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Customer metrics are pivotal to assessing and monitoring how firms perform with customers and other
publics. The authors contend that customer metrics
used by firms today are predominantly rear-view mirrors reporting the past or dashboards reporting the present. They argue that companies need to and can
develop “adaptive foresight” to be positioned to predict
the future by exploiting changes in the business environment and anticipating customer behavior. They
address the need for adaptive foresight by synthesizing
and integrating literature on customer metrics, customer relationship management, customer asset man-

agement, and customer portfolio management. They
begin by reviewing the metrics that have been and are
currently being used to capture customer focus. Next,
they discuss possible “headlight” or forward-looking
customer metrics that would allow firms to anticipate
changes and provide opportunities to increase the value
of the customer base. They then identify the conditions
under which the new metrics would be appropriate and
offer a process for developing adaptive foresight. The
authors close by discussing the implications of adaptive
foresight for successful customer asset management
that increases long-run business performance.
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Managers have made an intensive effort to measure
the impact of marketing on business performance (cf.
Lehmann 2004). Recently, customer asset management
or customer relationship management (CRM) metrics
have been proposed as a means for firms to continuously
monitor—and manage—the expected future value of the
firm (Gupta and Lehmann 2005; Rust, Lemon, and
Zeithaml 2004). CRM focuses on two business performance outcomes: the creation of value for shareholders
and the creation of value (i.e., utility) for customers
(Boulding et al. 2005; Payne and Frow 2005; Vargo and
Lusch 2004). These two outcomes are considered to be
congruent because customer relationships represent
market-based assets that increase shareholder value by
accelerating and enhancing cash flows, lowering the variability of cash flows, and increasing the residual value of
cash flows (Srivastava, Shervani, and Fahey 1998).
CRM metrics provide a way to assess the current value
of the (total) customer base or “customer equity.” For
example, customer equity can be calculated from three
underlying sources: customer acquisition, retention, and
gross margins. Gupta, Lehmann, and Stuart (2004) used
publicly available information from financial statements
to calculate the (post tax) customer-based value of five
companies and found that their estimates were reasonably
close to the reported market values (i.e., value for shareholders) for three firms, and significantly lower for two
firms (Amazon and eBay). More important, recent
research has revealed that CRM metrics are—in some situations—leading indicators of the expected future value
of the customer base. For example, customer satisfaction
has been found to be positively associated with the growth
and stability of a firm’s future cash flows (Anderson,
Fornell, and Mazvancheryl 2004; Gruca and Rego 2005).
Marketers have been intrigued and excited by the
notion that CRM metrics can provide managers with a
glimpse of the firm’s future value under different scenarios—perhaps even when the business environment is radically different. This knowledge of the future, which we
term adaptive foresight, is crucial if managers are to make
appropriate investment decisions and (ultimately) realize
forecasted cash flows and earnings streams. Consider, for
example, the success with which Dell Computer revolutionized the way customers (and organizations) purchase
computers. What capabilities, measures, or research
enabled Dell to foresee that customers and firms would
flock to a process that allowed simplified customization,
direct ordering, and consistent access and communication
regarding orders and equipment? Can firms, using forward-looking customer metrics, identify key trends (such
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TABLE 1
Existing Customer Needs
Versus Unanticipated Needs
Existing Needs or
Anticipated Needs
New customers

Acquisition

Existing customers

Retention

Customer-based
value of the firm

Customer lifetime
value (CLV)

New Needs
(Not Anticipated)
New market opportunity
Exploited or overlooked
Market expansion or
contraction
CLV higher or lower
than anticipated

as disintermediation and customization in the personal
computer industry) before they happen? It is important to
recognize, however, that firms operate in a dynamic environment with considerable uncertainty. Customer preferences change, competitors’ actions are unpredictable, and
the business environment can be volatile. These conditions create a challenge: What metrics can help managers
anticipate, prepare for, and exploit changes in the marketplace that will influence the future value of the firm?
This challenge can be shown by a simple illustration.
Table 1 compares a scenario in which customer preferences change—that is, new needs emerge that are unrecognized by the firm—with a scenario in which they do
not. As shown in the middle column, when managers
assume the firm will continue to provide value to customers so that the sources of value for the firm (customer
acquisition, retention, and margins) remain stable or (at
best) change by modest amounts, it is relatively straightforward to calculate the expected future value of the customer base. In the right column, managers do not
recognize that new needs will emerge, so their estimates
of expected value of the customer base are faulty.
Moreover, they are unable to identify the investment
opportunities that will prepare for and exploit the coming
changes.
This article considers how companies can develop
adaptive foresight, so that they are positioned to exploit
changes in the business environment. We will attempt to
answer four questions:
1. What customer metrics have been and are currently being used to capture customer insights,
and how effective are they?
2. Are there other “forward-looking” customer
metrics that would be effective in helping firms
anticipate changes and provide opportunities to
increase the value of the customer base?
3. Under what conditions will these new metrics
be appropriate?
4. What are the implications of these insights for
successful customer asset management that
increases long-run business performance?
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We will address these questions by synthesizing and integrating literature on customer metrics, CRM, customer
asset management, and customer portfolio management—as well as summarizing key findings. Note that
we focus on customer metrics, rather than considering
how to anticipate competitor actions, because there has
been recent research on the latter topic (cf. Ailawadi,
Kopalle, and Neslin 2005; Leeflang and Wittink 1996;
Steenkamp et al. 2005). We will also discuss emerging
trends and issues as well as likely future developments
(both theoretical and methodological) and suggest areas
where further research is needed.

CURRENT CUSTOMER METRICS:
REAR-VIEW MIRRORS AND DASHBOARDS
An examination of the current state of the art in customer metrics reveals severe limitations. The first and
most critical deficiency is that most current customer
metrics reflect the past, or at best the present, aspects of
customer focus. To elaborate, we will describe the four
categories of customer metrics that are used today: perceptions, overall judgments, behaviors, and financial
measures. We will also discuss the extent to which they
capture the past, present, or future.
Rear-View Mirrors
Metrics that capture the past are rear-view mirrors,
retrospective snapshots of the ways customers have evaluated the company, its employees, or its products and
services in the past. Customers’ perceptions and overall
judgments are the rear-view-mirror measures that were
developed and used heavily by companies in the 1990s.
Perceptions are customer beliefs about the attributes
and performance of products and services. Customer
judgments are overall assessments, such as customer satisfaction, perceived quality, perceived value, loyalty, or
attitudes toward the brand or organization. These metrics
have been adopted for many reasons. First, because they
are collected almost exclusively through surveys, they
have been relatively easy to obtain and share.
Methodologies and best practices were developed in
companies and in marketing research organizations during the 1990s. Second, using these metrics as dependent
variables allowed companies to assess the key attribute
drivers that could then be addressed by specific marketing and operational strategies within a company. Third,
the measures helped companies track performance over
time, benchmark against competitors’ offerings, and
compare performance across different parts of an organization (e.g., branches, units, territories, countries).

Customer satisfaction is the most widely used perceptual metric because it is generic and can be universally
gauged for all products and services (including nonprofit
and public services). Even without a precise definition of
the term, customer satisfaction is clearly understood by
respondents, and its meaning is easy to communicate to
managers. Both in practice and in academic research, customer satisfaction has been measured at the transaction
level (as in trailer or event-triggered surveys) and at the
overall level (as in the American Customer Satisfaction
Index). In early studies, academics often focused on measuring confirmation/disconfirmation and expectations,
where expectations have been defined as predictive expectations (Oliver 1997; Tse and Wilton 1988), desires
(Westbrook and Reilly 1983), and experience-based
norms (Cadotte, Woodruff, and Jenkins 1987). Applied
marketing research tends to measure satisfaction both
ways, at the transaction level but more frequently as an
overall evaluation, a cumulative construct that is developed over all the experiences a customer has with a firm.
Service quality has also been widely measured since
the mid-1980s, but it is not as prevalent as customer satisfaction because it is limited to examining the intangible
aspects of an offering. To a far lesser extent, constructs
such as commitment, repurchase and referral intentions,
perceived value, and trust have made their way into
company measurement systems and academic research
(cf. Bolton, Lemon, and Verhoef 2004; Verhoef 2003). In
contrast, attitudinal measures are frequently used to measure the degree of attraction that customers have either to
brands of the company as a whole. Brand metrics are
often designed to capture awareness, image, liking,
and/or reputation of the brand or firm. Some of these perceptual measures, particularly perceived value, are more
ambiguous constructs and are difficult to operationalize.
Gupta and Zeithaml (2006) provided an overview of
other commonly used perceptual measures and discussed
their limitations.
Perceptual and attitudinal measures have disadvantages as metrics. All are retrospective: By the time we get
the data from customer surveys, they represent yesterday
rather than today. Perceptual measures also typically
focus only on current customers, ignoring noncustomers
whose perceptions are likely to be as important—or more
important—than current customers. Most of these measures do not incorporate competition and therefore cannot
reflect or anticipate marketplace changes. In recent years,
companies are also finding that the most common metrics,
customer satisfaction and repeat purchase intentions, cannot completely explain or predict behavior. Many satisfied
customers defect, and generating satisfied customers does
not directly translate into the company-preferred customer
behaviors and consequently revenues and profits.
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TABLE 2
Four Categories of Customer Metrics

