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Right”
Recently, academics have shown interest and enthusiasm in the development and implementation of stochastic
customer base analysis models, such as the Pareto/NBD model and the BG/NBD model. Using the information
these models provide, customer managers should be able to (1) distinguish active customers from inactive
customers, (2) generate transaction forecasts for individual customers and determine future best customers, and
(3) predict the purchase volume of the entire customer base. However, there is also a growing frustration among
academics insofar as these models have not found their way into wide managerial application. To present
arguments in favor of or against the use of these models in practice, the authors compare the quality of these
models when applied to managerial decision making with the simple heuristics that firms typically use. The authors
find that the simple heuristics perform at least as well as the stochastic models with regard to all managerially
relevant areas, except for predictions regarding future purchases at the overall customer base level. The authors
conclude that in their current state, stochastic customer base analysis models should be implemented in
managerial practice with much care. Furthermore, they identify areas for improvement to make these models
managerially more useful.
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Consider a marketing executive at a catalog retailer
who faces the following challenges: First, she wants
to distinguish customers in the customer base who

are likely to continue buying from the firm (active cus-
tomers) from those who are likely to defect or from those
who have already defected (inactive customers). This infor-
mation should help (1) identify profitable, inactive cus-
tomers who should be reactivated; (2) remove inactive,
unprofitable customers from the customer base; and (3)
determine active customers who should be targeted with
regular marketing activities, such as new catalogs or mail-
ings. Second, she wants to generate transaction forecasts 
for individual customers to identify the company’s future
10% best customers, or to compute customer lifetime value
(CLV). Such information should help her target those
groups with perks, differential mailing frequencies, and loy-
alty program offerings. Third, she wants to predict the pur-
chase volume of the entire customer base to make provi-
sions for capacity planning, to compute the firm’s customer
equity, and to know when customer acquisition efforts need
to be strengthened.

For the executive, the central problem in successfully
coping with these tasks is that the time at which a customer
defects from the firm is unobservable. The customer may
have been disenchanted with the purchased product or the
provider and now buys at a different supplier, the customer
may have moved to another city, or the customer may have
even passed away. This phenomenon exists for most service
providers that operate in noncontractual settings: For exam-
ple, when a customer purchases from a catalog retailer,
walks off an aircraft, checks out of a hotel, or leaves a retail
outlet, the firm has no way of knowing whether and how
often the customer will conduct business in the future
(Reinartz and Kumar 2000).

In contrast, in a contractual setting, the buyer–seller
relationship is governed by a contract, which often predeter-
mines not only the length but also the usage pattern of the
relationship (e.g., telephone and Internet “flat-rate” ser-
vices, magazine subscriptions). In this context, hazard
regression or logistic regression models (Bolton 1995; Li
1995) provide promising approaches in determining the
probability that a customer will still be with the firm at a
particular future time. In the noncontractual setting, the
state-of-the-art approach in determining the activity and
future purchase levels of a customer is the Pareto/NBD
model (Schmittlein, Morrison, and Columbo 1987; Schmitt-
lein and Peterson 1994). The Pareto/NBD model has
recently been employed in several studies (Fader, Hardie,
and Lee 2005a, b; Ho, Park, and Zhou 2006; Krafft 2002;
Reinartz and Kumar 2000, 2003), and its implementation
has been recommended on an even larger scale (Balasubra-
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manian et al. 1998; Jain and Singh 2002; Kamakura et al.
2005; Rust and Chung 2006). Recently, Fader, Hardie, and
Lee (2005a) introduced the BG/NBD model, which is a
variant of the Pareto/NBD model but is much easier to
implement and estimate. Both models are attractive because
they (1) make forecasts of individuals’ future purchase lev-
els and (2) operate on past transaction behavior. More pre-
cisely, they operate solely on the frequency and recency
information of a customer’s past purchase behavior. The
Pareto/NBD model has an additional feature; for each cus-
tomer, it yields the probability that he or she is still active.

In light of increased calls for closer cooperation
between marketing academics and practitioners, it must be
of concern for academics that these models have not found
their way into managerial practice. Instead, a survey by Ver-
hoef and colleagues (2002) shows that simple heuristics are
still commonly applied.

Given the time and money costs associated with imple-
menting complex stochastic models in managerial practice,
the marketing executive will be convinced to make use of
the academic methods only when their superiority is clearly
demonstrated on the aggregate level and, even more impor-
tant, on the individual customer level. However, practition-
ers are not the only ones who would benefit from such
insights. For research, it is important to know the circum-
stances under which the predictions of these models can be
trusted to produce accurate forecasts for future implementa-
tion of these models in, for example, CLV research (e.g.,
Reinartz and Kumar 2000, 2003).

Few studies have compared the performance of complex
versus noncomplex models for customer purchase behavior
and lifetime value prediction. Donkers, Verhoef, and De
Jong (2007) find that using complex methods instead of
simple models for CLV prediction in a contractual setting
(insurance company) does not substantially improve predic-
tive accuracy. In a semicontractual context, Borle, Singh,
and Jain (2008) find that a simple RFM (recency, frequency,
and monetary value) model performs as well as the Pareto/
NBD model that includes monetary value (Schmittlein and
Peterson 1994) in predicting CLV. They also propose a hier-
archical Bayesian model that works better than both the
Pareto/NBD and the RFM models in the semicontractual
setting. However, none of the studies on the stochastic mod-
els (Fader, Hardie, and Lee 2005a; Schmittlein, Morrison,
and Columbo 1987; Schmittlein and Peterson 1994) have
validated their predictions on the individual customer level
in a noncontractual setting using multiple data sets from
different industries. The current research aims to fill this
gap.

