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ABSTRACT Drawing on the marketing, finance and retail research literature, this article uses
a multi-stage targeting methodology to enhance the targeting of high-revenue customers. Such
an investigation is important for both research and practice, as many retail-marketing departments
use traditional response models to identify the optimal customers for marketing communications,
despite the fact that maximum revenue is the financial objective for corporations rather than
response. A methodology is deployed to build multi-stage models that target the most responsive,
highest-spending and highest-profit customers using customer- and product-level profit data from
a specialty retailer in the United States. Comparisons of the competing models show that multi-
stage models identify customers with higher actual sales and profit than both traditional response
models and other forms of multi-stage models in which any two combinations of customer
response, spend or profit are predicted. Implications and limitations of this research are discussed
in light of the results.
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PURPOSE

This article draws insights about consumer
sales and profit from the literature in the fields
of marketing, finance, retail and financial
services, which are used to enhance and extend
the traditional targeting models deployed in
marketing departments. Specifically, this article
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uses two retail consumer data sets to build and
validate multi-stage targeting models, which
target more than simply customer response. The
most effective of these multi-stage models uses
product-specific profit information to predict an
individual customer’s future sales and profits.

To preview the results, ‘two-stage’ models such
as those that predict customer response and spend
generated up to 12 per cent more sales than
response models alone. ‘“Three-stage’” models
that predict customer response, spend and profit
targeted customers with 17 per cent more profit
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than response models alone. When comparing the
three-stage model to the next-best performing
two-stage model (that is, the model that predicted
response and profit), the former was able to
target as much as 3 per cent more profit per
customer mailed. Although this appears modest,

a 3 per cent profit increase for a large customer
base translated into US$264 000 more in profits
in a 4-week response period, an amount that is
even larger when considering the total number of
marketing campaigns in a given year. Although
the financial benefits of multi-stage models may
be evident in the results previewed above, there
are several additional reasons why consumer sales
and profit research is important, and several ways
that it can be used to enhance the eftectiveness
of traditional targeting methodology.

First, researchers are aware that marketing
efforts impact the bottom line of their businesses,
whether through direct mail promotions that
drive store traffic and subsequent profits,! or
through Customer Relationship Management
(CRM) and its role in generating customer and
therefore corporate profit.>® Because marketing
drives sales and profits, professionals in this field
have a special interest in optimizing their eftorts,
of which customer-targeting methodology is
a major component, particularly for so-called
‘non-contractual’ retail relationships that must
be constantly renewed. This article addresses the
need to optimize one component of marketing
tools by extending traditional response models
to multi-stage models. Specifically, it enhances
response models by targeting combinations of’
customer response, sales and profit.

Second, according to a review of 7 years of
retail research literature, quantitative studies of
consumer behavior are under-represented
compared to qualitative research.* This article on
multi-stage modeling addresses the quantitative
gap in the literature by building and validating
statistical models of customer behavior using data
from a prominent store-based specialty retailer
based in the United States. Two large customer
data sets are used; each data set contained
different kinds of data and products. Models
were built for the two data sets, and therefore
the modeling results are presented separately

(hereafter referred to as the first and second
analysis for the sake of brevity). The first analysis
enhances traditional (‘single-stage’) response
models by modeling customer response and
customer spend. The second analysis replicates
the first analysis, and also extends the logic of
two-stage models to develop a three-stage model
to predict customer response, spend and profit.
This approach strengthens the findings by
replicating the methodology across customers
who buy two distinct products, and by building
models on two types of data (campaign-response
data and a ‘natural’ random customer sample).

In sum, this article extends traditional customer
response model methodology to build multi-stage
models, and measures the impact of multi-stage
targeting models with regard to customer sales
and profit.

Third, although it is vital for predicting
customer profit, marketers and statisticians are
often hampered by the lack of profit data at the
product (item) level.” Such data unavailability
forces researchers to apply the same profit rate
to all customers or to assign an average profit
rate to each customer in a segment.® Although
effective for some research questions, averages
that are assigned to customers are unlikely to
produce the most predictive models at the
customer level because some customers buy
higher-profit products while most do not. In
contrast to research using averages, this article
provides an opportunity to use profit data specific
to each unique item that the customer has
purchased. Ultimately, more accurate data should
build more effective models, which in turn will
drive CRM, sales and profits more generally.”

Finally, marketers and statisticians constantly
seek to improve customer-targeting methodologies.
Historically, marketers have built response
models to target the optimal customers (that is,
most responsive customers) for future marketing
communications.®? Certainly there are several
benefits of traditional response models, a topic
discussed in depth during the final section of this
article. However, traditional response models
are insufficient to target the highest-spending
or most profitable customers. In fact, response
models can potentially target the most responsive
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customers who actually spend the least, especially
when promotional offers involve free items

or when there is no purchase requirement (for
the reader’s information, the ‘response’ data in
this research did not reflect such a scenario).

To avoid the unnecessary marketing costs
associated with targeting lower-spending and less
profitable customers, statisticians in the financial
service industries have enhanced response models
by extending the models to predict customer
spend as well as customer response. Although

a more detailed discussion of this topic is found
in the implications section, it is important to
briefly mention that within retail businesses, this
advancement has been substantially slower to
materialize. Thus, this article is an important
bridge between the methodologies used in the
two industries, bringing successful methodology
from the financial services industry into the
retail sector. To build such a bridge, this article
demonstrates one kind of methodology for
multi-stage models with concern for maximum
understanding by modelers and maximum
application in marketing organizations. The need
to increase profitability is not a minor issue; firms
that fail to do so may find themselves irrelevant
to consumers regardless of economic conditions,
but especially during anemic environments.

The remaining sections of this article are
organized in the following way. First, the finance
and marketing research literature on the topic
of customer sales and profit is explored across
various industries. Second, data sources and
methodology are reviewed to fit and validate
individual-level customer models. These models
predict combinations of customer response, sales
and profit at the individual customer level. There
are two distinct analyses. The first analysis uses
campaign data to build a traditional (one-stage)
response and a two-stage (response-spend) model.
The second analysis uses a random sample of
customers to replicate the methodology of the
first analysis and extend the two-stage models
to a three-stage model involving response, spend
and profit. Third, the results section compares
the models, and explains the findings. The last
section discusses the findings of the research,
limitations and suggestions for future analysis.

Enhanced customer targeting with multi-stage models —)}(—

THE CONSUMER SALES AND
PROFIT LITERATURE

Within the fields of marketing and finance,

the study of consumer sales and profitability

has spanned three lines of research: (I) descriptive
and analytic research on definitions of profit, their
components and their measurement, (II) research on
the consequences of sales and profit and (I1I) research
that predicts customer sales and profit (deferminants).
The next section briefly describes three areas

of consumer profitability research, and their
contributions and limitations. Although it focuses
primarily on retail, it also incorporates banking,
insurance, telecommunication and other
industries.

