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Abstract

In this research, we combine the BG/NBD (Fader et al., 2005) and the Extended
SMC model (Schmittlein et al., 1994) to simultaneously and completely incorporate
the past purchase behavior of customers to do some effective forecasts based on
customer base analysis. Differed from the “entire” extended SMC model (based on
Pareto/NBD), this research preserves and advocates the easy implementing of the
BG/NBD and consider the past dollar volume spent by customers simultaneously by
adding the Extended SMC model. Hence, our model is more suitable to be a basis
for doing further CLV research than the “pure” BG/NBD, which doesn’t consider
any “monetary” information of customers. Furthermore, based on the BG/NBD, we
derive the equation of expected active probability for a random chosen customer. It
could help us to understand the individual active probability and the true customer
base of a firm after summing the ‘active probabilities of all customers. We also
empirically validate our model; by, using a database from an online VCD retailer and
try to anticipate the possible purchase patterns of customers in the future both
individually and collectively. And-we-alse validate our model results through 1-way
MANOVA to test and then we haye statistical evidence to approve the differentiation
capabilities of the key expected values. Finally, we transform the worksheet of the
BG/NBD to a more user-friendly form. With this new worksheet, we only should
put the basic purchase history of all customers into and then we could get the
expected values of interests at one time. It could save a lot of time to implement this
model especially when the base of customers is huge. And the other purpose is that

we wish it could improve the utility rate of our model.

Key words: Pareto/NBD; BG/NBD; RFM; customer lifetime value



Abstract in Chinese

BEMGER S - - 747 TETERFHFET AR DR P RS
- SRR S LR BERANEREYMEM G SR VAR RN A F o

AFTF ARTREE B hop P g E A # 4 7 (Customer Base Analysis) ¢ % @
THRE LMY (TR (do- PR R E Y NS PR 237 BT - KPR
P)EFABEA B his k03 chid £ 1 BG/NBD -4 (Fader et al., 2005 a)
22 Extended SMCH-%] (Schmittlein et al., 1994) » 4 F A 3*BG/NBD#-7| B3k
APRENREIS AFEFN DN T - PR L DY FES 0 EE2
FERAREEDEPN > Bu AL Y i TI0H Y 9% M
BEF o AP - R p AFEEPIVCDEEF R OTRE
HEFFTREAY TR FEE T IR E L RE D APFRAA S A
BRI E X TR RO RS R S EE DR Bt AT “f i
AL A RBEE - 4 W & A {7 (Customer Lifetime Value) sk #5503 +F > & e B
Td - - TR - ek fd > AP R-BG/NBDHCA| R L3R
PLIFREEARS @R EL - BLFg S~ (P R* I AR B
WATIREY £ ﬁj‘g?])‘g‘f‘f'mfé? WA Y TR AP Ak - BFRE -
FEFTFREE B AKRZH AP Ip R B o I O Sl o
{

SO E SR LR R AR TR A i e

B 4% : Pareto/NBD; BG/NBD; RFM; ff% - 4 f @&



Acknowledgement

B ESURL A RE G EOE s AeS EFE Y Y REFE LM - ¥
R A AR P dt > bk ERERY BT hipT L FHEE - A
BE R R ARPRARLIT 0 LS ES G BT R EFTIR Ra
M7 4 AT AT B AR < B B T Y B D A AR R
- BOAHFHIER AL L FEEUBOREERD T B R B TRIFH
BT - BUSRERORI . TEHET LA, G50 A PN L
SR TEMIIE, L AR AR BB e R A A i
Bty e QA KD TiEdade ) ¢ XA Sanl AL B
% i f/‘:‘?géﬁiﬁﬁ ¢ TE IR o

R BT ERERT L RHET A R RS
PR 5 AT e F R T L R

Bofs > AR P PA S E LA RANE Rl B L
RAFBE AR EN L BERE RO % A R BA

AN R N ;31—;31»,4 PR e Aiﬁim_%mi[z}_'«‘ P “ g f;;;ig
BR e EADEE 4 KA KA L F D

iii



Table of Contents

F AN = S I R A S ISR |
ABSTRACT IN CHINESE.......ccotiii ettt bre e e 11
ACKNOWLEDGEMENT ..ottt bre e e s sab e e e e sanrees 1
TABLE OF CONTENTS ...ttt sbbr e e e e earree s v
LIST OF FIGURES ... .ottt e e ae e e e e s s ebbrree e e e e e nes Vi
LIST OF TABLES ... ..ottt re e e s bae e e VIl
L. INTRODUCGTION.....cc ottt e e s bbb e e e e e s sababe e e e e s sabbbreeeesssanes 1
2. LITERATURE REVIEW ...ttt 3
2.1 CUSTOMER RELATIONSHIP MANAGEMENT .......ccceiiiiiiiiiiiieeeeeiereeeeeeeeeeeeeeeeeeeeeeeeeeeeeas 3
2.2 DATABASE MARKETING .....uiuiiiineieerereeeeeeeeeeeeeeeeeeeeeeeeeeeeeeessssssssssssssssseeeeeeeseaaeeeeeeeenes 4
2.3 ONE-TO-ONE MARKETING.......cuuuuuuuuuuurrrreeereeeeeeeeeeeeeeeeeeeeeeeaaeeeessssssssssssssssseeseeseeeeeeeeeeeees 4
2.4 CUSTOMER BASE ANALYSIS ....uuuuuuuututirtieeeeeeeeeeeeeaeeeeeeeeeeeeeeaeeeesssssssssssseserereeeseaaeeeeeeeeees 5
2.5 CUSTOMER LIFETIME VALUE ......uuuuuttiitiiieeiiiiieeieeeeeeeeeeeeeeeeeeeeeeeavaaaeeeeeeeeeeaeeeaaeeaeeeeeeeas 5
2.6 THE BENEFITS OF STOCHASTIC CHOICE MODELS .......uvvviiieeiiiiireeeeeeeeiieeeeeeeeeeineeeeeeeennns 6
2.7 PROBABILITY MIXED MODEL (SCHMITTLEIN, 1989) ....cc.coviiiiiiiiiiiieeeeieeeee e 7
2.8 THE PARETO/NBD MODEL (SCHMIFTLEIN ET AL, 1987)...ccceviiiiiiiiieieeieeie e 8
2.8.1 ASSUMPIIONS. .......ioiee s oo s s i it ettt et e et e et e e enaeeeea 8
2.8.2 Model SpecifiCation. ............c it et 9
2.8.3 Key Mathematical ReSUIES it .. oo iviaeeeeeeeie et 10
2.8.4 Related Key Points.about the Pareto/NBD Model.................c.cccccoevvevvavvannnn. 12

2.9 THE BG/NBD MODEL (FADER ET AL, 2005)......ccvtiiieiieieiieeieeieesieeieese e 12
2.9 1 ASSUMPLIONS. ... e et 12
2.9.2 Key Mathematical RESUILS.................ccccceeieiiiaiiiiieiieeeeeeeeee e 14
2.9.3 Related Key Points about the BG/NBD Model ..................ccccoooovcuvevcunaainannnnn 15

2.10 THE EXTENDED SMC MODEL (SCHMITTLEIN ET AL, 1994) ......oiiiiiiiieiieieeeeee 16
2.1 0.1 ASSUBIPDIIONS. .....oooeeieeeiie ettt e et e e et e et e e et eaeesb e e ennsaeeenenaeens 16
2.10.2 Key Mathematical RESUILS..................cc.cccoveeeuiieiiiiaiieeiiieecee e 17
2.10.3 Related Key Points about the Extended SMC Model..................cc.cccccecuen...... 18

3. CONCEPTUAL FRAMEWORK ....ooiiii ittt ettt 19
R NS N 6184 (0) N SRR 19
311 TeFrmS DEfINTtION ........cc.ooeeieeie ettt 19

3. 1.2 ASSUMPLIONS. .....ooeeeveie ettt et ae e et e et e e e sebe e e e stb e e e sesseeennaneeas 20

3.2 MODEL DEVELOPMENT FOR A RANDOMLY CHOSEN CUSTOMER............cceeeeeeennrnnrnnnns 22
3.2.1 Expected Number of TranSaACIiONS ............c.ccccueeeeeaeieenieaiieeeieeiee e 22
3.2.2 Expected Active Probability .................cccccooeiiiiiiieaiiieiiieeeeeee e 22
3.2.3 Expected Dollar Volume per Reorder ..................ccccccceuvcuiiiiiiiniianiiiaiiieeeeeinen, 24

4, EMPIRICAL ANALYSIS ..ttt 25
4.1 DATA DESCRIPTION .....cciiiiiiiieiettuteeeteeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeesssssssasraeerseeeeeeeaaaeeaaeeeeeens 25
4.2 PARAMETER ESTIMATION .....ouvviiiiiiiiiiiieieeeeeeieeeeeeeeeeetaeeeeeeeeeiaeeeeeeeeeesaaneeseeeeessnneseeeeanns 26

v



4.2.1 Transaction/DrOPOUL PYOCESS............c..cccceeueeceeecieaieaieeieeee e eae e 26

4.2.2 Transaction Dollar VOIUMe ...................coooeeeoooieeeeee e 28

v R 1Y (010 2] B 2 2 0] 51 1 SRR 29
4.3.1 Expected Number of Reorders (Conditional Expectation)....................cc.c........ 29
4.3.2 Expected Active Probability ..............cccccovieiiiiiiiiiiieiieeeeeee e 33
4.3.3 Expected Dollar Volume per Reorder ...................ccccoovvieeieeiciiianiiaiiieeeineeeieen, 35

