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Abstract

This paper investigates the impact of one-to-one marketing activities on pro�tability for
an online grocery and drug retailer. Like most direct marketers, the �rm in question
uses several promotional instruments, including a loyalty program, email based coupons,
and free shipping, each o¤ering di¤erent incentives to the customers. We investigate
the impact of customizing these promotion incentives on the two most important con-
sumer decisions: decision to buy from the store and expenditure. Our modeling approach
accounts for two sources of heterogeneity in consumer�s responsiveness to various market-
ing mix elements: cross-sectional di¤erences across consumers and temporal di¤erences
within consumers based on the purchase cycle. The model parameter estimates are fed
into a dynamic programming model designed to determine the optimal number, sequence,
and timing of promotions to maximize retailer pro�ts. A series of policy simulations show
that customizing promotions leads to a signi�cant increase in pro�ts relative to the �rm�s
current practice of uniform promotions. However, the e¤ectiveness of various promotions
varies due to both cross-sectional di¤erences in consumers as well within consumer het-
erogeneity due to purchase cycle factors. For instance, we �nd that free shipping tends to
be the preferred instrument for re-acquiring lapsed customers while an across the board
price cut (via a discount coupon) is the most e¤ective tool for managing the segment of
most active customers. Interestingly, the decomposition of pro�ts show that customiz-
ing based on within customer temporal heterogeneity contributes more to pro�tability
than exploiting variation across consumers. This is important because the computa-
tional burden of implementing the dynamic optimization to account for cross-sectional
heterogeneity is far greater than accounting for temporal heterogeneity. Furthermore,
targeting promotions based only on timing rather than the nature and magnitude of the
o¤ers across consumers alleviates public relation risks of price discrimination. Implica-
tions for marketing managers are discussed.
Keywords: CRM, One-to-One Marketing, Promotions, Dynamic Programming, Het-

erogeneity, Database marketing



Dynamic Customer Management and the Value of One-to-One
Marketing

1 Introduction

Much of the promise of customer relationship management (CRM) is that by under-

standing individual-level behavior, �rms will be able to re�ne and customize marketing

tactics to increasingly �ne segments or even to individual customers (Peppers and Rogers

1993). The development of customer databases and associated communication technolo-

gies (Xie and Shugan 2000) has enabled �rms to move beyond uniform marketing policies

and begin implementing customized marketing strategies. This coincides with a grow-

ing body of empirical research focused on the development of individual-level marketing

policies (Zhang and Krishnamurthi 2004; Rust and Verhoef 2005; Lewis 2005). While

CRM systems have become increasingly prevalent, in many cases �rms have been unable

to convert the individual-level customer data into actionable and pro�table marketing

policies. This creates signi�cant uncertainty and concern about the economic bene�ts of

these systems (Rigby et al. 2002).

Our objective in this paper is to explore the bene�ts to a retailer from customizing

promotions based on individual level information. We estimate a joint model of pur-

chase incidence and expenditure to identify the impact of various promotion incentives

on purchase decisions. Our modeling approach accounts for two sources of heterogeneity

in responsiveness to promotions: cross-sectional di¤erences across consumers and tem-

poral di¤erences within consumers based on the purchase cycle. The model parameters

are used in a dynamic programming model designed to determine the optimal number,

sequence, and timing of promotions to maximize retailer pro�ts. We conduct a series

of policy simulations to show the impact on pro�tability from accounting for di¤erent

sources of heterogeneity when determining the optimal policies. Our main contribution

is the quanti�cation of the bene�ts from customization in terms of pro�tability, and the

decomposition of the marginal gains in pro�tability from accounting for di¤erent sources

of consumer heterogeneity.

The data for our study comes from an online retailer specializing in non-perishable

grocery and drugstore items. In addition to customer transaction histories, we observe

the �rm�s marketing promotions which include discount coupons, free shipping o¤ers

and a reward program. Our data is well suited to studying multiple promotions policies

because these promotional instruments each provide di¤erent consumer incentives. The
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"value" of savings with a percentage o¤ coupon is determined by the customer who can

scale it by increasing purchase amount, while a free shipping promotion removes a con-

stant transaction cost. In contrast, reward programs provide incentives for concentrating

purchases over time. The sensitivity to various promotions is likely to vary due to dif-

ferences across consumers as well as within consumer due to purchase cycle factors. For

example, some consumers may be more responsive to straight price discounts while others

may respond more readily to a loyalty program that provides incentives for cumulative

purchasing. Yet another group of customers may be most responsive to a "free shipping"

promotion that mitigates the e¤ect of nonlinear shipping fee schedules (Lewis, Singh and

Fay 2006). In terms of promotion timing, a promotion sent to all customers at the same

point in time ignores the fact that customers may respond di¤erently depending on the

duration since last purchase. If a customer has recently made a large purchase, the

response to a promotion may be very di¤erent than if a longer duration has elapsed since

previous purchase.

To identify the impact of the promotions on purchase behavior, we estimate a joint

model of purchase incidence and expenditure. We model the household purchase decision

using a discrete-choice framework with time-varying coe¢ cients (Gupta 1991, Wedel et

al. 1995). Conditional on purchase, in-store expenditures are modeled using a semi-log

speci�cation that has been used extensively in marketing (see Blattberg and Neslin 1990).

Our modeling approach accounts for cross-sectional variation in responsive to di¤erent

types of promotions and within-customer temporal heterogeneity due to purchase-cycle

factors. We use a hierarchical Bayesian estimation approach that allows the full set of

model parameters to vary across consumers due to both observed (e.g. demographics)

and unobserved factors (Allenby and Rossi 1999).

We �nd distinct e¤ects of each promotion on purchase incidence and expenditures.

For increasing purchase incidence, the discount coupon is more e¤ective than a free

shipping o¤er immediately after purchase. As time since previous purchase increases,

the free shipping o¤er is the preferred instrument for re-acquiring lapsed customers.

The reward program is less e¤ective in increasing purchase incidence than both the free

shipping and the coupon o¤er, and responsiveness to all promotions is higher for more

active customers. For the expenditure decision, the free shipping o¤er tends to reduce

the basket size while the discount coupon tends to increase it. Surprisingly, the e¤ect of

the reward o¤er on basket size is negligible. These �ndings are important because while

each promotion type increases purchase incidence, the e¤ect on expenditure varies and

may be negative. Furthermore, response to the promotions is not static but varies with
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time since previous purchase.

The observed heterogeneity in promotion response suggests the �rm can bene�t

from customizing promotions at the individual level. Cross-sectional heterogeneity in

response to di¤erent promotions can be exploited by customizing the particular promotion

a customer will receive. The temporal dimension of heterogeneity can be exploited by the

timing of the promotion within a customer�s purchase cycle. To determine the optimal

sequence and timing of promotions, we develop a dynamic programming model (Lewis

2005, Simester, Sun and Tsitsiklis 2006) of the �rm�s promotion decision problem. We

then conduct a series of policy simulations in which we sequentially account for additional

sources of heterogeneity in the dynamic optimization model. This allows us to identify

the marginal pro�ts from increasing levels of customization and quantify the gains from

accounting for temporal and cross-sectional heterogeneity. In addition, we decompose the

pro�tability increase into sources due to the impact on purchase incidence, expenditure,

and cost reduction.

As expected, we �nd that customized promotions yield large increases in revenue and

pro�ts relative to uniform promotion policies. Interestingly, the bene�ts from account-

ing for temporal heterogeneity exceed the increases from accounting for cross-sectional

heterogeneity. This is important because incorporating cross-sectional heterogeneity is

far more computationally intensive since it requires that the dynamic optimization prob-

lem be solved at the individual customer level. This is also an important managerial

�nding as o¤ering di¤erent promotions to di¤erent customers is controversial (Hamilton

2001). Customized marketing instruments are likely to be more palatable if a �rm o¤ers

similar promotions to all its customers but only manipulates the timing of the o¤ers.

Nevertheless, pro�ts are highest when both sources of heterogeneity are considered but

implementing this is computationally intensive as the dynamic optimization model has

to be solved for each individual. An alternative approach is to conduct the dynamic

optimization at the segment rather than individual level. We �nd that this approach

signi�cantly reduces the computational burden whilst retaining signi�cant pro�tability

gains from incorporating both sources of heterogeneity.

Our paper contributes to a growing literature (Zhang and Krishnamurthi 2004; Lewis

2005) on dynamically customized promotions. Zhang and Krishnamurthi create three

week price discount schedules for category level promotions to optimize a brand�s prof-

itability while Lewis uses a dynamic programming approach to develop lifecycle pricing

policies to maximize lifetime value of newspaper subscribers. The key distinction of our

research is that we utilize individual level coe¢ cients to evaluate the bene�ts of optimiz-
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ing at the level of individual customers. This allows for a comparison of the bene�ts of

developing true one to one policies relative to segment level policies. Furthermore, our

research considers multiple promotion types beyond price discounts. This is an impor-

tant distinction because these promotions are structurally di¤erent and o¤er di¤erent

incentives which can alter di¤erent elements of consumer behavior.

More generally, our results should be of interest to academics and practitioners con-

cerned with CRM issues. Previous research in direct marketing has investigated models

for selecting prospects (Bodapati and Gupta 2004; Bult and Wansbeek 1995), examined

the role of consumer expectations (Gonul and Shi 1998) and measured the e¤ect of loy-

alty programs (Lewis 2004). We add to this literature by adopting a multiple-campaign

orientation that considers both cross-sectional and temporal heterogeneity in response.

