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ABSTRACT

This article presents a marketing communications process that uses customer relationship
management ideas for multichannel retailers. The authors describe and then demonstrate the process
with enterprise-level data from a major U.S. retailer with multiple channels. On the basis of the results,
the authors develop an initial marketing communications strategy for the retailer

Over the past decade, customer relationship
management (CRM) has proved critical in
helping firms make more money by enabling
them to identify the best customers and then
satisfy their needs so that they remain loyal to
the firm More recently, CRM has grown
increasingly complex with the proliferation of
retailers  expanding their channels of
distribution (Cleruy 2000). This has led to the
need for enterprise-level data, which are the
aggregation of data gathered from all firm
interactions with their customers across all
channels. Given this data-rich, dynamic
environment, how can a firm identify the
customers who will migrate among its multiple
channels and predict their migration patterns?
More important, how does the firm
communicate with  these  customers to
influence their  channel  choices and,
ultimately, their value? This research focuses
on answering these questions.

Thus, this allicle has two general objectives.
First, we illuminate a process by which
multichannel retailers can leverage enterprise-
level data to understand and predict their
customers' channel choices over time. Second,
we demonstrate how the infmmation gained
from this process can be used to develop
strategies for tru-geting and communicating
with customers in a multichannel environment.

The benefits achieved from the application of
this process include increased efficiency in
ma.l-keting  expenditures and  enhanced
customer value. In the next section, we outline
the general process for managing ma.l-keting
communications (MARCOM) with
multichannel retail customers. Subsequently,
we demonstrate the application of the process
using an enterprise database of a multichannel
retailer. We conclude by nating the limitations
of the study and ideas for further reseru-ch in
this area.

THE MULTICHANNEL MARCOM
PROCESS

The process of managing MARCOM in a
multichannel environment begins with the
identification of relevant factors that
differentiate among customers who use
different channels. It continues with the
development of a communication strategy for
existing customers, and it ends with the
prediction of the right communications
strategy for prospects and new customers.

Step 1: Estimate a Segment-Level Channel
Choice Model

The ctitical aspect of this step of the process is
not choosing the model (e.g., multinomiallogit
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or probit) as much as it is specifying the
model. It is important that the variables in the
model are factors that (1) drive channel choice,
(2) help classify prospects and customers into
segments, and (3) measure the efficiency of
the MARCOM expenditures and activities.
Channel choice research has identified
customers' price expectations (e.9.,
Brynjolfsson and Smith 2000), the product
group to be purchased (Young 2001), and
convenience (Forster 2004) as factors that may
lead to a specific choice among channels or
stores (Fox, Montgomery, and Lodish 2004).
Balasubramanian, Raghunathan, and Mahajan
(2005) assert that the goals (e.g., economic,
self-affirmation, socialization) a consumer
tries to achieve during his or her shopping
experience affect channel choices.

Although descriptors of the actual purchase are
relevant, it is also important to include
independent measures that can be known
before a purchase so that they can be used to
classify prospects into segments. The distance
that a customer lives from a store is an
example. Other examples of factors that may
drive channel choice include switching costs
and risk aversion (Dholakia, Zhao, and
Dholakia 2005). If competitive data are
available, both of these factors can be assessed
before the customer's first purchase with the
focal firm.

Another factor to consider in the channel
choice decision is the extent to which prior
channel choices influence current channel
choices. In general, marketers have shown that
prior experiences affect current choices (e.g.,
Boulding, Kalra, and Staelin 1999; Thomas,
Blattberg, and Fox 2004). In a channels
context, Shankar, Rangaswamy, and Pusateri
(2001) show that a prior positive experience
with a brand in a physical store can decrease
price  sensitivity  online.  Furthermore,
Dholakia, Zhao, and Dholakia (2005) assert
that prior channel choices affect subsequent
channel choices when customers make repeat
purchases. Thus, knowledge of prior purchase
channels may help explain future channel
choices and develop a MARCOM strategy.

In terms of MARCOM, variables that measure
the number, nature, or dollar amount of
communication  expenditures  are  also
important to include in the channel choice
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model. For example, a study of migration
between the catalog and the Internet channels
finds that the number of marketing
communications largely predicts the buying
behavior of an Internet-oriented segment
(Ansari, Mela, and Neslin 2005). Other
research asserts that individual- or segment-
level media expenditures are essential in the
development of a MARCOM strategy (Tellis
2003, p. 45).