In what follows, we briefly cover heuristics in manage-
rial practice and provide an introduction to the Pareto/NBD
and BG/NBD models. We then describe the data sets from
three different industries on which we performed our vali-
dation. Next, we present the results of the predictive per-
formance of the models versus the simple management
heuristics. Finally, we discuss our findings and offer recom-
mendations for using customer base analysis models in aca-
demic research and managerial practice.

Heuristics in Managerial Practice
Heuristics are often mentioned in managerial literature on
customer relationship management or database marketing
(e.g., Hughes 2006; Novo 2004). For example, Blattberg,
Getz, and Thomas (2001) suggest the recency–sales matrix,
which is a slightly modified variant of the hiatus heuristic.
The most prominent example of a heuristic in practical cus-
tomer management is probably the RFM framework, which
was introduced by Alden’s catalog company in the 1920s to
value customers to decide which customer should receive a
catalog (Roel 1988).

The diffusion of simple heuristics can be explained by
the opportunity costs that managers experience when
investing time and effort in managerial decision making.
Rieskamp and Hoffrage (2008) show that under opportunity
costs, people tend to make decisions quickly. A framework
for explaining contingent decision behavior—in this case,
choosing between complex methods and simple heuris-
tics—focuses on the accuracy and cognitive effort charac-
terizing the available strategies (Payne, Bettman, and John-
son 1993). The basic hypothesis of the effort/accuracy
framework is that the strategy used to make a decision rep-
resents a balancing of the goals of being as accurate as pos-
sible and conserving limited cognitive resources. Creyer,
Bettman, and Payne (1990) find that when the goal is to
maximize accuracy rather than minimize effort, people
acquire more information, take more time, are more alterna-
tive based, and are ultimately more accurate. However,
given opportunity costs, managers aim to minimize time
and effort and therefore resort to well-established, simple
heuristics. As Richard Abdoo, chair and chief executive
officer of Wisconsin Energy Corporation, notes, “As we
move to a deregulated marketplace, we don’t have this slow
process of hearings and review and two years to make a
decision. We now have to make decisions in a timely man-
ner. And that means that we process the best information
that’s available and infer from it and use our intuition to
make a decision” (Hayashi 2001, p. 61).

There are reasons to believe that simple heuristics may
work better than more complex strategies for various types
of tasks, even though they often require less information
and computation (Gigerenzer, Todd, and The ABC Research
Group 1999). Support for Grigerenzer’s work is manifold
(Bröder 2000, 2003; Bröder and Schiffer 2003; Lee and
Cummins 2004; Newell et al. 2004; Newell and Shanks
2003; Newell, Weston, and Shanks 2003; Rieskamp 2006;
Rieskamp and Hoffrage 1999; Rieskamp and Otto 2006). A
survey conducted by Jagdish Parikh (discussed in Buchanan
and O’Connell 2006, p. 40) shows that executives “used
their intuitive skills as much as they used their analytical
abilities, but they credited 80% of their successes to
instinct.” Especially in direct marketing, experienced man-
agers are likely to be accurate (Morwitz and Schmittlein
1998) because this environment is characterized by two
properties that are essential for learning to occur: repetition
and feedback (Camerer and Johnson 1991; Goldberg 1968).
“Repetition” refers to the repeated occurrence of the task,
and “feedback” means that the outcome of the manager’s
decision is easily observed and evaluated. The previously



described decisions to distinguish between active and inac-
tive customers and between high- and low-value customers
both are highly repetitive and offer feedback.

A survey conducted in May 2002 by executive search
firm Christian and Timbers reveals that 45% of corporate
executives now rely more on instinct than on facts and fig-
ures in running their businesses (Bonabeau 2003). Never-
theless, even if facts and figures are used, managers still
rely on intuition and long-standing methods. A survey by
Verhoef and colleagues (2002) on 228 database marketing
companies shows that cross-tabulation and RFM analysis
are the most popular methods for response modeling. In the
context of the current study, at least two of the three compa-
nies (airline and apparel retailer) whose customer bases are
analyzed apply simple recency-of-last-purchase (hiatus)
analysis to distinguish active from inactive customers. For
example, the managers of the airline who have “expert”
knowledge of their customer base informed us that the cut-
off time was nine months. This finding is in line with an
article in the New York Times (Wade 1988) that illustrates
the use of the hiatus heuristic in frequent-flier programs.
For future purchase–level determination, average past pur-
chase behavior is often employed as a simple predictor for
future behavior. The managers of focal firms also confirmed
this. A series of short telephone interviews with eight
people responsible for customer management within their
firms revealed that the hiatus heuristics was applied in all
companies to determine active and inactive customers. For
determining future best customers, somewhat varying
approaches were applied, but number of past purchases was
always a central variable (e.g., in an RFM-type approach).

Stochastic Customer Base Analysis
Models

Both the Pareto/NBD and the BG/NBD models were devel-
oped to model repeat-buying behavior in a setting in which
customers buy at a steady (albeit stochastic) rate and even-
tually become inactive at some unobserved time. The infor-
mation they operate on consists solely of customers’ past
purchase behavior. More precisely, for each customer, the
models operate on three values (X = x, t, T), where X = x is
the number of purchases made in time frame (0, T], with the
last purchase occurring at time t, where 0 < t ≤ T. In addi-
tion, the models must be calibrated on the customer base 
to which they are applied. This calibration process yields
several model parameters that describe the purchase and
dropout process of the analyzed customer base.

Pareto/NBD

The Pareto/NBD model builds on the assumption that pur-
chases follow Ehrenberg’s (1988) NBD model, whereas
dropout events follow a Pareto distribution of the second
kind. More precisely, the Pareto/NBD model assumptions
are as follows:

1. Individual Customer

•Poisson purchases: While active, each customer makes
purchases according to a Poisson process with purchase
rate λ.
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•Exponential lifetime: Each customer remains active for a
lifetime, which has an exponentially distributed duration
with dropout rate μ.