4.4 INTEGRATED INDIVIDUAL CUSTOMER FORECASTS ...ttt 36
4.5 COLLECTIVE CUSTOMER FORECASTS ...ccceeiiiteeeieeeeeiieeeeeeeeeeiereeeeeeessaneeeeeeesivnneseeeennns 37
4.6 MODEL VALIDATION ....cccceiiietreeeeeeeeeiuteeeeeeeeeisseeeseeesssseseeeeessisseesseeesssssseseeeesssssesessennns 37
4.6.1 1-WaY MANOVA.....cccoooeiieeieieeeee ettt eeenaae e 38
4.6.2 Validation RESULL ..................oooooiiiiiiiiiiiiiieeeeeeeeeeeeeeee e 41

5. CONCLUSION AND DISCUSSION.....cciiiiiiiiie ittt 42
5.1 RESEARCH CONTRIBUTION ........uureeieeeeeiitreeeeeeeeeeereeeeeeeeeisseeeeeeeansreeseseeensssneeeseesannnees 42
5.2 RESEARCH LIMITATION ....uvvviiiiieiitieeeeeeeeeireeeeeeeeeeareeeeeeeessseeeeeesesaseeseseeenssnseeeeeesennsnees 42
5.3 FUTURE RESEARCH DIRECTION ......ceiiiiiiiitiieeeeeeeiiiireeeeeeeeiiareeeeeeeesireeeeeeenstrsseeseesssnnnnes 43
REFERENGCES. ... ... oottt e e s et b e e e e s e bbb e e e e e s s bbb e e eeeeas 45



List of Figures

Figurel. Screenshot of Excel Worksheet of Raw Data....................coo, 26
Figure2. Screenshot of Excel Worksheet of Parameter Estimation...............................27
Figure3. Screenshot of Excel Worksheet of Conditional Expectation.......................... 31

Figure4. Screenshot of Excel Worksheet of Conditional Expectation—New Version....... 32
Figure5. Screenshot of Excel Worksheet of Expected Active Probability..................... 34
Figure6. Screenshot of Excel Worksheet of Expected Dollar Volume

Figure7. 1-Year Predictions for Illustrative Customer AcCCounts...............coevueveenenennn. 36

vi



Tablel.
Table2.
Table3.
Table4.
Tables.
Table6.
Table7.
Table8.

List of Tables

Correlation between Forecast Period Transaction Numbers........................... 16
Model Estimation Results of Transaction/Dropout Process................cocvvnnn.. 27
Model Estimation Results of Transaction Dollar Volume..........................e. 29
1-way MANOVA Test Result---Overall Test............cocevviiiiiiiiiiiiiiiaeenn, 38
1-way MANOVA Test Result---Marginal Test---EY..........c..c.oocoii. 39
1-way MANOVA Test Result---Marginal Test---EZ.................c.ocoi 40
I-way MANOVA Test Result---Marginal Test---PRO.....................co. 40
1-Way MANOVA Results without Zero Class...........cocooeviiiiiiiiiiiiiiiinan... 41

vii



1. Introduction

Customer relationship management (CRM) is becoming a central research
paradigm in the marketing channel literatures (Heide, 1994). Within the so many
research regions, database marketing is one facet of CRM. And it’s also one
instrument to implement CRM. If a company can address and target individual
customers to implement one-to-one marketing, it can improve its profitability by
serving these customers differently (Niraj et al. 2001). Customer base analysis is one
part of database marketing and is also one tool to implement one-to-one marketing.
In this research, we utilize some stochastic choice models to analyze a customer
base of an online retailer and hope to predict future purchase behavior of the
customers. Besides, if we want to calculate the lifetime value (LTV) of a customer,
customer profitability models of current period costs and revenues as well as
forecasting models of future revenues and costs are required (Niraj et al., 2001).
Because our model is belonged to a forecasting model, it would be help to calculate
the LTV of customers.

In this research, based onicustomer base analysis, we will implement two
stochastic choice models by using a non-contractual online retail database. In a
non-contractual setting, the time at which a customer becomes inactive is
unobserved. The big challenge that faces non-contractual marketers is how to
differentiate some customers who have indeed ended their relationship with a firm
from other customers who are just in the midst of a long hiatus between transactions.
In conclusion, we will use a transaction database from an online retail to empirically
validate several stochastic choice models and intend to solve the following
questions:

¢ Which individuals in this database are most likely to be active or inactive in
the future?

¢ What level of transactions measured individually or collectively should be
expected in the future?

¢ How much dollar volume attained individually or collectively could be



expected in the future?

Although the first question was the key issue of the Pareto/NBD model
(Schmittlein et al., 1987), it could not be solved by the BG/NBD model (Fader et al,
2005 a) because the authors of this model did not derive the active probability
function for a randomly chosen customer. So we will try to derive it based on the
BG/NBD model and answer the first question. The last one could not be solved
either by the BG/NBD model alone. Thus we will incorporate dollar volume by
using the normal-normal mixture model jointly (also called the extended SMC
model) (Schmittlein and Peterson, 1994) to increase the practical utility of the
original BG/NBD model.

This paper is organized as follows. Section 2 presents an overview of literature
about many constructs which have been mentioned above and three probability
models for customer base analysis."Section 3 specifies our conceptual framework. In
our framework, the main stochastic model is based on the BG/NBD model to
capture the flow of transactions over time and & normal-normal mixture for spend
per transaction. We will integrate the-twommodels and try to develop an equation to
capture the customer active probability based on BG/NBD model. Of course, we
expected it could also be utilized in Microsoft Excel as well and it’s also one of the
contributions of the BG/NBD model especially for marketing practitioners. Section
4 empirically implements the models with a non-contractual online retail database
and utilizes 1-way MANOVA to validate our model results. In section 5, we
conclude with several issues that arise from this work, review several limitations in

our research and suggest some future research directions.



2. Literature Review
2.1 Customer Relationship Management

The definitions of CRM in many literatures are a little bit different. One definition
of CRM is utilizing software and other related technologies to automate and improve
business processes in areas of sales, marketing, customer service and etc. Another
one is that CRM is a measure for an organization to acquire new customers, retain
original customers and increase the profitability of customers through continuous
communications to understand and influence the behavior of customers. To sum it
up in a sentence, we can say that CRM is an approach which uses data mining,
information technology and integrated marketing communication to understand and
communicate with customers and then influence their behavior. The ultimate
objectives are increasing market share, decreasing churn rate of customers,
recapturing lost customers and e€nhaneing.customer lifetime value.

CRM research can be organized along the customer lifecycle, including customer
acquisition, development and retention strategies (Kamakura et al., 2005). Customer
acquisition extends from the channels-eustomers use to first access the firm (Ansari
et al., 2004) to the promotion. that bring.them to the firm. If a firm uses appropriate
development strategies such as delivering customized products (Ansari and Mela,
2003) and cross-selling (Kamakura et al., 1991 and 2003), it can enhance the value
of a customer from the firm. Early detection and prevention of customer churn can
also enhance the total lifetime of the customer, if a firm can put efforts on the
retention of valuable customers (Kamakura et al., 2005).

Why has CRM caught so much attention? One reason is that customer
relationship management is a natural evolution from well-established market
segmentation and target-marketing activities (Essential readings in marketing,
MBR). Last but not least, if a firm implements CRM, profits will have some
increase.

Profits can increase because of several reasons (Reichheld, 1996). First, by

applying retention programs, customers are confronted with increasing switching



costs so they have fewer incentives to change their current behavior (Jones et al.,
2000). Secondly, the longer a customer stays, the more he spends at the company.
Otherwise they may be likely to convince others about the positive value the
company offers (word-of-mouth effect). And they tend to be less price sensitive
(Zeithaml et al., 1996) and would be less responsive to competitive pull (Stum and

Thiry, 1991). All these could greatly promote the firm’s profitability.

2.2 Database marketing

Database marketing is using information technology to construct and maintain a
database system consisting of related information of current and latent customers.
Then a company could exploit this database to provide customers better products or
services. The most important. ene is to build long term relationships with them. In
this way, a company could:build up customer.loyalty, decrease wasting of resources

and enhance the customer:satisfaction toward the company (Hughes, 1994).

2.3 One-to-one marketing

One-to-one marketing means being willing and able to change on what the
customer tells you and what else you know about that customer (Peppers et al.,
1999). Practiced correctly, one-to-one marketing can increase the value of the
customer base of firms (Niraj et al. 2001). One-to-one marketing focuses on
customer satisfaction and is customer-oriented (Weng and Liu, 2004). To implement
one-to-one marketing, it is necessary to (a) identify customers; (b) differentiate
customers; (C) interact with customers; and (d) personalize products or services to

tailor-suit customers (Peppers et al., 1999).



2.4 Customer base analysis

Customer base analysis is concerned with using the observed past purchase
behavior of customers to understand their current and likely future purchase patterns
(Schmittlein and Peterson, 1994). Importantly, many choice modelers often find
purchase history to be much more predictive than marketing mix variables such us
price or promotions (Fader and Lattin, 1993; Guadagni and Little, 1983). In so many
aspects that CRM puts emphasis on; customer base analysis especially focuses on
retained customers. Retained customers could produce higher revenues and margin
than new customers (Reichheld and Sasser, 1990). And a 1% improvement in
retention can increase firm value by 5% (Gupta et al., 2004). Therefore it’s
reasonable and supported that firms should spend more marketing resources to retain
existing customers rather than acquiring' new ones (Rust and Zahorik, 1993; Mozer

et al., 2000).

2.5 Customer Lifetime Value

In this customer-centric era, firms should focus on building and managing
customer equity and not just brand equity. Customer equity is the sum of lifetime
values (LTVs) of customers, where each customer’s LTV is the sum of the properly
discounted stream of net profits from the customer over the lifetime of the
customer-firm relationship (Blattberg and Deighton, 1996). Customers generally
interact with a firm over multiple periods. If we want to calculate the LTV of a
customer, customer profitability models and forecasting models are required (Niraj
et al., 2001). Within the two aspects, it’s more complex to estimate future revenues
and costs. Forecasting models, also called stochastic choice models, have been
advanced to predict the likelihood of future events based on past history in
marketing literature. Because they can be used to identify the likelihood of current

customers being active in the future and to predict future revenues, they play an



important role in the calculation of LTV of customers.

