing only customers with similar characteristics 

and past behaviour, and (2) sufficiently large to ensure robust forecasts of future behaviour. The local 
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segmentation uses a similarity measure defined over the predictive variable space to locate the customer 

neighbourhood. 

 

The similarity measure D is defined as the weighted Euclidean distance between the predictive variables 

of two customers for which information is available at time t and which are contained in tx  . This measure 

is used to derive the neighbourhood of a customer: 

( ) ( )[ ]∑
=

−=
K

k

j
tk

i
tkk

j
t

i
t xxwD

1

2

,, 00
,xx     (3) 

Weights kw , Kk ,...,1= , are used to normalize the explanatory variables which all have different 

measurement scales. For example, customer age may vary between 18 and 100 years whereas the spot 

balance on a money transmission account can be up to several million pounds. Without weighting, the 

similarity measure will be dominated by the variable with the largest measurement scale.  

 

For continuous dependent variables, e.g., the period revenue, the empirical predictive distributions are 

used to estimate mean and median values and confidence intervals. For cardinal dependent variables, a 

frequency of observing a customer in the local segment with a given value of the dependent variable at 

10 +t  is employed as an estimate of the corresponding probability. This estimate is then compared against 

some threshold to provide a value forecast. The threshold is estimated during the model validation stage 

using a ROC-analysis framework. ROC2 analysis is a standard tool originating from signal detection 

theory. It is used across a wide range of practical applications for organizing and selecting classifiers on 

the basis of their performance (Fawcett, 2006).   

3.3 Multi-period-ahead forecast  

Under the assumption of time-homogeneity, a multi-period-ahead predictive distribution can be obtained 

from the one-period-ahead predictive distributions for dependent and explanatory variables. For example, 

the two-period-ahead predictive marginal probability distribution can be obtained as a convolution of the 

corresponding one-period-ahead distributions for dependent and explanatory variables: 

( ) ( ) ( ) ( )∫∫ ++++++++ == 11121122 , ttttttttttt dppdpp xxxxyxxxyxy  

Following a similar logic, the multi-period-ahead predictive distribution is obtained by the convolution of 

the corresponding one-period-ahead distributions (e.g., Andersen, Bollerslev, Christoffersen and Diebold, 

2006, p.810): 

                                                 
2 ROC stands for Receiver Operating Characteristics and it is also known as Relative Operating Characteristics 
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( ) ( ) ( ) ( ) 111211 +−++−+−+−+++ ∫∫∫= tttttttttt ddpppp xxxxxxxyxy ……… ττττττ   (2) 

It follows from (2) that knowing one-period-ahead predictive distributions ( )1−++ ττ ttp xy , T≤≤ τ0 , for a 

dependent variable and ( )1−++ ττ ttp xx  for explanatory variables is sufficient to obtain multi-period-ahead 

predictions. 

 

As in case of one-period-ahead forecast, empirical predictive probability distributions are employed for 

multi-period ahead predictions. Our empirical approach is first illustrated for a two-period-ahead forecast.  

Given a current customer state tx , a random vector 1+tx  is simulated from the one-period predictive 

distribution ( )ttp xx 1+ . This can be done either by using re-sampling techniques such as bootstrap, which 

is employed in this paper, or by sampling from an approximating analytical distribution, e.g., by using 

copulas or kernel smoothing. Using the simulated values from 1+tx , we simulate the corresponding values 

of 2+ty  for the next period using the analogous technique as in the previous step. The resulting pair 

21, ++ tt yx  has joint probability distribution ( ) ( )tttt pp xxxy 112 +++ . The marginalization over 1+tx  is 

achieved by pooling 2+ty  for all simulated values of 1+tx . A similar approach is used to estimate the 

empirical predictive distribution for periods τ+t , T≤≤ τ0 : given simulated values for 1−+τtx , a random 

vector τ+ty  is obtained from the one-period predictive distribution ( )1−++ ττ ttp xy . 

 

3.3 Real-life considerations for assigning variable weights in the similarity measure 

Errors and inaccuracies are unavoidable in real-life company data bases due to the imperfections in data 

collection processes (SAS reference). Thorough data cleaning might prove too expensive and impractical 

for many organizations. Our method for assigning weights kw  in (3), therefore, is designed using  

practical considerations and aims to minimise the impact of these errors and inaccuracies on the predictive 

power of our model. Our analysis of the company data showed many data errors represent outliers which 

may increase the variable range to up to 5%. The 95% variable range, therefore, is representive of the 

‘clean’ variable range for most continuous variables. This variable range is used in our weighting and 

included in the denominator in (4). Weights defined in this way penalize outliers whose weighted 

difference entering Equation (3) will be more than 1. 