There is also a body of work focused on using customer information to target customers

(Heilman, Kaefer and Ramenofsky 2003; Rossi, McCulloch and Allenby 1996). Our work

adds to this literature by quantifying the value of tracking and acting on both unobserved

preference heterogeneity and observed transaction history measures. Since our purpose

is to demonstrate the pro�tability implications for the retailer from customization, our

work is also related to research focused on the linkage between marketing actions and

�nancial outcomes (Anderson et al. 2004; Kamakura et al. 2002; Rust et al. 2000; Gupta

et al. 2004).

The remainder of the paper is organized as follows. The next section describes our

data and the �rm�s marketing tactics. Section 3 details the purchase incidence and expen-

diture model and estimation results. The dynamic programming model and optimization

results are discussed in Section 4. Section 5 concludes the paper with a discussion of man-

agerial implications, limitations to our research and areas for future inquiry.

2 Customer Data and Firm Marketing Practices

For the empirical analysis, we use data provided by an online retailer specializing in non-

perishable grocery and drugstore items. The data set contains records of all customer

transaction histories and extensive data related to the �rm�s marketing policies through

the �rm�s �rst 14 months of operation. For estimation we draw a random sample of

1,500 customers. From this we delete households with missing information and those

with only one purchase (at least two purchases are needed to compute inter-purchase

times), giving us a sample size of 1,261. Table 1 provides summary statistics of purchase

behavior for the sample. The average order size for the sample members is $58, and
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the typical basket contains more than twenty items. The average inter-purchase time is

approximately �ve weeks. For the timing aspects of the analysis we use a week as our

unit of time. The selection of a weekly period is based on the �rm�s marketing practices

(promotional pricing, e-mail communications, etc.) which vary on a weekly cycle.

Several individual transaction history measures are used in the analysis. Time du-

ration since last purchase, previous purchase amount and purchase frequency rate are

used in the purchase incidence model to account for possible inventory and attrition ef-

fects. The amount of previous purchase and time since previous purchase are also used

as covariates in the expenditure model. In addition to these measures, we also track

consumers�cumulative past spending. This measure is used to track how close customers

are to earning loyalty-based rewards. Finally, the contents of baskets are used to infer

demographic traits. For example, the inclusion of products such as dog food is taken as

evidence that a household possesses a pet. Similarly, we also used purchases in speci�c

categories to make judgments about whether a household contains a baby or children.

We use several variables to describe the retailer�s promotional activities. Table 2a

summarizes the covariates used in the purchase-incidence and expenditure models and

table 2b shows the correlations. There is no evidence of signi�cant correlation between the

various marketing activities. We de�ne the variable PRICE as a summary measure that

tracks the attractiveness of weekly price levels and item-speci�c promotional activity.

Intuitively, the store�s price environment should impact the probability of a customer

ordering and may in�uence order sizes. However, the magnitude of items o¤ered by the

�rm makes it di¢ cult to determine a summary measure of pricing activity. The data set

includes information on more than 14,000 distinct products that are classi�ed into several

hundred categories. Previous papers that focus on modeling basket size have used all

prices for a group of salient categories (Bell and Lattin 1998) or constructed a measure

designed to re�ect the prices of a given household�s consideration set (Dreze et. al.

2004). The construction of a measure that re�ects the consideration set is appealing but

is not feasible given our data and goals. For many low volume items, price histories are

relatively incomplete. Our strategy is therefore to rely on an aggregate measure designed

to capture the overall price environment of the store on a given day. Our procedure

involves the identi�cation of the top 100 items in terms of unit sales over the entire data

collection period. The price variable is the log of basket price of these 100 items each

week. The average price of products in the index is $1.92. This measure was selected

from a variety of tested measures that used di¤erent numbers of products and counts

of the number of promotions and seems to provide an adequate measure of the overall
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pricing environment.

In addition to standard short-term, item-speci�c discounts, the �rm used a variety of

other promotional instruments. These include discount coupons, free shipping o¤ers and

a loyalty-based reward program. These three promotions each possess unique charac-

teristics that may di¤erentially in�uence individual consumers in terms of incidence and

quantity decisions. We next elaborate on the design of each promotion and the variable

used to capture its presence.

The �rst distinctive promotion involved the distribution of coupons that o¤ered a

10% discount on a purchase made in a speci�ed week. These were delivered by e-mail

to the entire customer base rather than targeted to speci�c individuals. COUPON is a

binary variable that indicates the availability of a discount coupon during the week. Each

coupon could be redeemed over a two-week period. If the coupon was redeemed in the

�rst week itself, the variable takes a value zero in the following week for that household.

A coupon was available to customers for 10% of the time horizon. Over the course

of the data-collection period, the �rm experimented with several di¤erent shipping and

handling fee policies. During the time period we focus on, the base shipping schedule

charged $2.99 to ship an order of less than $50 of merchandise and $4.99 to ship an order

of $50 or more. FREESHIP is an indicator variable for a free shipping o¤er during a

week. The free shipping o¤er was available to customers for 7% of the time horizon. The

discount coupon and free shipping were non-overlapping promotions o¤ered at irregular

intervals.

The �rm also used a loyalty program that rewarded customers based on cumulative

expenditure over time. The loyalty program provided customers with 500 frequent �ier

miles at the airline of their choice when a consumer spent $1,000 in a twelve-month period.

Subsequent rewards were o¤ered when consumers reached cumulative spending levels of

$1,500 and $2,000. To capture the impact of the reward program, we create a measure of

closeness to achieving the required expenditure for the reward. REWARD is computed

as the 1/ln(dollar expenditures required for reward). This measure is low when the goal

is very far and increases as the goal approaches. We expect that proximity to achieving

the threshold for the reward will have a positive impact on the purchase incidence and

expenditure decision. The average value of this measure over the observation period was

.16, which corresponds to an average distance from the reward goal of $471.

The free shipping, the discount coupons and the loyalty rewards each possess unique

characteristics. The base shipping schedule includes elements of nonlinear pricing that

may have both positive and negative e¤ects on order-size decisions. The discrete jump
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in the shipping fee from $2.99 to $4.99 at the $50 threshold may restrain order size by

penalizing orders exceeding $50. However, the base shipping fee also involves a structure

that provides quantity discounts. As orders grow larger past the $50 level, the percent-

age impact of the shipping surcharge diminishes. The free shipping o¤er removes these

nonlinear pricing structures. Therefore, while free shipping is expected to increase order

incidence, it is not clear what the overall e¤ect will be on order size. The discount

coupons provide the consumer an opportunity to de�ne the value of the promotional of-

fer. For example, a 10% discount translates to a savings of $10 on a $100 order but only

$2.50 on a $25 order. This type of promotion may therefore increase both incidence and

order amount. The loyalty program promotion operates as a dynamic incentive scheme.

By operating as a function of cumulative expenditure, the loyalty program can in�uence

behavior over an extended time horizon rather than at just a single purchase occasion.

In the empirical application, we account for the retailer�s costs to evaluate the prof-

itability of the retailer�s actions and promotion strategies. The retailer�s reported average

margin across products, approximately 25%, is used to compute pro�tability based on

purchase amount. Note however that the margin will vary with the basket contents for

each customer. The lack of availability of more detailed margin information is a draw-

back particularly if the impact of promotions is to shift the content of baskets. Ideally,

a promotion will shift purchases towards higher margin products, in which case the prof-

itability of promotions will be underestimated. We should also note that even if we had

the margin data for each item, it would be di¢ cult to incorporate this information as it

would require tracking and predicting basket contents which is very di¢ cult to do given

the large number of products o¤ered.

We also consider costs that are speci�c to each promotion. The cost of the coupon

promotion is the redemption cost. Shipping costs and revenues are likely impacted by

the free shipping promotion. The retailer contracted with an outside shipping �rm to

handle its order delivery. The shipping cost paid by the retailer to the shipper ranges

between $6.57 and $9.89 depending on the order size. The retailer subsidized the shipping

to consumers even when there was no free shipping o¤er. For the reward o¤er of 500

frequent �yer miles, we assume a cost of $10 based on the industry average of 2 cents per

mile for partner programs. The �rm o¤ered the promotions to customers through e-mail.

In addition to the promotions, the �rm used weekly e-mail communications and ban-

ner advertising to promote itself. We use information on banner advertisement activity

on four major web sites: AOL, Excite.com, iVillage.com and Yahoo. The variable BAN-

NER AD takes on values between 0 and 1 indicating whether there was a banner ad
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placed on one or more of these web sites. With this information we do not know whether

the customer was actually exposed to the banner, so it enters as a control variable rather

than a focal promotion. It would be more appropriate to capture the impact of banner

advertisements with individual-level browsing data, however the retailer did not track

this type of information. Also, because the �rm used weekly communications to existing

customers, whether the level of banner advertising will have an e¤ect on the behavior of

existing customers is an open question.