Definitions, components,
measurement of profit

Researchers in the field of finance spend much
time describing and measuring customer sales and
profit. This research has been conducted at the
aggregate, non-customer level (for example,
transactional or product level analyses),'*!! in an
aggregated (total) customer population, or within
segments of customers.'>!> Within this line of
research, the components of sales and profit have
been explored in great detail. For example, Ryals
reviewed various kinds of revenue and costs for
the banking and insurance industries (acquisition
costs, channel costs, loan costs and other costs).14
In an analysis of the effects of store profits, it was
discovered that transactional costs (for example,
discounts, rebates and other costs) can reduce
retailers’ store profits (that is their ‘pocket price’)
by an additional 14-39 per cent.'® Other research
has reviewed various components involved in
calculating profit, including product costs, capital
costs, order-related marketing costs, indirect order
related marketing costs and indirect customer
costs.'® Finally, research from this perspective has
also generated and examined concepts that are
used to track customer sales and profits over
time, such as Lifetime Customer Value (CLV),
Net Present Value, Internal Rate of Return,

Past Customer Value, Previous Period Customer
Revenue and Activity Based Costing.®!172!
Together, research that defines and explores
detailed concepts related to profit components has
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allowed us to better measure consumer profit.
Research on profit components has also been
vital, as it is a necessary first step before an
optimal customer prioritization method can be
deployed.?” However, for those responsible for
executing customer-based marketing efforts,

there is a need for more predictive targeting tools
at the customer level,'”?? (see Venkatesan and
Kumar),?! especially as marketers typically have
purchase data unique to each customer. Simply
put, when making customer-level decisions,
assuming the same profit rate for all customers®>!
is likely to result in less accurate models

than those with actual profit data for each

customer.>+20

Consequences of sales and profit
Another focus of marketing research has dealt
with the consequences of customer sales and
profit, such as how customer sales and profits
are related to brand loyalty and customer
satisfaction'®(for a review, see Gupta and
Zeithaml).?® In the literature, researchers disagree
as to whether profits and sales cause customer
loyalty and satisfaction, or whether they are

a consequence of revenue.’ Regardless of causal
relationship, this literature has reminded us that
customer revenue is not the only customer
behavior to explain and predict. Another line
of research explores the dynamics of customer
retention, which follows logically from customer
sales and profit at a firm. Specifically, customer
‘churn’ has been studied in retail sector firms,'>2’
the telecommunications sector,”’”! the banking
industry®®>* and airlines."® Finally, on a topic
related to customer loyalty and satisfaction,
researchers who advocate for CRM argue that
CRM drives customer sales and profits precisely
by enhancing customer loyalty, duration and
satisfaction. CRM 1is said to provide more
relevant communication between the organization
and the customer, which is optimally timed to
each customer’s unique purchasing needs and
lifestyle. Because it delivers the ‘right message

to the right customer at the right time’, CRM
drives sales and profits.”!*3> Although this

article on multi-stage models does not directly
involve the topic of CRM, it does involve the

enhancement of predictive models as a major
CRM targeting tool (for discussions on the
appropriateness, benefits and evolution of

CRM, see Homburg ef al,?> Venkatesan et al*®
and Berry®’). Altogether, research on the
consequences of sales and profits has contributed
to an emphasis on the total customer relationship,
rather than focusing narrowly only on customers’
financial outcomes. Moreover, this line of
research reflects a more complex view of the
way in which customer targeting is driven by
prior targeting decisions.”? However, like research
on the definitions of profit, studies on the
consequences of sales or profit tell us less about
which customers to target for the highest sales

and profits. Rather, their purpose is to examine
the reasons or causal mechanisms behind the
relationship.

Determinants of customer sales

and profit

Finally, finance and marketing researchers have
also explored various causes or determinants of
sales and profit (for a comprehensive review,
see Gupta and Zeithaml).?® In brief, selected
studies have explored the costs of capital in
determining profitability,!’ how credit costs
determine profit in the fishing industry,?’ and
the role of internal organizational processes and
procedures within banks.*® Other research
studies on the determinants of customer sales
and profit have explored attitudinal measures
such as customer satisfaction because more
satistied customers are argued to spend more
16283139 the impact
of customer tenure for sales and profits in the
retail industry,*” the effects of past customer
transactions in predicting future transactions for
the airline, retail and apparel industries;'? attitudes
regarding product perception on revenue,*! retail
store traffic and direct mail promotions, both

than unhappy customers;

of which are positively correlated with profit
and sales;' and the number of product categories
from which customers have purchased.*?

In the latter study, the authors found that the
number of product categories from which a

customer purchases was related to both revenue
and CLV.
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One limitation of these studies is that they
typically have assumed relatively simple causality
in which past customer behavior has determined
future sales and profits. Several studies challenge
this view, and explore the more complex
relationship between past and future customer
behavior.»?? For example, Homburg et al
analyzed data on 310 business-to-business and
business-to-consumer firms to explore the
complex determinants of customer profit.
Ostensibly, marketers assume that a customer’s
past profit determines customer satisfaction and
loyalty, which then affects his or her share of
wallet with the firm. Share of wallet, in turn,
affects sales and profits for the top tier of
customers. However, rather than ending here,
they argued that a customer’s current profit
affected future profits because marketers often
target customers with the highest profits.??

In short, customer targeting does not occur in

a vacuum or independent of past behavior. We
often neglect the way in which future targeting
decisions are related to past targeting decisions.
Likewise, using survey data across industries,
one study found that the relationships among
increased purchases, tenure and satisfaction are
not necessarily related to increased customer
value.® Despite a simplified causal mechanism,
research that assumes a link between purchase
behavior and future revenue is nevertheless
predictive, and contributes a wealth of candidate
variables useful when building sales- and
profit-targeting models at the customer level.
Using a data-mining approach, as many of these
concepts as possible are offered to the multi-stage
models as candidate variables.

METHODOLOGY

Data sources

Data come from a multi-channel, Fortune 500
retailer in the United States that has historically
specialized in three product lines: intimate apparel
(including sleepwear, swimwear and accessories),
personal care items (for example, lotions and
home fragrance products) and fashion clothing
(men’s and women’s). The analyses presented
here used data from customers who shopped

Enhanced customer targeting with multi-stage models —)}(—

the store channel during a 4-week prediction
(that is outcome) period. Predictor variables
spanned the maximum 3 years of customer
transactional history before the outcome (that is
response) period. More than 500 candidate
predictors included a customer’s transactional,
individual and household data in an attempt to
draw from the literature on the drivers of
customer sales and profit. A partial list includes
past shopping behavior, payment information,
products purchased, seasonality or time period
shopped, and household demographics such as
martial status, age and home value. Although
customer satisfaction has been hypothesized to
be a significant predictor of customer sales

and profit®®?? (but see Singh et al),* along with
membership in a loyalty program,®” customer
satisfaction data were not directly available, and
the corporation does not have a traditional
‘loyalty’ program. However, because of exclusive
discounts and offers for credit card customers,
this firm often considers the use of its proprietary
credit card an indirect indicator of customer
satisfaction and loyalty. The logic is that customers
have many choices of credit cards to use, but
continue to choose the firms’” own credit card.
This suggests some level of satisfaction and
brand loyalty. Therefore, the multi-stage models
offered up predictors related to credit card usage
as an indirect indictor of loyalty and satisfaction
when customers had a proprietary credit card.
Individual-level predictive research has used
various types of appended data (census-block,
characteristics of an individual’s occupation or
industry, store-distance, survey data on customer
satisfaction, share of wallet data from competitors
and other exographic data).**™* For purposes of
illustration of the concepts in this article and for
maximum generalization of the conclusions, only
demographics available on the Enterprise Data
Mart were used. In the following subsections,
details regarding the data are specified separately
because there were two data sets analyzed.

Data for the customer
response-spend models

For the first analysis in which customer response
and response-spend models were built, random
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samples of mailed customers were aggregated
from several direct mail campaigns. The total
customer sample utilized for model-building and
final model selection was 67385. There were an
additional 67645 customers randomly selected
from a campaign that was not used to build the
model (that is, a ‘hold-out’ or validation campaign).
One benefit of using campaign data is that we
also have available a random sample of the hold-
out campaign that did not receive any treatment
(a control group), which allowed us to assess the
impact of marketing on customers more generally
(that is, to measure incremental marketing
impact). All customers were ‘active’ purchasers
of a particular specialty product line distinct from
the product line purchased by customers in the
second data set described below. (Owing to
confidentiality, the product specialties cannot be
identified.) For each customer in the random
modeling sample, predictor variables at the
transactional and individual customer level were
extracted, aggregated and appended to each
customer’s record from the Enterprise Data
Mart. The first dependent variable was response
to the campaign (yes, no), for which responders
with spend greater than $0 were defined as
‘responders’. The second dependent variable was
the amount of each customer’s sales during the
4-week campaign response periods for those
customers who responded. Thirty thousand and
three hundred customers had sales greater than $0
in the modeling sample. Returned merchandise
was not subtracted from gross customer sales
because total product returns were a nominal
amount of gross sales for these campaigns.

