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Abstract

This paper proposes a novel approach to the modedli Customer Lifetime Value, a metric indicating
the profit-generating potential of customers, whigtovides a key business tool for the customer
management process. Existing approaches are pratbendue to the heterogeneous and also
multidimensional nature of customer behaviour. Wggest a solution to this problem by introducing an
adaptive segmentation approach which allows usdémtify customer neighbourhood-based segments
using thesimilarity measure. This measure is defined over a predictive variadpace. The set of
predictive variables is determined during a crasigdation procedure using rank correlations betwiben
observed and predicted revenues as optimisatioeriati A one-period-ahead revenue is forecasted fo
each customer using a predictive probability disiion based on customers exhibiting similar
behavioural characteristics, with bootstrap simaolet being employed for a multi-period forecasteTh

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

Customer Lifetime Value (CLV) is a well establishedncept in academic and business literature
indicating future customer profitability for an @mgsation. Organisations aim at maximising customer
value over the period of his or her relationshighve company. To this end, CLV offers a unique sieai
support tool which gives “the same focus throughthg different decision making areas of the
organisation” (Thomas, 2000). Applications of tk@ncept include customer relationship management
(CRM) which seeks to improve the long-term reteamtnd profitability of both currently highly pradible
customers and also of less profitable or even dit@bte customers with a capacity to increase their
profitability in the future (Zeithaml, Rust, and rhen, 2001). Measuring customer profit generating
potential along with credit scoring, which has bdeng used as a decision support tool in itself, is
increasingly becoming an integral part of the conigsl lending decisions focusing on a true compgny’
objective of profit maximisation (Oliver, 1993, Reson-Holstine, 1998, Thomas, 2000, and Finlay,
2009). Another important application of customéetime value modelling is in customer segmentation
where it facilitates the differentiation of leveéd volume of customer servicing according to the
profitability levels and cost optimisation (Zeithen2001). Implementation of our CLV modelling
approach for the UK bank led to better understagdinneeds and preferences of some customer groups

and to the development of tailored customer prdjoosi*

Companies have wrestled with the concept of CL\eyrhave been facing a number of problems in the
context of the multiservice financial organisatidfirstly, the multidimensional nature of customer
behaviour introduced challenges for the behaviom@dels as not only future purchase decisions Isot a
their volumes need to be predicted (Donkers, Vdrlaoel de Jong, 2007). Secondly, customers often
purchase more than one product and these purchasnigions are not independent; these inter-
dependencies should be taken into account when Inmgdecustomer lifetime value (Kamakura,
Ramaswami and Srivastava, 1991, Kamakura et &3,20nott, Hayes and Neslin, 2002, and Li, Sun and
Wilcox, 2005). Thirdly, retail financial servicegganisations offer a wide variety of financial puats
(some rather complex), which differ in their natarel also in their revenue generating pattern.|lyiret

any point in time a customer can switch betweeryects or even between product providers (Kamakura
et al., 2003). Intense competition and technoldgidaances enabled historically monogamous retaikb

customers (i.e., those conducting business onli wite provider), to increasingly move towards the

1 A segment was identified in the over 50s custoage group with high future revenue generating pistemhich was
subsequently recognised by the organisation asneepmarget for product cross-sale and customerisitigm and retention
activities. This understanding has also contribuitethe organisation’s compliance with the regulat@quirement of treating
customers fairly by the UK Financial Services Agenc
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“always a share” relationship in which a customerutaneously conducts business with several firnc
services providers and can relatively easily switeltween them. Due to these specifics of the retail

financial industry, only a limited number of exiggimodelling approaches can be applied in thisesant

We propose a novel approach to the modelling ofocner lifetime value which is based on adaptive
customer segmentation using a “nearest-neighbowticept. Our approach identifies customer
neighbourhoods (local segments) which are (1) sreafiugh to ensure customer homogeneity by
capturing only customers with similar charactecstand past behaviour, and (2) sufficiently large t
ensure robust forecasts of future behaviour. Thynsatation uses similarity measure defined over a
predictive variable space. The optimal local segnsére and set of predictive variables are detegohin
during a cross-validation procedure using rank elations between the observed and predicted
profitability as optimisation criteria. A one-peti@head profitability is forecasted for each cusom
using a predictive probability distribution estimatover the population from his/her local segment
containing customers exhibiting similar behaviowhhracteristics. Multi-period forecasts are pralic
by convolution of one-period predictive probabilystributions which is implemented using bootstrap

simulations.