2.6 The benefits of stochastic choice models

First of all, the development and application of stochastic choice models could
help to formulate and adopt customer refention strategies, which belong to one
scope of CRM research. Secondly, through utilizing stochastic choice models, it’s
one of the methods to identify and differentiate customers, which are the first two
steps to implement one-to-one marketing. Thirdly, because of the forecasting
capability of the stochastic choice models, they also take a big responsibility for the
expectation and calculation of LTV of customers.

Although in our framework the main stochastic model is based on the BG/NBD
model, the creative motivationsbehind the. BG/NBD model was looking forward to
be approximated to the Pareto/NBD model. Thus, the behavioral stories of the two
models are almost close to each other.

The Pareto/NBD model (Schmattlempet ‘al., 1987) is a benchmark model for
customer-base analysis in a non-contractual setting. But its empirical application can
be challenging, especially in terms of parameter estimation (Fader and Hardie, 2005
a). It’s also one of the reasons for us to choose the BG/NBD model as the main
stochastic model.

In this following, before the complete introduction of the models, we will show
the basic form of a probability mixed model. Because all the three following models
are categorized to probability mixed models. And then we will respectively
introduce the Pareto/NBD model, the BG/NBD model and the normal-normal
mixture (also called the extended SMC model) (Schmittlein and Peterson, 1994) in

order.



2.7 Probability Mixed Model (Schmittlein, 1989)

Some models have been called probability mixture models, since they envision a
mixture across individuals of heterogeneous probabilistic processes. Such a mixture
model consists of two components. First, events for individuals are assumed to
follow some stochastic process whose form is specified up to some parameter 0
(which may be a vector), and second, the stochastic process observed may vary
across individuals. And usually the general form of the process is assumed to remain
the same over individuals, so the variation can be thought of as a distribution for the
latent trait 6 over the population. Then, letting a random variable X associated with

an individual have a cumulative distribution function F(X | 0) and the variation in 0

over the population have a distribution function G(¢9| 7).

The distribution of X for an individual chosen at random is
H(X|p) = EOF(X\ &)dG(0|y)

And the population mean is
u=[" j‘i X dR(x]0)dG0|y)

Thus, for an individual, the expectation of X conditioned on the latent trait 0 is
J(0) = E[x|o]= [ xdF(x|6)

Therefore, given an initial observation that X=x, the conditional expectation of this

characteristic (denoted by X~ ) is
E|X'|x =x|=E,[70)X = x]

=" J6)dG©]y.x =x)

where G(0 |y, X = x)is an updated distribution of 0 given the observation X=x.

Within a Bayesian framework, G(6 | ) 1s the prior distribution while G(6|y,X =x)is

the posterior. Consequently, the researchers may observe X-values of many



heterogeneous individuals and use these values to estimate the distribution
G(6|y) (Morris, 1983).

After understanding the prototype of a probability mixed model, we hope it could
help to comprehend the model developments of the three following models.
Hereafter, we will specify the assumptions and development of the three models

separately.

2.8 The Pareto/NBD Model (Schmittlein et al, 1987)

Before we introduce the Pareto/NBD model, we’ll make some definitions for the
concepts we’ll mention later. This model will consider only purchasing or
transaction events. That is, the amounts purchased by customers won’t be
considered in the model development. Each transaction event will be termed a
“purchase.” A customer who.is still activerwill be termed “Alive,” while a customer
who has left for whatever reason wall be termed “Dead.” The observation time of a
customer who is still alive at time 04s 7. During 7 of a customer, the customer will
have made X purchases with the last-purchase coming at £, 0 t T. Hence, the
information on this customer contains 3 elements:

Information = (X, ¢, 7).
After these concepts have been defined, we will introduce the basic assumptions

and the development processes of the Pareto/NBD model.
2.8.1 Assumptions
(1) Transactions by active customers

While active, the number of transactions X, made by each customer in time

period of length 7 is a Poisson random variable with a purchase rate A:



P[X =x/Az >T]=e_“@; x=0,1,2....
x!

E[X/Ax>T]|=AT, Var[X/A,z>T]|=2T
(2) Individual customer retention/dropout
Each customer has an unobserved “lifetime” of length t which is an

exponential random variable with a dropout rate p:
f(t/u)=pe™; >0

E[r/,u]z% Var[r/,u]:%

(3) Heterogeneity in purchase rates
The purchase rate A of different customers follows a gamma distribution
across the population of customers with shape parameter y and scale

parameter o

g (A]7.d) ==

F(7)

Ae™: 1>0; y,a>0

(4) Heterogeneity in dropoutrates
The dropout rate p of ‘different” customers follows a gamma distribution
across the population of customers with shape parameter s and scale

parameter [3:

h(u/s,B)= A P N N
I'(s)
(5) Rates /. and u are independent

The purchase rate A and dropout rat p vary independently across customers.

2.8.2 Model Specification
(1) Purchase event model---NBD model
Based on assumption (1) & (3), purchases made by a sample of customers

while they are active follow the NBD model (Poisson mixed with Gamma)



(Ehrenberg, 1972).

P[sz/}f,a,r>T]=Cj”l(ai{T)r(aiT]x; x=0,1,2....
(2) Duration model---Pareto model
Based on assumption (2) & (4), the lifetime “t” of a sample of customers
follows the Pareto distribution of the second kind (Exponential mixed with

Gamma) (Johnson and Kotz, 1970).

f(r/S,ﬂ)=%(%ﬂ+TJH, r>0;
B

E(T/S,ﬂ):;, s>1

(3)Thus, this combined purchase event model and duration model will be called

the Pareto/NBD model. It has four.parameters: y, a, s and f

2.8.3 Key Mathematical Results

There are the key results that detived from the above-cited distributions below.

(1) The expected number of purchases in a time period of length T for a randomly

chosen customer is

E[X/y’a’s’ﬁ’“:a(ﬁﬂ-n[l‘(ﬂfrﬂ

(2) The probability for a randomly chosen customer being active in a time period
of length T is
Plt>T/y,a,s,8,X =x,1,T]

S ey 8

IP[T>T//’t,,u,X=x,t,T]f(l,,u/r,a,s,ﬂ,X=x,t,T)dld,u
0

The result varies depending on the values of a and . There are three

conditions.

10



Casel:a B

Plt>T/y,s,a>f,X =x,0,T|

i ([ T (BT iy o (BT g g
_{1+7+x+s{(a+tj (a+l‘} F(al,bl,cl, l(t)) (a—kTJ F(al,bpcp 1(”)}}

where a,=y+x+s; b =s+1;

a-p

a+y

-1

c=y+x+s+l; Zl(y):

Case2:a P

Plc>T/y,s,a< B, X =x,t,T]

~ s |(a+TY"( B+ oy (e T oz ’
_{1+7+x+S[[ﬂ+t] [ﬂ+t] Blgybricxi=: (1) [ﬂ+TJ Flavhies 2([))}}

where a,=y+x+s; b, =y+x;

_poa
Pty

c,=y+x+s+l; zz(y)

Case3: a P

Plc>T/y,s,a=p,X=x,t,T]
-1
ytHx+s
:{H s HOHTJ _1}
y+x+s|\ a+t

In case 2&3, F(a,b;c;z) is the Gauss hyper-geometric function

(Abramowitz and Stegun, 1972, p.558). It can be computed using either

numerical integration or the algorithms. The authors of the Pareto/NBD model

used numerical integration to compute the Gauss hyper-geometric function.
(3) The expected number of purchases in a future period of length T* for a

randomly chosen customer is

E[X*|y,a,s,ﬁ,X:x,t,T,T*] :E[X*|7+x,a+T,s,ﬁ+T,T*]xP[r>T|y,a,s,ﬂ,X=x,z,T]

11



2.8.4 Related Key Points about the Pareto/NBD Model

¢ The likelihood function associated with the Pareto/NBD model is very
complex because it involves many evaluations of the Gaussian
hyper-geometric function. These multiple evaluations of the Gaussian
hyper-geometric function are not only unfamiliar to most researchers
working in the areas of database marketing and CRM analysis but are quite
demanding from a computational standpoint (Fader et al., 2005).

¢ In the only published paper which successfully implemented the
Pareto/NBD model by Reinartz and Kumar in 2003, the estimations of
parameters have ever been commented on the associated computational

burden as well(Reinartz and Kumar, 2003).

2.9 The BG/NBD Model (Fader et al, 2005 a)

2.9.1 Assumptions

The only difference between the Pareto/NBD model and the BG/NBD model lies
in the behavior story about how or when customers become inactive. The
Pareto/NBD model assumes that dropout can occur at any point in time whether or
not actual purchases are taking place. However the BG/NBD model should be based
on an assumption that dropout could only occur after an occurrence of an actual
purchase and then we could model this process using the beta-geometric (BG)
model.
The concepts such as “purchase”, “Alive”, “Dead” and “7” are defined the same as
them in the Pareto/NBD model. The observation time of a customer who is still alive
at time 0 is 7.
There are also five assumptions behind the BG/NBD model.

(1) Transactions by active customers

While active, the number of transactions X, made by each customer in time

12



period of length 7 is a Poisson random variable with a purchase rate A. It
equals to assume that the time between transactions is distributed exponential

with the same purchase rate A:

f(tj‘tj_l A)=ae ) st 20

(2) Individual customer retention/dropout
After any transaction, a customer could become inactive with a dropout rate p.
So the point at which a customer becomes inactive follows a geometric
distribution with dropout rate p:
P(inactive immediately after jth transaction)
=p(1-p)~", j=1,2.3,..
(3) Heterogeneity in purchase rates
The purchase rate A of different customers follows a gamma distribution
across the population of customers “with shape parameter y and scale
parameter o
1]y a)s BETES

; A>0
T'(y)

(4) Heterogeneity in dropout rates
The dropout rate p of different customers follows a beta distribution across the
population of customers with two parameters a and b:

b—1

a0 20t

(5) Rates /. and p are independent

, 0<p<l1

The purchase rate A and dropout rate p vary independently across customers.