Although thoughtful identification of the
critical factors that drive channel choice is
important, it is also vital to recognize that,
similar to attitudes (see Eagly and Chaiken
1993), the consumer's channel choice
probabilities may change over time. This
change over time is referred to as
nonstationarity. In empirical applications, the
presence or absence of nonstationarity in
choice probabilities is determined by a
statistical test (Anderson and Goodman 1957,
Montgomery 1969; Styan and Smith 1964).
This phenomenon can be captured simply by
including a variable in the choice model that
indicates time or purchase occasion number.

Step 2: Assign Each Existing Customer to a
Segment and Profile the Segments

After the factors associated with channel
choice have been examined and the choice
model has been estimated, a statistical
equation can be used to assign customers to a
specific segment. A profile of each segment
should then be created to describe the
demographics and historical behavior of the
segments, including differences and
similarities. Doing so not only results in a
greater understanding of the kinds of
customers who frequent the retailer but also
helps firms target and assign new customers to
current segments (as can be observed in Step
5).

Step 3: Predict the Probability of Channel
Choice over Time

The purpose of this step is to anticipate the
customer's channel choices in the future,
thereby becoming more efficient with
MARCOM activities in a multichannel
environment. Various statistical models can be
used for prediction. In this process, we
leverage the results from Step 1 to develop a



40 Managing marketing communications with multichannel customers

Markov chain. A Markov chain details the
probability of a customer sequentially
choosing to buy from different channels over
time. A firm can then determine which
channels a customer is most likely to buy from
in the future. Using the knowledge of what
drives channel choice (i.e., the results from
Step 1), a firm can then attempt to leverage
MARCOM to encourage channel choices that
enhance customer value.

Step 4: Develop a Segment-Specific
Communications Strategy

With this step, a firm can now begin to
develop a MARCOM strategy for its existing
customers. To develop the strategy, the firm
should consider (1) the customer types that
generate the most value to the firm (e.g.,
catalog plus Internet customers versus bricks-
and-mortar store plus Internet customers), (2)
a customer's intrinsic  channel  choice
preferences and tendencies given the current
MARCOM tactics, (3) the degree to which
customers respond to MARCOM and the
nature of that response, and (4) the costs
associated with different MARCOM activities.

Step 5: Classify First-Time Customers into
Existing Segments

The objective of Step 5 is to use early
information (e.g., demographics, channel of
first purchase, revenues from first purchase)
from prospects and first-time customers to
classify them into the existing segments they
most closely resemble. There are various
classification and segmentation methods (e.g.,
discriminant analysis, chi-square automatic
interaction detection [CHAID], classification
and regression tree [CART], cluster analysis)
that can be used in this step. Given the
classification, the firm can then tailor
communications that will influence purchase
behavior similar to other customers in the
same segment. The more elaborate the
segment profiles (from Step 2) and the more
detailed the data on prospects and new
customers, the easier this step becomes.

Step 6: Update Segment Affiliation

Finally, as current and new customer
interaction data become available, the data can

then be applied to repeat the prior steps and
update the segment assignments and their
profiles. In particular, the Markov chain may
help update the segment memberships. Note
that the six steps we outline for the
enhancement of MARCOM efficiency are
closely aligned with the four critical actions
(i.e., database creation, market segmentation,
forecasting customer purchase behavior, and
resource allocation) that Berger and colleagues
(2002) assert are necessary for the assessment
of how marketing actions affect customer
value.

APPLICATION OF THE MANCOM
PROCESS

Customer Database

To demonstrate the application of the
multichannel communications process, we use
an enterprise customer database from a major
U.S. retailer. This database includes sales from
the retailer's three channels: physical retail
stores, catalogs, and the Internet. The data
were captured using the retailer's proprietary
system, which first issues a unique number to
a customer and then tracks that customer each
time he or she purchases an item from any of
the retailer's three channels. Of the more than
4100 customers tracked for this analysis,
bricks-and-mortar store-only customers
constituted approximately 63% of the total,
catalog-only customers constituted 11.9%, and
Internet-only customers constituted 12.4%.
Dual-channel customers constituted 11.9% of
the orders, and three-channel users constituted
approximately 1%. Descriptive statistics of
customers' purchase behaviors and highlights
of the differences between customers appear in
Table 1. We determined all of the relative
comparisons we note in the bottom portion of
Table 1 wusing a multivariate analysis of
variance and planned contrasts for which the
critical significance level was at least .05. Note
that information from Table 1 is helpful when
trying to derive inferences about the
relationship between channel wusage and
customer value. Thus, we also use this
information in future steps.