There are two key limitations of the data. First, we do not observe information

on competitor activities. This is a general problem with almost all datasets in the CRM

world. The problem is magni�ed here since the sources of competition include other

online grocery stores as well as brick-and-mortar grocery retailers. For example, for a

frequent shopper database in an o ine world, one could still incorporate competition to

a certain extent by collecting competitor information in say a 3 or 5-mile trading area,

which is not feasible in the current setting. This missing information is econometrically

problematic to the extent that the promotion activities of competitors are correlated

with the retailer�s promotion activities, which is unlikely to be the case here since the

promotions are o¤ered by e-mail and the sources of competition are broad. The second

limitation is that we do not observe when a customer browses the website but does not

make a purchase. This is a general problem with all such data sets including direct

marketers and o ine retailing. Note that our application is based on all the information

that a manager of this �rm would observe, and hence all decisions need to be implemented

based on the available data.

3 Purchase Incidence and Expenditure

3.1 Model

We begin with a description of our joint model of purchase incidence and expenditures.

Over the past two decades, a number of models have been proposed to study the purchase-

timing decisions of households (see Seetharaman and Chintagunta 2002 for a recent re-

view). The majority of the empirical studies in marketing have used the proportional

hazard model to characterize the purchase-timing behavior of households either in con-

tinuous time (Jain and Vilcassim 1991, Chintagunta and Haldar 1998) or discrete time

(Gupta 1991, Helsen and Schmittlein 1993). For our application, a discrete-time formu-

lation is more appropriate because it allows us to explicitly account for the marketing

activity in periods when households do not make a purchase. For example, one of the
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issues of interest to us is the impact of di¤erent shipping-fee schedules on purchase prob-

ability. We want to be able to capture the impact of shipping charges on not only

actual purchase occasions, but also in the periods when households decide not to make

a purchase.

In each time period, the individual decides whether to make a purchase. Let Ui(t) be

the utility for individual i from making a purchase from the store in period t. Assume

that

Uit = X
0
it�it + "it; t = 1; : : : ; Ti: (1)

Here Xit is a vector of time-varying covariates a¤ecting utilities. This vector can include

store-speci�c time-varying marketing mix variables such as price, presence of a discount

coupon and the shipping and handling fee schedule, as well as customer speci�c variables

such as status in a loyalty program and demographics. We de�ne Dit as one when Uit > 0

and zero otherwise.

The model in (1) implies a model for purchase times. Suppose we observe a purchase

duration of length t1, followed by a purchase duration of t2. These durations then have

likelihood

Pr(Ti1 = t1; Ti2 = t2j�t1+t2i ; X t1+t2
i ) =

n t1�1Y
t=1

Pr(Dit = 0jXit; �it)
o
� Pr(Dit1 = 1jXit1 ; �it)�

n t1+t2�1Y
t=t1+1

Pr(Dit = 0jXit; �it)
o
� Pr(Di;t1+t2 = 1jXi;t1+t2 ; �i;t1+t2):

(2)

where �t1+t2i is the entire time path of coe¢ cients up to T , i.e., �Ti = f�i(t)gTt=1, and
similarly xt1+t2 is the entire path to T for the covariates, xt1+t2i = fxitgt1+t2t=1 .

In order to obtain an estimable model, we need to restrict the �it coe¢ cients. A �rst

simpli�cation is to partition the vector of covariates X 0
it into X

0
1it, with individual speci�c

time-varying coe¢ cients �1it, and X2it;with individual speci�c time-invariant coe¢ cients

�2i.

Uit = X
0
1it�1it +X

0
2it�2i + "it; (3)

A simple model allowing for duration dependence and heterogeneity in the coe¢ cients

�1it is of the form

Uit = X
0
1it�1if(� t) +X

0
2it�2i + "it; (4)

where � t is time since last purchase, f(�) is a known vector function which can be as
�exible as needed to capture the dynamic nature of the parameters, �1i is a matrix and
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�2i is a vector of individual speci�c coe¢ cients. Assuming "it is iid standard normal, this

structure implies that the probability of purchase at time t conditional on last purchase

� t days ago is

Pr(Dit = 1j�i; � t) = �
�
X 0
1it�1if(� t) +X

0
2it�2i

�
: (5)

This is the hazard rate induced by (3) and captures the notion of individual-speci�c

hazard. We consider several simple yet �exible speci�cations of f(� t) that are discussed

below.

To model expenditure conditional on purchase incidence (Boatwright, Borle and

Kadane 2006), we use a semi-log speci�cation. In particular, let Eit be log expendi-

tures for individual i in time period t (which is zero unless Ui(t) > 0):

Eit = X
0
e;it�i + uit (6)

where uit � N(0; v�1i ) andX 0
e;it is a vector of covariates such as basket price, availability of

coupon, and shipping and handling charges. The coe¢ cients in the expenditure equation

(like the purchase time equation) are allowed to be individual speci�c. Let �i = (�i; �i)

be the full vector of coe¢ cients from the purchase incidence and expenditure equations.

We assume that �i follows a multivariate normal distribution with a mean vector �Zi
and covariance 
 :

�ij�; Zi � N(�Zi;
); (7)

where Zi is a vector containing household characteristics (such as demographics) that

explain di¤erences in sensitivity due to observed factors.

For inference, we use a hierarchical Bayesian approach. In particular, we use a Markov

Chain Monte Carlo procedure to simulate the posterior distribution of the model parame-

ters and to compute household-level estimates of preferences. Details of the estimation

algorithm are provided in the appendix. Bayesian procedures have become quite stan-

dard in the literature and, as discussed in Allenby and Rossi (1999), are well suited for

these models, especially when one is interested in making inference at the individual level.

Next, we discuss the criterion for model selection and present the parameter estimates.

3.2 Results

3.2.1 Model Selection: In-Sample Fit and Predictive Performance

The function f(�) in equation (4) captures the underlying dynamic nature of the response

parameters. To select the speci�cation for f(�), we consider over twenty alternative com-

binations of the vector (1; � ; ln(�); � 2)0, and allow f(�) to be unique to the intercept -
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fi(�) - and the promotion response parameters � fp(�). Of the 56 weeks of purchase

history available, the model was estimated with the �rst 50 weeks and the remaining 6

weeks were used for predictive testing. Model selection is based on the in-sample �t and

predictive performance measures reported in Tables 3 and 4. For the purchase incidence

model, we compute four performance measures. (1) Mean absolute deviation (MAD) is

computed as the mean absolute value of the di¤erence between the purchase indicator

vector and the predicted probability. (2) Hit rate is computed as the percentage of time

the observed choice has the highest predicted probability (i.e. >.5). (3) Purchase hit rate

is computed as the percentage of time that purchase incidence is correctly predicted. (4)

Non-purchase hit rate is computed as the percentage of time that non-purchase occasions

are correctly predicted. For the purchase amount decision, we compute the MAD by

taking the average absolute value of the di¤erence between actual purchase amount and

purchase amount predicted by the model.

Tables 3 and 4 report the �t statistics of a selected subset of the alternative speci�ca-

tions considered. A brief description of the speci�cations shown in these tables follows.

The baseline (1) represents the most restrictive case where we do not allow for any pa-

rameter dynamics so that fi(�) = fp(�) = (1). Models (2)-(5) demonstrate various

speci�cations of fi(�) whilst restricting fp(�) = (1). Based on performance measures,

speci�cation (3) - fi(�) = (1; � ; ln(�)) -best captures the dynamics of the intercept. Mod-

els (6)-(10) show alternative speci�cations of fp(�) where fi(�) = (1; � ; ln(�)). Although

we considered many more speci�cations, we report the performance of a limited set due

to space considerations.

First we discuss the performance measures of models (1)-(5) where the focus is on

the speci�cation of fi(�) and we restrict fp(�) = 1: The results in Table 3 show that the

in-sample performance of the base model and model (5) are best in terms of purchase

probability and amount MAD as well as overall hit rates. However, a closer examination

of the results shows that this is achieved by over predicting non-purchases. Since most

of the observations are weeks in which individuals make no purchase, it is possible to

achieve high hit rates by always predicting no purchase. The non-purchase hit rate for

these models is over 90%, but the purchase hit rate is very low. This highlights the

importance of looking beyond aggregate performance measures to assess model �t. The

performance measures for the holdout data (Table 4) are similar. Model (3) has the better

performance both in-sample and in the holdout data, re�ected in high purchase (59%) and

non-purchase (62%) hit rates, and the purchase probability (0.23) and purchase amount

(12.62) MAD. In models (6)-(10), we consider alternative speci�cations of fp(�) with
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fi(�) = (1; � ; ln(�)). Models (9) and (10) have the lowest purchase probability and spend

MAD and highest overall hit rates. However once again it is at the expense of the purchase

hit rate which is very low. We select model (7) since it dominates on both purchase

(68%) and non-purchase (69%) hit rates and has reasonable predictive performance in

the holdout data. In what follows, we discuss the results based on estimation of model

(7) where fi(�) = (1; � ; ln(�)) and fp(�) = (1; ln(�))1:

3.2.2 Parameter Estimates

The estimation results are shown in Table 5 for the purchase incidence model and Table 6

for the expenditure model. The �rst two columns report the estimated population mean

and standard deviations, followed by the e¤ect of demographic variables. The standard

errors are reported in parentheses.

We �rst discuss general model results and then focus on the impact of promotions.

In most cases the demographic variables have insigni�cant e¤ects in both equations.