Our segmentation approach allows the re-aggregatiaamall customer segments into larger ones in a
flexible way that can be driven by the businesssi@as for which the segments are required. Itaan

be applied to a range of predictive tasks, sucthadorecasting of the conditional profitabilityign
some other customer characteristics, e.g., credi) ror prediction of other customer-related
characteristics (e.g., product purchasing decismnaccount balances). This provides a powerful itoo
the development of tailored customer acquisitiod egtention strategies. The ranking approach offers

benefits during times of significant economic chang

Our model is implemented using customer data foKaretail bank for the period 2005-2008 to predict
and validate customer profitability. We are ablentake robust predictions of individual customer

revenues using a small number of variables.

The remainder of this paper is structured as faglo8ection two offers a short review of literatlgading
to our model. The details of our modelling approach provided in section three. Section four offamns

implementation algorithm which enhances the contpurtal efficiency of our approach. The estimation



results and discussion of potential applicatiomsgiven in sections five and six correspondinglct®n

seven concludes.

2 Review of previous studies leading to our model

Jain and Signh (2002) and Gupta et al. (2006) deoain overview of the existing lifetime value madel
Empirical evidence in the context of a multiserviiceancial company (Donkers et al., 2007) suggtsts
currently available complex service-level modelsco$tomer behaviour do not offer an advantage over
simple models using aggregate customer data wheiging individual customer lifetime value. These
simple models are based on a strong limiting assomghat customer profitability is constant oviene

or can be represented by a linear function of paditability (e.g., Berger and Nasr, 1998, and tlause

and Blattberg, 2003). This assumption can be satisfy in the context of retail banking only for
customers who continuously hold one or more lomgitproducts (e.g., a savings account and a personal
loan or a mortgage) over a number of years, scttigatompany’s future profits are determined bylag
(constant, increasing or decreasing at a certd®) payments and a constant profitability margiothB
assumptions are not valid when a customer purchasesvy product, or switches products or product
providers before product maturity, or when intereges (and hence, sales margins) change. From a
business perspective one is most interested imess with a high propensity to buy new producttor

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

More complex models of customer behaviour whichiesed for the customer lifetime value predictions
adapt the univariate or multivariate probit modwgliframeworks to predict next period purchase
probabilities. The multivariate probit model acctaufor dependencies between the purchasing desision
arising either from a hierarchy in the decisionado new services to the current portfolio, or fromss-
sales promotions or sale of financial packages.,(&kgmakura et al., 1991 and 2003). The main
weaknesses of this model class are that (1) ondypamiod ahead prediction can be made and (2) anly
purchase decision is predicted and a separate risodetded to estimate the purchase value, whigbsva
greatly in the context of a retail bank and introeks additional complexity to the model. This comjtie
contributes to larger prediction errors and a wedkescasting ability for these models of indivilua
customer profitability compared to simpler modeBoiikers et al., 2007). Another widely discussed
approach used in customer relationship and behaliowdels employs the Markov Chain methodology
(e.g., Morrison et al., 1982, and Pfeifer and Gaay 2000). This class of models allows for adaisio
flexibility in modelling customer behaviour whenmpared to earlier models. An important restrictive

limitation of the Markov Chain methodology, howeyves that the robustness of profitability estimatio
4



depends on the existence of a relatively small rerrobmeaningful and homogenous customer segments.
The latter condition is difficult to satisfy in thetail banking industry given that there is a #gigant
diversity of customer purchasing behaviour, whichynmesult in a wide range of revenues, even for
customers who are similar in terms of charactesssuch as age, tenure as a customer, earningityapac
etc. which are often used as a basis for custormgmentation. As a result, the robustness of the
estimation suffers. Also, allocating customers tdinsited number of segments may lose a lot of
information, which again affects the robust estiorabf model parameters, which may therefore not be
enough to satisfy business needs in terms of difteating between groups of customers for marketing
decisions.