The data cover one year's worth of purchases
from only first-time buyers." Although this

We limit our analysis to customers who first began a relation- ship with the firm during the observation horizon because

customers who began before this time may have histories preceding the observation window that affect their current behavior and

thisanalysis.



one-year time horizon is not ideal for lifetime
value assessments, which are common in
CRM, this application shows that firms with
even a limited enterprise database can begin to
assess  channel migration and develop
communication strategies. As more data
become available, a firm can then repeat the
process and assess longer-term customer
profitability.

Although data integration across channels is a
significant challenge for many firms, a failure
to do so could distort the firm's view of its
customers (Aberdeen Group 2004). In these
data, we find that if a channel were to function
in a silo, it would fail to capture between 50%
and 65% of a multichannel customer's total
annual revenues. The magnitude of this
distortion will vary by firm, but in these data,
we find that it is similar for the store and
catalog channels and is the greatest for the
Internet  channel. Thus, the necessary
characteristics of the data are that (1) they are
a longitudinal record, tracking all of a
customer's purchase occasions, and (2) they
contain elements of the purchase environments
(e.g., promotions, pricing) across all three
channels. For each purchase occasion, this
firm's database tracks the channel from which
the customer purchases, the products
purchased and their categories, and the prices
paid. A notable feature of this retailer is that
all products are offered in all three channels,
and pricing and promotions are uniform across
the channels.

Step 1: Estimate a Segment-Level Channel
Choice Model

We use a multinomial logit model to estimate
channel choice at a given time. A list of the
independent variables and their
operationalizations appear in Table 2. There
are a few things to note with respect to our
variable selection. First, we include a quadratic
term for MARCOM dollars to explore
nonlinearities in the relationship between
communication expenditures and channel
choice. We based this decision on previous
research that has identified a decreasing-
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returns relationship  between MARCOM
expenditures and  customer  acquisition,
retention, and long-term profitability of
customers (Reinartz, Thomas, and Kumar
2005). Second, we include only the most
recent prior purchase as a variable in the
model. We based this decision on the
statistical tests that Styan and Smith (1964)
outline, from which we determined that the
channel choice at time (t — 1)affects the
channel choice at time t. Third, we include the
purchase occasion variable. Using a test that
Anderson and Goodman (1957) outline, we
conclude that channel choice probabilities
change over time (i.e, they are
nonstationary).

To capture unobserved heterogeneity in the
choice probabilities, we estimated the model
using a latent class segmentation approach as
Kamakura and Russell (1989) describe. The
results from estimating the Logit model appear
in Table 3. Note that the latent class procedure
yielded two distinct segments (Akaike
information criterion for Segments 1, 2, and 3
were 1.115, .9326, and .9330, respectively).
For comparing the relative impact of the
factors related to channel choice, Table 3
includes the elasticities of the statistically
significant variables. These elasticities aid us
in Step 4 as we develop the MARCOM
strategy.

Step 2: Assign Each Existing Customer to a
Segment and Profile the Segments

Consistent with the latent class estimation in
Step 1, we assign customers to one of the two
segments on the basis of their prior choice
histories. As Kamakura and Russell (1989,
Egs. 7 and 8) describe, we first assume that a
customer belongs to a specific segment. Given
that assumption, we compute the likelihood of
each customer's channel choice history. The
equation to compute this is expressed here as
follows:

1) L(Hyi) = l—t[ P (Ui, Bji Xio).

For a zero- versus first-order test, we need a customer to have at least two purchase occasions. However, because we do not

assume stationarity at this point, for those who had a longer history, we continued to test the zero-order hypothesis at different
points in their life cycles. Thus, we computed chi-square statistics at several repeat purchase occasions. The chi-square values for
the first, second, third, fourth, and fifth repeat purchases were 137.33, 32 92, 26.17, 28.45, and 17 19, respectively. Assuming that p
= .995, the critical chi-square value with four degrees of freedom is 14.86; therefore, we reject the null hypothesis that states
that the process is a zero-order model. We conducted a second-order test, but we could not reject the null hypothesis that it was a

first-order mode

Given our data, we let T = 6; we applied a test of stationarity to our data and found a chi-square value of 252.85. If p = .995, the

critical chi-square value at 30 degrees of freedom was 50.67. From this, we conclude that we can reject the null hypothesis and

that in this application, the channel choice process is nonstationary
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Table 2: Choice Model Variables