The overall variance in response parameters (not reported here) accounted for by the

observed demographic variables ranges between 2% and 7% in the purchase incidence

equation and between 2% and 12% in the expenditure equation. All of the standard

deviation parameters, which capture the e¤ect of unobserved sources of heterogeneity,

are signi�cant which re�ects that most of the heterogeneity across households is due to

unobserved factors. This �nding of low explanatory power of demographics is consistent

with previous research (Gupta and Chintagunta 1994, Rossi et al. 1996).

Weekly price levels a¤ect the purchase incidence and expenditure decision in the

expected manner. The price coe¢ cient is negative in both the purchase-incidence (-

1.02) and expenditure (-.55) model so that higher prices decrease purchase incidence and

reduce expenditures. The impact of previous expenditure is negative and signi�cant on

both purchase incidence (-.13) and expenditure (-.28). Since previous expenditure enters

as a log term, we can interpret the parameter estimate from the expenditure model as

an elasticity; so a 10% increase in expenditure reduces the value of the next purchase

by 2.8%. In the expenditure model, the coe¢ cient on ln(�) (.018) indicates a positive

relationship between expenditure and time since previous purchase.

The banner advertising parameters are insigni�cant in both the purchase-incidence

and expenditure equations. This �nding adds to the mixed evidence on the e¤ectiveness

of banner advertising (Sherman and Deighton 2001, Manchanda et al. 2006). However,

1Another option is to allow fp(�) to be unique to each promotion. We use a common fp function to
maintain consistency and facilitate comparison across the promotions.
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we should point out that the e¤ect of banner advertising is more di¢ cult to capture in

our study because actual exposure and click-throughs on banner advertisements are not

observed. In addition, since we focus entirely on the behavior of existing customers who

receive a weekly e-mail communication, the lack of a signi�cant e¤ect is not surprising.

The weekly e-mail communication always provided a link to the retailer�s site and thereby

served as a direct advertisement for the �rm. Incremental tra¢ c from existing customers

due to increased banner advertising appears to be negligible.

Next, we evaluate the e¤ects of the three types of promotions used by the retailer. The

purchase incidence model is structured to measure how the e¤ects of these promotions

vary with recency (time since last purchase) and frequency of purchase. The estimated

coe¢ cients can also be used to compute the implied hazard which measures the probabil-

ity of purchase in each time period given the time elapsed since previous purchase. The

implied hazard is plotted in Figure 1. The baseline measures the purchase probability

when there are no promotions o¤ered. The implied hazard when each promotion type �

coupon, free shipping and rewards program �is o¤ered is also plotted.

Coupon

Figure 1 shows the impact of coupon availability on the hazard implied by the purchase

incidence model. At the population level, the impact of the coupon is most dramatic

within eight weeks after a purchase, after which coupon e¤ectiveness decreases. So if

a consumer has recently made a purchase, the coupon serves as an e¤ective incentive

to induce repurchase but has a limited impact on long-term lapsed customers. The

coe¢ cient on the interaction between the coupon and purchase frequency is positive.

This indicates that the positive impact of the coupon on purchase incidence is increasing

with purchase frequency. For the expenditure equation, we �nd that the e¤ect of the

coupon is positive and signi�cant. After accounting for the discount, the coupon yields

an approximately 12% (exp(0.113)) increase in expenditure.

Free Shipping O¤er

As with many other online retailers, the �rm also employed free shipping as a pro-

motional tool (Courogen 2002). Figure 1 shows that free shipping is not particularly

e¤ective immediately after purchase but becomes more e¤ective as time since previous

purchase increases. In contrast, the coupon was an e¤ective mechanism immediately

after purchase and the e¤ectiveness decreased with time elapsed since previous purchase.

The shipping and discount promotions likely trigger di¤erent responses because their re-

spective structures a¤ect di¤erent aspects of consumer decision making. Free shipping

removes a transaction cost and eliminates an order-size penalty while a 10% discount
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coupon improves the attractiveness of the individual products for sale. The impact of

free shipping is higher amongst frequent shoppers, similar to the outcome for the coupon.

Also in contrast to the coupon, the o¤er of free shipping reduces expenditure by

about 20% (exp(-0.227)). This suggests that with the free shipping o¤er consumers do

not feel the need to order a large basket to justify the shipping cost. The reduction

in expenditures is particularly interesting given the structure of the baseline shipping

schedule. As noted, the base shipping schedule includes a nonlinear, two-part pricing

structure that penalizes orders below $50 but then provides a quantity discount (on a

percentage basis) as order size grows beyond $50. That the elimination of shipping fees

results in smaller orders suggests the order size disincentives play a larger role relative

to the transaction cost aspect of the shipping fee structure that dissuades small orders.

Reward Program

To determine the impact of the reward program, we assess whether consumers ac-

celerate purchasing or increase expenditures as the cumulative buying goal approaches.

Figure 1 shows the implied hazard when consumers are within $50 of reaching the reward

threshold. This is equivalent to o¤ering a reward conditional on purchase and at least

$50 in expenditure. Although the reward program has a positive impact on the proba-

bility of purchase, it is relatively less e¤ective than the other incentives. As time since

previous purchase increases, the positive impact on purchase probability diminishes but

at a slower rate than the e¤ect of the coupon o¤er. This results in the reward o¤er being

more e¤ective than the coupon as weeks since previous purchase increase. As with the

other promotions, reward program e¤ectiveness increases with purchase frequency. The

estimation results do not reveal a signi�cant impact of the reward program on purchase

amount. This is not surprising because our formulation is somewhat underspeci�ed. It

may also be necessary to more fully capture the dynamics of consumer decision making

that occur under a loyalty program with time constraints. In addition to closeness to

the threshold, it may be necessary to include time remaining to earn a reward and si-

multaneously consider multiple decisions since consumers can plan to achieve a reward

over a multiple-week period.

In summary, the results show that promotions (particularly the coupon and the free

shipping o¤er) are quite e¤ective in increasing purchase incidence. However, their im-

pact varies with purchase cycle factors such as recency and frequency of purchase. In

particular, the discount coupon is most e¤ective in the weeks immediately following a

purchase while free shipping is more e¤ective after a lag of six weeks. The e¤ectiveness

of all promotions is increasing with the purchase frequency of the customer. While the
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discount coupon increases expenditures, the free shipping promotion actually reduces

basket size. The reward program has a smaller impact on incidence and no impact on

expenditures.

4 The Value of One-to-One Marketing

Throughout the data collection period the retailer followed a uniform promotion pol-

icy which o¤ered the entire customer base the same promotion at the same time. As

discussed in the previous section, there is signi�cant temporal and cross-sectional het-

erogeneity in response to the di¤erent promotions. This provides an opportunity for the

retailer to improve performance by customizing both the timing and type of promotion

that each individual receives. Conceptually, the goal of one-to-one marketing is to de-

termine individual level marketing policies that maximize pro�tability over time rather

than optimize the value of a given promotional event. To implement this approach,

we develop a dynamic programming model of the �rm�s promotion decision problem.

The model is designed to determine the sequence and timing of promotions to maximize

expected pro�ts over some extended time horizon. We conduct a series of policy sim-

ulations in which we sequentially account for additional sources of heterogeneity in the

dynamic optimization model. This sequence allows us to investigate the marginal pro�ts

from customization and to quantify the gains from accounting for temporal and cross-

sectional heterogeneity. Below we describe the dynamic optimization model, followed

by a discussion of the policy simulations.

4.1 Dynamic Optimization Model

The �rst step in developing a relationship oriented promotions policy is the speci�cation of

an appropriate dynamic objective function. For the general case, customers are classi�ed

into one of s�S possible states according to their speci�c transaction history and the �rm

is assumed to be able to select marketing actions or controls, a, from a set of feasible

actions, A.2 De�ning the single period pro�t function of selecting action a for a customer

in state s at time t as �(st; at), the single period discount factor as �, and the length of

2It should be noted that our analysis focuses only on the development of customized marketing policies
for established customers. The development of policies for new customers or customers with limited
transaction histories presents some additional challenges. In the absence of an extensive transaction
history �rms may wish to make inferences based on demographic measures and use some type of adaptive
or learning based marketing policy (see Sutton and Barto 1998).
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the decision horizon as T , the customer management objective function may be written

as in equation (8). This objective function is the discounted sum of single period pro�ts

over a T period horizon.

max
at�A

E

(
TX
t=0

�t � �(st; at)
)

(8)

The customer management goal is to determine the mapping of marketing policies to

observed customer behavior to maximize equation (8). In our context this amounts to

determining the functional relationship a(st) between customer state st and marketing

promotions a. Speci�cally, the set of actions that we consider includes four options: no

promotion, free shipping, discount coupon and loyalty reward. It should be noted that

while our focus is on the selection of promotions, the model is adaptable to consider other

measures such as overall pricing or customer service level.

The customer management policy �a(st) - is a rule that links observable measures

such as recency and amount of previous purchase with what, if any, promotion should

be o¤ered in a given week. The goal is to select the proper promotional action for all

possible combinations of previous buying levels, time since last purchase, and previous

basket size. We also include past promotional activity as a state variable which allows for

the formulation of policies that limit the number of promotions that a given customer may

receive. For our demonstration we do not consider other variables such as the inferred

demographics that might also be used to describe customer states. Incorporation of these

additional variables is straightforward but computationally expensive.