Perceptions

Attitudes

Behavior

Financial measures

Examples of Metrics

Firm User of Metric

Database

Customer satisfaction
Service quality
Commitment
Perceived loyalty
Behavior intentions
Awareness
Interest
Knowledge
Desire
Customers acquired
Customers retained
Cross-selling
Word of Mouth
Customer lifetime value
Customer equity

Frontline employees
Midlevel supervisors
Unit managers

Customer satisfaction database

Moderate

Marketing/advertising
department

Brand advertising
Database

Low

Salespeople

Operations database
Customer relationship
management database

Moderate

Salespeople
Accounting
Finance
CEO/CFO

Finance database

Moderate

From Rear-View Mirrors to Dashboards
Recognizing that one or a few perceptual measures
were insufficient to understand the customer, companies,
such as The Vanguard Group, have developed more comprehensive batteries of customer metrics commonly
known as dashboards (cf. Reibstein et al. 2004). These
dashboards incorporate both retrospective measures such
as customer satisfaction but also include operational and
behavioral measures that can be accessed and reported in
real time. Operational measures are especially useful for
service organizations. They tend to be idiosyncratic to the
firm or industry but typically include trouble reports or
complaints, response times, resolution times, waiting
times, yield or capacity measures, engineering measures,
and so forth. There is some recent evidence that these
measures can predict future customer behavior (e.g.,
Bolton, Lemon, and Bramlett in press).
As database management and CRM have evolved,
researchers and companies have measured customers’
observed behavior. Behavioral metrics focus on customers’ decisions of what, when, how much, and how
long to continue to buy a product or service. The metrics
most frequently used include number of acquired customers, “churn” as a percentage of the customer base
(the inverse of the customer retention rate), the dollar
value of cross-selling, the percentage increase in customer migration to higher margin products, and sometimes word-of-mouth activity. These metrics are easier
to compile and access than most perceptual measures but
also vary in the ease with which they are defined and

Ability to Predict Performance

calculated. These metrics are discussed in more detail
later in this article.
Predicting Future Performance From
Perceptions, Attitudes, and Behaviors
At best, we could say that perceptions, attitudes, and
behaviors can only partially predict future levels of the
metrics themselves (i.e., how many customers we will
acquire in the future) or financial performance (i.e., what
the profit impact of changes in the metrics will be) (see
Table 2). Table 2 shows that each of these three categories
of metrics is typically used by different groups in companies for different purposes and has different limitations.
Customer satisfaction is used more for tactical than strategic reasons. It is a good feedback mechanism for employees so that managers can record, motivate, and
compensate performance. For that reason, midlevel supervisors and managers are primary users of customer satisfaction metrics. Satisfaction is also used by unit managers
to compare across branches, units, or outlets of a company
to determine relative performance and compensate the
units. Satisfaction measures are typically housed in a customer satisfaction database or outsourced to marketing
research firms and are rarely used by companies in predictive modeling. However, academic research has consistently shown that there is a positive relationship
between customer satisfaction and diverse business performance metrics, as discussed later in this article.
Attitudinal measures are typically collected in a marketing research department and are used to show the

172

JOURNAL OF SERVICE RESEARCH / November 2006

impact of company advertising, public relations, and
other promotional vehicles on reputation or brand image.
These are collected both on current and potential customers. Because advertising models have been developed
and used for a long time, many companies are able to
leverage them in sophisticated ways (Keller 2000). The
departments of the company that tend to use attitudes are
the marketing and advertising departments. Importantly,
academics have recently linked certain brand attitude
measures that are frequently used by companies to shareholder value (Mizik and Jacobson 2005).
Behavioral metrics are contained in an operations
database and used and reported most often to salespeople
and sales managers along with metrics about revenues.
With the advent of CRM systems, companies have been
able to build complex direct marketing models. Finally,
customer financial measures, collected much more
recently and less frequently by firms, are contained in the
CRM database.
Perceptual, attitudinal, and behavioral metrics are
housed in different databases and used by different groups
in the organization, so they are rarely integrated or linked
with financial measures. For this reason, many companies
face significant hurdles to building models that predict
business performance from customer measures. In contrast, academic researchers have constructed theory-based
models that forecast future individual customer behaviors—that is, trial, repeat purchases, cross-buying, and
switching behavior—and that are then used to calculate
individual customer profitability (e.g., Bolton, Lemon,
and Verhoef 2004). There are several alternative models
for predicting the length of an individual customer’s relationship with a firm (e.g., Bolton 1998; Reinartz and
Kumar 2000; Thomas 2001). However, there are fewer
models that predict purchase quantities and cross-buying
behavior. Notable exceptions include studies by Bolton
and Lemon (1999); Kamakura, Ramaswami, and
Srivastava (1991); and Verhoef, Franses, and Hoekstra
(2001). A significant challenge in specifying such models
is that some individual customer behaviors, such as customer retention, purchase frequency and recency, as well
as cross-buying, may be simultaneously determined (cf.
Thomas and Reinartz 2003).
If the models are sufficiently sophisticated, they can
account for anticipated changes in the business environment (e.g., increased word-of-mouth behavior), as well
as planned marketing actions (Hogan, Lemon, and Libai
2004). For example, Lewis (2005) estimated a structural
dynamic programming model to simulate customer
response to marketing programs over an extended time
period, thereby providing an estimate of customer equity
that is directly connected to firm decisions (e.g., marketing actions).

MOVING FROM DASHBOARDS TO
HEADLIGHTS: LEADING INDICATORS
OF CUSTOMER VALUE TO THE FIRM
The premise of this article is that forward-looking
metrics are more desirable to firms than retrospective or
real-time metrics. Forward-looking metrics could be
called headlights, as they project where customers are
going rather than where they have been. Few of these
measures exist today, the closest being customer lifetime
value (CLV) and customer equity.
Customer Lifetime Value Metrics
Firms typically focus on the value the customer provides to the firm or CLV, calculated as the sum of the discounted net contribution margins over time of the
customer—that is, the revenue provided to the company
less the company’s cost associated with maintaining a
relationship with the customer (Berger and Nasr 1998).
Prior research has typically used past behavior and marketing actions to predict future behavior, incorporating
future uncertainty through the retention rate and discount
rate. Most firms are unable to perfectly predict the cash
flows associated with an individual customer, but they
can calculate the expected value of the cash flows
(adjusting for risk) associated with an individual customer conditional on the customer’s characteristics, the
company’s planned marketing actions, and environmental factors (Hogan et al. 2002; Jain and Singh 2002).
Calculating Customer Equity
Firms can calculate the expected value of the total customer base by aggregating CLV across customers—
yielding “customer equity” (Blattberg, Getz, and Thomas
2001; Rust, Lemon, and Zeithaml 2004). Alternatively,
customer equity can be calculated at the aggregate level,
from its three underlying sources: customer acquisition,
retention, and gross margins (cf. Blattberg and Deighton
1996; Gupta and Lehmann 2005). To obtain more precise
estimates, these three sources can be estimated at the
segment or cohort level (i.e., representing homogeneous
customer groups) and then aggregated. Many researchers
assume a constant aggregate retention rate (Berger and
Nasr 1998; Gupta and Lehmann 2003).
CRM Metrics
CRM systems typically provide metrics based on past
purchase behavior or business performance. In database
marketing applications, these metrics typically include
number of acquired customers, the customer retention rate,
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the dollar value of cross-selling, the percentage increase in
customer migration to higher margin products, and the
profitability of individual customers or customer segments. In practical applications, there is a great temptation to assume that metrics based on past business
performance are good predictors of future customer equity.
Unfortunately, there is substantial empirical evidence that
measures of past customer profitability (alone) are not necessarily good predictors of future customer profitability
(Campbell and Frei 2004; Malthouse and Blattberg 2005).
It is possible to obtain more accurate predictions of
the future profitability of individual customers by incorporating the firm’s marketing actions as additional predictor variables (e.g., Venkatesan and Kumar 2004).
However, models that treat individual customer profitability as a dependent variable are (from a theoretical
standpoint) inherently misspecified because individual
customer profitability is a composite measure calculated
from individual purchase behaviors and financial identities (e.g., margins), summed across products—where
each component will have different antecedents. These
models can be useful for prediction in some practical
contexts (especially when market conditions are relatively stable), but they are less useful for describing how
outcomes arise from changing market conditions.
Approaches to Forecasting Customer Equity
As we have previously discussed, academic researchers
have constructed theory-based models that forecast future
individual customer behaviors—that is, trial, repeat purchases, cross-buying, and switching behavior—and that
are then used to calculate individual and aggregate customer revenues/profitability. However, there is also a substantial body of research that attempts to build models that
predict customer equity or shareholder value based on a
limited set of customer metrics. For example, cross-sectional research has shown that improvements in customer
satisfaction have significant and positive impact on financial performance. Most of this research uses the American
Customer Satisfaction Index (ACSI) customer satisfaction
database and links perceptions to publicly reported financial measures of company performance. Research shows a
link between ACSI and firm value (Anderson, Fornell, and
Mazvancheryl 2004), market value (Ittner and Larcker
1998), return on assets (ROA) (Hallowell 1996), return on
investment (ROI) (Anderson and Mittal 2000), return
(Rucci, Kim, and Quinn 1998), and cash flow (Gruca and
Rego 2003). However, these findings have been shown to
vary across industries, with the link between ACSI and
market value positive but nonsignificant for durable and
nondurable manufacturing firms; positive and significant
for transportation, utility, and communication firms; and
negative for retailers.
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In contrast, Rust, Lemon, and Zeithaml (2004) have
developed a comprehensive model of customer equity
that can be operationalized with a single firm’s data.
They modeled customer equity as a function of three drivers that they term value equity, brand equity, and relationship equity. These drivers involve variables such as
product and service quality, awareness of a brand, attitude toward the brand, and membership in a loyalty
program. Their approach is novel because each predictor
is measured by surveying customers about past relationships and transactions involved with the brand, the loyalty program, and the perceived quality of the product;
plus they utilized a brand-switching matrix that accounts
for competition.
Forecasting Customer Equity
Under Different Future Scenarios
The basic approach to evaluating investment opportunities is straightforward: The firm calculates the expected
future value of the customer base under alternative scenarios and selects the scenario with the most attractive
risk/return profile. This approach has been embedded in
tools that help managers’ evaluate a wide range of investment opportunities (cf., Rust, Lemon, and Zeithaml
2004). In this way, firms are able to forecast customer
equity based on their planned actions. For example, if a
firm intends to invest in a customer satisfaction program
that should increase its retention rate, the expected value
of its customer base will be higher than if it did not make
the investment.
It is relatively straightforward (from a conceptual
standpoint) to forecast customer equity conditional on
changes due to firm decisions. However, the forecast is
more complicated when the manager must consider factors (i.e., customer preferences, competition, and business
environment) that are not under the firm’s control (cf.
Ailawadi et al. 2005; Leeflang and Wittink 1996;
Steenkamp et al. 2005). In most cases, when marketers
wish to explicitly recognize risk factors (other than defection), they use a risk-adjusted discount rate rather than a
weighted average cost of capital in their CLV calculations.
Hogan et al. (2002) suggested that this task could be
accomplished by either measuring the variance of returns
over time for various segments and calculating the appropriate discount rate—analogous to the evaluation of real
options (Copeland and Antikarov 2001)—or decomposing customer profitability into additional sources.
Leading Indicators of Customer Equity
Researchers are working to identify methods to incorporate risk factors or anticipated changes arising from
customer preferences, competition, and the business
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TABLE 3
Comparison of Value of Customers
to the Firm With Value to Customers