Data for the extension-to-profit
models

The corporation did not have customer-level
profit data for the specialty customers described in
the first data set. However, they were available
for a set of customers considered ‘active’ buyers
of another distinct specialty product line. Although
these customer data had the advantage of
containing profit information at the transactional
level for each customer, there were not sufficient
random samples to utilize response data from
direct mail campaigns. Therefore, a separate data

set was constructed using a random sample of
70591 customers extracted from the Enterprise
Data Mart. Although they were completely
random, these are sometimes referred to as
‘natural’ data, as they are not associated with a
marketing campaign per se. When building spend
and profit models, the second analysis used the
same definitions as the previous analysis, including
the definition of eligible customers, the same
outcome measurement period and the definition
of the dependent variables. This second data set
contained a random sample of 33491 customers
with spend and profit greater than $0. In addition
to the same candidate predictors used for the
first analysis, the second analysis for the profit
extension included independent variables related
to a customer’s profit margin in the 3 years
before the outcome period. The definition of
customer profit and the rationale for including it
as a candidate predictor are discussed below in
more detail.

Definition of customer profit

This research used a simple definition of
customer profit, which admittedly did not address
the complexities of customer profit that were
cited as a strength of the finance literature
regarding profit, CLV and other related concepts.
However, of utmost concern for this article was
the ability to communicate the multi-stage
methodology and facilitate its widest possible
deployment across marketing organizations.
Therefore, a simple definition of customer-level
profit was used, in which profit was defined as
the sum of each customer’s sales minus the sum
of the ‘cost of goods’ for all items purchased by
a customer. The corporate finance department
determined the cost of goods for each item sold
in the store, and this information was loaded to
the Enterprise Data Mart for each product at the
lowest possible level (that is item). An item-level
analysis of the data was needed because products
and customers vary in terms of profitability.'
Indeed, in one study, 20 per cent of products
generated 50 per cent of the sales and 150 per cent
of the profit.!” Neither are all customers equal
when it comes to what they buy and their revenue.
For example, certain customers traditionally
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purchase low-margin products, others buy
high-margin products, and still others purchase

a mix of both high- and low-margin items. To
illustrate how two customers can have the same
sales but very different profit, consider the
following example. One customer purchased
four lower-margin, lower-priced body lotions,
whereas a second customer purchased a single
higher-margin, higher-priced anti-aging facial
care product. The two customers each spent $80.
However, the first customer purchased eight
bottles of lower-margin lotion for $10 each with
a cost of goods at $4 for each bottle, yielding

a total spend of $80 ($10 spend per item X 8
items = $80 spend) and $32 in the total cost of
goods ($4 cost of goods per item X 8 items = $32).
Thus, this customer had a margin of $48 ($80
spent— $32 cost of goods=$48). In contrast, the
second customer, who also spent $80, purchased
one anti-aging product with a $20 cost of goods,
and had a total profit margin of $60 ($80 spend —
$20 cost of goods=$60 profit margin). These
two customers had the same sales but significantly
different profit margins based on the products
they purchased: the body lotion buyer had $48 in
profit margin, whereas the anti-aging buyer had
$60 in profit. For this reason, customer profit in
retail sales is best modeled according to the items
that are purchased, rather than multiplying the
same profit rate by each customer’s sales.

The same definition of profit (customer sales
minus the cost of goods) was used to construct
independent variables for which prior customer
profit was a candidate predictor for future profit.
In addition, the profit models also included
candidate variables that measured the change in
profit for each customer in the 3-year prediction
period, because customers who reduce their profit
over the 3-year prediction period may generate
less profit in a future outcome period (as well as
the reverse). Finally, for the second analysis, both
profit dollars and profit margin percentages were
candidate independent variables for the predictive
models. For example, a customer with $100
spend and $75 cost of goods had a profit margin
in dollars of $25 and a profit margin percentage of
0.25 ($25 margin/$100 spend =25 per cent

margin percentage).*’

Enhanced customer targeting with multi-stage models

Modeling methodology
Like the logic used to define profit, a multi-stage
methodology was adopted that could be well
understood by the widest possible marketing
audience (both statisticians and other marketers).
Thus, the methodology used in this article
followed common industry standards and statistical
procedures available to nearly all analysts. For
example, this article used the commonly practiced
data-mining procedure of sample partitioning,™
although more advanced data partitioning
and sampling techniques are available using
bootstrapping and Monte Carlo simulations,
particularly for smaller data sets (for examples of
these techniques in the profitability literature, see
Venkatesan and Kumar,?! Sismeiro and Bucklin®
and Lemmens and Croux®’). The development
data sets for all models were randomly partitioned,
and models were built and selected on one portion
of the data and evaluated on other portions.
Finally, oversamples of responders were taken
because the data contained a low response rate,
which would yield less robust models if not
addressed.>!>>

Data-mining professionals have used a variety
of advanced multivariate statistical algorithms
when analyzing sales and profit data. These
include artificial neural networks,>>>® decision
trees,?” structural equations/path analysis,'*>
traditional forecasting,'® Markov models?*>* and
regression models. 212940415455 Another technique
is latent class analysis,>*%"
deployed when unobserved attitudinal measures
are prominent in the analysis. A subtype of
latest-class models extends the technique to a

which 1s often

regression model, which are especially useful
when analysts have data sets with repeated
measures and/or want an advanced alternative to
a k-means clustering algorithm.”*" Profit-modeling
problems have also been considered from a
Bayesian perspective, in which the timing of
purchase is considered a key outcome to be
modeled,?>°! as well as from a risk-hazards
perspective in terms of profit and attrition.
Finally, a modeling methodology that is related
to the technique used in this article is worthy of
mention. A study of online shopping used a series

10

of binary probit models to predict three online
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customer behaviors that followed a natural
sequence. Each dichotomous dependent variable
was modeled as conditional on the previous
dependent variable. For example, the authors
modeled the probability of completing personal
information among those who first successfully
configured the product. By modeling these
predicted behaviors conditionally rather than
using a single model to identify the ultimate
outcome (placing a deposit on a new vehicle),
the authors were able to realize a 15-22 percentage
point improvement in the cumulative proportion
of potential customers.?> Such a ‘staged’ or
conditional methodology is a powerful modeling
approach that is related to the multi-stage models
in this article.

Following the broad communication objective
discussed regarding the definition of the profit
and the data sampling technique, the models built
in this article used modeling techniques accessible
via standard data-mining software. Specifically,
competing response, spend and profit models
were built using decision trees (CART/CHAID
variants), neural networks and multivariate
regression (logistic or ordinary least squares (OLS)
as appropriate).®? The final models presented here
were logistic and OLS regression models, which
were both the best-performing and most stable
algorithms in the validation data.

Response models

First, to measure the performance of a traditional
approach to customer targeting, response models
were built to predict the probability that a customer
would respond to a direct mail campaign or
purchase the product of interest. Response was
defined as customer sales greater than $0 during
the promotional period. The response model can
be expressed by the following equation, which is
the standard logistic regression expression in

statistics literature:*>~%°

Y= ﬂo + B1X1 + ﬁzxz + ﬂiXi +é€ 1

Where Y=response to campaign (1 =yes, 0=no),
po=intercept, §; =slope for independent variable
X, X;=independent variable;, f,=slope for

independent variable X,, X;=independent
variable,, f§;=slope for independent variable X
X;=1independent variable; and &= error term.
The response model was fit using a stepwise
procedure, and a ‘best’ model was selected using
Schwarz’s Bayesian Criterion (SBC) statistic.

