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he practice of offering discounts to prospective customers represents a rudimentary form of using transaction

history measures to customize the marketing mix. Furthermore, the proliferation of powerful customer
relationship management (CRM) systems is providing the data and the communications channels necessary
to extend this type of pricing strategy into true dynamic marketing policies that adjust pricing as customer
relationships evolve. In this paper, we describe a dynamic programming-based approach to creating optimal
relationship pricing policies. The methodology has two main components. The first component is a latent class
logit model that is used to model customer buying behavior. The second component is a dynamic optimization
procedure that computes profit-maximizing price paths. The methodology is illustrated using subscriber data
provided by a large metropolitan newspaper.

The empirical results provide support for the common managerial practice of offering discounts to new
customers. However, in contrast to current practice, the results suggest the use of a series of decreasing discounts
based on the length of customer tenure rather than a single steep discount for first-time purchasers. The dynamic
programming (DP) methodology also represents an important approach to calculating customer value (CV).
Specifically, the DP framework allows the calculation of CV to be an explicit function of marketing policies
and customer status. As such, this method for calculating CV accounts for the value of managerial flexibility
and improves upon existing methods that do not model revenue and attrition rates as functions of marketing

variables.
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1. Introduction

A desire to customize the marketing mix offered
to individual customers is a prime motivation for
firms to develop customer relationship management
(CRM) systems. The promise of personalized mar-
keting is that firms will be able to optimize the
value of customer assets by leveraging individual-
level information. However, CRM efforts often fail to
yield a positive return on investment, and surveys
have found CRM to have a low managerial satisfac-
tion rate (Rigby et al. 2002). A common impediment
to relationship management is a lack of techniques
for using individual-level data to create dynamic
customer-marketing policies. In this paper, we present
a dynamic programming-based method for customer
relationship pricing.

Our approach to relationship pricing involves three
main components. First, a system for classifying cus-
tomers based on observed transaction histories is
developed. Second, a demand model is used to under-
stand the link between pricing and migration between
classifications. The third element is a dynamic opti-
mization procedure designed to compute the pricing
structure that optimally manages transitions between
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customer classes. For our empirical implementation,
the choice model results suggest that price sensitivity
decreases with customer tenure for the vast major-
ity of customers, and acquisition discounts should be
based on time since attrition and on the customer’s
previous activity with the firm. The optimization
results suggest that the firm can significantly enhance
profitability by shifting from using a single steep dis-
count to acquire customers to offering a series of
decreasing discounts as customer tenure grows.
Methodologically, our work is especially related
to several papers that utilize dynamic programming
(DP) models to create optimal catalog-mailing policies
(Gonul and Shi 1998, Bitran and Mondschein 1995).!
In these models, customers are classified according to
transaction history measures. These classification sys-
tems, combined with purchasing rates for each class,
provide a means of modeling customer migration
as a Markov chain. The firm’s optimization problem

! There is also a body of work in the marketing literature that esti-
mates DP models of consumer behavior (Sun et al. 2004, Erdem
et al. 2003). In contrast, we use DP to develop policy rather than to
model decision making.
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is to maximize customer value (CV) by determin-
ing which transaction history classes should receive
mailings. Gonul and Shi (1998) include an addi-
tional element by performing the firm-level optimiza-
tion under an assumption that customers also act as
dynamic optimizers.

In addition to addressing a different application,
dynamic pricing, this paper complements the litera-
ture in two respects. First, rather than focus on mail-
ing decisions, our emphasis is on how to price based
on past behavior. This represents a generalization of
the catalog-mailing models where the firm’s decisions
are binary mailing decisions. Additionally, the inclu-
sion of price in the model means that revenue and
profits are estimated directly rather than assumed.
This is important because the absence of price and
promotion in the catalog models means that these
models assume fixed managerial policies beyond the
mailing decision. Second, the paper makes an effort
to account for customer heterogeneity. While this is a
relatively minor refinement, it is an important factor
when determining policy as a function of transaction
history.

The results are relevant to the dynamic-pricing,
customer-valuation, and customer-base analysis liter-
atures. In contrast to pricing over the product life
cycle (see Rao 1993), we are concerned with pric-
ing over customer relationship stages. Similar to
the dynamic pricing of products, the customer-level
dynamic-pricing problem involves balancing current
revenues with the future value of a customer relation-
ship. Also, because the investments in customer rela-
tionships involve promotional discount, the results
are relevant to the promotions literature (Neslin 2002).