High value of customers
Low value of customers

Low Value
to Customers

High Value
to Customers

Vulnerable customers
Lost causes

Star customers
Free riders

SOURCE: Gupta and Lehmann (2005, p. 44).

environment into CLV forecasts. Until these methods are
further developed, forecasts of customer equity cannot be
considered leading indicators of the value of the customer base—and they are certainly not widely utilized.
Many firms use proxy variables that they believe are
good predictors of future purchase behavior or profitability. These proxy variables are typically (aggregated) survey measures, such as service quality, satisfaction, value,
and repeat purchase intentions.
There is substantial empirical evidence supporting the
use of customers’ quality or satisfaction ratings as leading
indicators of customer equity. For example, Kordupleski,
Rust, and Zahorik (1993) reported that aggregate quality
ratings lead market share for one division of AT&T by
about four months. Danaher and Rust (1996) found that
overall service quality is positively associated with cellular service usage rates. However, customer satisfaction
has the best “track record” as a leading indicator of customer equity. As we have already discussed, longitudinal
studies have shown that satisfied customers are more
likely to be retained, buy more, and cross-buy, and numerous cross-sectional studies have linked ACSI to publicly
reported financial measures of company performance.
These results are both surprising—because customer satisfaction is a retrospective measure—and reassuring
because they support conventional practices.
Next Steps
Although some progress has been made, researchers
have not (yet) identified many forward-looking metrics
that can guide decision making. It is true that marketers
have developed some tools to guide investment decisions
and some individual metrics that can serve as predictors
of CLV or customer equity. However, these approaches
are only useful in situations where customer preferences,
the competition, and the business environment remain
relatively stable or change in well-defined ways (usually
the firm’s marketing actions change). In addition, different approaches are useful in different contexts, as can
readily be seen by comparing approaches used in direct
marketing versus continuously provided service contexts.

Perhaps it is unreasonable to believe that any single measure can predict the future value of the customer to the
firm in all practical contexts. A more fruitful approach
may be to consider whether a constellation of metrics—
considered in conjunction with each other—might provide a future-oriented view of the marketing landscape.
To manage customer equity, Gupta and Lehmann
(2005) argued that firms should allocate more resources to
customers who yield a high value to the firm and who perceive the firm’s offerings to have a high value (see Table
3). Vulnerable customers may defect to competitors unless
the firm develops an appropriate marketing program to
retain them; free riders should receive lower product quality and higher prices. In the next section, we will suggest
that the “best” way to predict the future value of the customer to the firm may be to anticipate how the firm can
provide value to the customer—where this information can
be used to guide the firm’s attempts to capture value from
customers, thereby realizing shareholder value.

LEADING INDICATORS OF FIRM
VALUE TO THE CUSTOMER
In the previous section we listed indicators of the value
a firm hopes or anticipates that it will receive from its current or potential customers. In this section we list measures of what—in equilibrium—should be the same stock
of value: what the customers hopes or anticipate that they
will receive from the firm (MacInnis and de Mello 2005).
By approaching valuation from both the firm and the customer side of the exchange, we hope to avoid the risk of
unjustified optimism. If the firm’s hope of value from the
customer deviates from the customer’s hope of value from
the firm, only the lower of the two can be relied on.
What is it that, conceptually, is meant by a customer’s
hope of future value? We argue for two dimensions:
(a) predictions of transactional value and (b) the customer’s optimism or pessimism regarding the trajectory of
the relationship. If the customer thinks of the firm purely
transactionally, as a target for some future exchange in
which the “give” will be equal to or less than the “get,” the
assessment of future value is straightforward. It is indicated by a standard measure of current purchase intent or
attitude to the firm. If, however, the customer sees the firm
both as a transaction candidate but also as capable of
learning about their tastes or needs, or more generally
willing to engage relationally, the hope of future value
may be substantially greater than the current purchase
intent. Therefore, our conceptualization of leading indicators of customer sentiment requires attention to the distinction between transactional and relational exchange
and requires us to identify the markers of relationality.
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Although it seems sensible to consider purchase intentions as useful predictors of purchase behavior, several
studies have demonstrated this relationship is not very
strong. However, the relationship can appear strong
because measurement inflates the association between
intentions and behavior (Chandon, Morwitz, and
Reinartz 2005; Morwitz and Schmittlein 1992). As we
might expect, purchase intentions will not be good predictors of future behavior when circumstances (competition, the business environment, customer preferences)
change, as they inevitably will, in the short, medium, or
long term. This insight was highlighted in a recent study
by Seiders et al. (2005), who showed that that the relationship between customer satisfaction and repurchase
behavior is contingent on the moderating effects of convenience, competitive intensity, customer involvement,
and household income; whereas the relationship between
customer satisfaction and repurchase intentions is not.
Whereas customers’ intentions can change from day to
day or even hour to hour, and whereas customers may not
be able to clearly specify their future preferences/tastes
or needs, the most fruitful approach may be predicting
how customer preferences will change over time.
Transactional and Relational Exchange
Exchanges can be considered to span a continuum
from transactional to relational (Dwyer, Schurr, and Oh
1987). In a transactional exchange, the “give” of the
exchange is foreseen by each party to be fair compensation for the “get.” By the end of the transaction, the parties expect to have extracted mutual gains from the trade,
and the fact that there is an end point is one of the defining elements of transactional exchange. For relationships,
by contrast, duration is open-ended, and at various points
of time one or the other party might be “in debt” to the
other. Because of this indebtedness, the identities of the
parties matter, as do their reputations. A transaction can
be anonymous, but not a relationship. Indeed, the growth
of a relationship can be monitored by the increasing richness of identity and by the quality of reputation.
As exchange becomes more relational, at any instant
one or other party may be receiving more than the other
and so either party is vulnerable to loss. Tolerated vulnerability has long been acknowledged as a marker of
relationality (Deutsch 1958; Moorman, Deshpandé, and
Zaltman 1993). Fournier (Aaker, Fournier, and Brasel
2004; Fournier, Dobscha, and Mick 1998) has shown that
strong relationships are often ones of mutual vulnerability. She offered the word transgression as a collective
noun for all the ways a seller can hurt the process of relationship development, wind back the skein of reputation,
and render intolerable the vulnerability and identity that
together builds the intensity of a relationship.
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Indicators of Relationship Strength
In the previous section, we proposed that the customer’s
assessment of the value of a firm is indicated by purchase
intent and hope for the relationship. We contended that two
antecedents of a productive relationship are identity and
reputation. The ability to turn a healthy relationship into a
profitable one is mediated by a third factor: fit. Fit involves
whether the exchange partner has (or will have) something
to sell that the other party wants to buy.
Indicators of identity: Willingness to share personal
information or insistence on privacy. Privacy is the claim
of individuals, groups, or institutions to determine for
themselves when, how, and to what extent information
about them is communicated to others (Westin 1967).
However, it comes at a cost: the ability to assert a particular identity, and with it title to the rights and privileges
of that identity (Deighton 2003). Although academics
have long recognized the importance of an individual’s
identity (e.g., Brown 1969; Tolman 1943), managers frequently overlook the relevance of an individual’s social
identity to his or her relationship with an organization.
When a customer of a firm insists on privacy, it is not a
costless or idle preference. It carries important information about the value of the relationship. It is a signal that
identity is worthless in this relationship, or worse, that it
might expose the customer to harm. Vulnerability in the
context of this relationship is not tolerable.
Insistence on privacy, and by contrast willingness to
share information and the degree of sensitivity of this
information, therefore become potential leading indicators
of the openness of the customer to relational exchange, and
of what the customer hopes for from the relationship.
Indicators of reputation: Trust and brand strength.
Another group of leading indicators of what the customer
hopes for from the relationship relate to corporate reputation (Brown and Dacin 1997). Trust, the willingness to
rely on an exchange partner in whom one has confidence
(Moorman, Deshpandé, and Zaltman 1993), is arguably
the most important dimension of reputation for this purpose. Trust, however, is only established by evidence of
trustworthy conduct, and such conduct may be hard to
find in markets where firms care about their reputations.
In the absence of grounds for trust, brand strength serves
as a compensating indicator. Following the information
economics argument (Nelson 1974), a firm that builds a
prominent brand may be understood by customers to have
pledged a bond to its own integrity. Unfortunately, there is
little academic research on the link between trust and
future behavior (cf. Verhoef, Franses, and Hoeksra 2002).
Indicators of fit or misfit. A customer that trusts a firm
with personally sensitive information and holds the firm
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in high repute may nevertheless have no need to do business with the firm. Mediating the relationship between
these indicators of relationship strength and the firm’s
value to the customer must be some measure of productcustomer fit, which Bolton, Lemon, and Verhoef (2006)
defined as “the compatibility between customer and product that occurs when the product provides what the customer needs.” Recent research investigating the nature of
the relationship (or fit) of the customer and the brand has
found that customers with different characteristics have
different satisfaction thresholds and, therefore, different
probabilities of repurchase (Mittal and Kamakura 2001).
This section has suggested forward indicators of the
way the customer values the firm. The next discusses
properties of headlight indicators of a firm’s valuation of
customers and their future value. The challenge of managing marketing by adaptive foresight is to enhance both
valuations while narrowing the gap between them.