The �rm�s optimization problem is to select the sequence of promotions that maximize

pro�tability over a speci�ed T period time horizon. For a representative customer, the

solution to the dynamic optimization problem is de�ned in terms of the value function

denoted as V . By de�nition the value function is the greatest feasible expected payo¤

from time t forward, given that the customer�s state at time t is st. The value function

may be given in general equation form as:

V (s0) = max
at�A

E

(
TX
t=0

�t � �(st; at)
)

(9)

At the level of the individual customer, the value function is equivalent to the maximum

expected customer value based on optimal selection of marketing policies.

Thus far the objective function does not include a direct statement of how customers

evolve over time. In equation (9), the value function is written to make the relationship
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dynamics more explicit. In this equation Pr(st+1jst; a(st)) is the probability that a
customer in state st transitions to state st+1 given the current state, st, and the �rm�s

action, at. The transition probabilities are de�ned in terms of the purchase probability

and expenditure models estimated in the previous section.

V (st; a(st)) = E[�(st; a(st))] +
TX

�=t+1

X
s0�S

�� � �(s�; a(s�)) � Pr(s�+1js�; a(s�)) (10)

The �rst term on the right side in this expression is the expected one period pro�t

from applying the selected control to a customer in a given state in the current time

period. The expression for the single period pro�t, �(s�; a(s�)), re�ects the expected

pro�t obtained from a customer in a given week. This expression accounts for expected

revenue and product costs, the impact of any promotions, and the cost of promotions.

For example, if a free shipping promotion is o¤ered then the �rm foregoes any shipping

revenues and absorbs the costs to ship the order.The second term, involving the double

summations, represents the sum of the discounted expected pro�ts for all future periods.

This term includes the transition probabilities through the inner summation over the

potential future states (s0�) of the customer. The outer summation is over future time

periods.

The state space for the optimization is mainly composed of the transaction history

variables that are used in the customer demand model. Speci�cally the state space s(t)

includes the customer�s time since last purchase (recency), the amount of the last pur-

chase, the number of past purchases, the number of weeks in the system and cumulative

spending.3 In addition the state space also includes a history of the �rm�s actions. In

this case we include a state variable that tracks past promotions. This state variable

provides a means for constraining the number of promotions that can be o¤ered to a

given customer. The choice model de�nes the transition structure for state space. For

instance the probability that a given customer makes a purchase de�nes the probabilities

for how recency evolves. For example, if pr(buyjs(t)) is the probability of purchase at
time t with state space s(t) then the probability that the recency level in time t + 1 is

1 is pr(buy) while the probability that the recency level is 1 greater than at time t is

1� pr(buy).
3Two elements of the state space require discretization for the model to be implemented. Cumulative

spending and the amount of the last purchase are by nature continuous variables. Amount of previous
purchase is discretized by rounding to the nearest $25 point. Likewise cumulative spending is discretized
to the nearest $25.
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There are a number of additional decisions that need to be speci�ed in order to

execute the optimization. First the managerial time horizon of the objective function

needs to be speci�ed. For our purposes, we select an 8 week cycle4. This �nite horizon

allows for the dynamic programming problem to be solved via backwards recursion.

Second, any constraints that limit the extent to which promotional policies can vary

across individuals must also be speci�ed within the dynamic programming. There are

two key reasons for imposing constraints. First, since the model is estimated on historical

data the �rm may wish to avoid having the optimization procedure suggest policies that

are far outside the range included in the historical record. Second, the use of one-to-

one marketing policies has the potential to be controversial. For example, Coca Cola

experienced negative publicity for testing vending machines that varied prices based on

the weather (Egan 2001) and Amazon.com came under �re in 2000 when consumers

learned they were paying di¤erent prices for the same DVDs (Hamilton 2001). For our

application, the maximum number of promotions that can be o¤ered is constrained to

two.

A �nal complicating factor in implementing the model is that several of the trans-

action history variables are continuous in nature. To handle this issue, the dynamic

programming model is solved for a subset of the points in the state space. The value

functions for other points in the state space are computed via interpolation (Keane and

Wolpin 1994). We also assume that average prices and banner advertising activity are

constant throughout the decision horizon.

4.2 Customization Scenarios

To measure the bene�t from customization based on di¤erent sources of heterogeneity,

we conduct a series of policy simulations. We consider the following four scenarios:

1. Baseline - No customization

2. Customization based on transacation history; accounts for temporal heterogeneity

only

3. Customization based on transaction history and individual level preferences; ac-

counts for temporal and cross-sectional heterogeneity at the individual level
4The 8 week horizon is intended to provide a su¢ cient time horizon for the dynamic structure to

be meaningful while maintaining computational tractability. The �rm typically o¤ers a promotion once
every month. The 8-week horizon covers two such monthly promotion cycles and represents a reasonable
period over which the �rm can plan and manage its promotions. The 8-week horizon is a balance between
computational tractability and managerial relevance.
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4. Customization based on transaction history and segment level preferences;accounts

for temporal and cross-sectional heterogeneity at the segment level

We use a two-stage procedure to evaluate the outcome under each scenario. First,

we solve the dynamic programming model at the population, segment, or individual

level depending on the scenario. The outputs from the dynamic programming model

are policies that map marketing actions to customer states and the associated values

of these policies. Customer states are based on recency, previous amount, cumulative

buying, and previous number of promotions. The procedure prescribes which promotional

instruments, if any, should be used for di¤erent customer states. Note that in the case of

individual level customization, a mapping of actions to all possible states is generated for

each individual. In the second stage, we use the optimal policies from the �rst step and

the individual level response parameters to run an 8 week simulation for each customer.

This allows us to evaluate the expected outcome from following the prescribed optimal

policies.

For each scenario, Table 7 shows the expected pro�ts and revenues, the number of

purchases, purchase incidence rate, and the average expenditure amount. For compar-

ison, we also show the increase in pro�ts relative to the baseline for each scenario. To

understand how customization drives the gains in pro�tability across scenarios, we de-

compose the incremental pro�ts into three sources: due to increased purchase incidence,

due to increased expenditure, and due to reduced redemption costs. Customization

reduces redemption cost primarily in two ways. First, it reduces the likelihood of tar-

geting customers who will redeem a promotion without changing purchase behavior and

contributing to increased pro�tability. Second, the optimization procedure assigns the

most cost e¤ective policy by considering the revenue gains from a promotion versus the

redemption cost.

1. Baseline - No Customization Traditional promotion practices typically involve

o¤ering the same promotion to all customers in the database simultaneously without

reference to individual customer preferences or transaction history. This scenario mirrors

the �rm�s current uniform promotion policy and establishes a baseline relative to which

the bene�ts from customization can be measured. For this scenario, we evaluate all possi-

ble combinations of promotion type and timing. We use the individual level coe¢ cients to

run an 8-week simulation under all 9 possible combinations of the free shipping, discount

coupon, and loyalty promotion and 28 possible combinations of timing. Expected pro�ts

were highest with a free shipping o¤er in week 1 and a discount coupon in week 6. We
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selected this sequence as it represents the optimal outcome under the retailer�s current

promotion strategy. The expected 8 week revenue from the sample is $100,021, gener-

ating an expected pro�t of $12,987. The purchase incidence rate is 15.6% and average

expenditure is $65.89.

2. Customization based on Transaction History Even in the absence of individual

level response parameters, �rm databases provide an opportunity to customize using

transaction history data. This approach accounts for temporal heterogeneity since the

optimal policy depends on the customer�s state which is determined by purchase cycle

factors. It does not account for cross-sectional heterogeneity since all customers in the

same state receive the same policy. It is consistent with standard direct marketing

techniques which use recency, frequency, and monetary measures to classify customers

and assign promotion policy.

In the �rst stage, we solve the dynamic programming model using the population

level parameters. This gives us a single set of policies which map customer states to

recommended marketing actions. Note that although the dynamic optimization is im-

plemented at the population level, the recommended policies for each week vary across

individuals depending on their state. In the second stage, we use the individual level

response parameters to run 8 week simulations for each individual. The initial policy

for each customer depends on the state space in week 1. Based on customer response to

policy, we update the customer state space (in terms of recency, previous amount, etc.)

and recommend appropriate policy in the following weeks.

With customization based on transaction history only, pro�tability increases to $13,994.

The 7.8% increase relative to the baseline represents the marginal e¤ect of accounting for

temporal heterogeneity. Purchase incidence increases to 16.3% and the average purchase

amount increases from $65.89 to $67.68. The decomposition of the increase in pro�tabil-

ity shows that it is driven primarily by purchase incidence, 61%. Increased expenditure

accounts for 37% and cost reduction accounts for only 2% of the pro�tability increase.

3. Customization based on Transaction History and Individual Level Prefer-
ences The availability of individual level parameters provides an opportunity to account

for both cross-sectional and temporal heterogeneity in response. For this scenario, we

solve the dynamic programming model for each customer using the individual level pa-

rameters. This yields individual speci�c mappings between customer states and optimal

promotion policies. The second stage is the same as in the previous scenario in which we
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conduct the 8 week simulation. Now the recommended policies are both individual and

state speci�c.

With individual level customization, pro�tability increases to $14,700 which is a 13.2%

increase relative to the baseline. Relative to the previous scenario, in which only temporal

heterogeneity was accounted for, the marginal e¤ect of accounting for cross-sectional

heterogeneity is 5.4%. It is interesting that this e¤ect is signi�cantly less than the 7.8%

marginal e¤ect of accounting for temporal heterogeneity. It indicates that more than

half of the bene�ts from individual level customization can be captured by accounting

for temporal purchase cycle factors.