 

The weights for continuous variables in (3) are defined so that the variable values in the ‘clean’ range are 

constrained to the interval of [0, 1].  
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( ) ( )025.0,975.0,

1

00 ,, tktk
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w
−

=   (4) 

For cardinal explanatory variables, 0=kw  for equal values and ∞=kw  for non-equal values so that only 

customers with a given value of a cardinal variable enter a local segment.  

3.4 Discussion of adaptive segmentation approach 

Our modeling approach with adaptive segmentation offers a number of advantages over the existing 

approaches in the context of the multiservice financial industry. First, our approach works with various 

shapes of variable distribution and also with different correlation structures (no limiting assumptions are 

imposed). This is important in our application given that most variables are not normally distributed and 

exhibit a non-trivial dependence structure (e.g., strong non-linear correlation and autoregressive effects are 

detected in our dataset). Second, full information, contained in the variable probability distribution, is 

preserved which allows the estimation of confidence intervals and other important statistics. Third, unlike 

Markov Chain and other probabilistic models using customer segments, our model adaptively seeks for 

homogenous customer segments without loss of information about variables distribution.  Fourth, the 

model can work with partial information and missing variables still producing a meaningful forecast if 

some values for predictive variables are not available. This allows the prediction of future revenue for 

new-to-bank customers, for whom only partial information is initially available, and also overcomes the 

problem of missing values which is relevant to many companies due to the imperfections of the company 

data collection process. Finally, the effect of errors and inaccuracies present in the raw company data is 

minimized by scaling in our adaptive segmentation approach.  

 

On the downside, given that our model is non-parametric an additional analysis is required to draw 

generalizing inference about the relationships in the data. Also, our adaptive segmentation approach is 

computationally intensive. The next section deals with the latter drawback.  

4 Optimisation of computational efficiency 

Our adaptive segmentation approach can be computationally intensive. The following algorithm for prior 

coarse segmentation substantially reduces the computational load. Prior to locating a customer’s local 

segment, we suggest applying a coarse segmentation of the customer dataset for local segmentation using 

the set of explanatory variables. The centres and boundaries of coarse segments need to be recorded at this 

stage. The computational load is substantially reduced because the similarity measure is calculated only 

for the central points of the coarse segments instead of all entries in the dataset. At the next stage, only 

coarse segments which are the closest to the current state of the customer in question are selected; entries 
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from these segments are pooled together and a local segment is chosen out of the pooled entries. Figure 2 

illustrates this algorithm. 

Figure 2  
Adaptive segmentation: optimisation of computation  
Red dots and red lines show coarse segments’ centres and boundaries; the green dot corresponds to the 
current state of a customer whose revenue is forecasted; the red area covers the closest coarse segments 
and green area is the local segment   
  

 

The proposed approach can potentially exclude a small number of entries on the external border of a local 

segment from the area available for local segmentation, although they belong to the local segment. Such 

excluded entries are illustrated by the top part of the green-shaded circle outside of the red-shaded area in 

Figure 2; this is the upper part of the local segment but is not included in the selection of coarse segments. 

The excluded area, however, is very small and it has a negligible effect on the estimated values.  

 

The segment size is the same across all coarse segments to ensure equal representation.  The coarse 

segment size is chosen with an objective to minimize the amount of computation at the segmentation 

stage. It is shown below that a segment size which is close to N satisfies this objective (here N is a 

number of customer entries in the local segmentation dataset in time period 0t ). Denoting the number of 

coarse segments as S and the number of customers in each segment as s will give .SsN ⋅=   Set 

Ns α≡ to obtain 
α
N

S = .  The number of computations of the similarity measure is: 





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

 +=+
α
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NsS         (5) 
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The number of comparisons which are needed to sort distances to the coarse segment centers and also to 

sort customers within the coarse segments would be ssSS 22 loglog +  (Press et al., 1992). Substituting 

values of s and S  will give: 

( )
αα

αα NN
NNssSS 2222 loglogloglog +=+    (6) 

Differentiation of (5) and (6) in respect to α  and setting the resulting expressions to zero gives the result 

that the minimal amount of computation is achieved with 1=α . 