3. Modeling customer behaviour

In this section we describe our approach to predjdhe customer lifetime value of individual cuskers

in the context of a multiservice financial orgari@aa. As discussed above, in this industry a custten
relationship with a company is typically long-teemd customer purchasing behaviour is rather complex
Also, due to the specifics of retail banking, aghase of the same product (say, a personal lofireal-
term deposit) by two different customers may resulsubstantially different revenues as the revenue
vary not only with the decision to purchase bubalsross the wide range of possible purchase volume
Existing models of customer behaviour using a Markhain methodology and probabilistic models
developed within a probit modeling framework do offer a satisfactory solution to this problem. We
propose an adaptive segmentation approach whick ugermation from the historic probability
distributions of a set of predictive variables forclose customer neighborhood to predict the future
revenues associated with a given customer. Ouroappr allows for a wide diversity of customer
purchasing behaviour without compromising the rohess of the estimation. Our approach is explained

in detail next.

3.1 General CLV model

We start with a general definition of customertlifee value as the net present value of future dasis
associated with a customer over the time perioldeofrelationship with a company or over a givenetim
horizon. Many articles provide slightly differingrinulations of the classic customer lifetime vatedel
(Berger and Nasr, 1998, Jain and Singh, 2002, Reiaad Kumar, 2003, and Gupta et al., 2006, among

others) which can be summarised as follows.

cLv' =Y (R -C')(-})D, - AC} 1)



where R denotes the predicted revenue from custoimer period 7 given that the customer continues
his or her relationship with the company in periocand C! is the direct costs of servicing the customer
in this period. AC, denotes a cost of acquisition for a new custorieris the discount factor in period

7 and T is the number of periods for which CLV is estintate] is the projected probability that

customeri may terminate the relationship with a companyeniqul 7, 7 <T ; this is sometimes called

the customer attrition rate.

In the current application, which is presentedhiis paper, we focus on predicting future revenues fa

customerR. assuming that direct costS] associated with servicing a customer durihg 7 < T and

costs of customer acquisitioAC, are known. We address the estimation of the cetarttrition rateq;

in the next section. Considering that our appraahbe applied to a wide range of forecasting jerobl|

we present a general formulation for the propogguiGach next.

3.2 Adaptive segmentation approach
For each customer, we aim to obtain the conditigmabability distribution of observing the vectdr o

dependent variabley,,, :(yl,...,yM )w , 7=022..T.vYy,, can be generally a multidimensional
vector and include both continuous and cardinalabées. In the current application it consists foé t

customer revenue-variabl®,,. x, is a vector ofK predictive variablesx, =(x,,...,x, ), which can

t

include any elements of the historic information & a customer available at tinhe x, provides the

explanatory variables in our model. In the currapplication, it contains a set of variables frone th
company’s customer database which are predictiveustomers’ future revenue (and of other, if any,
dependent variables i,,, for the general case) and may include variablesrobd at all or some of time
periodst,t-1,t-2,...,t—L. t is the most recent period ard is the number of periods for which

historic customer data is available. Typical préde variables, for example, might include currand
past customer revenues, his or her age, tenurehdgtbompany, credit score, and current and pasiugt

holdings.

The conditional probability distribution of obsemgi vector of dependent variablgs,, given the current
customer state x, is p(yt+1|xt), p(ym\xt), p(yHT\xt). We call these distributionpredictive

distributions from now on. Note that the probabililp(yt+r|xt) is conditional on current customer state



and also on a customer continuing his or her waghip with the company until and throughout period

t+r1.

Because the analytical form of the predictive phbolity distributions are not known, it is suggested
estimate these distributions empirically using aaptive segmentation approach. Given a currently

available informationx, for a customer, we locate a group of customersviese in a similar state (and
had a similar history, if historic variable obsdreas are included irx,) one or more periods ago; we
name this time-period as the basis perigd This group is called hera local segment or customer

neighborhood. The empirical conditional distribution of the @eplent variable for thibcal segment at

t, +1serves as an estimate of the one-period-aheadcpreddistribution of the dependent variable. The
empirical joint distribution of the explanatory lalvyles within a local segment is used as an estioht
the one-period-ahead predictive distribution of éxplanatory variables which is used for multi-pdri

predictions. Figure 1 illustrates this concept.

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

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

A Predictive distributiorof the
Loca| Current State(lt Of customer dependant Variab|ep(yit+l
i in time-period t
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Joint predictive distributic of the
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Past customer date| ; X; = (xi x'z) i=1..,N
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In this approach customers with similar charadiessand past behaviour are expected to exhibilaim
behaviour in the future. The size of the local segims chosen so that it is (1) small enough taiens
customer homogeneity within the local segment Iptwang only customers with similar characteristics

and past behaviour, and (2) sufficiently large msure robust forecasts of future behaviour. Thalloc



segmentation usessamilarity measure defined over the predictive variable space totlo¢he customer

neighbourhood.

