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Applying ANNs into Constructing the CLV Discriminant model
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Abstract: - Reviewing the marketing environment, the enterprises had met a competitive pressure due to there are many
customers with different characteristics. How to achieve the potential customer retention and maintain their core
competition will be an important issue. That is, they will meet the issue of measuring the customer lifetime value (CLV). In
this study, a CLV discriminant model by using artificial neural networks (ANNSs) will be proposed and the key factors can
also be determined. Finally, an illustrative case owing to Taiwanese health club will be employed to demonstrating the

rationality and feasibility of the propsoed approach.
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1 Introduction

Reviewing the marketing environment, the enterprises had
met a competitive pressure due to there are many
customers with different characteristics. Hence, the
performance of making the market segmentation by using
the social attributes will not be the only one choice.
Schmittlein(1987) had mentioned that the segmentation
performance from the customers’ database is better than
that from the social attributes. And, it will lead the
customer relationship management (CRM) to be an useful
evaluation index to study the customers’ loyalty. At the
same time, the related researches had also mentioned to
create customer value, avoid customer lose, reduce the
searching and transaction costs. The customer’s
requirements can be kept via the data mining techniques
and it can provide the active and customerized service to
enhance the enterprise’s core competition. Data mining
techniques had been employed to mine the behind
behaviours and make the prediction analysis for the recent
years. Therefore, it will let it be an important tool to
achieve the CRM. Customer value can be viewed as the
infrastructure of CRM  (Morgam&Hunt, 1994).
Kotler(2000) also pointed out that the importance of
relationship management must be focus on how to create
the long term relationship with the valued customers and
to maintain such relationship for earning profits. Several
customer value models were proposed (Sewell & Brown,
1990; Hughes, 1994; Kotler, 2000). Berger & Nasr(1998)
also intended to propose a systematic model to compute
the customer wvalue, and they summarized the
characteristics from Jackson(1985) to form a model with
five categories. However, Hughes(1994) proposed a RFM
customer value analysis model to address such issue based

on recency (R), frequency (F), monetary (M). Basically,
the information about RFM model can be mined from the
transaction database and it had been frequently used for
many enterprises. However, the model construction of
RFM model may be difficult and it will limit its
applications due to that the assumption being made about
the probability distribution of the customer’s behaviour.

The history of Taiwan’s health clubs is about twenty
years. However, the market gradually grew up and made a
competitive market environment. Under the strategy of the
lower prcining, the cost of creating new customers and the
lost rate of club’s associators will gradually increase. It
will directly react on the profits. Hence, the issue of CRM
will play an important role for health clubs, especial for
how to provide the equipments or services with high
quality to satisfy the customers and decrease the customer
lose. However, the buying behaviours of customers are
significantly different and it will meet a problem to
evaluate the customer value. In the past years, the
customer values are frequently evaluated by using RFM
model. However, can it directly use for the current status?
The health clube will meet such problem. After reviewing
the related studies, we will intend to apply the data mining
techniques to mine the useful information to construct the
customer value prediction model and study the significant
factors affecting the customer value.

2 Literature Review

2.1 Customer Lifetime Value (CLV)

Heskett et al. (1994) recognized the customers with
re-buying the products or services will lead to a very
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larger value if the affection of introduction can be
included. However, not all customers will be worthy to
retain. Hence, the 80/20 rule will be applied in practice
due to that about 80% profits will be created via about
20% customers. And, it will lead the enterprises to focus
on creating the profitable customers, not promoting their
products or services. The concept of customer lifetime
value (CLV) will be constructed depending on such
thinking. It can be viewed as a concept or a computation
result from the viewpoint of the contributions of the
customers to the enterprise’s profits (Zeithaml and Bitner,
2002).