For the first analysis involving the response to
campaign data, the final response model included
the following predictors: customer’s tenure,
number of departments the customer shopped,
customer’s use of house (proprietary) charge card,
customer’s number of transactions, and two
demographic variables: numbers of days since
customers had shopped with other retailers
(recency) and the vehicle composition of the
customer’s neighborhood. For the second analysis
involving the random customer sample, the final
predictors in the response model included the
customer’s number of trips, customer’s number
of products purchased, customer’s average spend
per trip, number of transactions customer made
in past 3 months, customer’s total spend and
customer’s recency, as well as indicator variables
for one-trip shoppers and customers who
previously shopped during sale periods.

For each analysis, customers in the validation
campaign/data set were scored using the response
models (equation (1)), and then ranked by the
value of Y, the predicted response rate. Performance
metrics for actual spend are shown by decile,
which are 10 per cent breaks in the hold-out
data set. Recall that the first analysis shows actual
sales statistics using a hold-out campaign from
another time period not used to build the models
and a control (no treatment) data set that was also
available. The second analysis used a random
customer sample, as adequate random samples
were unavailable from direct mail campaigns,
and because profit was not available for the first
set of customers.

Response-spend models

Independently from the response models,
statistical models were built that predicted how
much a customer would spend in a 4-week
future period if they responded to the campaign
(equation (2)). These are also referred to as spend
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Table 1: Results of swap set analyses, comparing unique customer deciles from two methodologies (Sales>$0 and Sales>=$0)
where sales and profit per circulation reflect actual values for outcome period

Two methodologies applied to response-spend Deciles 1-4

models (two-stage)

Response campaign Customer sample

Sales/circ Sales/circ
Sales>$0 $5.14 $4.92
Sales>=$0 (all customers) $4.63 $4.07
Difference $0.51 $0.85
Confidence level 95% 99%

Two methodologies applied to Deciles 1-4 Deciles 1-2

response-spend-profit models (3 stage)

Response campaign Customer sample Customer sample

Profit/circ Profit/circ Profit/circ
Sales>$0 Not applic. $2.01 $3.09
Sales >=$0 (all customers) Not applic. $1.87 $2.72
Difference Not applic. $0.14 $0.37
Confidence level Not applic. <90% (NS) 95%

NS: Not significant.
Source: Campaign validation data and random customer sample.

models that are built conditional on customer
response. Two different response-spend models
were estimated. The first response-spend model
used the campaign data and the ‘no treatment’
sample of customers from the campaign. The
second response-spend model used the random

sample of customers from the Enterprise Data Mart.

When building spend models (and later, the
profit models), customers without sales during
the campaign (that is non-responders) were
excluded. A quantitative analysis supported this
decision. It evaluated models for customers with
and without sales on the dependent variable
(Table 1).¢

Like the response model, several predictive
algorithms were deployed to finalize an optimal
spend model. This included decision tress,
neural networks and OLS regression. Because
OLS regression was the best-performing, the
results of the OLS regression models were
shown here. The spend models are expressed
as the following standard OLS regression

equation:®7:68

Y= ﬁo + ﬁ1X1 + ﬁzxz + ﬁiXi +e ()

Where Y=sales per customer, f3,= intercept,
p1 =slope for independent variable X;,

X, =independent variable;, 8, =slope for
independent variable X,, X, =independent
variable,, f§;=slope for independent variable X,
X;=independent variable; and ¢=error

term. Various regression models were
estimated using a stepwise technique and the
SBC statistic.

The best spend model from the first analysis
included the following predictors: customer
transaction counts, number of items the customer
purchased, the customer’s total spend, the
customer’s average spend per transaction, product
purchases by the customer, the customer’s
payment information and a demographic-household
variable (purchase amount with other catalogue
retailers). For the second analysis (that is the
random sample), the spend model contained
the following final predictors: customer’s average
spend per trip, the amount the customer spent
during the last quarter and the amount the
customer spent during key seasonal shopping
periods.

In each data set, the predicted spend from the
OLS regression model (that is, the predicted linear
model score from equation (2)) was combined
with the predicted score from the single-stage
response model (that is, the predicted score from
equation (1)) to form a ‘response-spend’ predicted
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score for each customer (see equation (3) below).
This was calculated in the following manner:

Predicted Score for ‘Response-Spend’
=Y, Y

L response model x spend model

)

For example, using the response model, a
hypothetical customer had a probability of
responding to the campaign of 10 per cent. From
the response-spend model, she had an expected
spend of $100. This customer would have a
score of 10 (0.10X$100=10). Customers in the
validation campaign were scored two times: once
for the response model that used equation (1), and
once for the spend model that used equation (2).
A combined score was calculated and this was
used to rank customers for the response-spend
model (equation (3)). To determine the effect
of the response model on customer sales, the
same customers were also ranked using only
their predicted response model score from
equation (1).

Model performance is shown using metrics
familiar to marketing professionals. The first is
the customer response rate. The second metric
is a measure of sales per customer mailed, and is
typically referred to as ‘sales per circulation’ in
the retail industry. This is defined as Sales per
Circulation = Sls;/Circ;, where Sls = total sales,,
Circ;= quantity mailed in decile; and i=model
decile; The metrics shown are cumulative by
model decile because we wish to compare total
model performance to a similar depth of the
validation data. The sales and profit metrics used
to evaluate model impact are actual sales and
profit per customer using a validation campaign
(the first analysis) or ‘natural’ data from the
Enterprise Data Mart (the second analysis). The
time period for actual customer response, sales
and profit was 4 weeks for all models.

RESULTS

Response rates for the response and

response-spend models

Regarding the first analysis that used campaign

data, the response model performance is initially

Table 2: Cumulative response rates for response and
response-spend models by decile

Decile Cumulative response rate
Response  Response-spend Difference
model (%) model (%) (%)

1 12.12 11.81 0.31
2 11.31 11.01 0.30
3 10.77 10.52 0.25
4 10.32 10.08 0.23
5 9.94 9.70 0.24
6 9.52 9.35 0.17
7 9.09 8.97 0.12
8 8.72 8.63 0.09
9 8.28 8.25 0.03

10 7.85 7.84 0.00

Source: Validation campaign.

compared to the response-spend model. Table 2
shows that the actual cumulative response rates
are higher for the response model, which is
anticipated, as the response model ranks customers
only on their predicted response.

The top decile of the response model had
a cumulative response rate of 12.12 per cent,
compared to 11.81 per cent for the response-spend
model. This difference translates into a 2.6 per cent
improvement in response for the response model
compared to the response-spend model. At first
glance, a higher response rate for the response
model would seem to support the conclusion that
a response model better targets customers. Indeed,
with a large mailing of 20 million customers in
total (two million per decile), this would net
6200 more responders than the response-spend
model in the top decile. However, as the results
will show, explicitly modeling customer spend
using a response-spend model yields higher sales
than the response-only model in terms of both
gross and incremental sales. In the next section,
the results of the response-spend model are
reviewed in detail.

Sales per customer for the response
and response-spend models

Using the campaign data, model performance is
now compared in terms of cumulative gross and
incremental sales per circulation. Incremental
refers to the difference between a mail and
control (that is no mail) population. Table 3
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Table 3: Cumulative sales per circulation for response and response-spend models by decile

Decile Response model Response-spend model % improvement of
response-spend vs
response model
Cum gross Cum incremental Cum gross Cum incremental Incremental
sales/circ (in $) sales/circ (in $) sales/circ (in $) sales/circ (in $) sales/circ (%)
1 8.07 4.46 9.00 5.19 16.4
2 7.22 4.10 7.77 4.50 9.6
3 6.75 3.83 7.07 4.04 5.3
4 6.35 3.58 6.57 3.76 5.0
5 6.03 3.42 6.16 3.53 3.5
6 5.72 3.27 5.78 3.35 2.5
7 5.42 3.14 5.45 3.19 1.8
8 5.17 3.04 5.18 3.09 1.6
9 4.88 2.91 4.90 2.96 1.7
10 4.62 2.78 4.61 2.82 1.3

Source: Validation campaign.

shows that the response-spend model outperformed
the response-only model in terms of both gross
and incremental sales.