2. Heterogeneity Across Customers

•Individuals’ purchase rates distributed gamma: The pur-
chasing rate λ for the different customers is distributed
according to a gamma distribution across the population of
customers.

•Individuals’ dropout rates distributed gamma: The cus-
tomers’ dropout rates μ are distributed according to a
gamma distribution across the population of customers.

•Rates λ and μ are independent: The purchasing rates λ and
the dropout rates μ are distributed independently of each
other.

Among other things, the Pareto/NBD model yields the fol-
lowing information:

•P(Active|X = x, t, T) is the probability that a random cus-
tomer with purchase pattern (X = x, t, T) (whose individual
purchase rate and dropout rate may be unknown) is active
at some time T (see Schmittlein, Morrison, and Colombo
1987, Equations 11, 12, and 13).

•E(X*|X = x, t, T, T*) is the expected number of transac-
tions X* of a random customer with purchase pattern (X =
x, t, T) (and unknown individual purchase rate and dropout
rate) in time (T, T + T*] (see Schmittlein, Morrison, and
Colombo 1987, Equation 22).

BG/NBD

There is only one assumption in the BG/NBD model that
differs from the assumptions of the Pareto/NBD model.
Whereas the Pareto timing model assumes that dropout of a
customer can occur anytime, the BG/NBD model assumes
that dropout occurs only directly after purchases. This slight
change greatly reduces the complexity of the model because
a beta-geometric (BG) model can be used to represent the
dropout phenomena instead of the exponential gamma
(Pareto) model. More precisely, the BG/NBD model
assumptions are as follows:

1. Individual Customer

•Poisson purchases: While active, each customer makes
purchases according to a Poisson process with purchase
rate λ.

•Geometric lifetime: Each customer remains active for a
lifetime, which is distributed over the number of transac-
tions according to a (shifted) geometric distribution with
dropout probability p.

2. Heterogeneity Across Customers

•Individuals’ purchase rates distributed gamma: The pur-
chase rate λ for the different customers is distributed
according to a gamma distribution across the population of
customers.

•Individuals’ dropout probabilities distributed beta: The
customers’ dropout probabilities p for different customers
is distributed according to a beta distribution across the
population of customers.

•Rates λ and p are independent: The purchase rates λ and
dropout probabilities p are distributed independently of
each other.
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Among other things, the BG/NBD model yields the follow-
ing information:

•E(X*|X = x, t, T, T*) is the expected number of transac-
tions X* of a random customer with purchase pattern (X =
x, t, T) (and unknown individual purchase rate and dropout
rate) in time (T, T + T*] (see Fader, Hardie, and Lee 2005a,
Equation 10).

The BG/NBD model also includes the expression P(Active|
X = x, t, T) to compute the probability that a customer is
active at some time T, but the application of this expression
is limited to customers whose individual purchase rate λ
and dropout probability p is known. However, determining
the dropout probability p for an individual is virtually
impossible.

Data
We conducted our study on three different data sets from
three different industries. The first data set comes from an
apparel retailer and covers 46,793 customers and their pur-
chases from January 2003 through August 2004. We based
our analysis on a cohort of 2330 customers who began their
buyer–seller relationship with the apparel retailer in the last
week of January 2003. Thus, for this cohort, the available
data cover the initial and repeat purchases for each cus-
tomer over a period of 80 weeks. To calibrate the models,
we used repeat-purchase data for the 2330 customers over
the first 40 weeks of the 80-week period, leaving a 40-week
holdout period to validate the models.

The second data set comes from a major global airline
and covers 146,961 customers and their purchases from
January 1999 through December 2002. The available data
only provided aggregated quarterly transactions for each
customer and did not include the exact purchase dates. Our
analysis of this data set focused on a cohort of 2891 cus-
tomers who conducted their initial purchase from the airline
in the first quarter of 1999. For this cohort, we chose a cali-
bration period of eight quarters (January 1999–December

2000), leaving eight quarters for the holdout period (Janu-
ary 2001–December 2002).

The third data set covers customers of the online CD
retailer CDNOW. The data track 23,570 customers and their
purchases from January 1997 through June 1998 (78
weeks), all of whom initiated their first purchase at
CDNOW in the first quarter of 1997. Fader and Hardie
(2001) already used this data in multiple studies. More pre-
cisely, we used the 2357 customer cohort available on
Bruce Hardie’s Web site (see Fader, Hardie, and Lee
2005a). The calibration and holdout periods are 39 weeks
each. Detailed descriptive statistics of all three data sets
appear in Table 1.

Analysis
Given the lack of empirical analysis for the superiority of
the considered academic methods in determining active
customers and forecasting future purchase levels, the fol-
lowing analyses try to shed light on this open question.
First, we analyze how well the hiatus heuristic, which is
used by the managers of the firms whose customer bases we
analyze in this article, performs in comparison with the
Pareto/NBD P(Active) facility. Second, we analyze how
well the Pareto/NBD and BG/NBD models forecast future
purchase behavior for both the individual customer and the
customer base as a whole. Although aggregated sales fore-
casts are important statistics in terms of, for example,
capacity planning or customer equity computation, we
specifically focus on the forecast performance for the indi-
vidual customer. This stems from the notion that there must
be a decent individual customer purchase–level forecast for
proper computation of metrics, such as CLV (Reinartz and
Kumar 2000, 2003) or customer value segment classifica-
tion (e.g., gold, silver, and bronze segments). Picking up on
this idea, not only do we present mere performance mea-
sures for individuals’ forecasts, but in a third analysis, we