Thus, based on assumption (/) and (3), the transaction model also belongs to the NBD
model. And based on assumption (2) & (4), the retention model belongs to the BG model.
This small and relatively inconsequential change to the original Pareto/NBD

assumptions does not require any different psychological theories, nor does it have any
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noteworthy managerial implications (Fader et al., 2005 a).
2.9.2 Key Mathematical Results

(1) The expected number of purchases in a time period of length t for a randomly

chosen customer is

7
E(X(t)| y,a,a,b)= a+b_l{l—( O—itj 2171(7, bia+b—1, ;):l
o

a—1 a+t

(2) The probability for a customer being still active at a point of time t is

s J At
P(T >t)= P(acz‘z've at t|A, p): Z(] ~pY %
J=0 J!

-Apt
=e P

(3) The expected number of purchases in.a future period of length t for a randomly

chosen customer is

E(Y(t)|X =x, tx,T,]/,a,a,b)

7+x
atbtx-l 1- atT 2 F| y+x, b+ x;a+b+x-1; !
a-1 a+T+t a+T+t

y+x
145, a a+T
b+x-1\a+t,

(4) The likelihood function for a randomly chosen customer with purchase history

X t. T)
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L(}/,a,a,bX = x,tx,T)
Bla,b+x) T(y+x)a’ B(a+1,b+x—1) (y+x)a’
B Bla,b) T(y)a+T)™ T O Bla,b) T(yNee+2, )™
=44, (4,+5.,4,)
where

AIZF(7+x)a”A2:F(a+b)F(b+x) A:( | jy+.x’A4:( . j( 1 JW

I(y) rp)(a+b+x)’ ° \a+T b+x+1 )\ a+t,

In order to implement the likelihood function in Microsoft Excel, the authors
rewrote the original one and used A1~A4 to replace it.
(5) The sample log-likelihood function
Then suppose we have a sample of N customers, where customer i has
transactions X;=x; in the time period (0, T;] and their last transaction occurs at t,;.

Thus the sample log-likelihood function is

Xi =% x[oTi)]

LL(;/, a, a,b) = iln [L(}/, a,a,b
i=1

By this function, the authorsof the BG/NBD model use the method of

maximum likelihood to estimate the four parameters v, a, a and b.

2.9.3 Related Key Points about the BG/NBD Model
¢ It’s easy to implement the BG/NBD model because we could operate the
whole model with a standard spreadsheet package (Excel), even the
estimation of parameters.
¢ In the BG/NBD model, the authors didn’t derive the formula about the
probability that a random chosen customer is still active at a point of time t

(P(r>t)= P(active attly,a, a,b)). It will somewhat diminish its usefulness

if we want to know the size of the currently active customer pool and the
rate at which that pool’s size is increasing or decreasing. Therefore, to
derive the formula is one of our main contributions in this research paper.

¢ One of the reasons that the authors wanted to develop the BG/NBD model
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was to approximate the Pareto/NBD model. From the table 1 we could
make a conclusion that the approximation effect is impressively good. (The
table comes from (Fader et al.,2005 a))

Table 1 Correlation Between Forecast Period Transaction Numbers

Actual BG/NEBD Pareto/NBD
Actual 1.000
BG/NBD 0.626 1.000

Pareto/NBD 0.630 0.996 1.000

2.10 The Extended SMC Model (Schmittlein et al, 1994)

The Extended SMC model is a normal-normal mixture model and it incorporates
dollar volume of transactions made by customers. This model got this name just
because one of the builders ofithé Extended SMC model was the same with the
one of the Pareto/NBD model, also called SMC model, and this model could also
compensate the drawback of the Pareto/NBD model that didn’t consider the dollar

volume of transactions. This medel-has.three assumptions shown below.
2.10.1 Assumptions

For a customer observed to have X reorders in a time period, they let Z; denote
the dollar volume of per order i (i=1,..., X)
(1) Individual customer level
The set of Z; are i.i.d. normal random variables with mean 6 and variance o,
which represents the variance in the dollar volume spent across reorders for a

customer and is constant across customers.

Z,~N(0,0y,)
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(2) Heterogeneity
Mean 0 is assumed to vary across customers according to a normal
distribution with mean £ [6’] and variance O /21 which represents the variance
in average dollar volume spent across customers.

6 ~N( E[0} cl)

(3) Rates 4, u, and 0 are independent from each other
The average amount spent 0, the purchase rate A and the dropout rate p vary
independently across customers where A and p have been clearly defined in
the Pareto/NBD model.

Thus, based on assumption (7) and (2), the Extended SMC model belongs to a

normal-normal mixture model.

2.10.2 Key Mathematical Results
(1) The reliability coefficient that the confidence one could place in a single
observed dollar volume Zi“of past order is (relative to rely on the population

average dollar volume ‘E [6’]):
2
o

Pr="3 : 2

o,toy
(2) If the observed number of reorder equaled to 1, X=1, the best estimate for 0 is

(Schmittlein, 1989):
E[H‘Zl ] =pZ + (1 — P )E[Q]

_ X
(3) If X 1, the reliability coefficient of Z = %Zzi is:

i=1

2
Oy

P = aj+iafV/Xi
(4) The expected future volume per reorder is:

El0)Z,........ Z = (X—Ujj? T (U—ij[e]

2 2 2 2
1)7(0A+0'W Xo, +oy,



(5) For a customer with a given purchase information (X, t, T, Z), the expected
future dollar volume could be multiply “the expected future volume per
reorder” (Schmittlein et al, 1994) by “the expected number of purchases in a

future period of length T*” (Schmittlein et al, 1987).

2.10.3 Related Key Points about the Extended SMC Model

¢ The first two assumptions in the Extended SMC model were convenient but
unnecessary. Because the formula, “the expected future volume per
reorder”, could also be derived from the standpoint of minimizing squared
prediction error in 0 without the normality assumptions (Gerber, 1979,
Chapter 6).

¢ Thus the third assumption is a “true” constraint when we use the model. In
the original paper {Schmittlein et al, 1994).

¢ Although the Extended SMC model was named like this, the estimation of
the parameter 0 and the model development had no relationship with the
four parameters in the Pareto/NBD model (SMC model). The three basic
assumptions of the Extended SMC model could also be hold the same while
we use the BG/NBD model to substitute for the Pareto/NBD model in the

recommended computation formula of “the expected future dollar volume™.
Thus in our following framework, we will use the BG/NBD model to capture

the transaction/dropout process of customers and the Extended SMC model to

incorporate the dollar volume of transactions.
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3. Conceptual Framework

This research will be based on customer base analysis and simultaneously use the
three important customer purchase information: R (recency), F (frequency), and M
(monetary) to predict the three aspects of purchase patterns.

First of all, we will use the BG/NBD model to get “the expected transactions”.
Secondly, we will derive the formula of “the projected active rate” by ourselves and
utilize it. Third, we will use the extended SMC model to compute “the expected
dollar volume spent per reorder”. After multiplying “the expected transactions” by
“the expected dollar volume spent per reorder”, we could get “the expected future
dollar volume” of each customer. So far we could solve the three questions above in
the Introduction.

Lastly, we will utilize 1-way MANOVA to test the model validation. We will use
80/20 rules to classify the sample of customers into two kinds, where one kind of
customer whose total number is: only. 20%.of the entire sample but contributes
toward 80% of total sales:volumes. The two Kinds of customers are named class 1
and 2 separately. We use class 1-&2-aspindependent variables and use “the expected
number of transactions”, “the expected active probability” and “the expected dollar
volume spent per reorder” as dependent variables simultaneously to employ a 1-way
MANOVA analysis. If we have statistical evidences to support the three dependent
variables, it could explain the total variances a lot no matter if it’s collectively or
individually. We will say with much confidence that “the expected number of
transactions”, “the expected active probability” and “the expected dollar volume
spent per reorder” could be treated as successful discrimination variables to

differentiate customers and be a good starting point to achieve so called one-to-one

marketing and implement other CRM strategies.

3.1 Assumptions
3.1.1 Terms Definition

(1) Each transaction event is being termed as a “purchase”.
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(2) Each customer who is active is being termed as “Alive”, while each customer
has left for any reason is being termed “Dead”.

(3) The observation time of each customer who is alive at time O is 7.

(4) During the observation time “7”, each customer will have made X purchases

and his last purchase will occur at#,0 t« 7.

(5) If a customer observed to have X purchases in a time period “7”, we could
denote Z; as the dollar volume of per order i (i=/, ..., X), and denote Z= )I(ZX;Z
as the average dollar volume spent by the customer.

(6) p is dented a reliability coefficient. While estimating the expected dollar
volume of a customer, we could use it to represent our confidence in utilizing
observed past order amount relative to relying on the population average order

amount. If X=1, weusep,. If X I, weusep, .

(7) Hence, the information‘on each customer contains 4 elements:
Information = (X, t,,-T, Z; ).
Within the 4 elements, we ‘could also correspond the three basic CRM
variables “Recency’ (R),»“Frequency” (F), “Monetary” (M) to ¢, X, Z

respectively.

3.1.2 Assumptions

There are seven assumptions in our framework. The first four are identical to
the ones of the BG/NBD model and the last three are the same with the ones of the
Extended SMC model.

(1) Transactions by active customers follow Poisson distribution

f(tj‘tj_l ;/1): ae M) sy

J Jj-1

>0

While active, the number of transactions X, made by each customer in time
period of length ¢ is a Poisson random variable with a purchase rate A. It

means that the time between transactions is distributed exponential with the
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same purchase rate A.