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

of two customers for which information is availalblgtimet and which are contained i . This measure

is used to derive the neighbourhood of a customer:

D )= Soh b - ) ®

Weights w,, k=1...,K, are used to normalize the explanatory variablésclw all have different

measurement scales. For example, customer age amgybetween 18 and 100 years whereas the spot
balance on a money transmission account can be gpveral million pounds. Without weighting, the
similarity measure will be dominated by the variable with the largestasurement scale.

For continuous dependent variables, e.g., the gparwenue, the empirical predictive distributioms a
used to estimate mean and median values and cooéidatervals. For cardinal dependent variables, a
frequency of observing a customer in the local sagmvith a given value of the dependent variable at

t, +1 is employed as an estimate of the correspondiolgaility. This estimate is then compared against

some threshold to provide a value forecast. Thestiold is estimated during the model validatiogesta
using a ROC-analysis framework. R®@&nalysis is a standard tool originating from slgdetection
theory. It is used across a wide range of practpglications for organizing and selecting class#ion

the basis of their performance (Fawcett, 2006).

3.3 Multi-period-ahead forecast

Under the assumption of time-homogeneity, a mudtigu-ahead predictive distribution can be obtained
from the one-period-ahead predictive distributifersdependent and explanatory variables. For exampl
the two-period-ahead predictive marginal probabtiistribution can be obtained as a convolutiorhef

corresponding one-period-ahead distributions fpedeent and explanatory variables:

p(yt+2|xt ) = .[ p(yt+2 1 Xt+1|xt )dxt+1 = .[ p(yt+2|xt+1)p(xt+1|xt )dxt+l

Following a similar logic, the multi-period-aheackdictive distribution is obtained by the convatutiof
the corresponding one-period-ahead distributiorgs,(Andersen, Bollerslev, Christoffersen and Dldbo
2006, p.810):

2 ROC stands for Receiver Operating Characteriatickit is also known as Relative Operating Charisties



p(yt+r |Xt ) = _”‘ . J. p(yt+r |Xt+r—1)p(xt+r—l|xt+r—2 ) . p(xt+1|xt )jxtﬂ'—l ce dXt+1 (2)

It follows from (2) that knowing one-period-aheaegictive distributionsp( t+,|xt+,_l), 0<7r<T,fora

dependent variable anp(xw xw_l) for explanatory variables is sufficient to obtamulti-period-ahead

predictions.

As in case of one-period-ahead forecast, empipeatlictive probability distributions are employeut f
multi-period ahead predictions. Our empirical apgytois first illustrated for a two-period-aheadeiast.

Given a current customer staie, a random vector,,, is simulated from the one-period predictive

distribution p(xt+l xt). This can be done either by using re-samplingrtiggtes such as bootstrap, which

is employed in this paper, or by sampling from @praximating analytical distribution, e.g., by ugin

copulas or kernel smoothing. Using the simulatddesafromx,,,, we simulate the corresponding values
of y,,, for the next period using the analogous technigsien the previous step. The resulting pair

xt). The marginalization overx,,, is

X1 )P (X111

achieved by poolingy,,, for all simulated values ok,,,. A similar approach is used to estimate the

X1 Yisp @S joint probability distributionp(yt+2

empirical predictive distribution for periodst 7, 0<7 <T : given simulated values fox,,,_,, a random

t+r

vectory,,, is obtained from the one-period predictive disttibn p( xH,_l).

t+r

3.3 Real-life considerations for assigning variableveights in the similarity measure
Errors and inaccuracies are unavoidable in realddmpany data bases due to the imperfectionstan da
collection processes (SAS reference). Thorough cdatning might prove too expensive and impractical

for many organizations. Our method for assigninggits w, in (3), therefore, is designed using

practical considerations and aims to minimise thpact of these errors and inaccuracies on the gireeli
power of our model. Our analysis of the companyddiowed many data errors represent outliers which
may increase the variable range to up to 5%. TRé 9&riable range, therefore, is representive of the
‘clean’ variable range for most continuous variabl€his variable range is used in our weighting and
included in the denominator in (4). Weights definedthis way penalize outliers whose weighted
difference entering Equation (3) will be more tHan

The weights for continuous variables in (3) arargef so that the variable values in the ‘cleangeare
constrained to the interval of [0, 1].