PROPERTIES OF HEADLIGHT INDICATORS
How can firms’ develop adaptive foresight? A suitable
system of metrics should be developed that can be
used—throughout the firm—to guide resource allocation
toward strategies that increase customer equity. Gupta
and Lehmann (2005, pp. 110-15) recommended that the
firm develop metrics for each element of a “profitability
tree” based on sources of customer equity (i.e., acquisition, retention, margins). Alternative strategies can be
analyzed by tracing their effects through the tree. They
recommended that firms develop two sets of metrics to
provide diagnostic information: customer-focused metrics, to assess value to the customer; and companyfocused metrics, to assess the value of the customer
(p. 132). They argued that, because not all customers are
equally profitable, investments in customers should be
based on their profit potential. Customers should be categorized by whether the firm can offer them value, as
well as by whether the firm can capture value from them,
especially if they are treated differentially. Ultimately,
these strategies require the firm to develop marketing
programs targeted at individual customers or segments
that influence acquisition, retention, and margins (by
improving their cost structure, stimulating cross-buying,
and so forth), thereby maximizing customer equity.
Much more work must be done to develop a forwardlooking system of metrics that predicts customer equity.
However, Gupta and Lehmann’s (2005) profitability tree
provides a useful framework for thinking about adaptive
foresight. Clearly, the firm requires a mechanism that links
strategic and tactical-level metrics ultimately to customer
equity. Different metrics will be required at different levels

of the organization and within functional areas, and they
must be linked, so that they “roll up” to predict customer
equity. At the same time, if we understand leading indicators, we can potentially incorporate uncertainty into our
predictions.

THE ADAPTIVE FORESIGHT PROCESS
As we consider the process of developing customerbased future metrics, it is encouraging to look at models
of strategic foresight from other fields of management.
For example, Schwartz (1991) suggested an eight-step
approach to scenario building. Similar models are emerging in the areas of strategy (e.g., Fink et al. 2005) and
operations research (e.g., Surana et al. 2005). In this section of the article, we build upon the approaches suggested in these related domains and suggest a four-step
process of adaptive foresight for understanding and identifying “customer futures.” However, as Schwartz (1991,
p. 9) remarked, “The end result [of scenario building],
however, is not an accurate picture of tomorrow, but
better decisions about the future.”
Step 1: Developing Foresight Capability
The first step that is necessary in developing a customer adaptive foresight process is the development of a
foresight capability within the firm. Recently, Fink et al.
(2005) have suggested a “Future Scorecard” that lays out
an approach for creating strategic foresight using what
the authors call both internal and external scenarios.
What is most interesting about this approach, and how it
relates to the approach we are advocating in this article,
is its explication of how firms need to change to be able
to understand and to adapt in dynamic environments.
Two key approaches must be grasped to see the need for
such a future scorecard: (a) systems thinking and (b) future
open thinking (p. 361). Firms must engage in systems
thinking—understanding that the environment in which
they operate is a complex dynamic system. To do this,
they must engage in future-open thinking, being willing
to “unlearn the idea that a single predictive future exists”
(p. 361), and be able to hold the possibility of multiple
futures simultaneously.
We outline three additional key steps in developing
strategic foresight: generating alternative futures, identifying key levers to influence customers, and developing
offerings that fit customers’ futures. The ability to
engage in this open and future-focused type of strategic
thinking is at the heart of achieving the first step in the
customer adaptive foresight process—developing foresight capability.
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Step 2: Generating Alternative Futures
The second step in the process of developing a customer-based adaptive approach is to generate a set of
potential customer futures. To do this, firms must determine how far into the future they want to project and also
must engage in marketing research to understand and to
develop the set of potential customer futures. For
example, the firm could envision customer futures as
“close” as 3 to 6 months out, or as “far” as 20 years in the
future. In the strategy literature, these potential futures
are typically generated through scenario techniques; and,
as suggested by Fink et al. (2005), these techniques for
identifying future strategies typically should include both
externally-focused (customer- or market-based) scenarios and internally focused (resource-based) scenarios.
To understand what these potential futures might be for
customers and customers, however, mere scenario building will not be sufficient. Alternative measures and
approaches will be necessary. First, identifying customer
metrics and perceptions that have such a future component, as discussed above, will be critical. Second, using
techniques such as ethnographic interviews (McCracken
1988) or the ZMET (Zaltman Methaphor Elicitation
Technique) approach (Zaltman and Higie 1993) may
prove useful. Of course, it is important to recognize that
customer may not know what they want, or may not be
able to imagine what they may want in the future. For
example, customers satisfied with a Sony Walkman might
never imagine they would want an Apple IPod. Thus,
examining customer futures that the customers themselves may not be able to envision is equally important.
At this point, it is also important to understand not
only what customers will want in the future but also what
the firm may be able to offer customers in the future. A
successful adaptive foresight model will recognize that it
is critical to have an ongoing fit between the firm’s value
to the customer and the customer’s value to the firm. One
interesting and current example of a firm’s attempt to
understand the customer’s future is ING’s “Create a
Vision” CD. This tool enables customers to envision their
dream retirement and to understand what their financial
needs might be to enable them to achieve this ideal
future. By capturing customers’ perceptions of their ideal
futures, firms may be able to gain additional insight into
the future needs of customers.
Step 3: Identifying Key Levers
to Influence Customers
Once customer potential futures are generated, firms
can then utilize two distinct lenses to evaluate these
futures: (a) what levers does the firm have at its disposal
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to influence customers in these future settings, and
(b) can the firm use these (or other) levers to influence
customer futures? In considering the levers or drivers that
firms can use in these two distinct ways, one way to categorize the marketing actions that firms can take to influence customer behavior is to distinguish among brand,
value and relationship drivers (Rust, Zeithaml, and
Lemon 2000). Key marketing actions can be categorized
into those that grow the brand (or brand equity), those
that increase the value proposition (value equity) and
those that improve customer relationships with the firm
(relationship equity). Once customer potential futures
have been identified, firms can examine the extent to
which they are capable of influencing customers to do
business with them (through brand-building, value-building, or relationship-building activities).
In addition, prior research suggests that firms can
shape the environment and actually create opportunities
(C. P. Zeithaml and Zeithaml 1984; V. A. Zeithaml,
Varadarajan, and Zeithaml 1988). Recently, Kumar,
Scheer, and Kotler (2000) have described this strategic
orientation as “market driving” rather than “market driven.” In other words, a firm may be able to influence customers’ perceptions of the future through its own
marketing actions. For example, mobile phone firms are
currently introducing global positioning system (GPS)
offerings on cell phones—although it is not clear that
customers perceive a strong need for such software. Their
advertisements often feature a fear or anticipated regret
appeal, suggesting that customers, looking into the
future, should consider the possibility that they may be in
an emergency situation in which they would need to have
GPS capability on their mobile phones.
Step 4: Developing Offerings
That Fit Customers’ “Futures”
The most interesting possibility that arises out of the
rich data collected on the ING “Create a Vision” CD mentioned earlier is the plethora of potential product and
service offerings that ING might create based upon this
information. As customers are asked to envision their
futures, ING gains new understandings into what customers might need in the future. The fourth step in developing a customer adaptive foresight system is actually
developing offerings that will fit these alternative customer
futures. This approach, however, is quite risky, as it suggests that firms need to develop sets of offerings for each
of the possible customer futures that may come to pass, not
knowing which futures will actually occur. Thus, it will be
important to incorporate theory-based approaches to
account for the variability and uncertainty in future outcomes. Here, models from finance and option theory (e.g.,
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FIGURE 1
Adaptive Foresight: The Process
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Dixit and Pindyck 1995; Hogan et al. 2002) may be helpful in identifying the value and extent of uncertainty associated with each potential future and determining when it
is most appropriate to invest resources in actually developing the offerings associated with each potential future.
An option value approach, for example, provides a
quantifiable approach for the firm to determine when the
uncertainty associated with a specific potential future has
decreased sufficiently (though the identification of key
leading indicators) to justify investing in marketing actions
that are associated with the particular scenario. For
example, if a set of scenarios examine the likelihood that
consumers will be wearing wireless devices as fashion in
the future, the presence of key signposts or leading indicators that suggest this scenario has a high probability of
occurring reduces the uncertainty associated with this scenario. An option modeling approach can provide a decision
rule to understand when investing in new products that will
satisfy this emerging need will be a fruitful investment.
In summary, the development of a customer adaptive
foresight process involves four steps (see Figure 1):
•
•
•
•