(2) Individual customer retention/dropout probability follows Geometric
distribution
P(inactive immediately after jth transaction)
=p(l-p)~", j=1,2.3,..
After any transaction, a customer could become inactive with a dropout rate p.
So the point at which a customer becomes inactive follows a geometric
distribution with dropout rate p.
(3) Heterogeneity in purchase rates A which follows Gamma distribution
a’ Ve
f(/”tly,a)=W, 250
The purchase rate A of'different ‘ecustomers follows a gamma distribution
across the population 'of | customers -with shape parameter y and scale
parameter o.
(4) Heterogeneity in dropout.rates p-which follows Beta distribution

h-1

g(p|aab)=%

The dropout rate p of different customers follows a beta distribution across the

, 0<p<l

population of customers with two parameters a and b.
(5) The dollar volume of per order (Z;) of individual customer follows Normal
distribution

Z,~N(8,0y)

.. . . . 2
The set of Z; are i.i.d. normal random variables with mean 0 and variance 0,

which represents the variance in the dollar volume spent across reorders for a
customer and is constant across customers.
(6) Heterogeneity in average amount spent per order 0 which follows Normal

distribution
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0 ~N(E[6] ,07)
Mean 0 is assumed to vary across customers according to a normal
distribution with mean E [6?] and variance O /21 which represents the variance
in average dollar volume spent across customers.
(7) Rates J, p, and 0 are independent from each other
The average amount spent per order , the purchase rate A and the dropout rate

p vary independently across customers.
3.2 Model Development for a Randomly Chosen Customer

3.2.1 Expected Number of Transactions

The expected number of transactions in the time period (T, T+t] for a randomly
chosen individual with observed purchase behavior (X, tx, T) (The BG/NBD model,
Equation (10))

E(Y()X =x, 1, .75, a,b)

7+x
ath+x 1{1—( T ) zF{(y+x,b+x;a+b+x—l;tH

a—1 a+T+t a+T +t

l+5 a a+T a
hrx-1la+t,

3.2.2 Expected Active Probability

(1

(1) The active probability at the individual level
For the case where purchases were made in the period (0, T], the probability
that a customer with purchase behavior (X, tx, T), is still active at T,
conditional on A and p, is simply the probability that he did not drop out at tx
and made no purchases in (tx, T], divided by the probability of making no
purchases in (0, T]. (The BG/NBD model, Appendix)
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Jo_(=pe
D + (1 _ p)efl(Tftx) (2)

[(1 _ p)x—l ixe—ltx ]
(2) For easily calculation, multiplying equation (2) by [(1 _ p)x—l Aot J

P(actlve atT\X =x,t.,T,A, p

> ¥x

(3) The result is: (The BG/NBD model, Equation (A2))

(l_p)xix -AT
tplx=xe.r) @

P(active at T‘X =x,t.,T,A,p ):

(4) As the purchase rate A and dropout rate p are unobserved, we compute
P(active atT |X x, t.,T ) for a randomly chosen customer by taking the

s Yxo

expectation of (3) over the distribution of A and p, updated to take into
account the information X=x, tx, T:
P(active at T|X =x,t ,Lyy,0,a,b )

—IJ actlveatT|X NI )f(/i,p v,o,a,b, X =x,t X,T)d/ldp

4)
(5) By Bayes theorem, the jomt posterior distribution of A and p is given by
f(/l,p y,a,a,b, X =x, tx,T)
_L(/LpIX xt,T ) f(Aly. @) glpla,b) ()
L( s T Ao bxo )
(6) Substituting equation (3) and (5) in (4), we get
P(active at T‘X =x,t.,T,y,a,a,b ): L( A . ) ©
where
A=[[" (1-p) we™ f(aly.a el
B(a,b+ x) (7 +x)a” (7)

Ba.b) T(Nar+T)"

23



3.2.3 Expected Dollar Volume per Reorder
Case 1: X=1 (The Extended SMC model, Equation (10), (11))

E[H‘Zl]: o4 +(1—,01 )E[H] ®)
__ o,
Where A1 = o +ol

Case 2: X 1(The Extended SMC model, Equation (12), (13), (14))

E07,0 7] ( Xo} jz{gf_zj];[e]

Xo’ +o,, Xo’ +o,, 9)
Z—iiz
Where D% il
o2
I
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4. Empirical Analysis

4.1 Data Description

The database applied is retrieved from an online CD/VCD retailer. This
database consists of the purchase history that customers have made in the whole
year of 2006. In this database, we have user IDs, the purchase date, dollar volume
spent, ZIP codes, and order quantities of each purchase event. For utilizing our
model, we only need the first three transaction records and importantly only choose
the customers who have ever made purchases at the online retailer in the first quarter
of 2006 to organize our dataset. In this way, we could have a data covering their
initial (trial) and subsequent (repeat) purchases occasions for the period January
2006 through December 2006. After restructuring, we changed the dataset from
covering 2856 to 1003 purchase events and the total number of customers was 368
in the end.

Although the information in this dataset is complete enough for us to utilize our

model, we still need to reorganize the dataset into five columns which are ID, X, t x,

T, andZ . ID numbers could represent different customers. X is the total number of
transactions made by each customer in the period April 2006 through December
2006. T represents the total observation time of each customer and it may be
different between customers. As the BG/NBD model, we get the value of T by the
equation “T =52-time of first purchase”. “52” means that we have 52 weeks in 2006.
For example, if a customer made his first purchase in January 21, we could
transform the date into “3/week” through dividing “21” by “7”. So the unit of T is 49
for this customer. However, the method to get t x is a little complicate. In first, we
also need to transform the date of the last purchase of a customer into Y with unit of

a week. Then through the equation “t x=T-(52-Y)” we could finally get the value

t x of the customer. z represents the average dollar volume spent by a customer and

we could easily use the “AVERAGE” function in Excel to get it. (If X;=0, t x=0

andZ =0.) The raw data is shown in Figure 1.
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Figurel. Screenshot of Excel Worksheet of Raw Data

| & | B | ¢ | p | E | F
X tx T Z bar
20| 4828571 49.14286 2243.5
12| 4971429  50.71429 978.3
1| 7857143 50.71429 200.0
10| 44.14286  48.85714 10200
3 33.14286 50.71429 986.7
14| 4635714 47 586.4
0 0 50.57143 0.0
1| 4.571429 50.57143 220.0
0 0 50.57143 0.0
2| 28.14286 50.14286 1200.0
21| 4557143 47.85714 349.0

4.2 Parameter Estimation
4.2.1 Transaction/Dropout Process
To estimate the four parameters v, a, a, and b of the BG/NBD model, we use the

method of maximum likelihood estimation.(MLE). One of the biggest advantages of
the BG/NBD model is that.:we could use an edsy way to estimate parameters. As we
mentioned in Introduction; the likelihood function of the BG/NBD model is:
L(;/,a,a,bX = x,tX,T)

:B(a,b+x) L(y+x)a’ n Bla®,b+x-1) T(y+x)a’

B(a.b) T(fa+Ty™ ™ Bla.b)  T(fe+r,)"
=44, (4,+35.,4,)

where

a=lloedel | TletXoeg (L7 (e )] j
1 r'(y) r(p)(a+b+x)" 7" \a+T b+x+1 )\ a+t,
(10)

After rewriting the original function to have A;~A,4 form the new equation, we

could easily code it in Excel by taking the “log” of the whole equation, adding the
four elements as “In(all)”’, summing “In(all)” of 368 customers, and using the
“Linear Programmer” of the Solver tool in Microsoft Excel to get a constrained
biggest “LL”. However, before using the “Linear Programmer”, we have to set the
initial value of the four parameters as “1”. We then find the four parameters. The

following figure shows the sheet of parameter estimation.
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Figure2. Screenshot of Excel Worksheet of Parameter Estimation

4 | B £ p | e | F | & | =® | 1

1 0.523 g 2
"2 lalpha - 1F(B8>0,LN(B$3)-LN(BE4+BS-1)- F
b, 0.057 BS1+BSI*LN(BS2+C8),0)

b o210/ FSUTMEBESTS)
5 |LL 33401332 ‘:—(B$1+B8)*LN(B$2+D8)|

6

7 |ID b4 t_x T Inially  Inda 1y Inda 2y Inda_ Inis_4
8 [ 20 4828571 40.14286 4170740 4144270 020181 8295020 89.2140
9 [35 12 4071429 50.71420 31.8068 19.3340  0.1879| -50.9550 -56.7770
10 3 1 7R57143 S0T1420  524nd 04239 01152 £.10955 62002
11 [37 =F3+G8+LN(EXP(HE)+HBS-0)*EXP(I5) 145362 0.1829 | 424782 47.4046
&38 STOSITIOD O tey tzorie, L7e9s 0.1490 1-14.3338 174922
i}l 14 46857 5 s MALN(BILIBE)- 0 01921 |58.1416 64.3047
14 22 0 GAMMALN(BSL+BSL*LN@S2 P, 00000 | 21251 0.0000
15 [43 1 45714 5 01152 | 6£.1918 59313
LR . G AMMALN(BS3+B54)+G AMMALN(B34+B8) | 21224 00000
17 2 281428 MMALN(BS4)-GAMMALN(BS3+B$44B8) L0220 128527
18 (47 21| 455714 56,5004 92,2037
19 43 0 O I75Ma3 10287 10729 00000 20076 0.0000
20 19 2 3457143 5057143 05031  0.8443  0.1370 -102585 -13.2670
21 51 6 3842857 42.85714 -10.5133 62467 01687 256005 -30.2754
22 [52 3 44 4628571 124220 17695 0.1490 -14.0565 -18.3209
23 [53 0 0 5042857 -1.0510  1.0720  0.0000 21230  0.0000
24 [54 3 47 5042857 126811 17695  0.1490 -14.3165 -18.5193
25 [57 0 0 5042857 -1.0510  1.0720  0.0000 21230  0.0000
26 [58 5 4542857 4685714 177130 45378 01636 22.0054 27.0081

We now decompose the equationof “in(A 1) for easy understanding.