Variable

Name Operationalization

Price Dollar amount paid for the product

Product Ten dummy variables that represent the
category 11 basic product categories into which all

of the retailer’s products are grouped
Distance Number of miles the customer lives from
the closest store
MARCOM Time-varying measure that equals the

dollars dollar amount of the direct marketing
communications that were sent to each
customer after his or her prior purchase
and the current purchase at time t

(MARCOM
dollars)? The square of the MARCOM dollars
Number of Time-varying measure that equals the
MARCOM number of direct communications the

customer receives after his or her last
purchase and before the current
purchase at time t

Prior channel Two dummy variables that indicate the
prior channel from which the customer

made a purchase

Purchase Time-varying measure that equals the
occasion current purchase occasion number of the
customer
where

L(Hyi) = the likelihood that customer

k has channel choice history
H given that he or she is in

segment i,

P;i(u;i,Bji X)) = the probability that customer
k chose channel j at time t
given, that he or she is in
segment i,

=
|

customer is in segment i,

o
I

customer is in segment i, and

X«= the vector of covariates for

customer Kk at time t.

In the case of these data, we derive the
probability in Equation 1 using the parameter
estimates from Step 1 of this MARCOM
process. In Step 1, we also estimated a
parameter that leads to the determination of
the size of each latent segment. Specifically,
we found that 27% of the customers likely
belong to Segment 1 and that 73% likely
belong to Segment 2. Using the segment size

the preference parameter for
channel j given that the

the coefficient vector for
channel choice j given that a
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information, for each customer, we compute
the probability that he or she belongs to a
particular segment. Borrowing from the work
of Kamakura and Russell (1989, Eg. 8), we
describe this posterior probability of segment
membership in Equation 2:

2) Pk e iHy) L(HJDR
IS = —
Y2 LG

where

P(k € i|Hy) = the probability that customer k
is in segment i given choice
history H,
fi = the probability of being in
segment i, and
i’ = the identifier of a latent
segment

On the basis of the result of Equation 2, we
assign a customer to the segment for which he
or she has the highest probability of
membership.

After all customers have been assigned to a
segment, we profile the segments on the basis
of the key variables of prior purchase
behavior, demographics, and the nature of the
communications between the firm and the
customers. Table 4 shows the profile for these
data. Note that the profile may contain
variables that were not included as
independent variables in the channel choice
model. We use the information in Table 4 to
help classify prospects in Step 5.

Step 3: Predict the Probability of Channel
Choice over Time

The goal of this step is to develop a series of
Markov switching matrices that reflect the
probability of choosing a specific channel in
the next period, given that the current channel
choice is known. Using the parameter
estimates from Step 1 that appear in Table 3,
for each segment, we predict the probability of
choice at time t at the mean value for the
continuous variables (except the purchase
occasion variable) and the modal value for the
categorical variables (except the prior channel
variable). Consistent with our definition, we
set the purchase occasion variable equal to two
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for the first repeat purchase occasion. For
subsequent repeat purchase occasions, we
increase the variable by one accordingly. The
parameter that we use in the prediction for the
prior channel choice depends on which row of
the matrix we are predicting. For these data,
the channel choices for four periods into the
future appear in Table 5. We observe that there
are two distinct segments in terms of channel
use: Segment 1 frequents the catalog and/or
Internet, and Segment 2 is channel loyal and
frequents the bricks-and-mortar store. Given
the degree of loyalty, it is not surprising that
the majority of Segment 2 customers made
their first purchase from this same channel.
This pattern of channel loyalty is consistent
with Dholakia, Zhao, and Dholakia's (2005)
findings.

Step 4: Develop a Segment-Specific
Communications Strategy

Developing a segmented MARCOM strategy
begins with some basic questions. Which
customer types generate the most value to the
firm? From Table 1, we confirm that
multichannel buyers generate more revenue
for the firm, purchase more items, purchase in
more categories, and purchase more frequently
than do single-channel buyers. More
specifically, we learn that multichannel
customers who use catalogs tend to generate
more revenue than multichannel customers
who do not use catalogs. We even find that a
dual-channel customer is equally as valuable
as a three-channel customer in terms of
revenue, as long as the dual-channel customer

buys from the catalog. Although this
information does not imply a causal
relationship  between channel choice and

purchase behavior, it provides a guide that we
can use to develop a communication strategy
for influencing channel choice.