The top decile of the response-spend model
generated $9.00 per circulation (that is per customer
name mailed), compared to $8.07 per circulation
for the response model. Likewise, the response-
spend model outperformed the response model
in terms of incremental sales. The top decile of
the response-spend model generated $5.19 in
incremental sales per circulation, compared to
$4.46 in the top decile of the response model.
This is a 16 per cent improvement in incremental
sales for the response-spend model over the
response model. Similarly, customers in decile 2
of the response-spend model generated $4.50 in
cumulative incremental sales per circulation, whereas
customers in decile 2 of the response model
generated $4.10 in cumulative incremental sales
per circulation. This translates into a 10 per cent
improvement in cumulative incremental sales
per circulation for the response-spend model over
the response model. However, the benefits of
the response-spend erode as we mail deeper into
a customer list. By decile 4, the response-spend
model outperformed the traditional response
model by only 5 per cent. Nevertheless, with
large campaigns, a 5 per cent improvement can
still translate into substantially higher revenue
using response-spend models. To a model depth
of four deciles, a $0.18 difference in cumulative
incremental sales per circulation between response

and response-spend models translates into a
$1.44 million increase in incremental revenue if
eight million customers are mailed in total (two
million customers per decile). This $1.44 million
1s above and beyond the impact of not mailing
customers whatsoever.

Swap set: Response model versus
response-spend model

In addition to the cumulative sales results for
the campaign data, a swap set analysis was

also conducted to a hypothetical mail depth.

A swap set analysis provides a view into the
unique customers targeted by one model (the
response model) compared to another model (the
response-spend model). The swap set methodology
involved the following steps. First, the random
campaign sample of 67645 customers was scored
for both models. Second, a mailing depth of
four deciles was selected and applied to both
models. The first four deciles were selected
because these were the points at which model
lift dropped below random performance. Third,
customers who would have been mailed using
either model were removed from the analysis.
That is, customers who were in the

top four deciles in both the response and
response-spend model were excluded from the
analysis because they would have been mailed
using either model. Also excluded from analysis
were customers who were in the lower deciles
of both the response and response-spend model
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(deciles 5-10), because these customers would
not be mailed using either set of model scores.
Based on the cutoft described above, the swap
set analysis retained customers who were in the
top four deciles of the response-spend model or
who were in the top four deciles of the response
model, but not customers who were in the top
deciles of both models. Thus, with overlapping
customer deciles excluded, the swap set analysis
provides insight into the unique customers
targeted by each model. From the initial 67645
scored customers in the validation campaign, the
final swap set analysis contained 5040 customers.
This drop in quantity is typical when one model
is a component of the other. Specifically, the
combined score for the response-spend model
(equation (3)) contains the response score from
the response model. Thus, we would expect
many customers to have the same deciles for
both the response and response-spend model.

The results of the swap set analysis confirm
the cumulative sales results. After removing
‘overlapping’ customers from the data set that
contained both sets of scores (from the response
model and response-spend model), Table 4 shows
that unique customers targeted by the first four
deciles of the response-spend model generated
substantially higher cumulative gross sales per
circulation of $5.67 compared to $4.16 for the
unique customers targeted by the response
model (a statistically significant difference at
the 99 per cent confidence interval).

Likewise, cumulative incremental sales were
significantly higher for unique customers targeted
by the response-spend model compared to the
unique customers targeted by the response model.
Cumulative incremental sales were $3.56 for the
unique customers targeted in the first four deciles
of the response-spend model and $2.34 for the
unique customers targeted in the first four deciles
of the response model (a statistically significant
difference at the 99 per cent confidence interval).
This translates into 37 per cent higher gross and
52 per cent higher incremental sales for the
response-spend model over the traditional
response model.

The cumulative sales results and the swap set
results confirm that the response-spend model

Table 4: Results of swap set analysis, comparing
unique customers identified by response-spend
model response model

Swap set analysis (Deciles 1-4)

Model Sales/circ Sales/circ
(Mail) (Incremental)
Response-spend $5.67 $3.56
Response $4.16 $2.34
Difference $1.52 $1.22
Lift over response 36.50% 52.13%
model
Difference Yes Yes
statistically
significant?
Confidence level 99% 99%

Source: Validation campaign.

increased our ability to target customers based on
sales. When customers’ spend model scores were
combined with their response model scores
(equation (3)), higher-spending customers were
migrated (that is sorted) to the top deciles of the
customer file using the two-stage model, yielding
substantially higher gross and incremental sales
per customer than a response model alone.

EXTENSION TO MULTI-STAGE
PROFIT MODELS

Beyond concerns with customer sales, the
literature also makes evident that customer profit
is a financial objective. In seeking higher profit
among customers, two-stage models (response-
spend) can be extended to three-stage models to
target the combination of the most responsive,
highest-spending and most profitable customers
for the firm. The methodology involves the
tollowing. First, using the second data set of
random customers sampled from the Enterprise
Data Mart, a new response model was built.
Second, a new spend model was also built
separately from the response model. Both models
were built replicating the methodology used in
the first (campaign) analysis. Third, competing
profit models were built using various statistical
techniques, as was done for the response and
response-spend models. The dependent variable
was a customer’s profit for their purchases during
the response (outcome) period. Like the spend
model in the first analysis, the profit models were
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built separately from the response and spend
models, and the final predictors were determined
after screening several hundred potential candidate
variables. Because the predictors in the other models
have been described above, only the details of
the final profit model are discussed here.

The best profit model contained the following
final predictors: amount of customer spend,
number of items customer purchased, each
customer’s average spend per trip, the number
of products purchased per trip, and finally the
customer’s sum of margin dollars for his or her
purchasing history leading up to the response
period. Scores for each customer from this
separate profit model were multiplied by scores
from the response and spend models to generate
a three-stage model score. The three-stage
response-spend-profit model score was calculated
in the following manner:

Predicted Score for ‘Response, Spend, Profit’

- Yresponse model X Yspend model X Yproﬁt model (4)
All customers were ranked on their predicted
value of this combined score, and actual sales and

profit from the validation data set were examined.
In addition to the three-stage model (response,
spend, profit), another two-stage profit score was
calculated using only profit and sales scores as the
components. That is,

Predicted Score for ‘Response-Profit’

= Yresponse model X Yproﬁt model

®)

Enhanced customer targeting with multi-stage models —)K-

The purpose of this two-stage, response-profit
model was to measure the effectiveness of a
simpler profit model, as we might hypothesize that
the most responsive and highest-profit customers
can be targeted without explicitly considering their
predicted sales. Such might be the case if
marketers seek to maximize ‘bottom line’ revenue
without regard to ‘top line’ revenue (sales).

Tables 5 and 6 contain the results of fitting
several multi-stage models to the second data set.
Before discussing the results of the three-stage
model, note that, like the first analysis, the
second analysis also found higher response rates
for the traditional response model compared to
other models. In the top decile, the traditional
response model generated a response rate of
23.28 per cent, compared to 22.50 per cent for
the three-stage model (response, spend, profit).
Assuming a customer universe of two million per
decile, this translated into 15600 more customers
targeted by the response model.