Purchase incidence increases to 17.3% and the average expenditure is $66.57 which is

lower, but not signi�cantly di¤erent, than in the previous scenario. This policy increases

pro�tability by inducing purchases that would not have been made otherwise, rather

than increasing purchase amount. This observation is re�ected in a shift of the sources

of the pro�tability increase. Relative to the previous scenario, the amount accounted

for by purchase incidence increases to 83% from 61%, and the amount accounted for by

expenditure decreases to 9% from 37%. Overall, the e¤ect of customization is to increase

pro�tability. An observation across scenarios is that �ner levels of customization increase

pro�tability primarily by driving purchase incidence rather than increasing expenditure

amount. The contribution from purchase incidence becomes increasingly important as

the level of customization increases, accounting for over 80% of the incremental pro�ts

under individual level customization.

Given the competitive landscape in most retailing sectors, the gains from customized

promotions relative to the baseline are quite signi�cant. If such customization were

costless, then clearly the optimal course of action would be to always use individual level

promotion policies. However, it is important to acknowledge the costs associated with im-

plementing such a policy including warehousing and maintenance of a customer database.

In addition, the level of expertise and the associated cost involved are increasing with

the level of customization. For example, to implement customization using transaction

history requires that the �rm only track that data. To implement customization using

individual level preferences also requires tracking consumer responses to various market-

ing activities. Estimation of individual level parameters for a large customer database

also poses an implementation concern. These parameters can be recovered without much

computational cost using customer demographics and the population level parameters

estimated from a subsample of the database. More importantly, the dynamic optimiza-

tion technique used to develop promotion policy is fairly complex and computationally
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burdensome when implemented at the individual level. For example, a state space with

20 levels of cumulative spending, 20 levels of recency, 10 levels of previous order size

and 3 levels of past promotional activity yields 12,000 distinct states. Given an eight

week time horizon the marketing policy includes 96,000 mappings of promotional actions

to di¤erent customer states and times. In environments with even moderately complex

state spaces or for �rms with millions of customers, the development of true individual

level policies is unlikely to be feasible. For these reasons, we next consider the returns

to the retailer by customizing promotional policies at a segment rather than individual

level.

4. Customization based on Transaction History and Segment Level Prefer-
ences For this scenario, we use a k-means clustering algorithm to segment the cus-

tomers into four groups. Note that this clustering is based on individual level response

parameters as well as transaction measures and thus incorporates both temporal and

cross-sectional dimensions of customer heterogeneity. The main computational advan-

tage of this scenario is that the dynamic programming model is implemented at a segment

rather than individual level. The second stage is the same as before except now the rec-

ommended policies depend on the customer segment and customer state.

With segment level customization, the pro�tability increase relative to the baseline

is 11%. The marginal impact on pro�tability of moving from individual to segment level

customization is a decrease of 2.3%. While not insigni�cant, this loss is relatively small

in magnitude. Although individual level customization yields the highest overall gain

in pro�tability, the value of the 2% improvement over segment level customization must

be traded o¤ against the e¤ort needed to develop individual level policies. It should be

noted that the segment level optimization is still based on individual level information.

Customers are clustered based on similarity in their individual level parameters and

transaction history measures. For this reason, the pro�tability loss from segment level

customization is not very large.

4.3 Type and Sequence of Promotions

The preceding results reveal the potential bene�ts of exploiting individual level hetero-

geneity and transaction history data to set policy. In addition to estimates of pro�tability

our research also yields marketing policy recommendations that provide a contribution

to the limited literature focused on multiple promotions. In this section, we highlight

how customers di¤er in terms of the optimal number, type and sequence of promotions to
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o¤er. The policies discussed in this section are based on the individual level optimization

results, i.e. scenario 3 of the previous section.

The complexity of the state space makes the reporting of the complete policies infea-

sible. The outputted policies do not provide a predetermined multiple week promotion

policy. The policies are developed using an underlying model that captures the proba-

bilistic nature of customer behavior. Therefore the outputted policies are mappings of

(marketing) actions to (customer) states that would be used by continuously updating

the customer�s current state each week and then retrieving the associated action. Our

reporting strategy is to therefore illustrate the policies by reporting summary results from

the individual level policies. We also relate these policies to RFM measures to illustrate

how the recommend policies tend to vary across customers with di¤erent transaction

history pro�les.

First we comment on the number of promotions o¤ered to customers. Overall, 57%

of customers receive no promotion, 27% receive one promotion, and 16% receive two pro-

motions. Given that standard practice is to o¤er promotions universally, the percentage

of people who receive no promotion is fairly high. However, when one considers the vast

di¤erences across the customer base, the number is not surprising.

A key di¤erence between customers who receive one versus two promotions is in

the timing of promotions. The di¤erences are illustrated in �gure 2 which plots the

probability of receiving a promotion conditional on time since previous purchase for one

promotion and two promotion customers. For one promotion customers, the likelihood of

receiving a promotion is higher after four weeks have elapsed since the previous purchase.

For customers receiving two promotions, promotions are prescribed at a much higher

rate between 2 and 4 weeks after a purchase. Customers receiving only one promotion

are responsive to promotions but only after a longer lag since previous purchase. This

illustrates that for some customers it is more pro�table to o¤er a promotion later rather

than earlier in the purchase cycle.

Next we comment on the sequence and type of promotions o¤ered. For customers

who receive one promotion, the most frequent promotion is free shipping, o¤ered to 68%

of customers. The coupon is o¤ered to 27% and the loyalty reward to 6% of customers.

Table 8 shows the sequence of promotions for the 16% of customers who receive two

promotions. The most prevalent promotion is the sequence of two free shipping o¤ers

which is o¤ered to 46% of this group. The sequence of two discount coupons is o¤ered to

29% of customers. The interesting �nding here is that for the majority of customers it is

optimal to o¤er the same promotion twice, rather than o¤er a mix of promotions. The
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coupon and free shipping combination is o¤ered to 19% of customers. The sequence of free

shipping followed by the coupon o¤ers a strategy for reacquiring lapsed customers. Free

shipping is targeted to customers with a longer time since previous purchase, followed

by the discount coupon as this group also has a lower average basket size. Overall, the

loyalty reward was o¤ered infrequently. This may be because the reward does not re�ect

an immediate monetary savings. Interestingly, none of the customers who received this

as their �rst promotion where selected for a second promotion re�ecting the fact that

this segment is very responsive to the reward incentive but not to the discount or free

shipping o¤ers.

The primary di¤erence between customers who receive the free shipping versus the

coupon o¤er is in the typical basket size. Figure 3 illustrates the relationship between

promotion type and previous order size. It shows the probability of each promotion type

being o¤ered for 3 ranges of order size. For relatively small previous order the discount

coupon is the most frequently advocated promotion. However as the order size increases

there is a shift towards o¤ering the free shipping promotion. This is driven by the cost

to the �rm of each type of promotion relative to the marginal impact of the promotion

on purchase behavior. For the discount coupon, consumers can scale the value of the

promotion by purchasing a larger quantity. The marginal e¤ect of the coupon is higher

for small basket shoppers. While large basket shoppers are also very responsive to the

coupon in terms of purchase incidence they are not selected for the discount coupon

because the marginal impact on their purchase expenditure is signi�cantly lower and

the cost of promotion is higher to the �rm. Large basket consumers generally use the

discount coupon to subsidize their current level of purchase. The optimal promotion

therefore tends to be a free shipping o¤er for large basket customers. The advocacy of

the free shipping promotion to larger basket buyers may be particularly e¤ective as it

removes a transaction fee that increases as basket size grows. From the �rm�s perspective,

free shipping for large value customers is preferred over the discount coupon as the cost of

the promotion has an upper limit set by the shipper�s �xed cost schedule to the retailer.

4.4 Validation of the Dynamic Optimization Policies

To provide validation of the promotion policies recommended by the dynamic optimiza-

tion, we follow an approach similar to that used by Zhang and Krishnamurthi (2004).

During the period of the holdout data, the �rm o¤ered one promotion, a discount coupon

valid for two weeks, to all customers in the database. The results from the individual

level dynamic optimization can be applied to the customer base using the individual level
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transaction histories to determine the optimal promotion policy. In table 9 column (a),

we report the percentage of customers who were recommended each of the three policies:

(1) No Promotion to 85%, (2) Discount Coupon to 5%, and (3) Free Shipping to 10% of

customers. Note that the actual policy during these two weeks was a discount coupon

for all customers, so the recommended policy matched the actual policy only for group

(2). Groups (1) and (3) also received the discount coupon but their recommended policy

is no promotion and the free shipping o¤er respectively.

In column (b), we report the actual per customer pro�t from each group. Customers

for whom the discount coupon was the recommended policy yielded average per customer

pro�t of $3.90. Validation of the policy recommendations comes from noting that per

customer pro�ts are highest for the group whose policy recommendation matches actual

practice. In contrast, per customer pro�ts are lowest ($1.68) when the recommended

policy is �no promotion�but the customers are o¤ered the discount coupon. O¤ering the

wrong promotion, i.e. a discount coupon when free shipping was the optimal policy, also

yields reduced average pro�t ($2.25).