TABLE 1
Descriptive Statistics

Airline Apparel CDNOW

Sample size (n) 2891 2330 2357
Available time frame 16 quarters 80 weeks 78 weeks
Time split (estimation/holdouta) 8/8 40/40 39/39
Available time units Quarters Weeks/months/quarters Weeks
Zero repeaters in estimation periods 193 371 1411
Zero repeaters in holdout periods 1376 395 1673
Zero repeaters in estimation and holdout periods 163 184 1218
Number of purchases in estimation periods 31,479 10,855 2457
Number of purchases in holdout periods 23,033 11,351 1882
Average number of purchases per customer in 10.88/customer 4.658/customer 1.04/customer 

estimation periods (SD) (15.988) (5.412) (2.190)
Average number of purchases per customer in 7.967/customer 4.871/customer .798/customer 

holdout periods (SD) (16.810) (5.598) (2.057)
Average T (SD) 4.393 quarters 25.15 weeks 6.845 weeks

(3.006) (14.21) (10.731)
aHoldout period length was varied from 1 to max(holdout periods) in the analyses.
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1Within the Pareto/NBD model, r/α represents the number of
purchases of an average customer in one time unit, and s/β repre-
sents the dropout rate of an average customer per time unit. The
lifetime of an average customer is exponentially distributed with
parameter s/β and has an expected value of 1/(s/β). Therefore,
according to the estimated parameters, an average CDNOW cus-
tomer remains active for 1/(.0519) = 19.26 weeks.

also show how well the models perform in identifying a
company’s future 10% (20%) best customers.

Parameter Estimation

Both the Pareto/NBD and the BG/NBD models need to be
calibrated on the customer base to which they are applied.
The Pareto/NBD model has four parameters (r, α, s, β),
where (r, α) represent the shape and scale parameters of the
gamma distribution that determines the distribution of the
purchase rates across individuals of the customer base and
(s, β) represent the scale and shape parameters of the
gamma distribution that determines the distribution of the
dropout rates across individuals. The BG/NBD model holds
four model parameters (r, α, a, b) as well, where (r, α) (as in
the NBD/Pareto model) determine the shape and scale of
the purchase rate gamma distribution and (a, b) represent
the shape parameters of a beta distribution that determines
the distribution of the dropout probabilities across individu-
als of the customer base. For both models, we used a maxi-
mum likelihood approach under MATLAB to estimate the
model parameters. Tables 2 and 3 report each cohort’s
parameters for the Pareto/NBD and BG/NBD models.

The Pareto/NBD and BG/NBD model parameters com-
puted for the airline and CDNOW data sets are reasonable.
According to the Pareto/NBD model, an average airline
customer initiates 1.9877 transactions per quarter and
remains active for 7.83 quarters.1 An average CDNOW cus-
tomer initiates .0523 transactions per week (one purchase
every 19.12 weeks) and remains active for 19.26 weeks.
According to the BG/NBD model, an average airline cus-
tomer initiates 2.110 transactions per quarter and remains

2Within the BG/NBD model, r/α represents the number of pur-
chases of an average customer in one time unit, and an average
customer remains active until time τ, which is exponentially dis-
tributed with parameter pλ and has an expected value of 1/(pλ),
given that λ = r/α and p = a/(a + b). Therefore, according to the
estimated parameters, an average CDNOW customer remains
active for 1/(.0549 × .2463) = 73.95 weeks.

active for 4.34 quarters.2 An average CDNOW customer
initiates .0549 transactions per week (one purchase each
18.21 weeks) and purchases from the company for 73.95
weeks.

For the apparel data set, both the Pareto/NBD and the
BG/NBD models compute notable results. Although the
purchasing rate of an average customer (.1190 purchases
per week [one purchase every 8.40 weeks] for the Pareto/
NBD model and .1198 purchases per week or one purchase
every 8.34 weeks for the BG/NBD model) is reasonable, the
lifetime of an average customer is exceptionally long.
According to the Pareto/NBD model, an average customer
remains active for 909.09 weeks (~17.48 years). According
to the BG/NBD model, an average customer remains active
for 684.2 weeks (~13.15 years). In other words, the models
predict an average apparel customer to be ultimately loyal.
This effect will be reflected in very high P(Active) values of
the apparel customers.

Determining Active and Inactive Customers

If the Pareto/NBD model is used for customer activity
determination, each customer’s P(Active) value is computed
on the basis of the customer’s purchase pattern in the obser-
vation period (i.e., estimation period). However, for the
continuous P(Active) values to be useful in managerial
application, a cutoff threshold cP(Active) (decision boundary)
must be determined. Customers whose P(Active) value is
greater than or equal to cP(Active) are classified as active, and
customers whose P(Active) value is less than cP(Active) are
classified as inactive. More precisely, for the Pareto/NBD
model, given a cutoff threshold cP(Active) and a customer

TABLE 2
Results of the Pareto/NBD Maximum Likelihood Estimation

r αα r/αα s ββ s/ββ Log-Likelihood

Apparel 1.0954 9.2029 .1190 1.0885 973.7829 .0011 –31338.7
Airline 1.4304 .7196 1.9877 2.5086 19.6408 .1277 –2150.2
CDNOW .5533 10.5776 .0523 .6061 11.6650 .0519 –9595.0

TABLE 3
Results of the BG/NBD Maximum Likelihood Estimation

r αα r/αα a b a/(a + b) Log-Likelihood

Apparel 1.05920 8.837100 0.11980 .032400 2.62430 .012200 –31336.60
Airline 1.15186 0.545781 2.11048 .456637 3.73439 .108956 0–2238.34
CDNOW 0.24260 4.413500 0.05490 .793100 2.42600 .246300 0–9582.43
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with purchase pattern (X = x, t, T), the customer is classi-
fied according to the following:

•P(Active)T ≥ cP(Active) ⇒ Customer is classified as active, and
•P(Active)T < cP(Active) ⇒ Customer is classified as inactive.

To validate the classifications, we use the holdout
period according to the following scheme: If a customer has
made at least one purchase in the holdout period, he or she
is considered “active”; if the customer has not purchased in
the holdout period, he or she is considered “inactive.” This
scheme induces four possible classification outcomes based
on whether a customer has or has not been correctly classi-
fied as active or inactive.