Table 4: Segment Profiles
Segment 1 Segment 2
Standard Standard
Mean Deviation Mean Deviation
Relationship duration (days) 138.39 166.48 137.70 152.48
Number of unique purchase occasions 2.73 1.22 373 240
Total revenues generated throughout entire relationship 850.29 434 80 727.05 3825.85
Total revenues from first purchase 106.06 236.72 90.36 161.97
Total number of items purchased throughout entire relationship 106.40 116.96 118.15 148.87
Distance from closest bricks-and-mortar store (miles) 121.62 158.78 28.66 21.21
Number of channel switches .30 68 19 68
Days elapsed between channel switches 118.84 144 49 103.51 115.62
Total amount of direct mail communication doliars 2.60 153 264 1.45
Total number of direct mail communications 529 522 543 5.04
Percentage of Customers with Channel of First Purchase
Bricks-and-mortar 3453 75.05
Catalog 46.64 7.94
Internet 18.83 17.01
Percentage of Customer Purchases by Category
Category 1 47.91 49.76
Category 2 884 9.45
Category 3 12.49 1242
Category 4 8.65 6.81
Category 5 210 255
Category 6 3.83 1.10
Category 7 226 242
Category 8 429 4.46
Category 9 201 293
Category 10 461 5.85
Category 11 3.00 226
Percentage of Customers Making up to N Repeat Purchases
1 58.12 2133
2 2622 57.44
3 7.79 1321
4 4.44 290
5 1.89 277
6 51 85
7 36 1.01
8 29 35
9 36 13
104 00 00
Percentage of Customers in Segment 27 73




What are the customer's intrinsic channel
preferences and tendencies? The answer to this
question comes primarily from the Markov
matrices we developed in Step 3 (see Table 5).
These matrices reveal that Segment 1 is
primarily a catalog segment, as long as the
prior purchase was not from the Internet. If the
customer's prior channel was the bricks-and-
mortar store, the probability is high that his or
her first and second repeat purchases will be
from the catalog. If the customer's prior
purchase was over the Internet, there is some
migration toward the catalog in the early
stages of the life cycle, but this diminishes as
the repeat purchase occasions increase. In
general, Segment 1 customers could be labeled
as those who migrate toward remote channel.

In contrast, Segment 2 customers will most
likely stay in the bricks-and-mortar channel or
switch to it. Over time, the data predict that
Segment 2 customers will not choose to buy
from the Internet. Given the infrequent
switching that occurs in this segment (see the
profile in Table 4), it could also be concluded
from the trajectory of the matrices that a small
group of customers in Segment 2 who repeat
buy from the catalog will likely be those
whose first purchase was from this same
channel.

Table 5:
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Thus, consistent with the segment profiles,
these forecasts indicate that there is a
significant amount of channel stickiness for
buying in both segments. This is an important
finding for several reasons. First, it suggests
that for these data, the channel of first
purchase has a high probability of being the
channel choice for subsequent purchases.
Second, this finding leads to the next set of
questions.

To what extent do customers respond to
MARCOM, and what is the nature of their
response? On the basis of the elasticities in
Table 3, we conclude that the number of
communications is a key factor that is
associated with the choice of the bricks-and-
mortar store over the Internet but not for the
choice between the catalog and the Internet in
Segment 1 (see Table 3). The prior channel
also seems to play a significant role in
subsequent channel choices for Segment 1.
Specifically, the lack of prior experience on
the Internet is related to the decision not to
choose the Internet for subsequent purchases.
For Segment 2, the elasticities (see Table 3)

indicate that the MARCOM  dollar
expenditures appear to drive channel choice
the most. Increasing the number of

communications in Segment 2 is associated
with the choice of the Internet over the store or
the catalog.

Forecasted Channel Switching Probabilities

Transition Matrices

Segment 1: Next Period Channel

Segment 2: Next Period Channel

Bricks-and- Bricks-and-
Mortar Catalog Internet Mortar Catalog Internet

First Repeat: Current Channel

Bricks-and-mortar 886 114 992 001 007

Catalog 000 886 114 737 23 032

Internet 000 198 802 888 049 063
Socond Repeat: Current Channe!