We also perform the validation exercise during a period of no promotional activity. As

before, we determine the individual level policy recommendations and divide customers

into three groups based on the recommendation. In column (c) we report the percentage

of customers who were recommended each policy: (1) No Promotion to 86%, (2) Discount

Coupon to 5%, and (3) Free Shipping to 9% of customers. In column (d) we report the

per customer pro�t of each group. The per customer pro�t for customers where the

optimal policy matched actual practice (�No Promotion�) was $3.14. As before, per

customer pro�t is highest in this case where the actual and recommended policy match.

For customers where the optimal policy was for a promotion average pro�tability was

signi�cantly lower ($2.29 for Discount Coupon recommended customers and $2.57 for

Free Shipping recommended customers). The result that per customer pro�ts are higher

when the actual �rm policy matched our recommended policy o¤ers validation for the

proposed customization approach.

Beyond validation of dynamic programming based policies this exercise also provides

some further insights. In row (1) when the policy recommendation is No Promotion, per

customer pro�ts are $3.14 when the �rm does not o¤er a promotion. However, these

pro�ts fall to $1.68 when these �No Promotion�recommended customers are o¤ered the

Discount Coupon. This illustrates that o¤ering a promotion when none is needed signif-

icantly reduces per customer pro�t. In row (2) the policy recommendation is Discount

Coupon. When this policy is implemented per customer pro�ts are $3.90. Pro�ts fall to
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$2.29 when customers who should receive a discount coupon receive no promotion. This

shows that not o¤ering the discount coupon when it is needed reduces customer pro�ts.

On the other hand, when the recommended policy in row (3) is free shipping, o¤ering

no promotion yields higher pro�ts ($2.57) than o¤ering the incorrect promotion ($2.13).

This is important because it illustrates that o¤ering no promotion is better than o¤ering

the wrong promotion.

5 Discussion

In this paper we have examined consumer response to a variety of distinct promotional in-

struments. We �nd that the use of customized promotions yields increases in revenue and

pro�tability which are maximized when both individual preferences and purchase-cycle

information are used for guiding marketing tactics. The results and the accompanying

techniques should be of signi�cant interest to both traditional and online grocery industry

practitioners. The grocery industry is currently struggling with a changing competitive

dynamic that has led to store closings and reduced pro�tability. Much of this carnage

is the result of Wal-Mart�s entry into the grocery business. The current conventional

wisdom is that traditional grocers need to exploit information from frequent shopper

programs to counteract Wal-Mart�s advantages in terms of costs (Singh et al. 2006). For

example, Tesco, the leading British retailer, has used its customer level data to thwart

Wal-Mart by designing customized promotion o¤ers (Rohwedder 2006). Our research

demonstrates how a grocery retailer can leverage individual-level transaction data to

potentially increase pro�ts via customized marketing.

It is also worth noting that while extensive customer databases are increasingly avail-

able, we do understand that currently relatively few organizations have the internal skills

necessary to formulate the type of statistical models we use. Therefore, the linkage of

RFM categories to promotional instruments may provide useful guidance to marketing

managers. By mapping the various promotional instruments to di¤erent RFM pro�les,

we are able to comment on which type of promotion is generally appropriate for di¤erent

categories of customers. This analysis is also of interest because the di¤erent promo-

tional types provide di¤erent types of incentives. There are several customer management

issues that may be better understood by studying which promotions are advocated for

customers with di¤erent transaction histories. For instance, �rms may wish to know

whether promotions should attempt to change or reinforce previous patterns of purchas-

ing or what type of promotion is more useful for re-acquiring lapsed customers (Thomas
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et al. 2004). For example, our results suggest that the removal of shipping charges

that act as a required transaction fee is a more e¤ective re-acquisition promotion than a

coupon that provides a 10% discount on items purchased. This type of �nding suggests

a need for future research into why the removal of the transaction fee is more e¤ective in

re-acquiring customers than the straight discount.

While a strength of the research is its consideration of distinct types of promotional

instruments, a limitation is that the data restricts our ability to study variations in

the value of each promotion. Future researchers may wish to examine the bene�ts of

customizing not only types of promotions, but also the value of promotional instruments

(Zhang and Krishnamurthi 2004; Lewis 2005). Another limitation of the data is that

actual exposure to promotions is not observed which may result in an underestimate of

promotion e¤ectiveness. A possible approach to correcting this is to include a model

of promotion awareness conditional on promotion availability (Erdem, Keane and Sun

1999).

Other opportunities for future research include the study of di¤erent categories. Gro-

cery shopping typically involves short purchase cycles and involves baskets comprised of

many relatively low-priced items. Investigations in categories that involve higher priced

products or durable goods may yield interesting results. With lower purchase frequency

and higher priced products the retailer might shift attention to promotions which re-

sult in up-selling and cross-selling. Another possibility is to also consider the impact of

customer loyalty and experience with the retailer.

Finally, an under-appreciated consequence of individual-level marketing is that con-

sumer ill-will may result when customers receive di¤erent promotional o¤ers. Advocates

of one-to-one marketing systems seldom address the possibility that the price discrim-

ination aspects of individual-level marketing systems can harm customer relationships.

While lab studies have shown that consumers �nd di¤erent forms of price discrimination

to be unfair (Feinberg et al. 2002), there is little empirical research that documents

how perceptions of unfairness in�uence consumer behavior. A topic that has not been

investigated is how consumers may react when o¤ered promotions that di¤er in terms of

structure. For example, while we expect consumers to object to not receiving a promo-

tion when others do, it is not clear what the reaction would be if one customer received a

10% discount coupon while another was o¤ered free shipping. Our �nding that temporal

heterogeneity accounts for more than half the gains of customization can be important

in this regard as the ill will generated would be less of an issue if a �rm o¤ers similar

promotions to all its customers but only manipulates the timing of the o¤ers.
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Table 1: Customer Descriptive Statistics

Mean Std. Deviation Minimum Maximum
Order Size $ 58.2 34.7 4 391
Number of Orders 8.0 6.6 2 67
InterPurchase Time 5.3 5.5 1 32
Baby 0.23 0.43 0 1
Child 0.62 0.48 0 1
Pet 0.42 0.49 0 1

Table 2a: Marketing Mix Descriptive Statistics
n=56 weeks

Variable Mean Std. Deviation Minimum Maximum
Price 1.92 0.07 1.68 2.1

Banner Ad 0.14 0.35 0 1
Coupon 0.21 0.41 0 1
Free Ship 0.07 0.25 0 1
Reward 0.16 0.017 0.15 0.25

Table 2b: Marketing Mix Correlation Matrix

Correlation Coe¢ cients, N = 56, (p=value H0: � = 0)
PRICE Banner Ad Coupon Free Ship

Price 1
Banner Ad 0.125 1

(0.359)
Coupon -0.105 -0.089 1

0.235 0.515
Free Ship 0.112 -0.113 -0.145 1

0.410 0.406 0.287
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Table 3: In-Sample Fit
Purchase Incidence

Hit Rate
Purchase
Amount

Model MAD Overall Purchase NonPurchase $ MAD
fint(�) fp(�)

(1) Base 0.25 74% 16% 95% 14.78
(2) 1,� 0.40 59% 44% 64% 26.15
(3) 1,� ;ln(�) 0.27 64% 54% 68% 16.09
(4) 1,� ; � 2 0.41 58% 36% 66% 26.20
(5) 1,� ;ln(�),� 2 0.24 75% 4% 99% 13.67

(6) 1,� ;ln(�) 1,� 0.34 61% 42% 68% 19.21
(7) 1,� ;ln(�) 1,ln(�) 0.32 69% 68% 69% 20.14
(8) 1,� ;ln(�) 1,� ;ln(�) 0.32 66% 63% 67% 20.65
(9) 1,� ;ln(�) 1,� ; � 2 0.23 76% 9% 99% 13.32
(10) 1,� ;ln(�) 1,� ;ln(�),� 2 0.25 75% 15% 95% 13.81

Table 4: Predictive Performance in Holdout Sample
Purchase Incidence

Hit Rate
Purchase
Amount

Model MAD Overall Purchase NonPurchase $ MAD
fint(�) fp(�)

(1) Base 0.23 79% 13% 93% 12.33
(2) 1,� 0.44 55% 43% 57% 28.71
(3) 1,� ;ln(�) 0.23 61% 59% 62% 12.62
(4) 1,� ; � 2 0.39 60% 35% 65% 26.02
(5) 1,� ;ln(�),� 2 0.17 82% 1% 98% 8.91

(6) 1,� ;ln(�) 1,� 0.30 71% 30% 79% 16.59
(7) 1,� ;ln(�) 1,ln(�) 0.34 66% 64% 66% 20.52
(8) 1,� ;ln(�) 1,� ;ln(�) 0.33 67% 51% 70% 18.61
(9) 1,� ;ln(�) 1,� ; � 2 0.18 81% 1% 98% 9.35
(10) 1,� ;ln(�) 1,� ;ln(�),� 2 0.21 79% 13% 98% 11.76
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Table 5: Estimation Results: Purchase Incidence Model
Parameter Standard
Mean Deviation Baby Child Pet