Once again, however, response rates alone are
not the only indicators of model performance.
Marketers typically focus on revenue. In this regard,
the results of the second analysis, which used the
random sample, found that the three-stage model
generated the highest actual sales and profit in the
4-week response period. The first decile of the
combined, three-stage model had $11.22 in actual
sales per circulation and $5.10 in actual profit per
circulation in the validation data. The baseline,
standalone customer response model saw only
$10.05 in actual sales and $4.37 in profit per

Table 5: Cumulative response rates by model type and decile for random sample

Decile Response model Response-profit model Response-spend model Response-spend-profit
model
Cum response Cum response Cum response Cum response

rate (%) rate (%) rate (%) rate (%)
1 23.28 23.00 23.09 22.50
2 21.75 21.34 21.52 20.73
3 20.34 20.06 20.15 19.48
4 19.15 18.90 18.94 18.42
5 18.03 17.86 17.92 17.43
6 16.95 16.78 16.85 16.47
7 15.90 15.77 15.80 15.54
8 14.92 14.81 14.86 14.70
9 14.03 13.94 13.97 13.88
10 13.10 13.10 13.10 13.10

Source: Validation data.
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Table 6: Cumulative sales per circulation and cumulative profit per circulation by model type and decile for random sample

Decile Response model Response-profit model Response-spend model Response-spend-profit
model

Cum Cum Cum Cum Cum Cum Cum Cum

sales/circ profit/circ sales/circ profit/circ sales/circ profit/circ sales/circ profit/circ
(in $) (in $) (in $) (in $) (in $) (in $) (in $) (in $)
1 10.05 4.37 10.95 4.97 10.98 4.86 11.22 5.10
2 8.48 3.90 8.96 4.21 8.99 417 9.08 4.26
3 7.52 3.56 7.85 3.76 7.87 3.74 7.86 3.77
4 6.85 3.28 7.01 3.40 7.02 3.38 7.02 3.42
5 6.29 3.05 6.41 3.14 6.42 3.13 6.37 3.13
6 5.83 2.85 5.86 2.89 5.88 2.89 5.83 2.88
7 5.38 2.65 5.40 2.67 5.41 2.67 5.38 2.66
8 4.98 2.46 5.00 2.48 5.01 2.48 4.99 2.47
9 4.64 2.30 4.63 2.30 4.64 2.30 4.63 2.30
10 4.31 2.14 4.31 2.14 4.31 2.14 4.31 2.14

Source: Validation data.

circulation. This difference translated into

12 per cent higher sales and 16 per cent higher
profit per customer for the three-stage model
compared to the response model alone. The next
best model performance was obtained by the
various two-stage models. The response-profit
model generated $10.95 in sales and $4.97 in
profit per circulation, and the response-profit model
had a similar $10.98 in sales and $4.86 in profit
per circulation. Across these various models, the
three-stage model (response, spend, profit) had
the highest sales and profit compared to the
standalone response model.

Although the three-stage model clearly
outperformed the traditional response model in sales
and profits, the performance difference was closer
between the three-stage model and the next-best
performing two-stage models. Specifically, decile
1 of the three-stage model had a more modest
sales and profits advantage of 2.5-2.7 per cent
relative to the response-profit model (a difference
of $0.27 in sales and $0.13 in profit per circulation).
Decile 1 of the three-stage model had a similar
advantage of 2.2-5.0 per cent higher cumulative
sales and profit compared to the response-spend
model (a difference of $0.24 in sales and $0.24 in
profit per circulation). Although sales and profit
improvements of less than $1.00 per customer
(or increases of 25 per cent in model performance)
might appear modest, they are large when
estimating the model impact on the total
customer base. Table 7 shows the results of a

model impact estimate assuming a total customer
base of 20 million customers (two million per
decile) consistent with the first analysis involving
campaign data.

Under the assumption of two million customers
per decile, the first decile of the three-stage
model generated approximately $2300000 more
in sales and $1469000 more in profit during a
4-week response period compared to a traditional
response model. When comparing the three-stage
model to two-stage models, the top decile
of customers would generate a narrower range,
but a nonetheless substantial amount of total
sales ($485000-$539000) and total profit
($264 000-$489000), depending on which
two-stage model is compared. Because these
model-impact estimates are for a 4-week period
only, a total estimated impact of multi-stage
models for a year of marketing should be
substantially higher depending on the volume
of direct marketing campaigns. Relative to the
response-only model, the three-stage model
has positive revenue that continues through
all deciles in terms of cumulative profit and
through decile 6 in terms of cumulative sales.
However, comparing a three-stage model to
a more sophisticated two-stage model (whether
response-profit or response-spend), the
cumulative sales and profit advantages of the
three-stage model wane by approximately decile
4. Here, we observe only $54 000-$95 000 in
higher sales and $114000-$264 000 in higher
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Table 7: Estimated 4-week impact of multi-stage models by model type and decile, assuming 20 million customers total, two

million per decile

Estimated 4-week impact on customer file (Hypothetical 2MM per decile)

Decile Cum circ Response-spend-profit vs Response-spend-profit vs Response-spend-profit vs
(Hypothetical) response model response-profit model response-spend model
Cum sales/circ Cum profit/circ Cum sales/circ Cum profit/circ Cum sales/circ Cum profit/circ
(in $) (in $) (in $) (in $) (in $) (in $)
1 2000000 2340296 1469293 539162 264220 484617 488819
2 4000000 2394244 1449745 476908 199392 345158 352834
3 6000000 2060212 1300016 78569 86033 -52318 201296
4 8000000 1418460 1058754 94527 113857 53697 263873
5 10000000 749381 763213 -430315 -130243 -546838 -31881
6 12000000 33714 328448 -429413 -179166 —-664385 -112827
7 14000000 -4217 195845 —-407 031 -181304 -554797 -125622
8 16000000 55025 155271 —149403 -59594 —-385505 -84339
9 18000000 -218700 24594 —43949 -8773 —-252432 -15896
10 20000000 0 0 0 0 0 0

Positive dollar impacts are given in bold.
Source: Validation data.

profit. At decile 5, the three-stage model
generates $430000-$547 000 less in sales, and
$32000-$130000 less in profits over the 4-week
period. In brief, this finding reflects a trade-off
that management must often make between sales
and profits. As a consequence, marketing
executives and statisticians should consider their
financial objectives (‘top line’ versus ‘bottom
line’ revenue) and use the appropriate models

to best meet their needs. The trade-oft in sales
and profit also reflects the components of

a three-stage model score, which contains

a combination of customer scores for expected
response, sales and profit. In contrast, the other
two-stage model scores contain combinations

of fwo scores (response and spend, or response
and profit), which are simpler calculations used
to rank expected sales and profits. In brief, no
single multi-stage targeting tool is optimal for
all marketing objectives, a topic that directly
affects executive decision making with regard

to analytic tools and CRM programs. In the last
section of this article, both topics are discussed
in greater detail.

Swap set: Response, spend and
profit models

A swap set analysis was conducted on the
second data set (the random sample) using the
same methodology as the swap set for the

campaign data. The swap set for the random
customer sample compared performance across
the three-stage (response, sales and profit)
model relative to the closest performing
alternatives, which were the two-stage models
(response-spend and response-profit). The
three-stage model (response-profit-profit) served
as the baseline modeling tool with the best
performance.

The second swap set began with response,
sales and profit model scores for all 33491
customers in the validation data set, and was
conducted to two different model depths. For
consistency with the first analysis, one swap
set was conducted to a depth of four deciles.
Another swap set was conducted to a depth of
two deciles because the lift of the three-stage
model dropped below a value of 1.00 at decile 3,
indicating that the profit model provided
maximum lift over a random treatment at decile 2.
A swap set to decile 2 also estimated the impact
of a smaller, more targeted campaign. After
eliminating customers with similar
three-stage and two-stage model deciles to
a depth of two deciles, 1997 unique customers
with unique model ranks were retained from
the second sample of 33491 customers. At a
depth of four deciles, 1397 unique customers
were retained. Table 8 contains the results
of the swap set for multi-stage profit models.
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Table 8: Results of swap set analyses, comparing unique customers targeted by three-stage profit models versus two-stage

models
Model Swap set analyses
Deciles 1-2 Deciles 1-4

Sales/circ Profit/circ Sales/circ Profit/circ
Response-spend-profit model vs response-profit model
Response-spend-profit $24.42 $11.83 $14.45 $7.72
Response-profit $20.06 $10.01 $13.85 $6.99
Difference $ 4.36 $1.82 $ 0.61 $0.73
Lift over response-spend model 21.76% 18.23% 4.38% 10.45%
Difference statistically significant? Yes Yes No Yes
Confidence level 99% 99% - 90%
Response-spend-profit model vs response-spend model
Response-spend-profit $24.29 $11.92 $15.02 $7.85
Response-spend $21.90 $9.49 $14.75 $6.52
Difference $ 2.38 $2.44 $ 027 $1.33
Lift over response-spend model 10.88% 25.68% 1.83% 20.35%
Difference statistically significant? Yes Yes No Yes
Confidence level 95% 99% - 90%

Source: Validation data.