B 1
= Percentilelx,, ,0.975)— Percentile{x,, ,0.025)

(4)

For cardinal explanatory variables, = f@ equal values and, = for non-equal values so that only

customers with a given value of a cardinal variaiter a local segment.

3.4 Discussion of adaptive segmentation approach

Our modeling approach with adaptive segmentatidar®fa number of advantages over the existing
approaches in the context of the multiservice far@nindustry. First, our approach works with vaiso
shapes of variable distribution and also with défé correlation structures (no limiting assumpgi@ne
imposed). This is important in our application giidat most variables are not normally distribuaed
exhibit a non-trivial dependence structure (etgong non-linear correlation and autoregressiveat$fare
detected in our dataset). Second, full informaticontained in the variable probability distributias
preserved which allows the estimation of confideimtervals and other important statistics. Thirdlike
Markov Chain and other probabilistic models usimgtomer segments, our model adaptively seeks for
homogenous customer segments without loss of irdtbom about variables distribution. Fourth, the
model can work with partial information and missivayiables still producing a meaningful forecast if
some values for predictive variables are not alkbkglaThis allows the prediction of future revenoe f
new-to-bank customers, for whom only partial infatian is initially available, and also overcomes th
problem of missing values which is relevant to maagnpanies due to the imperfections of the company
data collection process. Finally, the effect obesrand inaccuracies present in the raw compary idat

minimized by scaling in our adaptive segmentatippraach.

On the downside, given that our model is non-patamean additional analysis is required to draw
generalizing inference about the relationshipshien data. Also, our adaptive segmentation approgsch i

computationally intensive. The next section death e latter drawback.

4 Optimisation of computational efficiency

Our adaptive segmentation approach can be compudliy intensive. The following algorithm for prior
coarse segmentation substantially reduces the datigmel load. Prior to locating a customeltgal
segment, we suggest applying a coarse segmentation afus®mer dataset féocal segmentation using
the set of explanatory variables. The centres andhdaries of coarse segments need to be recorded at
stage. The computational load is substantially cedibecause th@milarity measure is calculated only
for the central points of the coarse segmentsadstd all entries in the dataset. At the next stagdy

coarse segments which are the closest to the ¢istiae of the customer in question are selectetties

10



from these segments are pooled together and adegahent is chosen out of the pooled entries. Eigur
illustrates this algorithm.

Figure 2

Adaptive segmentation: optimisation of computation

Red dots and red lines show coarse segments’ sesuick boundaries; the green dot corresponds to the
current state of a customer whose revenue is fetedathe red area covers the closest coarse segmen
and green area is the local segment

TTT el 7T

Past customer date ; X; = (x'l x‘z)t ,i=1...,N available in time-period

The proposed approach can potentially exclude & simaber of entries on the external border ofcalo
segment from the area available for local segmientaalthough they belong to the local segmenthSuc
excluded entries are illustrated by the top pathefgreen-shaded circle outside of the red-shadsalin
Figure 2; this is the upper part of the local seginieit is not included in the selection of coamsgnsents.
The excluded area, however, is very small andstehaegligible effect on the estimated values.

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

segment size is chosen with an objective to mirenttee amount of computation at the segmentation
stage. It is shown below that a segment size wisiatlose to+/N satisfies this objective (hemd is a
number of customer entries in the local segmenmtatataset in time periot}). Denoting the number of

coarse segments & and the number of customers in each segment asl give N =s[S. Set

s=a+/N to obtainS = @ . The number of computations of theilarity measure is:
a

S+s:\/ﬁ(a+§] (5)
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The number of comparisons which are needed todsstdnces to the coarse segment centers and also to
sort customers within the coarse segments woul&log, S+slog, s (Press et al., 1992). Substituting

values ofs andS will give:

Slog, S+slog, s= \/Walogz( Ncr)+£log2 N (6)

Differentiation of (5) and (6) in respect o and setting the resulting expressions to zerosgilie result

that the minimal amount of computation is achiewath o =1.