The underlying objective of maximizing long-term
CV means that the method is related to work on cus-
tomer valuation (Berger and Nasr 1998). The stan-
dard approaches to estimating customer equity and
customer asset value assume revenue and retention
rates that are either fixed or vary purely as a func-
tion of time (Berger and Nasr 1998, Gupta et al. 2004).
These implicit assumptions mean that existing cus-
tomer valuation methods do not account for man-
agerial flexibility and therefore provide downwardly
biased CV estimates. By simultaneously addressing
customer valuation and customer management, the
technique removes a source of bias in customer valu-
ation and directly links CV to marketing policy.

Our results are also relevant to the customer-base
analysis literature concerned with the relationship
between transaction history and customer behavior.
Reichheld and Teal (1996) and Reinartz and Kumar
(2000) study how behavior changes over the cus-
tomer life cycle. We add to this literature with further
empirical results and provide an extension by show-
ing how behavioral differences between customer seg-
ments can be used to enhance profitability.

This paper is organized as follows. Section 2 intro-
duces the idea of treating customer management as
a dynamic optimization problem. Section 3 describes
our empirical context and develops the customer
response model. Section 4 details the estimation
results for the demand model. Section 5 describes the
optimization procedure and reports the optimal pric-
ing policies. Section 6 discusses managerial issues,
substantive findings, and model limitations.

2. Modeling Customer Management
Our empirical analysis is performed using cus-
tomer data from a major metropolitan newspaper.
Specifically, we study the problem of using price
to manage the acquisition and retention of news-
paper subscribers. Subscribers are a prime exam-
ple of customers who are best viewed as assets,
as firms frequently make investments in terms of
discounts to acquire a customer who will provide
a stable stream of future revenues. The subscriber
management problem is to determine the series of
prices and promotions that maximize the contribu-
tion provided by customer assets. For prospective
customers, the question is what levels of discounts,
if any, should be offered. For active subscribers, the
marketing question is what price should be offered
when subscriptions expire. The marketing decisions
are complicated because the maximization of future
profits requires balancing immediate revenues and
long-term retention.

The data for our empirical analysis involves
customer histories for 1,326 active customers and
prospects and includes a monthly record of current-
period purchasing activity, subscription type, and
billing information such as price paid. The marketing
data include information about pricing and promo-
tional activity. The average price paid during the data-
collection period was approximately $2.40 per week
and ranged from $1.75 to $3.00 per week. Table 1
shows the average and the range of prices paid by
customers with varying degrees of customer tenure.
Prices charged to new customers are generally lower
because a significant fraction of new customers are
acquired using introductory subscription discounts.

Table 2 illustrates the behavioral differences of
lapsed and active customers as a function of months
since attrition or months of consecutive buying. For

Table1  Pricing by Tenure
Months of tenure  Average price ($) Min price ($) Max price ($)
1t03 2.26 1.75 3.00
4106 2.55 1.75 3.00
71012 2.57 1.95 3.00
1310 18 2.70 1.95 3.00
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Table 2 Historical Rates

Lapsed customers Active customers
Months ~ Reacquisition ~ Solicitation ~ Months  Retention  Renewal
lapsed rate (%) rate (%) tenure rate (%)  rate (%)
1t06 5.02 8.5 1106 81 37
7t012 3.25 11.3 7t012 93 58
13 plus 1.18 13.7 13 plus 96 61

lapsed customers, Column 2 illustrates how the prob-
ability of reacquiring a customer decreases as time
lapsed increases. Column 3 provides information on
the firm’s reacquisition efforts. The probability that
a lapsed customer is solicited ranges from 8.5% per
month for recently lapsed customers to 13.7% for
former subscribers who have not purchased in a year
or more.

The second half of the table illustrates the relation-
ship between time as a subscriber and likelihood of
future loyalty. The column labeled “Retention rate”
gives the probability that a customer continues a
subscription until expiration. For example, customers
who have been active for over a year cancel sub-
scriptions prior to expiration about 4% of the time.
The column labeled “Renewal rate” indicates that cus-
tomers with over a year of tenure renew subscriptions
at expiration just over 60% of the time.