Step 1: Developing foresight capability
Step 2: Generating alternative futures
Step 3: Identifying key levers to influence customers
Step 4: Developing offerings that fit customers’
“futures”

In considering how these four steps will work together
to enable a firm to capture future customer metrics, it is
important to note that this is an iterative and dynamic
process, one that requires a perpetual “state of readiness”
and flexibility on the part of the firm. To determine what
it might actually take to move the levers (Step 3) to influence customer behavior, the firm will need to have in
place the foresight capability (Step 1) to capture and
assess information about customer futures (Step 2) and
then the flexibility and capability to move the levers
(Step 3) that will enable the firm to create and deliver
offerings that fit the customer where he or she will be in

the future (Step 4). However, where the customer will be
in the future will continue to change and to require updating, underscoring the need for the continuous feedback
loops necessary in this process as noted in Figure 1.
Finally, as we consider the role of such an adaptive
foresight capability, it is interesting to examine the extent
to which this capability itself will influence customer
behavior. For example, if a customer believes that a firm
is continuously monitoring the future and identifying key
trends, will this make the customer more likely, overall,
to be loyal to the firm? Consider the recent advancements
in airplane technology by both Airbus and Boeing.
Although neither firm uses conventional CRM metrics,
each firm is looking to the future of air travel and identifying potential “customer futures”—in this case the customers are both the airlines and the airline customers.
Airbus believes that the airline customers will need larger
aircraft to go from one big airport to another big airport
(the new Airbus 380 can carry up to 555 passengers with
a range of 8,000 nautical miles; see www.airbus.com).
Alternatively, Boeing believes that airlines will need
smaller, lightweight, fuel-efficient aircraft that can go
“point-to-point” from many airports to many airports (the
new Boeing 787 will carry on average 259 passengers,
with a range of 3,500 nautical miles and using 20% less
fuel; see www.boeing.com). It is feasible that the extent
to which the airlines believe that these firms possess a
strong capability to understand and adapt to the future
may influence the airline companies’ decisions of which
manufacturer to purchase from and which aircraft to buy.
Similarly, customers may develop trust with product
or service providers based upon their foresight capabilities—customers may tune to the Weather Channel to
learn about an upcoming storm, believing that it has the
best forecasting capability, or trust a specific customer
electronics manufacturer when purchasing a product they
plan to own for many years (e.g., a plasma television),
recognizing that the product will need to be compatible
with other devices that have not yet been developed. The
potential relationship between the adaptive foresight
capability and customer retention may suggest that a
firm’s ability to innovate (Subramaniam and Youndt in
press) may actually be a driver of customer loyalty.

IMPLEMENTATION ISSUES
Even if relevant forward-looking measures for a
company have been identified, there are a number of hurdles to be overcome for successful implementation.
These tend to fall into three general categories: (a) managerial relevance, (b) situational and temporal influences,
and (c) data quality and accessibility.
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Managerial Relevance
Whereas there are a myriad of factors that determine
business success, two critical issues are clarity of direction
(Buckingham 2005) and process ownership (Kordupleski,
Rust, and Zahorik 1993). Many forward-looking metrics
are likely to represent higher-order attitudinal measures
and therefore become less concrete to the workforce. As
concepts appear more abstract/complex, it is more difficult
for managers to provide clear direction to rally the organization under a single banner. Taken to the extreme, one
might imagine quantum physics successfully predicting
how customers will behave, but how could a manager
inspire or direct his colleagues to act on this information?
Additionally, managers and employees typically do
not have daily or even weekly access to customer attitudinal measures to guide them in their everyday performance. As a result, linking customers’ attitudinal metrics
with operational metrics that are regularly monitored by
employees is critical to ensuring that changes to
processes actually result in desired attitudinal outcomes
by customers (Bolton and Drew 1994; Dean 2004;
Deyong and Case 1998; Spencer and Crosby 1997). In
this way, forward-looking metrics can be broken down
into more tangible “actionable components.” This produces additional managerial issues critical to success,
particularly related to human resource management. For
example, how will employee performance be measured
relative to these operational metrics? Next, what incentive structure will be created to support performance on
these measures? Furthermore, how will these metrics be
monitored and modified to remain consistently linked to
each relevant forward-looking metric?

179

decision making based upon the amount of active consideration that the customer invests in a particular purchase choice, strongly implying that metrics designed to
predict customer behavior will vary in intensity by category (and therefore will not be universally applicable).
Time has also been shown to affect customers’ perceptions and the relative impact of those perceptions on
future customer behavior (Mittal, Kumar, and Tsiros
1999; Slotegraaf and Inman 2004). For example, Mittal,
Katrichis, and Kumar (2001) reported that for an automotive firm, dealership service is twice as important in
determining overall satisfaction as vehicle quality to new
car buyers. When the same customers were surveyed
24 months later, however, analysis showed that vehicle
quality was far more important than dealership service.
In some cases, time may be a correlate of experience.
For example, Kekre, Krishnan, and Srinivasan (1995)
found that among software users “usability” and “documentation” had higher weights for novices, but “capability” and “reliability” had higher importance among
experts. Similarly, a number of other studies have shown
that customer expertise can influence customer loyalty
(Bell, Auh, and Smalley 2005; Maheswaran 1994;
Mitchell and Dacin 1996). Experts were found to have
more developed and complex cognitive structures compared with novices (Alba and Hutchinson 1987). As a
result, experts may be more likely to be receptive to competitive offerings. Because novices will find it more difficult to make comparisons, they could perceive greater
risk in decision making (Heilman, Bowman, and Wright
2000) and hence prefer to stay more loyal.
It is therefore reasonable to believe that time will
impact the relative importance of various forward-looking
metrics.