Likewise, for the hiatus heuristic, there needs to be a
cutoff threshold chiatus below which customers are classified
as active and above which customers are classified as inac-
tive. In other words, if a customer has not purchased for
more than a time span of length chiatus, he or she is consid-
ered inactive; otherwise, he or she is considered active.
More precisely, let (X = x, t, T) be a customer’s purchase
pattern and chiatus be a cutoff threshold. Then,

•T – t < chiatus ⇒ Customer is classified as active, and
•T – t ≥ chiatus ⇒ Customer is classified as inactive.

We obtain the same four possible classification outcomes as
in the P(Active) case.

For the Pareto/NBD model, a “natural” choice for the
cutoff threshold cP(Active) could be .5, which is in line with
the work of Reinartz and Kumar (2000) on the Pareto/NBD
model and the classification literature (Sharma 1996).
Helsen and Schmittlein (1993) also use .5 in the prediction
of purchase events in survival analysis.

For the hiatus heuristic, airline and apparel firm
mangers informed us that customers were considered inac-
tive if they had not purchased from the firm for more than
nine months. For the CDNOW data set, we did not have
access to this information. Furthermore, we do not know
whether CDNOW uses the hiatus heuristic at all. Given that
online firms operate in fast-moving markets, we decided to
use a hiatus length of six months, which should match the
circumstances of an online retailer.

However, neither the managers’ chosen hiatus nor a
P(Active) threshold of .5 may necessarily be optimal thresh-

3Although it is also possible to optimize for a maximum of cor-
rectly classified active or inactive customers depending on the pur-
chase of the marketing action (i.e., reactivation or elimination), we
believe that our approach to maximize for the sum of correctly
classified active and inactive customers is reasonable because it
combines both approaches.

olds in terms of overall correctly classified customers. We
observe how far the managers’ chosen hiatus and the
P(Active) threshold of .5 deviate from their “optimal” val-
ues and the effect of this difference in terms of the classifi-
cation performance. First, we show how well the hiatus
heuristic with the threshold determined by managers’ expert
knowledge distinguishes the active from the inactive cus-
tomers in comparison with a P(Active) analysis with a natu-
ral cutoff threshold of .5. Second, we show how sensitive
the classification performance is to the choice of the
thresholds.

Table 4 shows the results of the first analysis. The hiatus
heuristic performs better (in terms of overall correctly clas-
sified customers) than the P(Active) facility in two of the
three cases; the P(Active) facility performs only slightly
better on the CDNOW data set. Even more notable, the
P(Active) facility fails to classify any of the inactive cus-
tomers in the apparel data set correctly, whereas the hiatus
heuristic classifies 47.84% of the inactive customers in the
cohort correctly. This suggests that the optimal cutoff
threshold cP(Active) for this cohort may deviate considerably
from .5. What about the other P(Active) cutoff thresholds
cP(Active) and hiatus heuristic cutoff thresholds chiatus? Are
these optimal? If not, what are the optimal values? This is
the subject of our next analysis.

As we mentioned previously, we consider a cutoff
threshold of cP(Active) or chiatus optimal if it maximizes the
percentage of overall correctly classified active and inactive
customers of a cohort using our classification procedure.3
Our algorithm for finding the optimal cutoff thresholds sim-
ply iterates over the domain of valid cutoff thresholds. More
precisely, for the Pareto/NBD model, the algorithm is as
follows:

TABLE 4
P(Active) Versus Hiatus Heuristic

Airline Apparel CDNOW

Three Nine Six
Quarters Months Months

Hiatus P(Active).5 Hiatus P(Active).5 Hiatus P(Active).5

Inactive, correctly classified (%) 84.1569 84.6656 47.8478 000.0000 82.6659 87.3881
Active, correctly classified (%) 69.9667 64.3564 89.8708 100.0000 63.5965 53.0703
Overall correctly classified (%) 76.7208 74.0228 82.7467 074.8972 77.1319 77.4289
Inactive but classified active (%) 15.8430 15.3343 52.1521 100.0000 17.3340 12.6120
Active but classified inactive (%) 30.0332 35.6435 10.1291 000.0000 36.4034 46.9300
Overall incorrectly classified (%) 23.2791 25.9771 17.2532 025.1072 22.8680 22.5710

Notes: Numbers represent percentage hit rate of the active/inactive class. Overall hit rate percentages are weighted according to the distribu-
tion of active/inactive customers in the data set.
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•For cP(Active) ∈ {0, …, 1}, choose cP(Active) so that the sum of
correctly classified active and inactive customers is
maximized.

For the hiatus heuristic, the algorithm is as follows:

•For chiatus ∈ {0, …, ∞}, choose chiatus so that the sum of cor-
rectly classified active and inactive customers is maximized.

Table 5 presents an overview of the analysis results.
Surprisingly, for all three cohorts, the hiatus heuristic per-
forms slightly better than the more complex Pareto/NBD
model. Indeed, the optimal cutoff thresholds for the hiatus
heuristic (4 quarters, 40 weeks, and 23 weeks) are close to
the managers’ and our chosen threshold (3 quarters, 39
weeks, and 26 weeks). If the optimal cutoff thresholds were
used instead of expert knowledge, it would result in a mar-
ginal gain of only .8302% (airline), .1713% (apparel), and
1.0607% (CDNOW) in terms of overall correctly classified
customers.