Levin(1999) recognized the CLV to be the profits
from all processes focusing on keeping the relationship
between the enterprise and customers. Ranchhod(2002)
provided that an important factor affecting the CLV is
customer satification and the dynamic environments need
to be taken into consideration since evaluating the
cutomer’s profits. Several studies (Berry,1983 ; Shain
and Chalasain,1992 ; Morgan and Hunt,1994 ; Berger
and Nasr ,1998 ; Kotler , 2000) also pointed that the
profits of an enterprise can be significantly increased due
to keeping the stable and long-term relationship with
customers. Kotler (2000) pointed out the core of
relationship marketing will be put attention on how to
construct the long-term relationship. The CLV had
re-defined the related activities for the tranditional
marketing due to that the customers will be regarded as an
assest. That is, the decision-making of marketing can be
viewed as an investment and it will evaluate the future
benefits and costs to determine the related activities.
Hence, how to mine the valued customers will be an
important issue to most enterprises. Kotler &
Armstrong(1996) also made the definition about CLV as
“The customer making the future profits exceeds the cost
spending on it. And, the exception part can be called as
CLV”. However, several studies (Monroe , 1991 ; Gale ,
1994 ; Naumann , 1995 ; Engel, Minird and Blackwell ,
1995 ; Woodruff , 1997 ; Solomon, 2000) recognized
that the CLV to be the value in their mind, and it was
called as value of customer recognization. Besides,
several studies (Kamakura and Russelll , 1989 ; Stone
and Bob , 1995 ; Hughes and Arthur , 1994 ; Mulhern,
1999 Phillip and Robert , 2000) had also pointed out that
the CLV can also be analyzed via the historical transaction
data and the CLV will be defined as the predicted value for
the current and the future.

Most enterprises frequently apply RFM indexes to
quantilize the customer, and the purpose is to quantilize
the customer’s behaviour and make it obey the marketing
formula. The RFM indexes can measure the relationship
between customer and enterprise, judge the customer
value. Hence, the suitable strategy of custoerm
relationship can be determined. Hughes(1994) and
Stone(1995) had proposed two different methods to
address RFM model. Hughes(1994) considered the same
mportance for those three indexes and set the same weight
value to them. However, Stone(1995) proposed the
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different weight value setting for those three indexes via
demonstrating a credit card case.

2.2 Customer lose

Customer had known as the keypoint to the grow of an
enterprise. Hence, customer lose will lead to the enterprise
loss. Besdies, customer lose, customer retention, customer
loyalty will represent the same concept. The lower
customer lose will denote the higher customer loyalty.
Customer retention will be the evaluation of customer
loyalty. Hence, the purpose of an enterprise wish to
maxmize the customer retention and minimize the
customer lose. Customer lose can be viewed as one part of
CRM. According to the statistical record, about 85%
customers may be retain for an enterprise and about 15%
customers will be lose. It will form a rotation theory with
inputting and ourputting. Hence, we can apply data
analysis or data mining techniques to mine the potential
customer lose and mine the possible causes. Then, the
enterprise can make the necessary action to avoid
customer lose (Li, 1995 ; Chang and Yuan , 1999 ;
Madden , Savage and Coble-Neal , 1999 ; Hughes ,

2001 ; Daskaka, Kopanas, Gou and Avouris , 2003).

2.3 Discriminant Analysis

Discriminant Analysis may be used for two objectives:
either we want to assess the adequacy of classification,
given the group memberships of the objects under study;
or we wish to assign objects to one of a number of (known)
groups of objects. In both cases, some group assignments
must be known before carrying out the Discriminant
Analysis. Such group assignments, or labelling, may be
arrived at in any way. Hence Discriminant Analysis can be
employed as a useful complement to Cluster Analysis (in
order to judge the results of the latter) or Principal
Components  Analysis (SPSS, 2000; Davis, 1986;
Weslowsky, 1976). Linear Discriminant Analysis is the
2-group case of MDA. It optimally separates two groups,
using the Mahalanobis metric or generalized distance. It
also gives the same linear separating decision surface as
Bayesian maximum likelihood discrimination in the case
of equal class covariance matrices. There is no best
discrimination method. A few remarks concerning the
advantages and disadvantages of the methods studied are
as follows. Analytical simplicity or computational reasons
may lead to initial consideration of linear discriminant
analysis. Linear discrimination is the most widely used in
practice. Often the 2-group method is used repeatedly for
the analysis of pairs of multigroup data (yielding k(k-1)/2
decision surfaces for k groups). To estimate the parameters
required in quadratic discrimination more computation and
data is required than in the case of linear discrimination. If
there is not a great difference in the group covariance
matrices, then the latter will perform as well as quadratic
discrimination.