Situational and Temporal Influences
Data Quality and Accessibility
As forward-looking measures are frequently likely to be
higher-order attitudinal measures, the underlying causes of
these attitudes are likely to differ by customers’ particular
circumstances and desires. For example, customer satisfaction has been shown to link with customers’ share of wallet
(SOW) (for example, Baumann, Burton, and Elliott 2005;
Bowman and Narayandas 2004; Perkins-Munn et al. 2005).
High satisfaction and high SOW, however, do not necessarily elicit behaviors desired by managers depending on the
cause of this behavior. For example, if satisfaction and
SOW are largely caused by poor pricing or cost management decisions, then these results come at the expense of a
company’s financial health (Keiningham et al. 2005).
Furthermore, customers’ level of involvement in a
product category has been shown to impact their behavioral loyalty to a brand (Van Trijp, Hoyer, and Inman
1996). Howard (1989) proposed three different levels of

Perhaps the most daunting issues to successful implementation relate to the data (or lack thereof) itself. One of
the most frequent problems is that of multicollinearity.
Whether it be survey response bias, or multiple company
activities affecting the customer at once, it is difficult to
tease out precisely what is affecting customer behavior.
This problem is compounded when trying to transfer
researcher findings to methods that can and will be acted
upon by managers. With regard to multicollinearity, this is
important because commercial and academic studies typically vary in their approach to and the importance of variability in attribute-level ratings of attitudinal data.
Whereas managers are concerned with attribute-level
variation as it relates to the derivation of attribute weights
in an effort to determine the relative importance of potential issues for service improvement (Mittal, Ross, and
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Baldasare 1998; Rust, Zahorik, and Keiningham 2000),
academic studies typically strive to establish relationships
between constructs with a high degree of internal validity.
Furthermore, if research regarding satisfaction and
loyalty serve as a guide, derivation of importance for various forward-looking metrics is likely to be further hampered by asymmetry and nonlinearity in their relationship
to customer behavior (Anderson and Mittal 2000; Austin
and Singh 2005; Keiningham, Perkins-Munn, and Evans
2003). Therefore, managers may have additional difficulty deriving importance and establishing performance
targets that correspond to thresholds that actually affect
future customer behavior.
Even if multicollinearity, relative importance derivation, and proper target setting were not at issue, however,
data quality and availability would still represent the
most difficult hurdle to overcome for successful implementation by managers. Though computerized customer
database systems are prevalent, rarely do firms have adequate information about their customers to effectively
populate a customer database for purposes of effectively
predicting customer behavior. The shortage, as discussed
above, is a result of a number of issues: incompatible data
sources, rapid data obsolescence, segregated attitudinal
and behavioral data, and missing or uncollected data. In
the latter case, even when data is somewhat uniform and
integrated, the necessary components for calculating
CLV or prioritizing relevant, right-time offers for customers is missing, or not in a useable format for analysis.
Worse still, for most firms, conducting a census to collect
relevant forward-looking metrics is not feasible or costeffective. As a result, typically surrogates within the
behavioral database must be used as proxies to fill in the
vast amounts of missing data. Unfortunately, as might be
expected, there is seldom a good fit with the data collected; if there were, this data would already be used to
effectively predict future customer behavior (e.g., the forward-looking metrics would already exist within the customer data base).
The Best Is the Enemy of the Good
Despite the many obstacles to successful implementation, managers want and need better measures from
which to anticipate the future. Whereas there will always
be opportunities for improvement in the integration and
implementation of these metrics within an organization,
any guidance that these measures provide serves to
enhance the probability of business success. Such measures serve as the headlights for managers on the journey
down a dark and winding road—unable to light the
entire path, but still enough to steer the vehicle safely
home.

SUMMARY
In this article, we argue that customer metrics used by
firms today largely report the past or present but that
companies need to and can develop forward-looking customer metrics. We use the term adaptive foresight to capture the notion that companies can be positioned to
predict the future by exploiting changes in the business
environment and anticipating customer behavior. In this
article, we began by reviewing the metrics that have been
and are currently being used to capture customer focus.
Next, we discussed possible “headlight” or forward-looking customer metrics that would allow firms to anticipate
changes and provide opportunities to increase the value
of the customer base. We then identified the conditions
under which the new metrics would be appropriate and
offered a process for developing adaptive foresight.
Finally, we discussed the implications of adaptive foresight for successful customer asset management that
increases long-run business performance. In the words of
E. L. Doctorow, “You can only see as far as your headlights shine, but you can make your journey that way.”

REFERENCES
Aaker, Jennifer, Susan Fournier, and Adam Brasel (2004), “When Good
Brands Do Bad: Personalities, Acts of Transgression and the
Evolution of Relationship Strength,” Journal of Consumer
Research, 31 (June), 1-16.
Ailawadi, Kusum L., Praveen K. Kopalle, and Scott A. Neslin (2005),
“Predicting Response to a Major Policy Change: Combining
Game-Theoretic and Empirical Analysis,” Marketing Science, 24
(1), 12-24.
Alba, Joseph and Wesley Hutchinson (1987), “Dimensions of Consumer
Expertise,” Journal of Consumer Research, 13 (4), 411-55.
Anderson, Eugene W., Claes Fornell, and Sanal K. Mazvancheryl
(2004), “Customer Satisfaction and Shareholder Value,” Journal of
Marketing, 68 (4), 172-85.
——— and Vikas Mittal (2000), “Strengthening the Satisfaction-Profit
Chain,” Journal of Service Research, 3 (2), 107-20.
Austin, Clara and Jagdip Singh (2005), “Curvilinear Effects of
Customer Loyalty Determinants in Relational Exchanges,” Journal
of Marketing Research, 42 (February), 96-108.
Baumann, Chris, Suzan Burton, and Greg Elliott (2005), “Determinants
of Customer Loyalty and Share of Wallet in Retail Banking,”
Journal of Financial Services Marketing, 9 (3), 231-48.
Bell, Simon J., Seigyoung Auh, and Karen Smalley (2005), “Customer
Relationship Dynamics: Service Quality and Customer Loyalty in
the Context of Varying Levels of Customer Expertise and Switching
Costs,” Academy of Marketing Science, 33 (2), 169-83.
Berger, Paul D. and Nada I. Nasr (1998), “Customer Lifetime Value:
Marketing Models and Applications,” Journal of Interactive
Marketing, 12 (1), 17-30.
Blattberg, Robert C. and John Deighton (1996), “Manage Marketing
by the Customer Equity Test,” Harvard Business Review, 74 (4),
136-44.
———, Gary Getz, and Jacquelyn S. Thomas (2001), Customer Equity:
Building and Managing Relationships as Assets. Boston: Harvard
Business School Press.

Zeithaml et al. / FORWARD-LOOKING FOCUS

Bolton, Ruth N. (1998), “A Dynamic Model of the Duration of the
Customer’s Relationship with a Continuous Service Provider: The
Role of Satisfaction,” Marketing Science, 17 (1), 45-65.
——— and James H. Drew (1994), “Linking Customer Satisfaction to
Service Operations and Outcomes,” in Service Quality: New
Directions in Theory and Practice, Roland T. Rust and Richard L.
Oliver, eds. Thousand Oaks, CA: Sage, 173-200.
——— and Katherine N. Lemon (1999), “A Dynamic Model of
Customers’ Usage of Services: Usage as an Antecedent of
Satisfaction,” Journal of Marketing Research, 36 (2), 171-86.
———, ———, and Matthew D. Bramlett (in press), “The Effect of
Service Experiences over Time on a Supplier’s Retention of
Business Customers,” Management Science.
———, ———, and Peter C. Verhoef (2004), “The Theoretical
Underpinnings of Customer Asset Management: A Framework and
Propositions for Future Research,” Journal of the Academy of
Marketing Science, 32 (3), 271-92.
———, ———, and ——— (2006), “Expanding Rather than
Maintaining Relationships: Modeling the Service Contract Upgrade
Decision,” working paper, Arizona State University, Tempe.
Boulding, William , Richard Staelin, Michael Ehret, and Wesley J.
Johnston (2005), “A CRM Roadmap: What We Know, Potential
Pitfalls, and Where to Go,” Journal of Marketing, 69 (4), 155-66.
Bowman, Douglas and Das Narayandas (2004), “Linking Customer
Management Effort to Customer Profitability in Business Markets,”
Journal of Marketing Research, 41 (4), 433-47.
Brown, Michael (1969), “Identification and Some Conditions of
Organizational Involvement,” Administrative Science Quarterly, 14
(3), 346-55.
Brown, Tom J. and Peter A. Dacin (1997), “The Company and the
Product: Corporate Associations and Consumer Product
Responses,” Journal of Marketing, 61 (1), 68-84.
Buckingham, Marcus (2005), The One Thing You Need to Know . . .
about Great Managing, Great Leading, and Sustained Individual
Success. New York: Free Press.
Cadotte, Ernest R., Robert B. Woodruff, and Roger L. Jenkins (1987),
“Expectations and Norms in Models of Customer Satisfaction,”
Journal of Marketing Research, 24 (August), 305-14.
Campbell, Dennis and Frances Frei (2004), “The Persistence of
Customer Profitability: Empirical Evidence and Implications from a
Financial Services Firm,” Journal of Service Research, 7 (2), 107-23.
Chandon, Pierre, Vicki G. Morwitz, and Werner Reinartz (2005), “Do
Intentions Really Predict Behavior? Self-Generated Validity Effects
in Survey Research,” Journal of Marketing, 69 (2), 1-14.
Copeland, T. and V. Antikarov (2001), Real Options: A Practitioners
Guide. New York: Texere LLC.
Danaher, Peter J. and Roland T. Rust (1996), “Indirect Financial Benefits
from Service Quality,” Quality Managment Journal, 3 (2), 63-75.
Dean, Alison M. (2004), “Links between Organisational and Customer
Variables in Service Delivery: Evidence, Contradictions and
Challenges,” International Journal of Service Industry
Management, 15 (3/4), 332-50.
Deighton, John (2003), “Market Solutions to Privacy Problems?” in
Digital Anonymity and the Law—Tensions and Dimensions,
Christopher Nicoll, J. E. J. Prins, and Miriam J. M. van Dellen, eds.
Cambridge: Cambridge University Press.
Deutsch, Morten (1958), “Trust and Suspicion,” Journal of Conflict
Resolution, 2 (September), 265-79.
Deyong, Camille F. and Kenneth E. Case (1998), “Linking Customer
Satisfaction Attributes with Process Metrics in Service Industries,”
Quality Management Journal, 5 (2), 76-89.
Dixit, Avinash K. and Robert S. Pindyck (1995), “The Options
Approach to Capital Investment,” Harvard Business Review, 73
(May/June), 105-15.
Dwyer, F. Robert, Paul H. Schurr, and Sejo Oh (1987), “Developing
Buyer-Seller Relationships,” Journal of Marketing, 51 (2), 11-27.
Fink, Alexander, Bernard Marr, Andreas Siebe, and Jens-Peter Kuhle
(2005), “The Future Scorecard: Combining External and Internal