With respect to the optimal P(Active) thresholds, only
for the CDNOW cohort, the optimal value of .44 is close to
the natural cutoff value of .5, and its use improves perfor-
mance by only .17% in terms of overall correctly classified
customers. For both the apparel and the airline cohorts, the
optimal P(Active) thresholds of .67 and .21, respectively,
deviate substantially from the natural cutoff threshold of .5,
and the gain from using the optimal threshold rather than
the natural cutoff threshold is a considerable 7.9848% and
1.2452%, respectively, in terms of overall correctly classi-
fied customers. However, if we carefully examine the analy-
sis results for the apparel cohort, we observe that when the
optimal P(Active) of .67 is used, virtually none of the inac-
tive customers are correctly classified (1.009%). The reason
is the (estimated) exceptionally long lifetime of an average
apparel customer that we already briefly covered in the
parameter estimation section. This property causes
P(Active) values to be close to 1 for almost all apparel cus-
tomers and purchase patterns; few customers had P(Active)
values in the range of .67–.9. Because we optimized for
maximizing the overall correctly classified statistic and
given the high percentage of apparel retailer repurchasers, it
is more favorable for the optimization algorithm to classify
as many active customers correctly as possible. We explore
the reasons for these unrealistically high P(Active) values in
the “Discussion” section. Nevertheless, the natural cutoff

4See Schmittlein, Morrison, and Colombo (1987, Equation 22)
and Fader, Hardie, and Lee (2005a, Equation 10).

value of .5 may not necessarily be close to its optimal value,
as the apparel and airline data sets show. This makes the
interpretation of the P(Active) values counterintuitive if a
P(Active) value is considered a customer’s propensity to
repurchase.

Predicting Future Purchase Levels

In this analysis, we focus on the Pareto/NBD and BG/NBD
models’ capability to predict future purchase levels cumula-
tive for the cohort as a whole and on an individual customer
basis.4 More precisely, we benchmarked both models’ pred-
icated number of transactions against a simple management
heuristic: Every customer continues to buy at his or her past
mean purchase frequency.

We compare the performance of the Pareto/NBD model,
the BG/NBD model, and the simple heuristic in predicting
cumulated purchases on the basis of the mean absolute per-
centage error (MAPE) (Leeflang et al. 2000). To measure
the performance on the individual customer level, we com-
puted the (root) mean square errors ([R]MSE) for each cus-
tomer over the predicted and actual transactions in the hold-
out period (Leeflang et al. 2000). We also computed the
mean (R)MSE (median [R]MSE), which represents the
mean (median) of all individual customer (R)MSE. Table 6
presents the results of the analysis.

On all three cohorts, the stochastic models outperform
the simple heuristic on both the individual and the aggre-
gate levels, and the Pareto/NBD and BG/NBD models per-
form almost identically. Although the stochastic models
deliver decent results on the aggregated level, as the MAPE
statistic shows, the results are split on the individual level.
The models show poor performance in terms of the mean
(R)MSE over all customers, but at least for 50% of the
cohorts, the stochastic models predict future purchases pre-
cisely, as the median (R)MSE statistics show.

Identifying Future Best Customers

The previous analysis shows that the stochastic models
under consideration precisely predict future purchases for

TABLE 5
P(Active) Versus Hiatus Heuristic Using Optimal Thresholds

Airline Apparel CDNOW

Hiatus Hiatus Hiatus
Heuristic P(Active) Heuristic P(Active) Heuristic P(Active)

Optimal cutoff threshold 4 quarters 00.210 40 weeks 00.670 23 weeks 00.4400
Inactive, correctly classified (%) 77.109 78.489 46.581 01.009 85.4752 86.3120
Active, correctly classified (%) 77.954 72.343 90.337 99.535 60.3800 56.2863
Overall correctly classified (%) 77.551 75.268 82.918 82.832 78.1926 77.5986
Inactive but classified active (%) 22.891 21.511 53.419 98.991 14.5247 13.6879
Active but classified inactive (%) 22.046 27.657 09.663 00.465 39.6199 43.7133
Overall incorrectly classified (%) 22.448 24.731 17.082 17.167 21.8074 22.4014

Notes: Numbers represent percentage hit rate of the active/inactive class. Overall hit rate percentages are weighted according to the distribu-
tion of active/inactive customers in the data set.



TABLE 6
Summary Statistics for Purchase-Level Prediction

Airline Apparel CDNOW

Pareto/ Pareto/ Pareto/
Statistic BG/NBD NBD Heuristic BG/NBD NBD Heuristic BG/NBD NBD Heuristic

MAPE 14.58200 25.04900 28.18700 11.34860 12.12420 9.54866 12.150 11.490 55.69
Mean MSE 79.21230 78.23620 95.89210 04.85980 04.88570 5.02916 02.590 02.570 04.89
Median MSE 02.79177 02.33450 07.15625 01.32253 01.33090 1.38375 00.061 00.027 00.00
Mean RMSE 04.16536 04.04075 05.24889 01.63380 01.63334 1.63818 00.785 00.754 01.02
Median RMSE 01.67086 01.52790 02.67512 01.15001 01.15365 1.17633 00.248 00.166 00.00
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50% of the individuals in a cohort. Nevertheless, this figure
tells us little about the applicability of individuals’ transac-
tion forecasts in a managerial context. Often, companies
implement disproportionate marketing investment strategies
on the basis of a customer value rating because it is com-
mon for a small percentage of customers to account for a
large percentage of revenues and profits (Mulhern 1999).
For example, an airline might want to prioritize high-value
customers in an overbooking occasion and deny boarding to
lower-value customers. Likewise, apparel retailers may
want to invite their best customers to special events (i.e.,
fashion shows), and an online CD store might be interested
in sending sample CDs of new albums and/or artists to its
best customers.