Intercept 0.649 (0.243) 3.201 (0.092) 0.104 (1.07) 0.972 (1.07) 0.408 (0.98)
� -0.094 (0.133) 1.657 (0.019) -0.852 (0.30) 1.022 (0.27) 0.325 (0.28)
ln(�) 0.389 (0.094) 0.968 (0.114) 0.445 (0.18) -0.159 (0.19) -0.103 (0.16)

Price -1.024 (0.149) 1.342 (0.377) 0.015 (0.44) 0.016 (0.43) 0.034 (0.39)
ln(Previous Spend) -0.131 (0.035) 0.462 (0.079) 0.053 (0.10) -0.344 (0.11) 0.017 (0.09)
Banner Ad -0.084 (0.096) 0.504 (0.310) 0.06 (0.09) 0.055 (0.08) 0.022 (0.08)

Coupon 0.145 (0.075) 1.366 (0.080) -0.352 (0.58) -0.958 (0.57) 0.075 (0.65)
Coupon*ln(�) -0.058 (0.017) 1.066 (0.235) -0.191 (0.28) 0.29 (0.29) -0.04 (0.29)
Coupon*Frequency 0.611 (0.183) 2.592 (0.653) 0.966 (0.94) -0.303 (1.10) -0.709 (1.15)

Free Ship -0.288 (0.189) 1.426 (0.020) -0.008 (0.79) 0.99 (0.73) -0.488 (0.81)
Free Ship * ln(�) 0.027 (0.011) 1.260 (0.181) 0.342 (0.36) -0.515 (0.36) 0.118 (0.35)
Free Ship*Frequency 1.225 (0.385) 2.162 (0.645) -1.014 (1.42) -0.165 (1.71) 1.981 (1.43)

Reward 0.521 (0.15) 0.250 (0.019) -0.283 (0.08) 0.158 (0.08) -0.163 (0.07)
Reward*ln(�) 0.261 (0.043) 0.209 (0.007) 0.018 (0.03) -0.029 (0.03) 0.021 (0.03)
Reward*Frequency 0.325 (0.094) 2.617 (0.734) 0.106 (0.26) -0.774 (0.26) -0.404 (0.24)

* Standard Errors are in parentheses

Table 6: Estimation Results: Expenditure Model
Parameter Standard

Mean Deviation Baby Child Pet
Intercept 5.256 (0.396) 1.706 (0.896) 0.416 (0.33) -0.235 (0.34) -0.554 (0.31)
ln(�) 0.018 (0.051) 0.149 (0.022) -0.044 (.04) -0.010 (0.08) 0.460 (0.38)
Price -0.548 (0.182) 0.822 (0.228) -0.149 (0.15) 0.169 (0.16) 0.198 (0.15)
ln(Previous Spend) -0.280 (0.034) 0.241 (0.035) 0.001 (0.03) -0.024 (0.03) 0.017 (0.03)
Banner Ad 0.046 (0.040) 0.284 (0.036) -0.030 (0.03) 0.007 (0.04) -0.025 (0.03)
Coupon 0.113 (0.094) 0.404 (0.057) -0.026 (0.04) 0.099 (0.07) -0.016 (0.06)
Free Ship -0.227 (0.136) 0.495 (0.086) 0.041 (0.04) -0.193 (0.09) 0.135 (0.08)
Reward 0.006 (0.020) 0.138 (0.087) 0.016 (0.01) 0.019 (0.01) 0.029 (0.01)

* Standard Errors are in parentheses
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Table 7: Dynamic Optimization Results
(1) (2) (3) (4)

Customization
based on:

Baseline
(None)

Transaction
History

Transaction History
& Individual

Level Preferences

Transaction History
& Segment

Level Preferences
Pro�t $12,987 $13,994 $14,700 $14,406

Revenue $100,021 $107,652 $112,170 $110,039
No. of Purchases 1518 1590 1685 1631
Purchase Incidence 15.6% 16.3% 17.3% 16.7%
Average Amount $65.8 $67.68 $66.57 $67.47

Increase Relative to Baseline:
Pro�t % 7.8% 13.2% 10.9%

Percentage of Incremental Pro�tability Due to:
Incidence 61% 83% 68%
Expenditure 37% 9% 24%
Cost Reduction 2% 8% 8%

Table 8: Type and Sequence of Recommended Promotions
2nd Promotion

Free Ship Coupon Reward
Free Ship 46% 15% 4%

1st Promotion Coupon 4% 29% 2%
Reward 0% 0% 0%

Table 9: Validation of Customized Promotion Policies
Actual Policy:
Discount Coupon

Actual Policy:
No Promotion

(a) (b) (c) (d)
Percent of
Customers

Pro�t per
Customer

Percent of
Customers

Pro�t per
Customer

Policy Recommendation:
(1) No Promotion 85% $1.68 86% $3.14
(2) Discount Coupon 5% $3.90 5% $2.29
(3) Free Shipping 10% $2.13 9% $2.57
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Figure 1: Impact of Promotions on Purchase Hazard
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Figure 2: Probability of Promotion, Conditional on Time Since Previous Purchase and
Number of Promotions

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

1 2 3 4 5 6 7 8 9 10

Recency (Weeks Since Previous Purchase)

P
ro

ba
bi

lit
y 

of
 P

ro
m

ot
io

n

Two promotions One Promotion

36



Figure 3: Probability of Promotion Type Conditional on Previous Expenditure
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Appendix: MCMC algorithm

Estimation Algorithm We use a Gibbs sampling algorithm to simulate the pos-

terior distribution of the model parameters. In the following we describe the conditional

distributions making up the Gibbs sampler for our model.

The store visit model is

Uit = X
0
it�i + "it; ; t = 1; : : : ; Ti; i = 1; : : : ; N; (11)

where "it � N(0; 1). The expenditure model is

Eit = X
0
e;it�i + uit; (12)

where Eit is observed only when consumer i makes a store visit on day t, and uit �
N(0; v�1i ).

The joint posterior distribution of latent utilities for consumer i, Ui, and �i = (�i; �i)

and vi is then

p(Ui; �i; vijEi; Di;�;
; b) /
Y

t:Dit=0

TN(�1;0)(UitjX 0
it�i; 1)�

Y
t:Dit=1

TN(0;1)(UitjX 0
it�i; 1)�Y

t:Dit=1

N(EitjX 0
e;it�i; v

�1
i )�N(�ij�;
)p(vijb); (13)

where TN(r1;r2) is the truncated normal distribution with truncation region (r1; r2), and

p(vija; b) is the gamma prior on vi. The full joint posterior of (U; �; v;�;
; b) is the
product of (13) for all households multiplied by the prior for (�;
; b).

This leads to the following conditionals for Uit:

Uitj�i;�;
 �
(
TN(�1;0)(UitjX 0

it�i; 1) if Dit = 0,

TN(0;1)(UitjX 0
it�i; 1) if Dit = 1.

(14)

The conditional for �i is found by �rst stacking the observations for Ui and ei:

Yi �
�
Ui
Ei

�
=

�
Xi 0
0 Xe;i

�
�i +

�
"i
ui

�
= Xi�i + "i: (15)

In the following we let K� denote the dimension of �, and KZ denote the dimension of

Zi.

Conditional on Ui, this has the form of a normal linear regression model with covari-

ance matrix

V("i) = � �
�
IT 0
0 ��1i Inpi

�
; (16)
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where npi denotes the number of store visits by consumer i. By standard results the

conditional for �i is then

�ij�;
; Ui � N
�
�ij�̂i; 
̂i); (17)

where


̂�1i = Xi
0��1Xi + 


�1; (18)

�̂i = 
̂i
�
Xi

0��1Yi + 

�1�Zi

�
: (19)

Letting ssqi �
P
(Eit �X 0

eit�i)
2, the conditional for vi is

�i / vnpi=2i exp
�
� vi
2
ssqi

	
va�1i exp

�
� bvi

	
;

/ G
�
vijnpi=2 + a; ssqi=2 + b

�
;

(20)

a gamma distribution.

To describe the conditionals for �;
 we �rst de�ne

Mzz =
nX
i=1

ZiZ
0
i;

Mz�j =
nX
i=1

Zi�ij; j = 1; : : : ; K�;

(21)

and

Mzy =

26664
Mz�1

Mz�2
...

Mz�K�

37775 :
Finally, let � = vec(�0). Using a prior of the form,

� � N(��;��1� );

�1 �W(�; S);

where W(�; S) denotes the Wishart distribution with � degrees of freedom and scale

matrix S, standard results leads to the conditionals

p(
�1j�; �) = W
�

�1j� + n;

�
S�1 +

NX
i=1

uiu
0
i

��1�
;

where ui = �i � �Zi, and

p(�j
; �) = N
�
�j
�

�
(
�1 
 IKZ

)Mzy + ����
�
;
�

�
;
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where 
� =
�
(
�1 
Mzz) + ��

��1
. We set the prior parameters as follows: �� = 0:0,

�� = 0:1IK��KZ
, � = K� + 2, S = IK�

=(K� + 2).

The conditional for b is seen to be

p(bjv) / p(b)
nY
i=1

p(vija; b);

/ p(b)bna exp
�
� b

nX
i=1

vi
	
:

(22)

We use a gamma prior for b, b � G(a0 = 5; a1 = 2). This implies a Gamma distribution
for the conditional of b:

b � G
�
bjna+ a0;

nX
i=1

vi + a1
�
: (23)
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