181

Scenarios to Create Strategic Foresight,” Management Decision, 43
(3), 360-81.
Fournier, Susan, Susan Dobscha, and David G. Mick (1998),
“Preventing the Premature Death of Relationship Marketing,”
Harvard Business Review, 76 (1), 42-44.
Gruca, Thomas S. and Lopo L. Rego (2005), “Customer Satisfaction,
Cash Flow, and Shareholder Value,” Journal of Marketing, 69 (3),
115-30.
Gupta, Sunil and Donald R. Lehmann (2003), “Customers as Assets,”
Journal of Interactive Marketing, 17 (1), 9-24.
——— and ——— (2005), Managing Customers as Investments. The
Strategic Value of Customers in the Long Run. Upper Saddle River,
NJ: Wharton School Publishing.
———, ———, and Jennifer Ames Stuart (2004), “Valuing
Customers,” Journal of Marketing Research, 41 (7), 7-18.
——— and Valarie A. Zeithaml (2006), “Customer Metrics and Their
Impact on Financial Performance,” working paper, Columbia
University Graduate School of Business, New York.
Hallowell, Roger (1996), “The Relationship of Customer Satisfaction,
Customer Loyalty, and Profitability: An Empirical Study,”
International Journal of Service Industry Management, 7 (4), 27–42.
Heilman, Carrie M., Douglas Bowman, and Gordon P. Wright (2000),
“The Evolution of Brand Preferences and Choice Behaviors of
Customers New to a Market,” Journal of Marketing Research, 37
(May), 139-55.
Hogan, John E., Donald R. Lehmann, Maria Merno, Rajendra K.
Srivastava, Jacquelyn s. Thomas, and Peter C. Verhoef (2002),
“Linking Customer Assets to Financial Performance,” Journal of
Service Research, 5 (August), 26-38.
———, Katherine N. Lemon, and Barak Libai (2004), “Quantifying
the Ripple: Word of Mouth and Advertising Effectiveness,” Journal
of Advertising Research, 44 (Sept./Oct.), 271-80.
Howard, John (1989), Consumer Behavior in Marketing Strategy.
Englewood Cliffs, NJ: Prentice Hall.
Ittner, C. and D. Larcker (1998), “Are Non-financial Measures Leading
Indicators of Financial Performance? An Analysis of Customer
Satisfaction,” Journal of Accounting Research, 36 (Supp.), 1-35.
Jain, Dipak and Siddhartha S. Singh (2002), “Customer Lifetime Value
Research in Marketing: A Review and Future Directions,” Journal
of Interactive Marketing, 16 (2), 34.
Kamakura, Wagner A., Sridhar N. Ramaswami, and Rajendra K.
Srivastava (1991), “Applying Latent Trait Analysis in the
Evaluation of Prospects for Cross-Selling of Financial Services,”
International Journal of Research in Marketing, 8 (4), 329-49.
Keiningham, Timothy L., Tiffany Perkins-Munn, Lerzan Aksoy, and
Demitry Estrin (2005), “Does Customer Satisfaction Lead to
Profitability? The Mediating Role of Share-of-Wallet,” Managing
Service Quality, 15 (2), 172-81.
———, ———, and Heather Evans (2003), “The Impact of Customer
Satisfaction on Share-of-Wallet in a Business-to-Business
Environment,” Journal of Service Research, 6 (1), 37-50.
Kekre, S., M. S. Krishnan, and K. Srinivasan (1995), “Drivers of
Customer Satisfaction for Software Products: Implications for
Design and Service Support,” Management Science, 41 (9), 145670.
Keller, Kevin Lane (2000), “The Brand Report Card,” Harvard
Business Review, 48 (January–February), 47-53.
Kordupleski, Raymond E., Roland T. Rust, and Anthony J. Zahorik
(1993), “Why Improving Quality Doesn’t Improve Quality (or
Whatever Happened to Marketing?),” California Management
Review, 35 (3), 82-95.
Kumar, N., L. Scheer, and P. Kotler (2000), “From Market Driven to
Market Driving,” European Management Journal 18 (April), 129-41.
Leeflang, P. S. H. and D. R. Wittink (1996), “Competitive Reaction versus Consumer Response: Do Managers Overreact?” International
Journal of Research in Marketing, 13 (2), 103-19.
Lehmann, Donald R. (2004), “Metrics for Making Marketing Matter,”
Journal of Marketing, 68 (4), 73-75.

182

JOURNAL OF SERVICE RESEARCH / November 2006

Lewis, Michael (2005), “Research Note: A Dynamic Programming
Approach to Customer Relationship Pricing,” Management Science,
51 (6), 986-94.
MacInnis, Deborah J. and Gustavo E. de Mello (2005), “The Concept
of Hope and Its Relevance to Product Evaluation and Choice,”
Journal of Marketing, 69 (1), 1-14.
Maheswaran, Durairaj (1994), “Country of Origin as a Stereotype: Effects
of Consumer Expertise and Attitude Strength on Product Evaluations,”
Journal of Consumer Research, 21 (September), 354-65.
Malthouse, Edward C. and Robert C. Blattberg (2005), “Can We Predict
Customer Lifetime Value?” Journal of Interactive Marketing, 19 (1),
2-16.
McCracken, Grant (1988), The Long Interview. Thousand Oaks, CA:
Sage.
Mitchell, Andrew A. and Peter A. Dacin (1996), “The Assessment of
Alternative Measures of Consumer Expertise,” Journal of Consumer
Research, 23 (December), 219-39.
Mittal, Vikas and Wagner A. Kamakura (2001), “Satisfaction,
Repurchase Intent and Repurchase Behavior: Investigating the
Moderating Effect of Customer Characteristics,” Journal of
Marketing Research, 38 (1), 131-42.
———, Jerome M. Katrichis, and Pankaj Kumar (2001), “Attribute
Performance and Customer Satisfaction over Time: Evidence from
Two Field Studies,” Journal of Services Marketing, 15 (4/5), 343-56.
———, Pankaj Kumar, and Michael Tsiros (1999), “Attribute-Level
Performance Satisfaction, and Behavioral Intentions over Time: A
Consumption-System Approach,” Journal of Marketing, 63 (2),
88-101.
———, William T. Ross Jr., and Patrick M. Baldasare (1998), “The
Asymmetric Impact of Negative and Positive Attribute-Level
Performance on Overall Satisfaction and Repurchase Intentions,”
Journal of Marketing, 62 (1), 33-47.
Mizik, Natalie and Robert Jacobson (2005), “How Brand Attributes
Drive Financial Performance,” MSI Working Paper 05-111,
Marketing Science Institute, Cambridge, MA.
Moorman, Christine, Rohit Deshpandé, and Gerald Zaltman (1993),
“Factors Affecting Trust in Market Research Relationships,”
Journal of Marketing, 57 (January), 81-101.
Morwitz, Vicki G. and David Schmittlein (1992), “Using Segmentation
to Improve Sales Forecasts Based on Purchase Intent: Which
‘Intenders’ Actually Buy?” Journal of Marketing Research, 29
(November), 391405.
Nelson, Philip (1974), “Advertising as Information,” Journal of
Political Economy, 82 (4), 729-54.
Oliver, Richard L. (1997), Satisfaction: A Behavioral Perspective on the
Consumer. Boston: Irwin/McGraw-Hill.
Payne, Adrian and Pennie Frow (2005), “A Strategic Framework for
Customer Relationship Management,” Journal of Marketing, 69 (4),
167-76.
Perkins-Munn, Tiffany, Lerzan Aksoy, Timothy L. Keiningham, and
Demitry Estrin (2005), “Actual Purchase as a Proxy for Share of
Wallet,” Journal of Service Research, 7 (3), 245-56.
Reibstein, David J., Yogesh Joshi, David Norton, and Paul Farris
(2004), “Marketing Dashboards: A Decision Support System for
Assessing Marketing Productivity,” MSI Report 4-121, Marketing
Science Institute, Cambridge, MA.
Reinartz, Werner and V. Kumar (2000), “On the Profitability of LongLife Customers in a Noncontractual Setting: An Empirical
Investigation and Implications for Marketing,” Journal of
Marketing, 64 (4), 17-35.
Rucci, Anthony J., Steven P. Kim, and Richard T. Quinn (1998), “The
Employee-Customer-Profit Chain at Sears,” Harvard Business
Review, 76 (1), 83-97.
Rust, Roland T., Katherine N. Lemon, and Valarie A. Zeithaml (2004),
“Return on Marketing: Using Customer Equity to Focus Marketing
Strategy,” Journal of Marketing, 68 (1), 109-27.
———, Anthony J. Zahorik, and Timothy L. Keiningham (2000),
“Estimating the Return on Quality: Providing Insights into