+x)a7

4 =TV
Because I (7 )

In(4_1)=In[[(y + x)]-In[[(y)]+ 7 In(a)

= GAMMALN(B$1+ B8)— GAMMALN(B$1)+ B$1* LN(B$2)

The second equation above shows the function we code in Microsoft Excel.

, then the equation of log of A, in cell F8 is:

Therefore, the model estimation results are shown in Table 2.

Table2. Model Estimation Results of Transaction/Dropout Process

y 0.523
o 7.791
a 0.027
b 0.219
LL | -3349.1332
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4.2.2 Transaction Dollar Volume

2
To estimate the three parameters °¥ , o} and E(6) of the Extended SMC model,
we could also utilize Microsoft Excel to perform the work.

(1) o, Estimation

2
We have denoted ¥ as the variance in the dollar volume spent across

reorders for a customer in Conceptual Framework. Thus, in order to

estimate oy , we should choose a pool of customers who have ever made at
least 2 repurchases in their observation time period and the sample size is 159.
At first, we use the “VARP” function in Microsoft Excel to compute the
variances of the dollar volume spent across reorders by each customer

respectively. Then we use X (the number of reorders) of each customer as the
2
weighted values to compute the weighted average °” . The value of the

2
weighted average 7" is-117789.9:

(2) o Estimation

2
The denotation of @ 4 “is the variance in average dollar volume spent across

customers (6). Nevertheless, because the value of 6 could not be observed, we
2
have complication to compute 4 directly. However, the total variance (@ 2)

2
in amount spent across both reorders and customers (which equals #+%1) is
available and equals to 756038.6. We compute this value for the same 159

customers by using the recent dollar volume spent (the dollar volume of't x)

by each customer. As a result, the value of o 1s estimated as
756038.6-117789.9=638248.6.

(3) E(6) Estimation
E(0) is denoted the expected value of 6 which is assumed to vary across

customers according to a normal distribution. We use the “AVERAGE”

function in Microsoft Excel to compute the expected value of Zi of the
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customers (i=1~368). In the end, we use the “AVERAGE” function again and
the value E(0) is estimated as 614.10. We use the following table to show the
values of the three parameters.

Table3. Model Estimation Results of Transaction Dollar Volume
afV 117789.9

o3 |638248.6

E®)| 614.10

4.3 Model Results
4.3.1 Expected Number of Reorders (Conditional Expectation)

The expected number of reorders is computed using Equation (1). However, there
is a value created from a complex function we need to estimate. This complicated
function is called the Gaussianhyper-geometric function. In Literature Review, we
have briefly mentioned this kind of function. Usually, we could have two methods to
compute this function. One is numerical integration and the other is the algorithms.
We will choose the method.of numerical integration to compute it as the authors of
the BG/NBD model. Therefore, before forecasting the expected number of reorders,
we will introduce this function simply and the process to estimates its value in
Microsoft Excel.

(1) Gaussian hyper-geometric function ,F,(-) (Fader et al., 2005 b)

A. The prototype of , F; ()

2 (a),(b), 2/
Fla, bic;z )= L —, c#0,—-1,-2...
A ) Z,: (c),
= a (b) z/
=>u,, where u , = —/~——,—
2. o),

where (a), is Pochhammer’s symbol, which denotes the ascending

factoriala(a +1)---(a + j —1). The series converges for|z| <1 and is divergent for
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|z| >1;if |z| =1, the series converges for c—b—a >0.

And we could have the following recursive expression for each term of the

series:
oTH ULl i) Ui ) TP
u,, (C+j_1)j

where u, =1.
B. The Numerical Integration Method Employed in Microsoft Excel

It’s easy and simple for us to estimate , /] () by utilizing the above series.

We just need to continue adding terms to the series untilu; is less than

“machine epsilon” (the smallest number that a specific computer recognizes
as being bigger than zero). In Micresoft Excel, it’s easier to compute the
series to a fixed number of terms, as a‘result, we will evaluate the first terms
(G7=0,1,2...150).

In terminating the adding process of'the series at j=150, whether have we

evaluated too few terms?.Because the speed with whichu ;20 depends on

the magnitude of z and the observed number of reorders X in Equation (1),

wherez = ——.
oa+T +t

The only unfixed variable in Zis T (t = 52; a = 7.791). Under our dataset
sampling rule, which is choosing the customers who have ever made their
first purchase in the first quarter of 2006, the smallest 7 equals to 40.14.
Thus the biggest z equals to 0.52. However, there is no point in going beyond
Jj =40 for z<0.5 (Fader et al., 2005 b). As a result, based on the biggest z
value, it’s feasible for us to terminating the series at j = 150.

As to X, the biggest X in our dataset equals 50. We have tried to continue
adding the terms to the biggest extent that j = 240, and we found the final

result is the same as while j = 150.
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(2) Computing conditional expectation of number of reorders

After estimating the parameters and the value of , /| () , we could also get

the conditional expectation of number of reorders in Microsoft Excel. Figure 3
shows the screenshot of excel worksheet of conditional expectation.

Figure3. Screenshot of Excel Worksheet of Conditional Expectation

4 | B C D | E F e v |
1 0.523 2F1 349191E+14
2 |alpha 7.791 2 5,503 | ZUMETELD
3 a 0.027 b 50.219)
4 b 0219 c 49.246
5| z 0.47797861 1]
6 |z a0 Terms
7 |t 48.71429 0 1
8T 49 1 246259326
9 |t 52.000 | 2 309.1006585
| 10 - 2635, 144318 1 3 (924D LL-D* (BS34DLL-
11| EvXextxT) 45.775\ 1 LILIL33268 |\per D11 1) D11YESS
12| 5 91134.9297
e B e
715 | [(B2+BRNE2+B8+BAY(BLABE)* s seaasonels |LUESHDIZ-L* DI ESS
F El).f(l+(B6>O)*B3f(B4+B6— g 17610141 62
? l)*((BZ+B8).‘"(B2+B’?))A(B1+B6)) 10 51517397.01
18 11 1377092047
19| 12 3420130884 [ ]
20| 13 500815849.9
21 | 14 1763919129
22| 15 3682470988
23 16 7317253276
o4 | 17 13890141283
25| 18 25271163724
% 19 44193041350

In this worksheet, we first place the four model parameters we have

estimated in cells B1:B4. Then we place the purchase history (X = x,¢_,T) ofa

particular customer in cells B6:B9. For example, we choose the customer
whose ID=34, X=20, t,=48.285 and T=49.142. For all customers, ¢ equals to 52
because the length of time over which we wish to make the conditional forecast

is a year. Furthermore, we use the method outlined above to compute, 7,(-)
which is central to Equation (1). Corresponding to the prototype of,, F(-), the
function parameters (a, b, c) are given in cells E2:E4 and the function
argument(z) are setting in cell ES. In last, we evaluate the first 151 terms of

the series (cell E7:E157) and these terms are summed in cell E1. Then we could
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finally get the value E(Y ()X =x,1,.T, y.a,a,b) in cell C11. For this customer,

we expect that he might have almost 19 reorders in next year 2007 conditioned

on his purchase behavior in 2006.

(3) Use- friendly worksheet
The original worksheet developed by the authors of the BG/NBD is easily
operated even for marketing practitioners. However, looking at figure 3, we
could only get one conditional expectation of a customer once at a time. Thus,
based on Equation (1), we redesign a worksheet which is more user-friendly for
customer base analysers. This worksheet is shown in Figure 4.

Figure4. Screenshot of Excel Worksheet of Conditional Expectation—New Version

4 | B c | o [ ] F | & | ® | 1 I 0 0T & [ v ] M [ N I
Ll 0.523 1D |x tx T 1 |a b c z E(Y(f)|X=x,t_x,T) Z2F1 Term
2 |alpha 7.701 34 20 4828571 4014286 52000 20523 20210 19246 0477352 18520 1176199.577
R 0.027 5 12 4071420 5071420 52000 12523 12219 11246 0470564 10985 5614.979
i 0219 6 1 7857143 5071420 52000 1523 1210 0246 0470564 0597 16461
5 | 7 10 4414286 4825714 52000 10523 10219 9246 0478607 9483 1898.727
6 | 8 3 3304286 5071420 52000 3523 3219 2246 0470564 2,966 21.982
7| 41 14 4685714 47 52000 14523 14210 13246 048693 13608 32301267
8 | (7 0 0 5057143 52000 0523 0219 0754 0471173 0444 0.5%
9| 13 1 4571429 5057143 52000 1523 1219 0246 0471173 0.580 16543
10| 5 0 0 5057143 52000 0523 0219 0754 0471173 0444 0.59%
il | 16 2 2814286 s0.14286 52000 2523 e2i0] 1246 0a73OL 2081 13.809
12| 7 21 4557143 4785714 52000 21523 21219 20246 0483053 19841 2876380.449
13| 8 0 0 4757143 52000 0523 0219 0754 0484339 0467 0.561
14| 19 2 3457143 S057143 52000 2525 2219 1246 0471173 2113 13625
15| 51 6 3842857 4285714 52000 6523 6219 5246 0506583 6.554 203,242
16 | 52 3 44 4626571 52000 3523 3210 2246 0490200 3207 26.080
17 53 0 0 5042857 52000 0523 0219 0754 0471783 0445 0.504
18| 54 3 47 5042657 52000 3523 3210 2246 0471733 3062 22,023
19| 57 0 0 5042857 52000 0523 0219 0754 0471783 0445 0.504
20| 58 5 4542657 4685714 52000 5523 5219 4246 0487582 5.155 87.923
21| B0 0 0 5042657 52000 0523 0219 0754 0471783 0445 0.504
22| B2 0 0 5028571 52000 0523 0219 0754 0472395 0446 0.593
23| B3 1 2526571 5028571 52000 1523 1219 0246 047239 1.041 16,669
o | B4 3 4557143 49 52000 3523 3219 2246 0477979 3138 23497
25 | b5 0 0 5028571 52000 0523 0219 0754 047239 0446 0.593

In this new worksheet, the four parameters we have estimated are still placed
in cell B2:B4. And the three parameters (a, b, ¢) and the argument (z) of
,F(-) are given in column I to column L corresponding to each customers.