This cursory examination reveals significant rela-
tionships between transaction history and the like-
lihood of future buying. The data suggest that
consumer behavior evolves as time as an active buyer
or as a nonactive prospect increases. This evolving
behavior, combined with a managerial desire to con-
sider long-term CV, makes subscriber management an
application addressable via DP techniques. Such mod-
els can accommodate the stochastic evolution of con-
sumer preferences and long-run managerial planning
horizons.

2.1. Objective Function

The first step in developing a relationship pricing pol-
icy is specifying a suitable forward-looking objective
function. For the general case, customers are classified
into one of x € X possible states based on transaction
history, and the firm is assumed to be able to select
marketing actions or controls, 4, from a set of feasible
actions, D. Defining the single-period reward function
as m(x,, d,), a single-period discount factor as «, and
the decision-horizon length as T, the objective func-
tion may be written as

T
maxE{Zat * (X, dt)}.
t=0

dieD

This objective function is the discounted sum of
single-period rewards over a T-period horizon.

The customer management goal is to determine
the mapping of marketing policies to observed cus-
tomer states d(x;) that maximize customer value. In
our context, this involves determining the functional
relationship P(x,) between customer state and price.
Specifically, the firm’s optimization problem is to
select the sequence of prices and associated marketing
actions that maximizes profitability over some time
horizon. The solution to the dynamic optimization
problem is defined in terms of the value function,
denoted as V. By definition, the value function is the
greatest feasible expected payoff from time ¢ forward,
given that the customer’s state at time ¢ is x,. At the
level of the individual customer, the value function
is equivalent to the maximum expected CV based on
optimal selection of marketing policies:

CV(x,) :r;lgﬂ))(E{iat* W(xt,P(xt))}. 1)

t=0

Thus far, the objective function does not include a
direct statement of how customers evolve over time.
In Equation (2), optimal CV is rewritten to make
the relationship dynamics more explicit. In this equa-
tion, Pr(x,,; | x,, P(x,)) is the probability a customer in
state x, transitions to state x,,; given the price speci-
fied by P(x,):

CV(x;, P(x;))
=E[m(x;, P(x)))]

+ Y Y @@, P(x,)#Pr(x,, X, P(x,). (2)

T=t+1x'eX

The first term on the right side is the expected one-
period profit from applying the selected control to a
customer in a given state in the current time period.
The term involving the double summations repre-
sents the sum of the discounted expected profits for
all future periods. This term includes the transition
probabilities through the inner summation over the
customer’s potential future states (x’). The outer sum-
mation is over future time periods.

The expression thus incorporates the probabilistic
evolution of consumer transaction histories. Further,
given that from the firm’s perspective the consumer
behaves nondeterministically, the dynamic optimiza-
tion problem is to identify the pricing strategy that
optimally controls the probabilities of transitions from
one transaction history state to another.

2.2. Single-Period Revenue

We begin constructing the single-period contribution
from a customer by defining a binary variable Y}, equal
to 1 to indicate a purchase by customer i at time ¢,
and equal to 0 if no purchase is made. The one-period
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profit is the probability of purchase, Pr(Y;, = 1), multi-
plied by the total of all revenue sources less product
and marketing costs. The single-period contribution 7
is the sum of the offered price P, and a nonprice rev-
enue component M, less the cost to serve a customer
C. and any marketing costs C,;. Further, the probabil-
ity of purchase Pr(Y;, =1 | x,, d,) is conditional on the
customer’s state and the marketing mix:

m(x;, d,)=Pr(Y,=1|x;,d)*(P,+M-C,)—Cy. (3)

In our application, cost to serve a customer is a
function of factors ranging from editorial costs to cost
of materials like paper and ink. The nonprice compo-
nent of revenue M merits some explanation. A cus-
tomer base often has value beyond the revenue due
to merchandise sales. For instance, in the newspaper
industry, advertising revenue may be three times as
large as circulation revenue (Vogel 1998). For the
empirical work that follows, we use a value for the
quantity of M less C,, suggested by the firm. The last
term, C,, represents costs specific to marketing actions
taken, such as the cost of soliciting a prospective
customer.