2.4 Backpropagation neural network
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A neural network consists of a number of simple, highly
interconnected processing elements or nodes and is a
computational algorithm that processes information by a
dynamic response of its processing elements and their
connections to external inputs. A neural network can
model the non-linear relationship between the system’s
input and system’s output. The non-linear relationship or
the interaction effect among several variables can be kept
in the structure of hidden layer of a neural network model.
Restated, it can be learned by passing the training pairs
through the network. Among the several conventional
supervised learning neural models including the
perceptron, backpropagation neural network (BPNN),
learning vector quantization (LVQ), and counter
propagation network (CPN), the BPNN model is
frequently used (Ko etal., 1998; Neural Ware, 1990; Hsieh,
2001; Hsieh, 2006) and, therefore, it will be selected
herein. A BPNN consists of three or more layers, including
an input layer, one or more hidden layers, and an output
layer. Detailed descriptions of the algorithm can be found
in various sources (Neural Ware, 1990; Rumelhart et al.,
1986). The following is a brief description. To develop a
backpropagation neural network, the training and testing
data set are firstly collected. The data sets consist of both
the input parameters and the resulting output parameters.
The backpropagation learning algorithm employs a
gradient- or steepest- heuristic that enables a network to
self organize in ways that improve its performance over
time. The network first uses the input data set to produces
its own output. This forward pass through the
backpropagation network begins as the input layer receive
the input data pattern and passes it to the hidden layer.
Each processing element (PE) calculates an activation
function in first summing the weighted inputs. This sun is
then used by an activation function in each node to
determine the activity level of the processing node. The
output generated by the network is compared to the known
target value. If there is no difference, no learning takes
place. If a difference exists, the resulting error term is
propagated back through the network, using a gradient- or
steepest- descent heuristic to minimize the error term by
adjusting the connection weights (Neural Ware, 1990;
Rumelhart et al., 1986). As for the training phase, a signal
input pattern is presented and the network adjusts the set of
weights in all the connecting links such that the desired
output is obtained at the output node. On accomplishing
the adjustment, the next pair of input and output target
value is presented and the network learns that association.

3 Proposed approach and case study

In this section, we will intend to construct a CLV model
according to the customer data. In order to demonstrate the
rationality and feasibility of the proposed model, we take
an illustratve case at Taiwanese health club. In this case,
we will also discuss the key factors affecting the CLV and
then the comparison of those two models, BPNN and
tranditional discriminant analysis, will be made.

3.1 Data analysis
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In order to collect the necessary data, we apply the
questionaire technique to collect the data from those club
associators. The related data structure will be designed as
Table 1. And the transferred data structure can be listed in
Table 2. Totally, we collect about 160 data. We divide it
into two parts according to the 4:1 criterion : the training
part is about 128 data and the testing part is about 32 data.
Table 1. Data structure

Tteme Variableo Descrptione
1e Number 'of associatore che
2e Sexe M : male F : female~
30 Buthday~ dateo
4o Tune to Apply~ dates
Sa Register feeo numbericale
[ Payment feeo numbericale
Fe Living locatione che

Table 2. Transformation about Data structure

Iteme L Secales Variables Descriptione
1o unuse Number of associatore che
20 Nomual~ Sexe 0 : male 1 : femaler
3a Ratio~ Ages numbericale
40 Ratios Lifetunes numbericale
5o Ratios Register feeo numbericals
[\ Ratios Payment feer numbericale
To Nomuale Living locatione 0 outside city 1 mside cityo

3.2 Discriminant analysis

The following table will represent the results of
discriminant analysis for the training data and the key
factors affecting discriminant analysis. Herein, we
consider thirteen variables as sex, age, marriage, icomes,
associator  type, frequency, time, satisfication,
comsumption, way to pay, from which location, living
location, traffic tool. In order to study the key factors with
affecting on discriminant analysis, we will compare the
discriminant ratio via disableing necessary variable step
by step. The criteria is “if the discriminant ratio will
increase since disabling variable, the variable will be
decided to disable.”

Table 3(1). The comparison table for deleting the
variable from the model.

Fatio# Disable Vatighles in rodel+ || Ratios Disable Variables in models
warishles wariahles

EVESLEAN = sex, age, marriage, |[43.75%¢ Traffic S63, AgE, IAITIAZE,

(540123 = | iromes, associator (5601287 4 tool+ icomes, associator

3o I type, freguency; tirne s type, fequency,
time, satisfication, gatizfication,
comsumption, war comswnption, war
topay, from which to pay, frorm which
lncation, Iving location, living
locatiom, traffic toold locations

46099 | Traffic sex, age, marriage, |[40623%¢ Traffic SeX, age, MANIAge,

(590128 | toole 1e0mmes, assoclator (5201287 4 tool+ comes, associator

Yo type, frequency, frequency+ || type, time,

time, satisfication, satisfication,
cormsurption, way coresurnption, way
to pay;, from which to pay, from which
Iocation, lving Iocation, living
locations locations?