5 Estimation results 

This section presents the model estimation and validation results. Model validation in our approach has 

two objectives: (1) to choose a set of predictive variables with the best predictive power and (2) to 

evaluate the predictive performance of the model. The model estimation, prediction and validation are 

performed using historic revenues and other retail customer data for 467,789 retail banking customers of 

National Australia Bank Europe over the period 2005-2008. In the process of validation the model 

prediction for one-period ahead and two-periods ahead has been assessed against actual observed values.  

We have been limited by data availability from performing the validation of predictions for a higher 

number of periods ahead.  

 

The main purpose of this study was to predict the customer revenue as an outcome of the customer 

behaviour. The customer revenue, expressed in absolute figures, however, is affected by external factors 

even if customer behaviour stays the same in different time periods. For example, the change in the base 

rate of the Bank of England has a direct impact on the sales margin of the financial services provider. 

Firstly, many long-term financial products are sold with a fixed interest rate and products sold prior to the 

change in the base rate will bear the old price (either increasing or decreasing the amount of sales margin 

depending on the direction of this change). Secondly, interest rates on retail financial products do not 

always adjust in a direct correspondence with changes in the base rate. The latest significant mismatch 

between the Bank of England rate, costs of wholesale borrowing and interest rates on retail financial 

products was observed throughout the second half of 2008 during the peak of the financial crisis. Intense 

competition may also cause a financial provider to reduce sales margins.  

 

To account for changes in future revenue due to external factors, the set of predictive variables in our 

model is chosen during the process of validation by maximizing the rank correlation statistics between the 

predicted and actual values. Kendall’s tau has been used for this purpose. This statistic has an advantage 

of being insensitive to any variable transformation which does not change the ordering in the population. 
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Using this statistic in choosing the model ensures that the final model best preserves the relative ordering 

in the dependent variable (the revenue from a customer in our case) and accurately predicts customers 

with higher future revenue versus customers with less future revenue, even if the revenue value is affected 

by external factors in future.    

 

Figure 3. Actual versus predicted customer revenue; logarithmic scale 
One-period-ahead prediction 

 

Two-period-ahead prediction 

 

Our model gives robust predictions of customer revenue for one and two periods ahead. In Figure 3, the 

slope of the line around which the model predictions are grouped indicates the predictive power of our 

model.3 Predictions along the diagonal line indicate a perfect forecast when predicted revenue is exactly 

equal to actual revenue. Low predictive power results in a near-zero slope when predicted revenues are 

scattered around the mean revenue in the population. A higher predicted than actual revenue value for 

customers in the lower revenue range could be due to the decrease in sales margins on many retail 

                                                 
3 We cannot reveal the actual revenue figures and also the predictive variables in our model due to the commercial sensitivity of 
this information.   
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products which happened in the second half of 2007 and 2008. This trend should not affect the robustness 

of prediction of the relative revenue ranking.  

Table 1 
Model statistics: validation of one and two-periods-ahead predictions of the revenue from individual 
customers using actual values of revenue in 2007 and 2008 correspondingly 

Periods 
ahead 

Kendall's 
 τ  

Kendall's 
Z 

Concord 
ant pairs, 
Percent  

Discord 
ant pairs,  
Percent  Gamma 

Somers 
D(R|C) 

Somers 
D(C|R) 

Mean 
error 

Median 
error 

St. 
Dev. 

One 
Period 0.71 74.90 0.83 0.13 0.72 0.69 0.72 0.29 0.10 27.34 
Two 
periods 0.62 66.06 0.78 0.17 0.64 0.61 0.64 2.59 1.89 35.01 

 

The rank correlation (Kendall’s tau) is significant for both predicted periods and higher for a one-period-

ahead prediction (0.71) than for two-periods-ahead prediction (0.62). Median prediction error is also 

greater for the two-period-ahead prediction. This is expected as more distant periods are more difficult to 

predict. Also, our data for this validation comes from 2008 which coincides with the banking crisis which 

saw a market-wide misalignment between the cost of funds and the lending interest rate and also 

unusually high growth in bad and doubtful debts. Our model demonstrates a strong performance in this 

non-trivial environment.  