Bricks-and-montar 000 828 m 1.000 000 000

Catalog 000 828 17 741 259 000

Internot 000 132 868 941 059 010
INIrG Mepeat: Lurrent Lnannel

Bricks-and-mortar 001 751 248 999 001 000

Catalog 001 Vi) 248 721 279 001

Internet 000 085 g5 942 056 001
Fourth Repeat: Current Channel

Bricks-and-mortar 001 655 344 999 001 000

Catalog 001 655 344 700 300 000

Internet 000 054 Q45 940 060 000
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Given the significance of both the linear and
the quadratic terms in both segments, we show
the effect of MARCOM dollar expenditures
graphically in Figure 1. This figure shows the
change in the log odds of channel choice with
respect to MARCOM dollar expenditures. To
compute the log-odds ratio, we assume that the
customer is making his or her first repeat
purchase and that all other continuous
variables are fixed at their means and the
categorical variables are fixed at their modes.*
For Segment 1, we find that the log-odds ratio
is negative and decreasing for the bricks- and-
mortar store and positive and decreasing for
the catalog channel. This means that an
increase in MARCOM spending decreases the
chance of the customer's choosing the bricks-
and-mortar channel over the Internet. In
addition, overall, MARCOM expenditures
enhance the chances of the customer's
choosing the catalog over the Internet, but this
probability decreases as MARCOM
expenditures increase. Thus, within the range
of these data, we conclude that, in general,
increasing MARCOM expenditures directed at
the average Segment 1 customer motivates
him or her to make the first repeat purchase
from the catalog.

For Segment 2, we find that the log-odds ratio
is positive and increasing for the bricks-and-
mortar store and negative and decreasing for
the catalog channel.’> This means that an
increase in MARCOM spending increases the
chance of choosing the bricks-and-mortar
channel over the Internet and decreases the
chance of choosing the catalog over the
Internet. On the basis of the magnitude and
sign of the log-odds ratios, we conclude that
higher levels of communication spending
directed toward Segment 2 primarily drives the
average Segment 2 customer to make his or
her first repeat purchase in the bricks-and-
mortar store.

Synthesizing all of this information leads to an
initial strategy for communicating with
customers. The objective of this strategy is to
encourage channel choice behavior that is
consistent with the firm's highest-value
multichannel customers. Because we are

and-mortar store and the catalog.

interested in  driving net  marketing
contribution, we ignore the fixed costs that are
associated with operating the channels when
developing this strategy. Given this objective
and the responses to the critical questions, we
conclude that though Segment 1 customers are
more likely to switch channels than Segment 2
customers, MARCOM plays a more limited
role in this decision. The prior purchase
channel is a vital if not better predictor of
subsequent channel choice.

Many Segment 1 customers (46%) made their
first purchase through the catalog. For
customers in this portion of the segment, the
retailer should attempt to maintain its strong
affiliation with the catalog channel and
encourage customers to have a multichannel
relationship that likely would include the
Internet. The rationale for this is that historical
data indicate that this type of multichannel
customer is desirable because of his or her
tendency to be one of the highest dual-channel
revenue generators, have a high purchase
volume, and purchase at least as often as any
other dual-channel buyer (see Table 1). Given
that the number of communications does not
have a significant effect on the choice between
the catalog and the Internet channels, the firm
should increase the MARCOM expenditure
but direct the increase toward enhancing the
quality of the communications, not the number
of communications. An opportunity for
improving the quality in a way that motivates
the use of the Internet would be to feature
products that are not in the base product
category (i.e., Category 1; see Table 3).

For the 54% of Segment 1 who began a
relationship through a channel other than the
catalog, the goal is to drive these customers
toward the catalog. The odds are against the
choice of the bricks-and-mortar store over the
catalog, but they improve slightly as the
MARCOM dollars increase from $.25 to
$5.00. Similarly, the odds are against the
choice of the Internet over the catalog, but
they improve as MARCOM expenditures
increase from $.25 to $5.00. In addition, we
know that increasing the number of

Given that in the data the average number of unique purchases is between two and three, we determined that it was best to assume
that the customer was making his or her first repeat purchase.
Although we do not show this in Figure 1, we also used the parameter estimatesto assess the choice between the physical bricks-
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Figurel: Effect of MARCOM Expenditure on hannel Choice
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communications  drives this group of
customers away from the catalog (see Table
3). On the basis of all this information, we
conclude that the best way to drive these
customers toward the catalog is to limit the
amount of MARCOM spending and the
number of contacts.