39845 || Traffic sex, age, marriage, | 46.0994 Traffic seX, age, MmAliage,

(510128 | toole iromes, associator (591128 4 toole icomes, frequency,

3 e Lring typoe, freguency, Lgsociator || time, satisfication,

Incations || time, satisfication, types comsumptinn, way
Cormswmption, way to pay, from which
topay, fromm which Incation, Iiving
locations locations?

46.099¢ || Traffic sex, age, marrlage, || 429674 Traffic seX, age, MAIAge,

(59128 | toole iromes, associator (551128 + toole assoclator type,

3 e From typoe, freguency, incomes+ || frecuency;, time,
which time, satisfication, satisfication,
locations” || comswmption, way cormswaption, way

o pay, living to pay, from which
locations location, living
locations
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Table 3(2). The comparison table for deleting the variable
from the model.

Hatin+ Diisable VariahIes i models || Ratioe® Diisahle Wariahles in models
varighle+ wvatighle+
A2 048 Traffic sex, age, marriage, | 39.06% Traffiz 363, Age, 100 TeS,
(55128 || tool¢ I icomes, associator (501128 4 tacl asgociator fype,
3@ Way to type, frequency, martiages | frequency, tiree,
paye tirne, satisfication, satisfiration,
cormsuraption, from comsuraption, way
which location, to pay, from which
Irving locations location, living
locations
45319 || Traffic sex, age, marriage, | 39.06% Traffic Sex, maniage,
(58128 tool+! icores, associitor (501287 4 toold icotnes, assoclator
ye consurnpti || type, frequency, ages type, frequency,
on tirne, satisfication, time, satisfication,
way to pay; fror comsuraption, way
which location, to pay, from which
Irving locations location, living
lncations
A2775% || Traffic sex, age, marriage, |[39.06% Traffiz age, maniage,
(56128 || toole icornes, associator (5011228 4 tacld icomes, associator
ye satisficati || type, frequency, sexe type, frequency;
on tire, corasuraption, time, satisfication,
way to pay, frorm comsuraption, way
which location, to pay, from which
Irving locations location, living
lncations

The comparision table will listed in Table 3(1)~3(2).
Finally, we can get the Fisher discriminant function for
CLV in Table 4 and the corresponding statistical test is
listed in Table 5. Next, we apply the test data to make
validation for the simiplified Fisher discriminant function
(only including sex, age, marriage, frequency,
satisfication, from which location, way to pay), and we get
the discriminant ratio is about 53.125%. And the
distribution for the testing data will be given as Table 6.

Table 4. Fisher discriminant function for CLV.
a | CLV <

14 24 34 A4 54 B
e Z0074 01288 EEG 24434 4584
Living Iocations]| 0187+ 0.218¢ 04074 [ 0228+ 0371+ 0237+
| Way to pay+ 0 2840 0 426 11004« 11682 108774 112434
satifications 55314 5 Bhds 5.ad64 [ 5a00+4 A49T7ES 53594

frequency 1286+ 0552+ 1068 | 1.192¢ | 1.185¢ 1067+

ncores  + 17654 15424 1576 16804 | 1846« 1016+

THAniage S0AL ] 13630 || 0667 -0.0180¢] -0913¢ 0405+
age+ 1936+ 2575 1984|2486 ] 32314 3253

consuraptions | 0.1594 | 00086+ | 02304 0174 0.129¢ 007434
From which 2E18e 2577 14340 31534 32604 3026+

lncations

tirne+ 7453 2409+ 20004 | TR || TEGAS 19440

type+ 0510+ 0337+ 0343 || 0395+ || 0.3« 0.404+

{constant)« A4 AB5 [ 48374 S| -51488 |[-ABS0T [-49475 o -30522 4

Table 5. The result of statistical test.

Teammmad || sigaedn .|| Vi | bt || Wik Thoequare. || & Figpdance .
faetion . () || ed vrsiation || Lazbda |
1+ ‘ Slaed 6414 .14 00+ 23081+ A0+ 00+
e 1230 152¢ T84+ 158 33.132¢ i 251+
34 091a 11.44 007+ E 102444 154 kT
4 0560 604 LN 30 ENET 10+ 336+

Table 6. Distribution of the testing data for discriminant

analysis.

ITestu Cate | 1o |20 | 3¢ 4o |5¢ |6e
o Zorye
Criginale Data [ 3¢ |de | 3¢ |Te |de |5
Category data sized sizes
1 v 30 | 1e 1o |Oe O |0
2 e W] 28 (e 28 Qe e
3e 3e le |0 | 0o la | 0o le
da [ CLv Do 0o |10 |30 |10 le
G4 3a Do |00 | 0o le |20 | 0o
e 11e le [ 1le |1e |0e | 1o |Te

4.3 BPNN

The related parameters about BPNN will be given as
follows:
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1.Processing elements of input layer: It includes 13
variables and the number of PEs will be set as 13.