3. Transition Model and Customer
State Space

Transaction History Measures. The key to devel-
oping a customer classification system is identify-
ing observable data for categorizing customers into
homogeneous groups. Transaction histories provide
information regarding customers’ propensities for
loyalty or repeat purchasing. Also, using transaction
history measures as state variables means state-to-
state transitions are defined by customer buying
decisions. Specifically, we use measures that reflect
current tenure as a subscriber, F,, or alternatively, the
amount of time since a subscription has lapsed, L;.
These variables are adjusted based on purchase activ-
ity each month according to the Markov transition
processes defined in Equations (4a) and (4b). Individ-
ual i’s time as a lapsed subscriber, L;, increases each
month that a purchase is not made (Y;, =0) and is set
to 0 if a purchase is made (Y;; =1):

. 0 ifY, =1, 42
i = a
L, +1 if Y, =o0.

The equation of motion for the purchasing tenure
variable F, is similar in structure. Individual i’s time
as an active subscriber, F,, is incremented each month
that a purchase is made and is reset to 0 if a purchase
is not made:

. o if Y, =0, ab)
R +1 ifY, =1

We use the time-lapsed measure directly as an ex-
planatory variable, whereas the purchase-tenure mea-
sure is used to construct indicator variables that
approximately correspond to the number of times a
customer has renewed a subscription. The F, mea-
sure is used to create binary variables that define
four mutually exclusive categories of active cus-
tomers. Active customers are classified as either NEW
(1 month < F,; < 3 months), REP1 (3 months < F, <
6 months), REP2 (6 months < F, < 12 months), or
LOYAL (F, > 12 months).

In addition to the customer’s current spell, infor-
mation regarding total previous duration of pur-
chasing is also maintained. The logic for using this
information is that customers who have purchased
for extended time periods in the past but who are
currently lapsed may behave differently than new
prospects. Cumulative months of purchasing for cus-
tomer i at time ¢ is denoted CUM;,. The CUM;;, mea-
sure is reset to zero when a lapsed customer’s time
since last purchase as a lapsed customer exceeds
12 months. This means that any customer who has
not purchased in over a year is classified the same
as a prospect that has not previously purchased. The
cumulative buying measure is used to define dummy
variables that account for the potentially different
probabilities of reacquiring lapsed customers with
diverse prior buying histories. Two binary variables
are defined. For pure prospects and customers who
have been lapsed for more than a year, the variable
PREVO;, is set equal to one. For lapsed customers
with less than six months of prior buying, the variable
PREV6,, is set equal to one.

Marketing Variables. The key marketing-mix vari-
ables are price, P;,, and solicitation, S;,. The price vari-
able is the weekly price available to customer i during
month . Solicitation is a binary variable that is set
to 1 if a solicitation is made to individual i in month ¢.
For lapsed customers, solicitation is directly linked to
available price. In the absence of a solicitation, lapsed
customers are assumed to have access only to the reg-
ular price.

Marketing and Transaction History Interactions.
In addition to weekly prices, we also include a term
to account for the effect of price increases. The pre-
vious price, P,_;, is used to compute the percent-
age level of a price increase relative to the current
offered price. This variable is intended to capture ref-
erence price effects. Also, because prices can rise only
when subscriptions expire, the price increase vari-
able is applicable only at times of renewal. Further,
because the rejection of a previous solicitation may be
a meaningful element of data, we define a binary vari-
able to indicate a given customer has been previously
solicited (PSOL = 1). For current customers, subscrip-
tion expiration status is a binary variable equal to 1
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Table 3 Summary of Covariates

Covariates and categories Definition

Current transaction history measures

Months lapsed: L Months of consecutive nonpurchasing

Months lapsed squared: L2 Months lapsed squared

Months of subscribing: F Months of consecutive purchasing; used
to define NEW, REP1, REP2, and LOYAL
classes of active customers

Previous transaction history

PREV0 Binary variable to indicate that an
individual is a prospect
PREV6 Binary variable to indicate that an

individual has previously subscribed
for less than six months

Marketing variables

Price: P

Promotional solicitation: SOL

Weekly price available

Binary variable that indicates a lapsed
subscriber receiving a promotional
solicitation

Marketing/transaction history interactions

Price increase: PINC Percentage change in prices from period
t—1tot

Binary variable to indicate a previous
solicitation

Binary variable to indicate the final month
of a subscription

Multiple solicitation: PSOL

Subscription expiration:
EXSUB

if the customer’s subscription expires in the current
period.? The complete set of explanatory variables is
summarized in Table 3.