In this analysis, we assume that a company offers two
levels of treatment: “best-customer” treatment and “normal-
customer” treatment (Malthouse and Blattberg 2005). Opti-
mally, a customer should receive the best-customer treat-
ment if he or she belongs to the future best customers. Past
best customers may not necessarily belong to the group of
future best customers (Wangenheim and Lentz 2005).
Under the assumption that a customer’s future value cannot
be estimated perfectly, a company can make two types of
classification errors. First, a future best customer may be

classified as a future normal customer and thus may be
denied the treatment he or she “deserves.” This misclassi-
fied and, therefore, mistreated customer may spread nega-
tive word of mouth or even switch the provider completely.
Second, a future normal customer may be misclassified as a
future best customer, leading to extra and unjustified spend-
ing of scarce marketing resources.

If the complex models under consideration are used to
identify future best customers, they need to perform better
than a simple management heuristic. This is the subject of
our next analysis. More precisely, we try to identify the
future 10% (20%, respectively) best customers in the cus-
tomer bases (in terms of future number of transactions) on
the basis of the Pareto/NBD and BG/NBD models’ individ-
ual customer purchase–level prediction. This classification
is benchmarked against yet another simple management
judgment rule: The past 10% (20%, respectively) best cus-
tomers in a customer base will also be the future 10%
(20%) best customers.

The results of the analysis appear in Tables 7 and 8. In
line with the intention to identify a company’s future best
customers, the “correctly-classified-as-high” statistic is the
one of interest. This statistic represents the fraction of the
future best customers who actually have been classified as

TABLE 7
The 10% Best Future Customers

Airline Apparel CDNOW

Pareto/ Pareto/ Pareto/
Statistic BG/NBD NBD Heuristic BG/NBD NBD Heuristic BG/NBD NBD Heuristic

High, correctly 
classified (%) 61.09 61.09 57.84 63.15 63.15 70.15 53.92 54.18 61.51

Low, correctly 
classified (%) 95.22 95.22 94.85 95.63 95.63 94.49 91.08 91.13 86.22

Overall correctly 
classified (%) 91.76 91.76 90.93 92.18 92.18 91.80 85.06 85.15 82.22

Incorrectly 
classified 
high (%) 38.90 38.90 42.15 36.84 36.84 29.84 8.91 8.86 13.77

Incorrectly 
classified 
low (%) 4.77 4.77 5.14 4.36 4.36 5.50 46.07 45.81 38.48

Overall 
incorrectly 
classified (%) 8.23 8.23 9.06 7.81 7.81 8.19 14.93 14.84 17.77
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TABLE 8
The 20% Best Future Customers

Airline Apparel CDNOW

Pareto/ Pareto/ Pareto/
Statistic BG/NBD NBD Heuristic BG/NBD NBD Heuristic BG/NBD NBD Heuristic

High, correctly 
classified (%) 64.26 63.40 63.60 67.13 67.13 73.72 61.25 61.69 71.78

Low, correctly 
classified (%) 89.99 90.60 89.27 91.18 91.18 89.11 84.16 84.33 72.80

Overall correctly 
classified (%) 84.81 85.12 84.05 86.09 86.09 85.49 77.51 77.76 72.50

Incorrectly 
classified 
high (%) 35.73 36.59 36.39 32.86 32.86 26.27 15.83 15.66 27.19

Incorrectly 
classified 
low (%) 10.01 9.39 10.72 8.81 8.81 10.88 38.74 38.30 28.21

Overall 
incorrectly 
classified (%) 15.18 14.87 15.94 14.37 14.42 15.49 22.48 22.23 27.49

future best customers by the models. The complementary
figure is the “incorrectly-classified-as-low” statistic. It rep-
resents the fraction of the future best customers who have
falsely been classified as future low customers. In four of
the six cases, the heuristic performs better that the stochas-
tic models in terms of correctly-classified-as-high cus-
tomers. Only for the airline data set do the stochastic mod-
els outperform the heuristic. We also report the Gini
coefficients in Table 9. Instead of focusing only on the 10%
and 20% best customers, this measure also includes the
models’ performance in classifying less valuable customers.
The 10% and 20% best-customers statistic and the Gini
coefficient provide complementary information; a model
can be good at classifying only the 10% or 20% best cus-
tomers but may be less effective at recognizing the less
valuable customers. However, for both the airline and the
apparel data sets, the simple heuristic has smaller Gini coef-
ficients than the stochastic models (i.e., it performs better
over all customer groups). Because of data constraints, we
could not compute the Gini coefficient for the CDNOW
data set.

Discussion
Summary of Findings
Many researchers have outlined the usefulness and applica-
bility of the Pareto/NBD model and, more recently, of the
BG/NBD model. For example, Krafft (2002), Reinartz and
Kumar (2000, 2003), and Wu and Chen (2000) employ the

Pareto/NBD model in their work on customer base analysis
and CLV prediction. Given this, it is all the more surprising
that the current study is the first (1) to validate comprehen-
sively these models’ predictions about both the individual
customer and the customer base level in noncontractual set-
tings using multiple data sets and (2) to benchmark these
models against simple management heuristics that practi-
tioners commonly deploy.

Recall that by applying the stochastic models, we
intended to assist marketing executives in (1) determining
active and inactive customers, (2) generating individual cus-
tomer transaction forecasts to identify the company’s future
best customers, and (3) determining the future purchase
volume of the customer base as a whole. According to our
analysis, the applicability of the focal stochastic models
seems to be limited to determining the purchase volume of
the customer base as a whole. In our analysis, the stochastic
models showed superiority over a simple management
heuristic. For determining a company’s active and inactive
customers and for predicting a company’s future best cus-
tomers, the management heuristics we applied worked as
well as the stochastic models.

We performed a series of additional analyses, which, for
the sake of brevity, cannot be displayed here. Specifically,
we varied the holdout period length from 1 to max(holdout
period length) (i.e., from 1 to 8 quarters for the airline data
set and from 1 to 40 weeks for the apparel data set). At the
same time, we held the estimation period constant at 8 quar-
ters and 40 weeks, respectively. Furthermore, we varied the
length of the time frame chosen for the apparel data set to
have weekly, monthly, and quarterly data available.