 

We employed Kendall’s tau, indicating rank correlation between the actual and predicted values, to assess 

the sensitivity of the accuracy of prediction to the size of the local segment. Kendall’s tau, at first, 

increased with an increase in the local segment size, then reached a maximum value at around 1000, 

followed a plateau at the maximal level and eventually started decreasing with further increases in the 

local segment size. This pattern can be explained as follows. With a small segment size, the empirical 

predictive distribution is dominated by customers that closely match the current state and, thus, tend to 

exhibit a very similar behaviour in the next period. Over-expanding the size of the local segment, on the 

other hand, allows too many customers with different behavioural characteristics into a local segment 

shifting the predictive distribution for this segment towards the population mean. Both situations lead to 

an inferior predictive power of the model. Based on these considerations, a local size segment has been set 

at 1000 customers. 

6 Other applications 

With a view to directing customer management effort and also marketing spend towards the right 

customers, the company management is interested in identifying customers whose revenue in likely to 

increase or decrease significantly in future periods. We therefore can employ our modeling approach to 
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another application: prediction of binomial variables indicating whether the revenue from a customer is 

likely to increase (decrease) above (below) a given threshold or remain within the threshold in the next 

period(s) (Table 2 and Figure 3). Given that companies often do not possess information on the details of 

their customers’ activities with other providers, this objective can be rather challenging when traditional 

models are used. By matching a customer to the right ‘local segment’, our adaptive segmentation approach 

allows the extraction of ‘additional information’ to the directly-measurable information, that companies 

normally possess, from the pattern in behaviour of the customers in the local segment possessing similar 

characteristics and past behaviour.  

 
Table 2 
Model statistics: validation of one-period ahead forecast of binomial variables indicating (1) an increase in 
revenue above the minimum threshold (‘jump up’), (2) decrease in revenue below the minimum threshold 
(‘jump down’) and (3) change in revenue within the threshold (‘stable’)   
 

Forecasted variable  Area Under Curve Accuracy 
Stable 0.9068 0.8488 
Jump Up 0.8256 0.7566 
Jump Down 0.9100 0.8690 

   

Figure 3  
ROC curves, representing Relative Operating Characteristics, for the one-period-ahead prediction of 
customer behaviour 
‘Stable’: change in revenue 
within the threshold 
 

‘Jump up’ : increase in revenue 
above the minimum threshold 

‘Jump down’ : decrease in 
revenue below the minimum 
threshold 
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Similarly, our approach can be employed for prediction of customer attrition rates which act as an input 

variable for CLV estimation in (1). Another potential application for our adaptive segmentation approach 
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would be in predicting the propensity for a customer to purchase a financial product and also a purchase 

volume. 

 

In general terms this modelling approach can be applied in a range of predictive applications, whether of 

values or states, and its ranking approach makes it useful in situations where environmental characteristics 

are unstable or unpredictable.  

 

7 Conclusion 

This paper proposes an adaptive segmentation approach to the modelling of lifetime value for individual 

customers in a multiservice financial organisation. The main contribution of our modelling approach is 

that unlike Markov Chain and other probabilistic models using customer segments, our model adaptively 

seeks to locate homogenous customer segments without loss of information about variable distributions 

compromising the accuracy of prediction.  This is important because customer behaviour is very varied in 

this sector even for customers who are similar in terms of the characteristics which are normally used for 

customer segmentation (e.g., customer age product holdings and personal income). Customers purchase 

more than one product or service, and these purchases are not independent. The revenue from a customer 

is determined not only by his or her purchase decision but also by the purchase amount which varies 

widely for different customers.   

 

Other advantages of our modelling approach are that it does not require assumptions about the shape of 

the variable distributions or the correlation structure between them; the model can work with partial 

information and missing variables, producing a meaningful forecast if some values for predictive variables 

are not available. This allows the prediction of future revenue for new-to-bank customers, for whom only 

partial information is initially available, and also overcomes the problem of missing values which is 

relevant to many companies due to the imperfections of the company data collection process. 

 
We applied our model to the estimation and validation of future customer revenue in the UK retail bank 

over 2005-2008. Our model gave robust predictions of the revenues from individual customers and also of 

significant changes in their revenues using a small number of predictive variables. Validation of our 2-

period-ahead forecast using 2008 data, which coincided with the crisis year in banking, has confirmed that 

our relative ranking approach offers advantage during times of significant economic change. Other 

potential applications include the prediction of other customer-related characteristics which could be 

either continuous or cardinal variables. Our approach allows the re-aggregation of small customer 



 17 

segments into larger ones in a flexible way that can be driven by the business decisions for which the 

segments are required. This provides a powerful tool in the development of tailored customer acquisition 

and retention strategies. 
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