Profitable Investments in Service Quality,” in Handbook of Services
Marketing & Management, Teresa A. Swartz and Dawn Iacobucci,
eds. Thousand Oaks, CA: Sage.
———, Valarie A. Zeithaml, and Katherine N. Lemon (2000), Driving
Customer Equity: How Customer Lifetime Value Is Reshaping
Corporate Strategy. New York: Free Press.
Schwartz, Peter (1991), The Art of the Long View. New York:
Doubleday Currency.
Seiders, Kathleen, Glenn B. Voss, Dhruv Grewal, and Andrea L.
Godfrey (2005), “Do Satisfied Customers Buy More? Examining
Moderating Influences in a Retailing Context,” Journal of
Marketing, 69 (4), 26-43.
Slotegraaf, Rebecca J. and J. Jeffrey Inman (2004), “Longitudinal Shifts in
the Drivers of Satisfaction with Product Quality: The Role of Attribute
Resolvability,” Journal of Marketing Research, 41 (3), 269-80.
Spencer, Barbara and Leon Crosby (1997), “Linking Quality Attributes
with Customer Purchasing Decisions,” Quality Management
Journal, 5 (1), 35-45.
Srivastava, Rajendra K., Tasadduq A. Shervani, and Liam Fahey (1998),
“Market-Based Assets and Shareholder Value: A Framework for
Analysis,” Journal of Marketing, 62 (January), 2-18.
Steenkamp, Jan-Benedict E. M., Vincent Nijs, Dominique M. Hanssens,
and Marnik G. Dekimpe (2005), “Competitive Reactions and
Advertising and Promotion Shocks,” Marketing Science, 24 (1), 35-54.
Subramaniam, Mohan and M. A. Youndt (in press), “The Influence of
Intellectual Capital on the Types of Innovative Capabilities,”
Academy of Management Journal.
Surana, Amit, Soundar Kumara, Mark Greaves, and Usha Nandini
Raghavan (2005), “Supply-Chain Networks: A Complex Adaptive
Systems Perspective,” International Journal of Production
Research, 43 (October 15), 4235-65.
Thomas, Jacquelyn S. (2001), “A Methodology for Linking Customer
Acquisition to Customer Retention,” Journal of Marketing
Research, 38 (2), 262-68.
Tolman E. C. (1942), “Identification and the Post-war World,” Journal
of Abnormal and Social Psychology, 38, 141-48.
Tse, David K. and Peter C. Wilton (1988), “Models of Customer
Satisfaction Formation: An Extension,” Journal of Marketing
Research, 25 (2), 204-12.
Van Trijp, Hans C. B., Wayne D. Hoyer, and Jeffrey J. Inman (1996),
“Why Switch? Product Category-Level Explanations for True
Variety-Seeking Behavior,” Journal of Marketing Research, 33
(August), 281-92.
Vargo, Stephen L. and Robert F. Lusch (2004), “Evolving to a New
Dominant Logic for Marketing,” Journal of Marketing, 68 (1), 1-17.
Venkatesan, Rajkumar and V. Kumar (2004), “A Customer Lifetime
Value Framework for Customer Selection and Resource Allocation
Strategy,” Journal of Marketing, 68 (4), 106-25.
Verhoef, Peter C. (2003), “Understanding the Effect of Customer
Relationship Management Efforts on Customer Retention and
Customer Share Development,” Journal of Marketing, 67 (4), 1-30.
———, Philip Hans Franses, and Janny C. Hoekstra (2001), “The
Impact of Satisfaction and Payment Equity on Cross-Buying: A
Dynamic Model for a Multi-service Provider,” Journal of Retailing,
77 (3), 359-78.
———, ———, and ——— (2002), “The Effect of Relational
Constructs on Customer Referrals and Number of Services Purchased
from a Multiservice Provider: Does Age of Relationship Matter?”
Journal of the Academy of Marketing Science, 30 (3), 202-16.
Westbrook, Robert A. and Michael D. Reilly (1983), “Value-Percept
Disparity: An Alternative to the Disconfirmation of Expectations
Theory of Consumer Satisfaction,” in Advances in Consumer
Research, vol. 10, Richard P. Bagozzi and Alice M. Tybout, eds.
Ann Arbor, MI: Association for Consumer Research, 256-61.
Westin, Alan F. (1967), Privacy and Freedom: An Historical and Sociopolitical Analysis. New York: Atheneum.
Zaltman, Gerald and Robin A. Higie (1993), “Seeing the Voice of the
Customer: The Zaltman Methaphor Elicitation Technique

Zeithaml et al. / FORWARD-LOOKING FOCUS

183

Approach,” MSI Working Paper Series No. 93-114, Marketing
Science Institute, Cambridge, MA.
Zeithaml, Carl P. and Valarie A. Zeithaml (1984), “Environmental
Management: Revising the Marketing Perspective,” Journal of
Marketing, 48 (Spring), 46-53.
Zeithaml, Valarie A., P. Rajan Varadarajan, and Carl P. Zeithaml (1988),
“The Contingency Approach: Its Foundations and Relevance to
Theory Building and Research in Marketing,” European Journal of
Marketing, 22 (7), 37-64.

Journal of Consumer Research, the Journal of Marketing
Research, and the Journal of Marketing (where he received the
Alpha Kappa Psi award) on marketing strategy, the marketing
of performance, database marketing, and advertising. He has
written cases on the novelist James Patterson, Hilton Hotels’
frequent guest program, CVS.com, Snapple, and USA Today
Online and many others and has taught at the University of
Chicago and Dartmouth College.

Valarie A. Zeithaml is the Roy and Alice H. Richards
Bicentennial Professor and MBA associate dean at the KenanFlagler Business School of the University of North Carolina at
Chapel Hill. She is the recipient of numerous research awards
including the MSI/Paul Root Award for the article appearing in
the Journal of Marketing that made the most significant impact
on marketing practice, the Robert Ferber Consumer Research
Award from the Journal of Consumer Research, the Harold H.
Maynard Award from the Journal of Marketing, the Jagdish
Sheth Award from the Journal of the Academy of Marketing
Science, and the William F. O’Dell Award from the Journal of
Marketing Research.

Timothy L. Keiningham is senior vice president and head of consulting for Ipsos Loyalty. He is coauthor of several books, including Loyalty Myths, by John Wiley and Sons. He has received best
paper awards from the Journal of Marketing and the Journal of
Service Research and has received the Citations of Excellence
“Top 50” award (top 50 management. papers of approximately
20,000 papers reviewed) for 2005 from Emerald Management
Reviews. Another paper that he coauthored was a finalist for best
paper in Managing Service Quality. Tim also received the 2005
best reviewer award from the Journal of Service Research.

Ruth N. Bolton is a professor and W. P. Carey Chair in
Marketing at the W. P. Carey School of Business, Arizona State
University in Tempe, Arizona. She currently serves on the Board
of Trustees for the Marketing Science Institute, the American
Marketing Association, and the Sheth Foundation. She has published articles in the Journal of Consumer Research, Journal of
Marketing, Journal of Marketing Research, Journal of Service
Research, Management Science, Marketing Science, and other
leading journals. She currently serves on the Editorial Review
Boards of the Journal of Marketing, Marketing Science, and the
Journal of Service Research and is an area editor for the Journal
of Marketing Research.
John Deighton is the Harold M. Brierley Professor of Business
Administration at the Harvard Business School. He is editor of
the Journal of Consumer Research and was a founding editor of
the Journal of Interactive Marketing. He has published in the

Katherine N. Lemon is an associate professor of marketing at
Boston College’s Carroll School of Management. Her research
and teaching focuses on strategic customer management, customer equity, customer value creation, marketing strategy, and
marketing metrics. She serves on the editorial boards of the
Journal of Marketing, Journal of Marketing Research, Journal
of Service Research, and the Journal of the Academy of
Marketing Science. She received her PhD from the University
of California, Berkeley. Prior to her academic career, she held
senior-level marketing positions in the high-technology and
health care industries.
J. Andrew Petersen is a doctoral candidate in marketing at the
University of Connecticut. His research interests include customer lifetime value (CLV), word-of-mouth effects, managing
customer product returns, and customer-level marketing strategy. His research has been published in Marketing Research
Magazine, the Journal of the Academy of Marketing Science,
and the Journal of Service Research.