5 Estimation results

This section presents the model estimation andiatidin results. Model validation in our approacls ha
two objectives: (1) to choose a set of predictiaiables with the best predictive power and (2) to
evaluate the predictive performance of the modike Todel estimation, prediction and validation are
performed using historic revenues and other retestomer data for 467,789 retail banking custorérs
National Australia Bank Europe over the period 2Q088. In the process of validation the model
prediction for one-period ahead and two-periodsadhHeas been assessed against actual observed. values
We have been limited by data availability from penfing the validation of predictions for a higher

number of periods ahead.

The main purpose of this study was to predict thstamer revenue as an outcome of the customer
behaviour. The customer revenue, expressed in w@bsfjures, however, is affected by external feccto
even if customer behaviour stays the same in éiffetime periods. For example, the change in tlse ba
rate of the Bank of England has a direct impacth@nsales margin of the financial services provider
Firstly, many long-term financial products are swith a fixed interest rate and products sold ptiothe
change in the base rate will bear the old pricaéeiincreasing or decreasing the amount of sabgim
depending on the direction of this change). Segondterest rates on retail financial products dd n
always adjust in a direct correspondence with chang the base rate. The latest significant mismatc
between the Bank of England rate, costs of whatebakrowing and interest rates on retail financial
products was observed throughout the second h&008 during the peak of the financial crisis. hse

competition may also cause a financial provideethuce sales margins.

To account for changes in future revenue due tereat factors, the set of predictive variables um o
model is chosen during the process of validatiomiaximizing the rank correlation statistics betwéssn
predicted and actual values. Kendall's tau has lesed for this purpose. This statistic has an adgan

of being insensitive to any variable transformatimch does not change the ordering in the pomrati
12



Using this statistic in choosing the model ensuinas the final model best preserves the relatideiong
in the dependent variable (the revenue from a owstdn our case) and accurately predicts customers
with higher future revenue versus customers wiis feture revenue, even if the revenue value ectdtl

by external factors in future.

Figure 3. Actual versus predicted customer reveloggrithmic scale

One-period-ahead prediction

3
10 ¢

Model prediction

¥ +  2.5% prediction percertile
97 5% prediction percerntile
* | — — —Ideal farecast

1 i P | 1 1 M |

10 10 10 10

Predicted revenue

Model prediction
+  2.5% prediction percentile
97 5% prediction percertile
— — —Ideal forecast

Predicted revenue

4

10 10 10 10
Actual revenue

Our model gives robust predictions of customer mereefor one and two periods ahead. In Figure 3, the
slope of the line around which the model prediddi@ane grouped indicates the predictive power of our
model?® Predictions along the diagonal line indicate dqmrforecast when predicted revenue is exactly
equal to actual revenue. Low predictive power tssinl a near-zero slope when predicted revenues are
scattered around the mean revenue in the populatidrigher predicted than actual revenue value for

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

3 We cannot reveal the actual revenue figures aswithe predictive variables in our model due toctimercial sensitivity of
this information.
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products which happened in the second half of 2Z0a¥2008. This trend should not affect the robisstne
of prediction of the relative revenue ranking.
Table 1

Model statistics: validation of one and two-peri@dsead predictions of the revenue from individual
customers using actual values of revenue in 20072808 correspondingly

Concord Discord

Periods Kendall's Kendall's ant pairs, ant pairs, Somers Somers Mean Median St.
ahead T Z Percent Percent Gamma D(R|C) D(C|R) error error 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 2.5989 1. 35.01

The rank correlation (Kendall’s tau) is significdat both predicted periods and higher for a oneeple
ahead prediction (0.71) than for two-periods-ahpeetliction (0.62). Median prediction error is also
greater for the two-period-ahead prediction. Thigxpected as more distant periods are more difficu
predict. Also, our data for this validation comesnf 2008 which coincides with the banking crisisakh
saw a market-wide misalignment between the costunfls and the lending interest rate and also
unusually high growth in bad and doubtful debtsr @wdel demonstrates a strong performance in this

non-trivial environment.