Then we equally evaluate the 151 terms of series from column P to column FJ.

And the value of ,F(-) are summed in column N. In this way, as long as we

put into the purchase information of each customer (column E to column G)

and set the value of # over which we want to forecast, we could get the value
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E(y ()X =x,1,.T,7,a,a ,b) in column M respectively.

4.3.2 Expected Active Probability

The expected active probability is computed using Equation (6) and (7) that we
have derived. In coding these equations in Microsoft Excel, we luckily find that the
elements of Equation (7) are similar to the log-likelihood function (Equation (13)) of
the BG/NBD). In Equation (7), we could rewrite the Equation (7) with the
Beta-Gamma transformation function B(a, b)=T(a)['(p)/T(a +b) and A, A,, and A;

of Equation (10) to
B(a,b+x) T(y+x)a’
B(a.b) T(yNa+T)™
T(a+b)0(b+x) T(ytx)a ( 1 )/
_F( b(a+b+x) L(y) a+T
=4, 4,- 4,
(12)
To combine Equation (6) and (12), we get Equation (13):
P(activeat T‘X:x, t.,T,y,a,a,b ):L( AI'A 4, ) (13)

With Equation (13), we could also easily code it in Excel by taking “log” first,
summing these elements together and then taking “exponent” to get the final
expected active probability. In order to explain the coding process completely, we

have the following figure to show the screenshot worksheet.
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Figureb. Screenshot of Excel Worksheet of Expected Active Probability

4 B c | o | B | F | e | 8 | 1 | I | K
| LI 0 =GAMMALN(BS3+B3)+GAMMALN(ES
2 |alpha 7701 GAMMALN(ES1+58)- PR ’M'
3 0.027 G AMMALN(ESL)+B$1¥LN(BS2) ‘GAMMALN(B$3+B$4+B8) e
4 b 0.219
5|
6| LL Active Rale
7D z 1z T iall)  In(a_)) Infa 2 37 In(A_4) In(a_ Dl 24n(A Bl [ explnca L4 2)4in(a 3ol
8 [ 20 4828571 4914286 41707¢ 414456 02028 829517 892120 00019 0.998
935 12 4971429 50.71429) 31806F 19.3368| 0.1888 509576 -96.774 00030 0.997
10% 1) 7857143 50.71429) 52375 04253 01159 6.973 6285 06501 0.52
TREs 10 44 14756 4RRSTIL DR1IM6 1453 0183 474700 47402 00073 0.993
£'38 =F8+G84LNEXP(HE)+(BE-0)¥EXP(IE)) |18 1 17489 00418 0,959
13 LI RTAL T Somood  24[=(BSL4BSILNGBIADE) | 6430 00021 0,09
144z 0 0 5057143 10532 10737 00000 2.1260 .00 0.0000 1.000
15 43 1 4571429 5057143 50483  O]-IF(EG-0,LN(E$3) LN(BS4+ES L) | 08356 043¢
16145 0 0 5057143 10532 L)(BL4BS)*LN(RI24CE)0) 0.0000 1000
1746 2| 28.14286] 50.14286| 94621 0BG U IURID IZ5T 00711 0.931
18 [17 21| 4557143 4785714 422357 444672 02041 865020 922216 00033 0.007
19 a8 0 0 4757143 10256 10737 00000 20093 0.0000 0.0000 1000
20 49 2 3457143 5057143 95034 08462 01377 102602 132654 nms3 0.953

Likewise, we place the four estimated parameters in B1:B4. We could also
observe that this worksheet is almost identical to the one of Parameter Estimation
(Figure 2) till Column I. Andthe formula of Column J
is[In(4_1)]+[In(4_2)]+[in(4 " 3)]-[ta(air)]. Finally, taking “exponent” for all cells of
Column J in Column K respectively, we could get the expected active probability of
each customer.

There is one thing we must pay attention to. When some customers have zero
reorder in their observation time period (X=0, £,=0, T), their active probabilities are
expected to 1. Some people may argue that whether it’s reasonable or dependable.

However, in the model development of BG/NBD, the concept of the active
probability has been simultaneously considered in deriving the conditional
expectation of number of reorders (BG/NBD, Equation (A3)). And comparing the
performance of the BG/NBD and Pareto/NBD on conditional expectation for the
customers who have made zero reorder in 7 (called “zero class”), the forecasting
capability of BG/NBD is better, especially for the zero class (Fader et al., 2005).
Therefore, it could raise us more confidence on the expected active probability for
the zero class.

On the other hand, because the zero class could be easily recognized, we also
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could focus these customers who at least have made one reorder in 7 and then take
appropriate response to these expected active probabilities while implementing

one-to-one marketing afterward.

4.3.3 Expected Dollar Volume per Reorder

The expected dollar volume per reorder is computed using Equation (8) and (10).
As the BG/NBD, we have already coded these equations in Microsoft Excel. The
following figure shows the screenshot.

Figure6. Screenshot of Excel Worksheet of Expected Dollar Volume

a | B | ¢ D E F B | I I

1 ID  Zbar x E oy o’ o4l a1 E[8#]1 | E[8/Z1:] Px
2 a2 0.0 0] 117780.95  756038.55 53824862 054 61410 95676
3 a5 0.0 0 95676
4 18 0.0 0 95676
5[5 0.0 0 95676
6 [57 0.0 0 95676
7 o 0.0 0 95676
3 [ 0.0 0 95676
9 [6s 0.0 0 95676
10 [e8 0.0 0 95676
11 e 0.0 0 95676
12 fm 0.0 0 95676

13 [0 0.0 0 95676
204 [464 1920.0 1 1716.542
205 [476 1010.0 1 =BGS2*B206+(1 BCEPFSHED 9
206 [460 2760.0 1 3286.756
207 [188 8200 1 787.921
208189 1920.0 1 1716.542
200506 670.0 1 661,290
210(520 £70.0 11 =(C213* RS2 B2 3+5DE2* SHEZW (A2 L3 SFE2+5D2) 661.290
21146 1200.0 2 1150.503 0916
21249 970.0 2 33 0.916
21367 1410.0 2 1342762 0.916
214 [0 640.0 2 637512 0.916
2is[r 290.0 2 408932 0916

There are two cases while computing the expected dollar volume per reorder. If

X 1, we use Equation (8); if X 1, we use Equation (10). One of the differences
between them is the formulas of reliability coefficient p (Equation (9) and (12)). The
other one is Z vs. Z . After estimating parameters, the values of weighted average

ol (cell D2), o(cell E2), o?(cell F2), E[0](H2), Z (column B), p,(cell G2),

and p,(column J) have been also computed. Finally, we could get the expected
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dollar volume per reorder in Column I respectively.
4.4 Integrated Individual Customer Forecasts

To generalize the model results of the three aspects above, we use the following
figure to advocate the benefits of the whole model. (We only show ten customers for
short.)

Figure7. 1-Year Predictions for Illustrative Customer Accounts

A B C D B F G H 1
ID [z tx T Observed Average Expected
Reorder Expected 1-Year Expected Dollar Active Expected 1-Year

1 Dollar Volume # Reorders Volume per Reorder (§)| Probability | Dollar Volume
2 |34 20 48286 49.143 2243.5 18.53 22286 0.998 4128
=R :35 12 49714 50714 aFa3 10,99 arzE 0.997 oo 0683.6
4 (36 1 7857 0714 200.0 0.64 2hd.5 0.522 1837
5| 37 10 44,143 43557 10200 9.49 10126 0.993 296104
6| 38 3 33143 50714 9867 2.97 9651 0.959 2862.7
L:ll 14 46857 47.000 5864 13.61 587.1 0.998 79922
N 12 0 0000 50571 0.0 0.44 957 1.000 124
L’ﬂffz L 4571 50571 2200 0.5% 2814 0.433 162.7
10 | 15 0 0000 50571 0.0 0.44 a5y 1.000 424

11 [16 228143 50.143 12000 2.08 1150.5 0.931 2393.3

In Figure 7, the first five columns are the basic information in the dataset; the next
three columns are the forecasting results-from the three aspects above. And we
multiply Column F to Column G and repottin Column I respectively. In this way,
we could concretely forecast the future dollar volume we will earn in a specific time
period. In our research, our forecasting time period is setting 1 year equivalent to the
length of the observation period. Of course, we could also set different time period
of interest for forecasting. Besides, the expected future dollar volume could also be
an important basis for us to compute the customer lifetime value (CLV) if
introducing a discount rate into consideration.

Furthermore, the expected individual active probability can help a firm to pare the
mailing list or the huge database of inactive customers with low active probabilities
to reduce database management costs, mailing costs or other unnecessary marketing

expenses.
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4.5 Collective Customer Forecasts

In addition to individual customer forecasts, we also could forecast the number of
reorders, the dollar volume and the active probability collectively. Based on the
same dataset, the total number of 1-year expected reorder is 1074.24; the total 1-year
expected dollar volume is $980025.9. Therefore we could expect that the average
expected dollar volume per reorder in 2007 is $912.3 ($980025.9/1074.24). Besides,
although the size of our dataset is 368 customers, the sum of active probabilities of
the customer base is only 335. It means that the number of active customers is not
usually as many as the actual size of the customer base. Especially, with the
expected active probabilities, we then could more correctly anticipate the future

growth of firms and diagnose the basic health of them.