3.1. Transition Model

The customer classification system is based largely on
transaction history measures. This structure facilitates
the determination of transition probabilities because
state-to-state transitions are based on buying and
marketing decisions. The transition probabilities can
therefore be modeled via a binary logit model. As
before, Y;, is a binary variable equal to 1 if a purchase
is made in period ¢, and to 0 otherwise. Y is defined
in terms of a measure of latent utility Y*, which is a
function of Z;,, a matrix of all state variables and mar-
keting actions that influence customer i’s decision to
buy in period t and a vector of parameters that reflect
the impact of the Z variables, B:

1 if Yi=>0,
0 otherwise,

* *
where Y} =BZ;,+¢€, or Y=v,+¢;.

Assuming the error term, &;, follows the extreme
value distribution, the probability of a purchase by

2Because subscriptions may be cancelled, the existence of a sub-
scription represents a transaction cost associated with the nonpur-
chase option rather than a commitment to buy.

customer i in month ¢ is Pr(Y;, = 1) = exp(v;)/(1 +
exp(vy)).

If the individual is currently a subscriber, the deter-
ministic portion of utility, v;,, is

Oit,e = B+ Bc,p * f(Pit/ Ey)+ BC, exsub * EXSUB
+ Be, pinc * PINC. ®)
Similarly, the expression for a nonactive individual is

Vit,1 = Bi+ B, pf (Piy, L) + BsS + BpsotS * PSOL
+ Bl,prevOPREVOit + BI, preV6PREV6it‘ (6)

Note that we include an undefined function of price
and the duration variables (L;, and F,). This function
incorporates state dependence by defining the rela-
tionship between transaction history and price sen-
sitivity. To account for state dependence for current
customers, we employ a step function that approxi-
mates the number of times a customer has renewed a
subscription to define the relationship between trans-
action history measures and price sensitivity:

f(Py, Ey) = Py % (Bp + Brep1 REP1 + Brgp, REP2
+BroyLOY).  (7)

For lapsed customers, we use a quadratic formula-
tion that implies a continuous relationship between
months lapsed and price sensitivity. The quadratic
term is intended to account for possible nonlinear
evolution of price sensitivity:

f(Py, Lyy) =Py x (Bp +Bp, . Lir + BP,Lﬁlet)' 8

The model thus far is structured to account for pos-
sible state dependence. To account for heterogene-
ity in individual preferences, we estimate models
that treat the population as a mixture of unobserved
types (Kamakura and Russell 1989). This approach
assumes that the population consists of M distinct
types who differ in their preferences and responsive-
ness to marketing activities. In this formulation, a vec-
tor of parameters is estimated for each type in the
population, and the likelihood function is a finite mix-
ture or weighted average of the type-specific likeli-
hoods. For a sample of N individuals, each making ¢,
choices, the likelihood function under an assumption
of M types is

N M
l_[ Z Pr(erZ’ YZTZ’ e Yt’:n | type = m) *Yms (9)
n=1m=1

where v,, is the proportion of type m in the popula-

tion. Additionally, segment sizes v, are determined

via the following expression, where the ¢s are param-
eters to be estimated:

exp(¢.)

= Diem eXP((f’i). {10
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Table 4 Parameter Estimates
Segment 1 Segment 2

Estimate Std. error Estimate Std. error
Lapsed customers
Intercept —1.63** 0.40 —0.73* 0.41
Price —2.18 0.47 —2.62% 0.45
Price x L —0.30%* 0.10 0.52 0.10
Price x L? 0.01* 0.005 —0.017** 0.004
Solicitation 1.43+ 0.36 1.97+ 0.38
Solicitation x PSOL ~ —0.03 0.22 -0.73 0.49
PREVO —3.33% 0.46 —3.50% 0.41
PREV6 —1.37% 0.15 —0.81% 0.22
Active customers
Intercept 4,86 0.22 4,03+ 0.57
Price —2.44 0.25 —2.06%* 0.60
Price x REP1 0.03 0.14 -0.27 0.24
Price x REP2 0.64+* 0.17 0.47+ 0.23
Price x LOYAL 1.32+ 0.15 1,57+ 0.57
Expiration —1.56%* 0.16 —1.09* 0.27
Price increase % —3.82%+* 0.33 —2.52+** 0.83
Segment size 2.66** 0.21
Observations 35,135
Log-likelihood —3,566.2

*Significant at the 0.10 level, **significant at the 0.05 level, *** significant
at the 0.01 level.