We employed Kendall's tau, indicating rank correlatbetween the actual and predicted values, tesass
the sensitivity of the accuracy of prediction tee thize of the local segment. Kendall's tau, att,firs
increased with an increase in the local segmem, $ien reached a maximum value at around 1000,
followed a plateau at the maximal level and evdhtustarted decreasing with further increases i th
local segment size. This pattern can be explaisetbilows. With a small segment size, the empirical
predictive distribution is dominated by customérattclosely match the current state and, thus, tend
exhibit a very similar behaviour in the next peri@ver-expanding the size of the local segmentthen
other hand, allows too many customers with diffede@havioural characteristics into a local segment
shifting the predictive distribution for this segmiéowards the population mean. Both situations lea

an inferior predictive power of the model. Basedlwese considerations, a local size segment hasdate

at 1000 customers.

6 Other applications

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

customers, the company management is interesteemifying customers whose revenue in likely to

increase or decrease significantly in future pesiod/e therefore can employ our modeling approach to
14



another application: prediction of binomial vareblindicating whether the revenue from a customer i
likely to increase (decrease) above (below) a giteashold or remain within the threshold in thetne
period(s) (Table 2 and Figure 3). Given that congmpnften do not possess information on the detsils
their customers’ activities with other providersistobjective can be rather challenging when trawlat
models are used. By matching a customer to the ‘tmgtal segment’, our adaptive segmentation apgroa
allows the extraction of ‘additional informatioro the directly-measurable information, that compani
normally possess, from the pattern in behaviouhefcustomers in the local segment possessingasimil

characteristics and past behaviour.

Table 2

Model statistics: validation of one-period aheakéast of binomial variables indicating (1) an @ase in
revenue above the minimum threshold (‘jump up’),d8crease in revenue below the minimum threshold
(‘jump down’) and (3) change in revenue within theeshold (‘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 Charigtts, for the one-period-ahead prediction of
customer behaviour
‘Stable’: change in revenue'Jump up’: increase in revenueJump down’: decrease in

within the threshold above the minimum threshold revenue below the minimum
threshold
1 . . : 1
| | |
| | | |
| | |
| | | |
0.8----7- /* 0.8
o . S o
© - | | | ©
o € gl S 1| o
& 2 | | | | 2
AR E NN Y
§ g 04 . § '
F l/ | | |
02Hf e 0.2
R
| | | |
| | | |
00 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
False Positive Rate False Positive Rate False Positive Rate

Similarly, our approach can be employed for predicbf customer attrition rates which act as arutnp
variable for CLV estimation in (1). Another potaitapplication for our adaptive segmentation apghnoa
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would be in predicting the propensity for a custoteepurchase a financial product and also a pseha

volume.

In general terms this modelling approach can béiepn a range of predictive applications, whetbér
values or states, and its ranking approach makeseful in situations where environmental charasties

are unstable or unpredictable.

7 Conclusion

This paper proposes an adaptive segmentation agptoadhe modelling of lifetime value for individua
customers in a multiservice financial organisatibhe main contribution of our modelling approach is
that unlike Markov Chain and other probabilisticdets using customer segments, our model adaptively
seeks to locate homogenous customer segments wittgsuof information about variable distributions
compromising the accuracy of prediction. Thismportant because customer behaviour is very vamed
this sector even for customers who are similaerms of the characteristics which are normally used
customer segmentation (e.g., customer age produdiniys and personal income). Customers purchase
more than one product or service, and these pugshear® not independent. The revenue from a customer
is determined not only by his or her purchase dmtibut also by the purchase amount which varies

widely for different customers.

Other advantages of our modelling approach areitldaes not require assumptions about the shape of
the variable distributions or the correlation stame between them; the model can work with partial
information and missing variables, producing a neginl forecast if some values for predictive vates

are not available. This allows the prediction diife revenue for new-to-bank customers, for whoiy on
partial information is initially available, and alsovercomes the problem of missing values which is

relevant to many companies due to the imperfectidrise company data collection process.

We applied our model to the estimation and valatatf future customer revenue in the UK retail bank
over 2005-2008. Our model gave robust predictidrt@revenues from individual customers and afso o
significant changes in their revenues using a smathber of predictive variables. Validation of dir
period-ahead forecast using 2008 data, which adéttvith the crisis year in banking, has confirntiest
our relative ranking approach offers advantage ndutimes of significant economic change. Other
potential applications include the prediction ohet customer-related characteristics which could be

either continuous or cardinal variables. Our apghnoallows the re-aggregation of small customer
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segments into larger ones in a flexible way that lba driven by the business decisions for which the
segments are required. This provides a powerfulitothe development of tailored customer acquositi
and retention strategies.
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