Although both segments exhibit channel
loyalty, Segment 2 customers exhibit even
higher levels of channel loyalty. This makes
the channel of first purchase an even more
important predictor of future choices. This also
suggests that encouraging a person in Segment
2 to use all three channels is extremely
difficult. Given that Segment 2 is channel
loyal and that catalog-only customers generate
the most revenue of all the single-channel
customers (see Table 1), with limited
MARCOM resources, it is better to focus a
channel migration initiative on customers in
Segment 2 whose first purchase was not
through a catalog. Using the data in Table 1,
we determine that the most desirable migration
profiles for this subgroup are for first-time
bricks-and-mortar store customers to become
store and catalog customers and for first-time
Internet customers to migrate to either of the
other two channels. In addition, the estimates
and elasticities from Table 3 suggest that for
this subgroup, both the amount and the number

of MARCOM expenditures are instrumental in
achieving these migration objectives.

In Table 6, we summarize the specific
MARCOM goals, a tactical plan, and the
expected outcome of that plan for both
segments. We derived the financial outcomes
that appear in Table 6 using a segment-specific
comparison of the revenue generation from a
single-channel customer becoming a dual-
channel customer (e.g., a catalog-only
customer becoming a catalog and Internet
customer in Segment 1). On the basis of these
expected financial outcomes, we conclude that
the potential payout may be greater if the firm
focuses its incremental MARCOM resources
on customers whose first channel was not the
catalog.

Although the financial projections of the initial
MARCOM strategy appear promising, it is
critical that the firm asks one final question
before moving forward: What are the costs
associated with the different MARCOM
activities? This information was not available
for these data. However, before adopting any
MARCOM plan, the expected payout must be
compared with the expected costs that are used
to generate that payout.

Segment 2

«Migration objective: Given limited resources,
accept these customers as single-channel

customers

«Tactical plan: Maintain status quo MARCOM
“Cxpocted plan outcome:

Customer profiles: C -»C

Change in revenue: 0%

Table 6:
Initial MARCOM Strategy
Segment 1
First Purchase *Migration objective: Maintain catalog affiliation,
Channel Is and migrate to the Internet
Catalog Tactical plan: Focus on increasing the MARCOM
dollar expenditures, and leverage this incroase 10
enhance the quality of MARCOM
*Expected plan outcome
Customer profile: C —+C « |
Change in revenue: 118%
First Purchase *Migration objective: Encourage migration 10
Channel Is catalog channel
Neot Catalog ~Tactical plan: Limit both the amount and the

number of expenditures, and leverage existing
expenditures 1o enhance the quality of existing
MARCOM

*Expected plan outcome

Customer profiles: B +B+ C.orl1 =14 C
Change in revenue: 138%-199%

*Migration objective: Drive customers to become
dual-channel customers, specifically bricks-and-
mortar store and catalog or Internet plus any
other channel

*Tactical pian: Focus on increasing the MARCOM
dollar expenditures. and leverage this increase o
enhance both the quality of communications and
the number of MARCOM activities

*Expected plan outcome
Cusiomer profies: & B+ C, 1 =1+ B, or
| =+1+C
Change in revenue: 14%-250%




Step 5: Classify Prospects and First-Time
Customers into Existing Segments

A significant benefit of this MARCOM
process is using it to classify prospects and
first-time customers. The earlier a firm can
accurately classify a customer, the more
efficiently and effectively it can leverage its
MARCOM plan. In this step, we classify
customers before their first purchase and
update this classification after the first and
second purchases. We iterate the classification
process three times to demonstrate the
accuracy and degree of improvement in
classification that comes with added customer
interaction data.

In this step, we used a tree approach for
classifying customers (Breiman et al. 1984).
Specifically, we used both CHAID and CART
and compared the results in terms of predictive
accuracy. The segment profile in Table 4
provides the best guide for variables that can
be used to classify prospects and customers.
The usefulness of the profile depends on the
amount of information the firm has about
customer  characteristics, early purchase
behavior, and the distinctiveness of that
information across segments. In these data, the
most distinguishing pieces of information are
the distance the customer lives from the
bricks-and-mortar store and the channel of first
purchase. The channel choice estimates from
Step 1 of this process confirm that distance is a
significant driver of channel choice. Given the
channel migration patterns that we uncovered
in Step 3, we can conclude that the sequence
of channel choices from the first to the second
purchase might also aid in classification.