4. Estimation Results
Overall, the estimation results suggest that it is impor-
tant to include terms that capture the evolution of
price sensitivity and to control for unobserved hetero-
geneity. Estimation results for a two-segment solution
using the specification detailed above are summarized
in Table 4. The two-segment solution yields a BIC
measure of 7,456.9 versus 7,612.6 and 7,476.2 for a
one- and a three-segment specification, respectively.
The segment-size parameter indicates that the pop-
ulation is comprised of one large segment and a
smaller secondary segment. The dominant segment
comprises 93%° of the population and exhibits the
expected pattern of price sensitivities that diminish
(increase) with time as a customer (time lapsed). For
the first segment, all parameters are of the expected
sign and, with the exception of the multiple solic-
itation term and the REP1 price interaction, all are
significant. For the second segment, the estimates
reveal a fundamentally different population whose
price sensitivity decreases as time lapsed increases. In
some respects, this result is not surprising because we
might reasonably expect some fraction of the popu-
lation to be switchers. In this context, a switcher is
a customer who alternates between active and non-
active status. Because this type of customer tends to
go back and forth, we would expect negative pur-
chase feedback effects.

®The segment size parameter of 2.66 listed in Table 4 is used to
compute the segment size of 93% via Equation (10).

For the first segment, the parameters evolve as ex-
pected. For noncustomers, price sensitivity increases
with time lapsed. For current customers, price sen-
sitivity diminishes with time as a buyer. However,
there is no evidence to indicate NEW subscribers (1 <
F < 3) are more price sensitive than subscribers renew-
ing for the first time (3 < F < 6). As customer tenure
increases and base price sensitivity decreases, refer-
ence price effects become increasingly salient. How-
ever, while the coefficients for the price increase term
are large, it should be noted that these terms are multi-
plied by the percentage of a price increase. The results
are salient because, unlike in previous studies (Reich-
held and Teal 1996), they are generated via a model
that accounts for unobserved preference heterogene-
ity. We also find that previous cumulative buying is
an important factor, as lapsed customers with large
amounts of previous buying are significantly more
likely to be reacquired.

5. Dynamic Optimization Results
In this section, the preceding demand models are
used to create optimal marketing policies. For the
optimization, the estimation results in Table 4 are
used to compute transition probabilities. Beyond the
probabilities, the optimization routine requires the
definition of feasible managerial controls and the time
horizon for the decision problem. While price is often
treated as a continuous variable, the numerical solu-
tion to the DP problem requires that price be treated
as a discrete variable. Based on expressed managerial
preference for certain types of price points, the opti-
mization is restricted to price points ending in five-
cent increments ranging from $1.65 to $3.25 per week.
The optimization problem is formulated as an infinite-
horizon model and is solved using successive approx-
imations and a 10% annual discount rate. However,
the customer valuations estimates are for only the
next 36 months of activity. A finite horizon is used for
the valuations to alleviate potential concerns about
unforeseen changes to the competitive environment.
To account for the two segments in terms of
state-to-state transitions, the objective function in
Equation (2) is generalized to reflect the multiple
population types identified by the latent class model.
Because each type has a different utility function, and
thus different purchase probabilities, transition rates
must be computed for all possible future states for
each type. Policies are created under an assumption
that the firm does not make probabilistic judgments
about each customer’s unobserved type.

5.1. Price Paths

Optimal price policies are displayed in Figure 1 under
an assumption of an average subscription length of
three months. Recommended prices are presented for
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Figure 1 Optimal Price Paths for the other two categories of previous purchas-
Price paths ing involve shallower discounts to lapsed subscribers.
820 T o REV0 o Greater than 6 monthe - \ For customers who have previously subscribed for
$2.70 1| —=— PREV6 Actual average price = — between one and six months, the reacquisition price
g $250 /& is $1.95 per week for recently lapsed individuals and
B s230 r $1.70 per week for those who have not purchased
;E‘ $2.10 // in six months. For customers with greater than six
2 si00l— > / months of cumulative subscribing, the reacquisition
51701 / . / price is $2.20. The three paths converge to the full
o150 price of $2.80 by the customer’s third renewal.