4.6 Model Validation

Even though the forecasting performances of the BG/NBD and the Extended
SMC model have been validated in the original papers, we still want to utilize 1-way
MANOVA to verify the differentiatton-capabilities of these three expected values:
expected number of reorders (which will-be'called “EY” for short), expected dollar
volume per reorder (which will be called “EZ” for short) and expected active
probability (which will be called “PRO” for short). Before employing 1-way
MANOVA, we will use the 80/20 rule to classify the 368 customers into two classes
(1 & 2) and to be as independent variable and let these three expected values be
dependent variables at first. Therefore, because we have one independent variable
and we want to consider three independent variables simultaneously, we utilize
1-way MANOVA to validate our model. If the testing results are statistically
significant, that means these dependent variables could account for the variances
between the two classes and, more importantly, it’s more feasible for us to use these
expected values as the basis to implement one-to-one marketing and other CRM
strategies to retention customers.

So-called 80/20 rule means that almost 80% sales volume of a firm 1s contributed
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by 20% of the firm’s customers. Before implementing 1-way MANOVA, we use
80/20 rule to classify the 368 customers into two classes. At first, the total dollar
volume spent by each customer in their observation time period could be observed
and then we could sort them from the highest to the lowest. And the size of 20% of
customers nearly equals to 74 (368*20%). Therefore we could sum the sorted dollar
volume spent by the first 74 customers ($732,250) and let this value divide by the
sum of total dollar volume spent by 368 customers ($732,250/$982400 =74.54%)).
This value is close to 80% so we could say that 80/20 rule is almost realized in our
dataset. Importantly, we let the first 74 customers to be class 1 and the others to be
class 2. We then use the two classes as independent variables and “EY”, “EZ” and

“PRO” as dependent variables simultaneously to implement 1-way MANOVA

4.6.1 1-Way MANOVA
Because we have three dependent variables.and one independent variable, we use
1-way MANOVA to proceed with hypothesis testing. Among the different kinds of
statistical software, we use. SAS-torpertorm the work. The hypotheses and testing
results are shown below.
(1) Overall Test
H, Upy, SUpy, TUgz ZUgz = Uppo, = Uppo,
H,:H, is not all equal

Table 4. 1-way MANOVA Test Result---Overall Test

Men0ya Test Criteria and Exact F Statistics for the Hwpothesis of Mo Overall Clazs Effect
H= Twpe III S3CP Matrix for Claszs
E = Error Z3CP Matrix

=1 W=0.5 H=181
Statistic Ya lue F %alue Mum DF Den DF Fr = F
Wilks” Lambda 041233294 172.93 3 64 ﬂ@'
Fillai"s Trace 0.5876670 172.93 3 364 Rl
Hotel | ing-Lawley Trace 1.42622436 172.93 3 64 <.0001
Roy’ = Greatest Root 1.42522436 172.93 3 64 <.0001
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According to the p-value of the statistics “Wilks’ Lambda”, we have enough
evidences to reject Hy. That is there are indeed some significant differences
between the two classes. In order to find the sources that cause the differences,

we then employ three marginal tests.

(2) Marginal Test
¢ EY--- expected number of reorder
H, ‘Upy =Upy,
H, HUpy FUpy
Table 5. 1-way MANOVA Test Result---Marginal Test---EY

Dependent Yariable: EY

Sum of
Source OF Sauares Mean Square F Walue Fr = F
Mode | 1 2843726084 2543726084 277.83 <0001
Error 366 4877 9BRE2Y 10.555534
Corrected Total 387 BB21.691712
R-Equare Coeff Yar Root MSE EY Mean

111.3386 3. 255078 2,924

According to the p-value and the F-value, we have enough evidences to
reject Hy. That is there are indeed some significant differences between EY,
and EY,. And from the relatively large value of R-Square, we could conclude

that EY plays a better variable to explain variances.
¢ EZ--- expected dollar volume per reorder

H, Upy =Upz,

H, g, #FUg,
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Table6. 1-way MANOVA Test Result---Marginal Test---EZ

Dependent Yariable: EZ

Sum of

Source DF Squares Mean Square
Mode | 1 44100723.9 44100723.9
Error 366 107404068, 1 294819.9
Corrected Total 367 1520047491.3

Coeff Var Root W3E EZ Wean

85975086 h42.9732 £31.5473

The same as EY, the testing result in Table 6. is rejecting Hy. And the value
of R-Square tells us that EZ is the next best variable to explain the variances

between the two classes.

¢ PRO--- expected active probability

Hy tttpro = Uppo,

Hy uppy # uPROZZ

Table7. 1-way MANOVA Test Result---Marginal Test---PRO

Jependent Yariable: PRO

Sum of
Source DF Sguares Mean Square
hWode | 1 0.36004133 036004133
Errar 366 9.48599468 002591802
Corrected Total 367 9.83603539
R-Square Coeff Var Foot MSE FRO Mean
0.035588 17.85723 0.160351 0.911768

We could see that the P-value is small enough for us to reject Hy. However,
from the relatively small value of R-Square, the variance explaining capability
of PRO is poor. It seems that the “PRO” variable itself could only explain a
little difference between the two classes.

However, how about we temperately pare the zero class from the hypothesis

testing, since the “PRO” value of the zero class seems make a little conflict
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between others. Hence, we employ 1-way MANOVA again for the dataset

without zero class (The sample size is 232 now). The hypotheses are all equal;

the results are simplified and organized in Table 8.

Table8. 1-Way MANOVA Results without Zero Class

Statistics
Variables | “wilks’ F Value R-Square | Results R-Square
Lambda” p-value | (without (with
Zero Zero
Class) Class)
Overall 0.48 82.08 Reject Hy
<.0001 - -
Test
Marginal EY - 122.52 <.0001 0.347563 | RejectH, | 0.431524
Test EZ - 47.27 <.0001 0.170470 | RejectH, | 0.290127
PRO - 47.35 <.0001 0.170726 | RejectH, | 0.035588

Although H, are all'rejected as well'as the former tests, the R-Square of
“PRO” has enhanced a lot. Thus the variance accountability of “PRO”
increases while paring the zero class.. However the most part of variances is

still explained by the “EY™:

4.6.2 Validation Result

After employing 1-way MANOVA, we could have more confidence to use “EY”,
“EZ” and “PRO”, especially “EY”, while identifying and differentiating customers
which are the two bases for a firm to implement one-to-one marketing, we have
mentioned in Introduction.

Therefore the three expected values not only could help us forecast future
transaction behavior of customers, but could play differentiation or discrimination
variables further to help firms implement more tailor-made marketing strategies and

decrease unnecessary resources waste as well.
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5. Conclusion and Discussion
5.1 Research Contribution

In this research, we combine the BG/NBD and the Extended SMC model to
simultaneously and completely incorporate the past purchase behavior of customers
X t, T, Z;) to do some effective forecasts based on customer base analysis. Differed
from the entire extended SMC model (based on Pareto/NBD), our research preserve
and advocate the easy implementing of the BG/NBD and consider the past dollar
volume spent by customers in the meanwhile through combining the Extended SMC
model. Hence, our model is more suitable to be a basis to do further CLV research
than the “pure” BG/NBD. We also empirically validate our model by using a
database from an online VCD retailer and try to anticipate the possible purchase
patterns of customers in the future both individually and collectively. And then we
validate our model throughs:*l-way  MANOVA to ensure the differentiation
capabilities of the important expected values:.In this way we could not only use our
model to do forecasting ;but use the model tesults to differentiate customers for
further one-to-one marketing puttingrinto-practice.

Furthermore, based on the BG/NBD,we have derived the equation of expected
active probability for a random chosen customer. It could help us to understand the
individual active probability and the true customer base of a firm after summing the
active probabilities of all customers.

Besides, we have transformed the worksheet of the BG/NBD to a more
user-friendly form. With this new worksheet, we only should put the basic purchase
history of all customers into and then we could get the expected values of interests at
one time. It could save a firm a lot of time to implement this model especially when
its base of customers is huge. And also we wish to improve the utility rate of our
model.

5.2 Research Limitation
The biggest limitation to implement our model is that the database must be

non-contractual setting. The non-contractual setting means that the transactions
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occur continuously other than discretely and the time point at which a customer
becomes inactive is unobserved. In this setting, the value of the expected active
probability exists.

Another limitation is that the authors of these models have made assumptions that
also in a non-contractual setting, the basic model assumptions, where the transaction
process follows NBD and the dropout process follows BG, are satisfied.

Besides, the accuracy of our model’s forecasting ability is influenced by the future
marketing activities targeted at the same group of customers. If there are many
differences between present and future marketing activities, the expected values
only based on past purchase histories may have some distances from the actual
future conditions. Therefore while comparing the expected values with actual ones
and employ a correlation analysis; we should compare the marketing activities and

expenditures in advance.

5.3 Future Research Direction

There are some future research-directions. when using our model. Because our
model has incorporated dollar wolume of customers, it could be the basis to project
the customer lifetime value. Furthermore our model results (three important
expected values) could be the variables to help us discriminate and select customers
who could bring more sales volume and profits. If the original size of the customer
base is too large or very divergent within, we could utilize demographic variables or
other maybe “RFM” variables to segment the customer base first and then
implement our model respectively. In this way, the estimated parameters may be
fitter for different segments and could improve the forecasting accuracy. If we could
extend our observation time and get a database covering more than one year, we
could do cross-validation to ensure and validate whether our model results could
successfully predict future purchase behavior or not. Moreover, if the database
applied could provide more complete information, such as demographic variables,

we could not only utilize these variables to classify our customers other than the
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monetary variable which combined with 80/20 rule and to have more reliable
hypothesis testing results while doing model validation, but also we could combine
the model results (three important expected values) with the demographic variables
and we could have better understanding about the profile of every individual

customer to practically implement one-to-one marketing.
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