In terms of profit per circulation, a three-stage
profit model outperformed a two-stage model
regardless of whether the model depth was
limited to the top 20 per cent or the top 40
per cent of customers (unless otherwise noted,
all differences were statistically significant at the
90 per cent confidence level or greater).

For example, at a depth of two deciles, unique
customers targeted by the three-stage model
(response-spend-profit) had $4.36 more in sales
per circulation and $1.82 more in profit per
circulation than customers targeted using a
two-stage response-profit model. The three-stage
model also generated $2.38 more in sales and
$2.44 more in profit than the two-stage,
response-spend model. The swap set on the unique
customers in the three-stage model translated
into 18-26 per cent higher profit per circulation
compared to the two-stage models, and 11-22
per cent higher sales per circulation depending
on which two-stage model was compared.

The results of a swap set to four deciles were
similar to those of the swap set at two deciles
with regard to profit. The three-stage model
generated $0.73-$1.33 more in profit than the
two-stage models through decile 4, depending

on which two-stage model was used, which
translated into 10-20 per cent higher profit per
circulation than either of the two-stage models.
However, at four deciles, the unique customers
in the multi-stage model generated statistically
similar sales compared to unique customers
targeted using simpler, two-stage models. This
indicates that the three-stage model converges
to some extent with the two-stage models
depending on type of model, model depth

and model performance metric. Caution must
be exercised, however, as the lack of a statistical
difference could also be a result of the smaller
sample of customers who remained after
eliminating overlapping scores across models.
The smaller sample could affect the magnitude
of the sales/profit differences because of larger
standard errors simply owing to increased
variability in the smaller data set. Future work
could more definitively replicate these findings
using larger customer samples.

Results summary

Using retail store data, this article described a
technique for building multi-stage customer-level
models that can target significantly higher sales
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and profits compared to traditional response
models alone. An enhanced, two-stage
(response-spend) model could generate up to

12 per cent more in gross sales per circulation
(16 per cent more in incremental sales) compared
to a response models by itself. For a typical
direct mail campaign circulation with this brand,
the impact of a two-stage model translated

into $1.44 million more in incremental sales

(that is, sales above and beyond a ‘no-mail’
customer treatment). This article also presented

a methodology for extending two-stage models to
three-stage models, which predict a combination
of response, spend and profit for each customer
(see Sismeiro and Bucklin for a similar methodology
using binary models).”> The three-stage
(response-spend-profit) model also drove higher
sales and profits than the response model alone,
by an estimated 12 per cent for sales and 17 per
cent for profit in the top decile of the model,
which was an estimated 4-week impact of up

to $2.3 million in sales and $1.5 million in profit
relative to a simpler, one-stage (response) model
in the top model decile. Although a comparison
of the three-stage and two-stage models yielded
a much more modest 2-5 per cent increase in
revenue per circulation for the top decile, this
could potentially translate into $485000-$537 000
in sales and $264000-$489 000 more in

total profit for this 4-week period, depending

on which two-stage model is used as a
comparison.

Why do multi-stage models generate higher
sales and profits? Simply put, response models do
not necessarily target the highest-spending or
highest-profit customers because they are not
designed to do so. Statistically, the standalone
response models and two-stage models sort
customers based on some combination of their
probability of responding, expected sales or
expected profit, but not all three predictions.

By combining the three scores and ranking all
customers on this single new score, we can
identify customers with the highest combination
of expected response, sales and profits, particularly
within the top 30—40 per cent of the customer
file. Beyond this proportion, some other
combination of two of the scores (response and

Enhanced customer targeting with multi-stage models —)}(—

profit, or response and spend) was a better choice
than ranking customers on the three-stage model.
Nevertheless, as long as a decision is made to
mail a relatively low proportion of the customer
base, the results suggest that marketers use
multi-stage models to target higher-revenue
customers and achieve revenue goals. Such profit
goals take on greater urgency during economic
downturns when nearly all retailers struggle

to show a profit.

IMPLICATIONS

Three implications emerge from the results of the
multi-stage models built to predict customer sales
and profits. In light of the sales and profit
advantages for two- and three-stage models,

the first implication relates to the continued
deployment of response models in marketing.
The second implication involves observations
regarding the trade-off between sales and profits
in these results, and encourages marketers to align
the type of model used with their campaign
objectives. The third implication deals with

one aspect of multi-stage model methodology.
The last section reviews limitations of this
research, and future directions are suggested

for the topic of predictive models that target
customers for their sales and profitability.

Are response models still useful?
Given the advantages of two- or three-stage
models, readers may wonder whether traditional
(standalone) response models are still useful
marketing tools, apart from their inclusion in
multi-stage models. Certainly, traditional response
models can yield substantially better performance
compared to single-variable targeting techniques
or the first generation of recency, frequency

and monetary (RFM) segmentation techniques.
(Note that REM models have since been
extended to incorporate more complex data

and approaches.)'??%* Even when revenue is
not a primary business objective for a marketing
program, there is a role for traditional response
models. For example, response models are well
suited for programs that seek to obtain the
highest number of customer purchases. Once
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consumers are regular purchasers, this can be
followed with additional contacts (direct mail,
telemarketing and other channels) in an effort to
expand the customer relationship. Several retail
brand divisions often use traditional response
models in their non-customer or ‘prospect’
campaigns, with the objective of obtaining the
highest non-customer store traftic, arguing that
store sales personnel can convert them to
customers. Response models also have other
benefits. They can reduce the mail volume to
an otherwise large customer base, increase

a customer’s shopping frequency, and eliminate
costs associated with mailing all customers,
which in turn increases the efficiency of

mail campaigns. Finally, traditional response
models can also help deliver more relevant
customer messages. Daily, customers are
bombarded with direct mail, television
advertisements, telemarketing, text and email
messages, and web-based advertisements. In such
an environment, traditional response models
can partially assist in reducing the customer
experience often referred to as ‘information
overload’.

The appeal of traditional, standalone response
models 1s also their relative simplicity for project
managers, product managers, segment managers
and other marketers with less statistical training.
In this sense, response models are intuitively
attractive and conceptually straightforward:

a response model targets those customers who
will respond to a mailing. From the experiences
of colleagues in other analytic marketing roles
both within and across organizations, as well

as the author’s own experience, it is apparent
that the appeal of simpler targeting solutions
may be more common in certain sectors and
sub-specialties than in others. For example,
marketers and statisticians in the risk-based areas
of bank lending (for example, credit cards, auto
loans/leases and personal credit) often build and
deploy two-stage models to predict a customer’s
expected balance.? This is driven by the desire
to generate customer revenue, as customers
who fail to use and/or revolve their credit are
typically less profitable than those who carry
balances across payment cycles. Likewise, in the

property and casualty insurance industry,
statisticians in marketing organizations typically
build two-stage predictive models to estimate

a customer’s expected home or automobile
insurance premium. As in the risk-banking
specialty, the amount of insurance purchased
(that is, premium ‘spend’) is linked with sales and
profitability. Drivers with larger, full-coverage
automobile insurance premiums are typically
more profitable than those who simply carry
low-priced collision-only coverage at a fraction
of the cost.