Thus, using only the distance from the closest
store, we estimated a classification tree using a
training sample of 2081 customers, and we
tested it on a different set of 2081 customers.
We found that, in general, the CART and
CHAID results were similar, but the CART
procedure was slightly more accurate with
respect to prediction in Segment 1, the
segment that generates the most revenues.
From the CART results, we found that the
overall risk of misclassification using only the
distance measure was 21.39%, which we
computed by dividing the total number of
incorrectly classified customers in the test
sample by the total number of customers in the
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test sample. We accurately classified 52.15%
of the Segment 1 customers and 87.69% of the
Segment 2 customers; we computed this by
dividing the number of customers that CART
predicted to be in a segment by the number
that are truly in that segment. Using this
classification, an initial contact strategy
consistent with segment behavior and firm
goals would be to select Segment 1 customers
and send them a more extensive catalog that
emphasizes the breadth of the product line and
informs them of the Internet channel. In
contrast, the initial contact for potential
Segment 2 customers would be a
communication piece (e.g., a postcard) that
encourages them to make a purchase in a
bricks-and-mortar store.

Although the channel of first purchase is not a
perfect discriminator of segment membership,
it can help classify a fraction of the first-time
buyers. This is because a comparison of the
segment profiles in Table 4 suggests that a
customer whose first purchase is from the
catalog is most likely a Segment 1 customer.
However, given that a sizable number of
customers in both segments make their first
purchase in a store or on the Internet (see
Table 4), it is difficult to assign these
customers to segments. Using both the
distance and the channel of first purchase, the
CART procedure accurately classified more
Segment 1 customers (74.55%) and fewer
Segment 2 customers (78.46%). Because
Segment 2 is significantly larger than Segment
1, the overall risk of misclassification
increases to 23.49%.

On the third iteration of the CART procedure,
we used distance, channel of first purchase,
and channel of second purchase to classify
customers. The motivation for adding this
third variable was based on the degree of
channel stickiness in Segment 2 and the
migration toward the catalog in Segment 1
(see Table 5). The results from this iteration
showed that there was only a 12.05% risk of
customer misclassification. We accurately
classified 74.01 % of the Segment 1 customers
and 92.74% of the Segment 2 customers. Thus,
as the firm gains information, the classification
improves. However, using only information
that is known before the first purchase (i.e.,
distance from the store), for these data, the
CART  procedure  predicted  segment
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membership  with
accuracy.

approximately  80%

Step 6: Update Segment Affiliation

This step reiterates Steps 1-4 on existing
customers. The timing of when to implement
Step 6 depends on the dynamics in a firm's
market and the degree to which customer
behavior changes over time.

SUMMARY, LIMITATIONS AND
FURTHER RESEARCH

Although the insights derived from this
analysis are specific to these data, the process
that we describe is generalizable. Our
application demonstrates that analyses can be
conducted to enhance the targeting and
management of customers in a multichannel
context, even if a firm is just beginning to
develop an enterprise database. A key benefit
of this process is that it leads to insights that
can be used to classify prospects into segments
quickly. As MARCOM tactics become more
sophisticated and costly, early and accurate
customer identification is even more critical,
and this process becomes more valuable.

A limitation of the inferences that we derive
from using the process is that our data do not
account for the nature or content of the
MARCOM. For example, the device might be
a specialty coupon, such as a buy-one-get-one-
free pro- motion, or it may be a postcard that
focuses on a particular category. Given our

data, we simply examine the dollar
expenditures and the number of MARCOM
activities. An avenue for further research is to
apply this process to more specific data on the
communication devices themselves.

Another area for further research is to gather
and incorporate shopping-level data with the
purchase data to track customers through all
interactions with the retailer (Nunes and
Cespedes 2003). The data can be included in
the choice model specification as we describe
in Step 1. In addition, there is a need for
theoretical models of customer buying
behavior across multiple channels.
Schoenbachler and Gordon (2002) introduce
one such model, and researchers such as
Kumar and Venkatesan (2005) have tested

some of its components and found promising
preliminary results for multichannel shopping
behavior. The current research is a first step
toward helping retailers understand the value
and use of enterprise data. Although we
demonstrate how MARCOM can benefit from
the investments made in developing enterprise
data, research in other areas, such as inventory
management (e.g., Bendoly et al. 2005), could
also benefit from the data that comes from
channel integration
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