-12 -6 0 6 12
Tenure in months
(negative indicates lapsed)

Note. These price paths are created assuming costless solicitations. If solic-
itations are assumed to cost $2 per call, the policy is not to solicit (and
therefore not offer discounts to) customers who have lapsed more than a
few months.

customer states ranging from 12 months since sub-
scription lapse to 12 months or more of consecutive
purchase. Also, Figure 1 includes paths for each of
the three previous cumulative buying classifications
(PREVO, PREV6, and “greater than six months”). For
reference, the figure includes the actual average prices
charged to customers with different purchase tenures.

The display of optimal pricing policies is compli-
cated by the problem’s dimensionality. Prices are a
function of current time of tenure or time since sub-
scription lapse, total previous purchasing duration,
and previous price paid. The price paths displayed
assume that customers pay the highest previous price
specified and are acquired via the advocated acquisi-
tion policies. For example, at the first renewal point it
is assumed that customers are paying the price speci-
fied for recently lapsed customers (L;, < 3) rather than
the price offered to long-term lapsed customers.

For pure prospects (PREV0;, = 1), the prices range
from $1.70 for customers who have not purchased in
more than a year (or who have been in the database
for a year without ever having purchased), $2.20
for customers at first renewal, $2.60 for the second
renewal, and a full price of $2.80. The price paths

The preceding results are generated under an
assumption that the firm employs an extended plan-
ning horizon. Alternatively, the firm could use a
shorter or a transactional objective function. Under a
transactional objective, the firm’s goal is to maximize
the contribution provided by the current subscription.
This amounts to discounting revenue streams beyond
the current subscription period to zero.

When the optimization is performed using a finite
three-month time horizon, it yields a policy of rel-
atively high prices. The price path begins at $2.30
for the least promising segment and reaches a full
price of $3.15. Compared to the infinite-horizon pol-
icy, the suggested policy recommends prices 35%
higher for the worst prospects ($2.30 versus $1.70),
25% higher for recently acquired customers ($2.75 ver-
sus $2.20), and 12.5% higher for long-term subscribers
($3.15 versus $2.80).

5.2. Customer Valuation

In addition to determining dynamic marketing poli-
cies, a key feature of the DP approach is that it pro-
vides an improved method for calculating customer
value by allowing attrition and revenue to be func-
tions of the marketing mix. Table 5 provides customer
value estimates for a variety of transaction histories.
The column, labeled “Optimal,” lists the estimated
values when the optimal pricing strategy detailed in
Figure 1 is used. The estimates range from $0.60 for
a customer who has not subscribed in a year or more
to $46.71 for a customer who has purchased for at

Table 5 Customer Lifetime Value Estimates
Optimal 3 price ($1.80, AVG. 2 price * 1 price
Population Time as subscriber (Figure 1) $2.40, $2.80) ($2.20, $2.80) ($2.80)
37% Lapsed 12 months $0.60 $0.53 $0.35 $0.12
16% Lapsed 9 months $2.47 $1.98 $1.02 $0.42
19% Lapsed 3 months $4.29 $4.01 $2.25 $0.83
13% Tenure 3 months $30.63 $30.51 $29.17 $31.96
6% Tenure 9 months $41.46 $39.43 $37.77 $36.54
10% Tenure 12 months $46.71 $45.83 $42.78 $42.47
Average CV $12.28 $11.89 $10.77 $10.50
versus AVG 2 price schedule* 13.9% 10.3% — —2.6%

*The estimates of CV are point estimates. The establishment of confidence intervals is not straightforward, because the estimates
are a function of the complete set of parameters.
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least a year. These estimates are forward looking and,
in the case of a positive tenure (E, > 1), assume that
customers are at the point of subscription expiration.
Also, the estimates are a function of both the cus-
tomer’s state and the price offered. For a long-term
lapsed customer, the offered price is $1.70 per week
and the CV is $0.60 while the CV of $46.71 for a
long-term loyal customer is based on an offered price
of $2.80.

The cost of using nonoptimal policies is easily eval-
uated using constrained versions of the optimization
model. For the policies reported thus far, the opti-
mal policy is not limited in the number of discount
levels allowed. The optimal policy given in Figure 1
calls for three discount levels ranging from about 40%
for the least promising customer class to a 20-cent
weekly discount for customers who have previously
purchased for six months.