Although two-stage modeling practices would
therefore seem standard for statisticians working
in marketing organizations, this is not the case.
Even within the financial services industry,

a bank in the United States ranked within the
top 25 institutions with regard to deposits
continued to model customer cross-sell and
acquisition campaigns using traditional response
models through the mid-2000s. This was based
on the view that most campaign responders were
sufficiently profitable to make specific revenue
models unnecessary. In addition to difterences
across industries and subspecialties, there can also
be differences in model deployment within an
organization. For example, within the retailer
represented in this article, different product
divisions have unique historical experiences with
multi-stage targeting models. Some have used
multi-stage models, particularly two-stage
models, whereas others have only recently made
a transition from RFM segmentation/propensity
modeling to traditional response modeling.

In other cases, traditional response models are
deployed but the campaign is measured against
sales or profit metrics. Although a performance
evaluation in terms of revenue requires the use
of a multi-stage model to best meet the
financial objectives of a campaign, the
development and deployment of multi-stage
models is not yet being considered. For all

these reasons, this article is important because it
introduces an effective method to enhance
customer targeting and therefore boost campaign
performance that is either overlooked or
considered too complicated by marketers in
certain retail organizations.
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Three-stage versus two-stage models:
Trade-off and objectives

The results presented in Tables 6 and 7 show
how the three-stage model increased the ability
to target customers with higher sales and

profits through the top 3040 per cent of the
customer file compared to other two-stage
models (that is, those based on customers’
combined response-spend scores or their
combined response-profit scores). However,
once we target the top 50 per cent of customers
(decile 5), the influence of the three-stage model
compared to a two-stage model begins to wane.
This finding is discussed in light of the way

in which these scores are constructed and the
targeting goal for marketers. Specifically,
customer scores for the three-stage model are

a combination of expected response, spend and
profit. The ‘best’ customers in a three-stage
model are sorted to the top of the file based on
their combination of all three predictions. Some
customers may have slightly lower expected
sales, but because their expected profit is higher
than average, these higher-profit customers are
pushed to the top of the customer file when the
three-stage model score is calculated and used to
rank the customer file. This allows three-stage
models to better target higher-profit customers
at the top of the customer file relative to the
response model, the response-spend model or
the response-profit model. However, three-stage
models have the potential to perform worse based
on another outcome. The converse situation is
also true for the traditional response model when
examining response rates. The response model
simply ranks customers based on their expected
response, and therefore outperforms the two- or
three-stage models when we examine cumulative
response performance alone.

These observations explain why, at some depth
of the customer file, a multi-stage or three-stage
model may sacrifice any one outcome (whether
response, sales or profit) compared to a simpler
model that contains any of the other predicted
outcomes. Because there is no one optimal model
for all purposes, financial objectives should always
be paramount when executives consider which
models to use for their marketing programs.

Enhanced customer targeting with multi-stage models —)}(—

Such an observation has been borne out in
Homburg ef al’s analysis, which used structural
equation models to understand how strategy,
planning, control and management involvement
were related to customer ‘prioritization’.?” From
the results presented here, the best marketing
program performance, whether determined by
response, sales or profits, is best achieved by
using the most appropriate targeting model for
that objective and for the targeted circulation.
Although it would be ideal for this article to
influence executives directly by demonstrating
the importance of aligning marketing program
objectives with the optimal targeting tool,

such ideals may not always be realized in the
fast-paced retail sector. Statisticians, who are
more familiar with concerns regarding a potential
disconnect between the model objective and
the model type are likely to be more sensitive
to such a problem in practice. Regardless of
who identifies such a disconnection, a course
correction taken early in the marketing cycle
should improve the results of marketing programs
through higher, more consistent financial
outcomes.

Methodology used to build
multi-stage models

This article demonstrated one method of
building two- and three-stage models that
predicted customer sales and profit. Specifically,
three separate models were built: customer
response, customer spend (for the responders) and
customer profit (for those who responded and
had sales). For the two- and three-stage models,
combinations of two or three of these scores
were multiplied together for each customer, and
this resulting new score was used to rank all
customers. Such an approach assumed that
response, spend and profit were independent of
one another. This assumption was confirmed by
allowing the score from one model (for example
response score) as a candidate predictor into
another model (for example, the customer spend
model). The predicted score did not pass the
initial variable screening and thus did not enter
the stepwise algorithm for the next stage of

the model. Therefore, the assumption involving
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the independence of response, spend and profit
models and the technique of building three
independent models were supported. The
multi-stage model methodology used in this
article was also selected to be understood and
implemented by the widest possible analytic
audience, particularly as a more limited group of
statisticians have the necessary specialty software
to build pre-packaged, multi-stage models. For
analysts with such software and an interest in

the topic, tests can be conducted to determine
whether commercially available multi-stage model
methodologies are better suited to the statistician’s
data.

Research limitations

This research has several limitations. First, both
the campaign data and the random customer
sample were used to model the sfore-based
behavior for retail customers. The extent to
which these conclusions also apply to other
marketing channels is uncertain. Online,
e-commerce and telemarketing sales data, for
example, would be additional channels in which
multi-stage customer models could be deployed
and measured (for an example of a conditional
model using online data, see Sismeiro and
Bucklin).? If these conclusions are replicated
across marketing channels, future multi-stage
modeling efforts could be expanded even further
to assist firms in achieving their maximum
marketing and financial objectives across the
organization.

Second, this research used a simple definition
of profit (that is, sales minus the cost of goods).
It did not fully measure the range of costs
involved with profit, particularly from a finance
perspective as reviewed in the literature. For
direct mail, one of the largest costs is the
discount offered to the customer. Fortunately,
the data used to build the multi-stage profit
models offered an opportunity to select a time
period in which there were no additional
discounts mailed to customers. Nevertheless,
this article did not incorporate any other cost
information, such as costs related to customers’
payment type, past promotional costs, and other
transactional and marketing costs cited in the

literature.® The use of a simplified profit
definition in this article means that there is
substantial room for future research to evaluate
the consequences of individual customer behavior
on sales and profit. Future research along these
lines might uncover important complexities

in the profit data that, once understood, could
build better targeting models. Therefore, the
results from this retailer should be considered
a beginning from which additional research

on the components of predicted profit can be
studied.

Third, this article on the extension of
multi-stage profit models cannot draw conclusions
regarding their impact on campaign data. This
limitation was a result of data unavailability
whereby a random customer sample was used
rather than a direct marketing response campaign.
Without campaign data and an associated control
sample, our conclusions about profit models
apply to gross estimates only, and cannot estimate
the impact of incremental profits. With the
addition of campaign data and a no-treatment
sample, future research can measure the financial
benefits of multi-stage profit models relative to
withholding direct mail altogether.

Although there were limitations of the data
used, there were two benefits to building profit
models on a random customer sample. First,
it allowed us to evaluate the reliability and
generalizability of the initial response-spend
models. If we had only used one kind of
data set, we would not have known whether the
benefits of two-stage models were specific to
the particular campaign dynamics observed in
our response data, or whether they could also be
applied to marketing environments with only
random customer samples. Second, although
profit data availability required the use of a
random customer sample, it was beneficial
because it provided an opportunity to investigate
trends for customers who purchased different
types of products. Had we built two-stage
models for customers who bought only one
specific product, we might be less convinced
of the reliability of the trends showing that
response-spend models enhanced our customer-
targeting capabilities. We would question
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whether the two-stage model performance
‘interacts’ with products. Using both types of
data — campaign compared to random customer
samples, and data for customers who buy two
different products — we concluded that two-stage
(response-spend) models generated higher sales
compared to response models alone. Extending
the two-stage models to include expected
customer profit, we also saw that the use

of two- and three-stage customer-level models
substantially increased sales and profits per
customer, depending on the depth of model
deployment. Because of the data unavailability
we encountered here, the three-stage profit model
methodology should be replicated in other
contexts to determine whether the results and
conclusions generalize well. If the results have

a similar impact across various contexts, marketers
will have taken another important step toward
enhancing their traditional targeting tools.
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