2.0ne hidden layer

3.As for the PEs of hidden layer, we will choose 12 to be
the number of PEs due to that it is the optimum decision
after pilot run.

4.The ratio of traing and testing data is set as 4:1, that is,
there are 128 training data and 32 training data.

5.The learning rate will be set as 0.05 and the momentum
will be set as 0.8.

6.The number of PEs of the output layer will be set as 1
due to the only one discriminant variable.

Table 7 will represent the results of discriminant
analysis for the training data and the key factors affecting
discriminant analysis. Herein, we take the same approach
mentioned in discriminant analysis for running BPNN.
The comparison result will be listed in Table 7. Finally, we
can get the key factors affecting discriminant analysis are
sex, age, marriage, incomes, consumption and time. Next,
we apply the test data to make validation for the
simiplified BPNN model (only including sex, age,
marriage, incomes, consumption and time), and we get the
discriminant ratio is about 96.87% (listed in Table 8). The
result significantly exceeds the result obtained from
discriminant analysis.

Table 7. The comparison table for deleting the variable
from the model.

Hatio# || Disable Varighle in Iodel || Ratios Disable variahle<| Varisble 1
vitiahle+ Models
0620 R 83, 40  TNATTIAZE , 26.8% Type.: SR, aZE,
(29327 iopres , acsocigor [3152) . || Warto pay., mATTiage,
type, Mequency, time From which irommes,
cqtiefic stion, location. . frequency, time,
COrhaTHption, Wy to Living location. . eaticfic atiom,
Dy, fromm which Traffic tool.. commrption .
locatiom, living
Location, traffic tool
0620 Traffic tool || sex, age, Mmarmiaze . 0620 saticfication. . SE3, 428,
(29327 iopres , acsocigor [3152) o || Type. mATTiage,
type, Mequency, time W to pay. irommes,
satiefic atinm, From which frequency, time,
COrhaTHption, Wy to location. . commrption .
Dy, fromm which Living location. .
locatiom, living Traffic tool..
Location. .
0620 Living SR, 428, INATTIAE Q06204 e SE3, 428,
[2932) o locaticn iopres , acsocigor [20032) . || satisfication., ATiage,
Traffic tool.. || type, fequency, tine, Type. irommes,
eqticfic stion, Wy to Py fraquency,
COrhaTHption, Wy to From which commrption .
Dy, fromm which location. .
locaticm Living location. .
‘Traffic tool
937505 Fromn which [ sex, age, marriage, 0620 Frequncy . SE3, 428,
[30032) o locatice. . iopres , acsocigor [3132) . | satisfication., ATiage,
Living type, Mequency, time, Type. iropres , time,
location. . satisfic stion, Wy to Py Comsmnption -
Traffic tool., || comramnption, Wy to From which
DY location. .
Living location. .
‘Traffic tool.
96,805 Wiy to pay |[ sest, age , murrage - T
[31/32) o Froen which (| icomes, sesociser
locaticm. type, Mequency, time,
Living cqtiefic stion,
locaticm. COMATHptinT. .
Traffic tool..

Table 8 Distribution of the testing data for BPNN.

Teste | Categorye | 1e |20 | 3¢ [de |50 | 6o

+ Y

Origina Data sizee | 3¢ | 3¢ | 4 | 6o |30 | 11e

Category data 517
la 5a 5a Oa| Oa| Qo] Oe] Do
2¢ 4o e | 30| 1e] O] De] Do
3a 3a Qo] Oa] 30| 0o Do Qe
4o G AL Qo] Qo] Qe &a]| Do Qe
5¢ 30 e[ oo oo 0o 25 00
G 11# Do Oe| Qe] 0o Oe) 11e
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5 Concluding Remarks
After demonstrating the illustrative case, we can obtain

several concluding remarks as follows:

1. Apply data ming technique, BPNN model, to address
the issue of the CLV. Not only the model can be
constructed, but the related key factors with affecting
on discriminant analysis also can be determined.

2. From the result obtained from BPNN, we founf out that
sex, age, marriage, incomes, consumption and time can
be taken as the evaluated index to measure the CLV.

3. After comparing with the results obtained from BPNN
and tranditional discriminant analysis, the discriminant
ratio of BPNN significantly exceeds the discriminant
ratio of tranditional method.
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