Table 5 illustrates the effects of increasingly re-
stricted policies on CV. The column labeled “3 price”
is the optimal pricing schedule when the optimiza-
tion model is restricted to two price increases ($1.80,
$2.40, and $2.80 per week). The two-price policy cor-
responds to the modal price points actually used, and
the one-price policy is simply the full price advo-
cated by the optimization model. As the degree of
restriction increases, the effect on long-term value
becomes particularly severe for lapsed customers. For
customers who have not purchased in a year, the
restriction to three prices reduces CV by 11.7% while
restriction to a single price yields a CV of just $0.12.
For current customers, the impact of more restrictive
policies is also significant. Under the optimal policy,
the CV of long-term subscribers is $46.71 compared
to $45.83 under the three-price policy, $42.78 for the
two-price policy ($2.20 and $2.80), and $42.47 for the
single-price policy ($2.80).

The fact that the table includes instances where
it appears the optimal policy does not strictly dom-
inate the restricted policies merits explanation. For
example, the estimated CV for a three-month sub-
scriber is $31.96 under the single-price policy and
only $30.63 under the optimal policy. This difference
occurs because the more restrictive policy charges a
higher price to lapsed customers, and the table does
not reflect the previous price dimension of the opti-
mal policy. For the single-price policy, the table gives
the CV for a customer acquired at a price of $2.80,
while the table lists the CV of a customer acquired
at $1.70 who at the completion of the initial subscrip-
tion is offered a renewal price of $2.80. The optimiza-
tion procedure does provide the price to be charged
and the accompanying CVs for a customer acquired
at a price of $2.80, but this is not reported in the
table. The CV estimates and price paths for the opti-
mal policy are reflective of results of all customers

being acquired using the recommended policies. From
another perspective, the higher CVs associated with
more restrictive policies would be achieved at the cost
of acquiring fewer customers.

Assuming that the data sample is representative of
the overall population, it is possible to compare the
various policies” impact on the firm’s customer equity.
The first column in Table 5 gives the proportion of
each transaction history type in the sample at the
start of the data-collection period. Using the two-price
policy as a base case, the optimal policy improves
the value of the overall customer equity by 13.9%,
the three-price policy leads to an increase in equity
of 10%, and a restriction to a single price results in
a 2.6% decline. Note, however, that if the population
were comprised only of prospective and lapsed cus-
tomers, the one-price policy would reduce customer
equity by more than 50%.*

6. Discussion

In this paper, we compute relationship pricing
strategies that optimize CV. The structure of the
recommended pricing strategy should be of particular
interest to firms that manage subscriber relationships.
For our application to newspaper subscriptions, the
procedure recommends the use of multiple discount
levels. This conclusion contrasts with the current
practice of using single steep, short-term discounts
and then charging all customers the same regular
price. However, while deviating from current practice,
our findings are consistent with magazine industry
reports that a series of diminishing discounts is more
effective than a single steep discount (Barboza 1993,
Freedman 1997).

The analysis is also relevant to the ongoing debate
about the relationship between customer loyalty and
profitability. In contrast to Dowling and Uncles (1997)
and Reinartz and Kumar (2000), who argue that the
link between length of purchasing and profits is small,
our results are consistent with Reichheld and Teal
(1996) and suggest purchase feedback effects exist and
can be exploited to increase profitability. These dif-
ferent findings may be due to the categories studied.
In contrast to the categories studied by Dowling and
Uncles, the firm under study has direct relationships
with customers and can customize prices.

Finally, a potential limiting factor for this type
of individual-level marketing is the possible adverse
reaction of loyal customers to the offering of discounts
to prospects. Our proposed policies involve extensive
use of this type of price discrimination. Feinberg et al.
(2002) find that loyal customers react negatively when

* A sensitivity analysis of the relationship between CV and a five-
cent incremental price increase across all relationship stages is pre-
dicted to decrease customer equity by 1.8%.
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prospects are offered discounts. The intuitiveness of
this laboratory result contrasted with the prevalence
of price discrimination in practice leaves this as an
open and important research issue. Another issue that
merits further research is the effect of using a series of
decreasing discounts. While researchers have found
that introductory discounts can have adverse effects
on repeat purchasing (see Neslin 2002), there is lit-
tle work that examines psychological response to a
sequence of diminishing discounts.
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