The results revealed the same pattern as we reported
previously. With regard to active/nonactive classification,
the hiatus heuristic classifies an additional 1.5% of the cus-
tomers correctly compared with the Pareto/NBD model for
the apparel data set (averaged over 53 analyses) and an
additional 1.34% for the airline data set (averaged over 8
analyses). In terms of identifying the 10% or 20% best cus-
tomers of the firms, the complex methods are (very slightly)

TABLE 9
Gini Coefficients: Best Customer Classification

Data Set Pareto/NBD BG/NBD Heuristic

Airline .043330 .042874 .041942
Apparel .071798 .071764 .053581

Notes: The CDNOW data set does not provide enough information
to compute Gini coefficients.
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5Our analysis confirms Malthouse and Blattberg’s (2005) 80-15
rule.

superior in determining only the 10% best customers of the
airline. For the best 20% customers and for all analyses
related to the apparel data, the hiatus is at least equal and, in
most cases, somewhat better than the complex models. (The
detailed results of all these analyses, as well as the apparel
data set itself, are available on request.)

The sensitivity analysis shows that the length of the
holdout period and the aggregation level has little impact on
our results. However, it could be argued that this is too little
time to classify a customer as inactive. Indeed, depending
on their individual purchase rate, customers who have not
purchased within the holdout period may well have pur-
chased after that period. Therefore, they are not ultimately
inactive (or “dead”), but from a managerial perspective, the
lengths of the holdout periods represent a reasonable mar-
keting investment planning horizon. Therefore, it is of
hardly any interest to managers whether a customer pur-
chases after the planning horizon. However, even when we
restrict our analyses to customers who are active in the
holdout period and thus can be certain that our active/
inactive assessment is correct, the simple heuristics at least
match the performance of the more complex models.

For the apparel data set, we obtained unrealistic lifetime
estimates and P(Active) values when we applied the Pareto/
NBD model. (A mathematical demonstration and proof that
explains why this happens for some data sets are available
on request.) In essence, this will be the case when there is a
relatively high number of customers in the data set who
conducted their last transaction shortly before the end of the
observation window and when there are high T values (i.e.,
an estimation time frame, such that the longer the time
frame considered, the higher is the T [weeks, months,
quarters]).

Managerial Implications

The finding that P(Active) classifications do not outperform
the simple hiatus heuristic in determining active and inac-
tive customers is a devastating result for what has been
called the “key result of the NBD/Pareto model” (Reinartz
and Kumar 2000, p. 21). As we already mentioned, in at
least two cases (the apparel retailer and airline), managers
are using the simple hiatus heuristic to determine customer
(in)activity in their companies. Their expert assessment
coincides almost perfectly with the optimal hiatus length
that we determined in our analysis. This is an indication that
managerial judgment may well act as a decent estimate of
customer (in)activity. Consequently, researchers need to
stop recommending the Pareto/NBD model to managers
and fellow researchers for this purpose.

For identifying future best customers, the admittedly
simple approach of assuming that past best customers are
future best customers and the stochastic models deliver
unconvincing results, even though we can correct Malt-
house and Blattberg’s (2005) 20-55 rule to a more positive
figure. If we use the Pareto/NBD model or the BG/NBD
model, approximately 33% (or less) of the top 20% cus-
tomers are misclassified, making it a 20-33 rule.5 Neverthe-

less, if disproportionate marketing investment decisions are
made on the basis of the focal models (i.e., valuable cus-
tomers receive better service, more perks, and so on, than
less valuable customers), these are likely to be inefficient.
Scarce marketing resources would be spent on less valuable
customers whose behavior does not justify this best-
customer treatment. However, many valuable customers
who are falsely classified as less valuable customers would
not receive the treatment they deserve. Being disenchanted,
these customers could switch to a competitor or spread
negative word of mouth (Malthouse and Blattberg 2005;
Mitchell 2005).

It appears that the managerial applicability of the
Pareto/NBD and BG/NBD models is limited to customer
equity computation. For this purpose, to both managers and
academics, we recommend using the BG/NBD model
because of its relatively easier implementation, faster com-
putation, and superior performance compared with the
Pareto/NBD model and the simple heuristic. Given the
increasing interest in valuing firms on the basis of customer
equity (Gupta, Lehman, and Stuart 2004), the stochastic
models are good candidates for valuing customer bases in
noncontractual settings. Thus, it would be worthwhile to
benchmark these models against the approach that Gupta,
Lehman, and Stuart (2004) use.

Limitations and Further Research

We determined the top 10% (20%) customers solely on the
basis of the number of transactions because the monetary
value of transactions was not available in the data. A more
managerial top 10% (20%) customer analysis would
employ the monetary value of customers. However, we
believe that if monetary value were incorporated into our
computations, overall model comparison results would not
shift substantially; in the end, the Pareto/NBD and BG/
NBD models were designed to predict future transactions,
not monetary value. Incorporating monetary value would
only introduce an additional source of distortion.

For research, much more work still needs to be done.
An appealing characteristic of the stochastic models
described initially is that they work only on recency and fre-
quency purchase information. The prediction error may par-
tially be explained by the lack of attitudinal information,
such as customer satisfaction, repurchase intention, or com-
mitment. However, this does not explain why the stochastic
models are not better than models that work on even less
and simpler information. Therefore, the question arises
whether the information currently used should be substi-
tuted by other or augmented by additional information. For
example, Wangenheim and Lentz (2005) show that trend in
revenues (i.e., the slope of revenue regressed on time) is an
important predictor of a customer’s life-cycle pattern and
improves the accuracy of CLV predictions.

Further research should also address a more general
question in predicting future customer purchase patterns:
How much purchase information is needed to make predic-
tions about future buyer behavior? For example, in the
CDNOW data set (Fader and Hardie 2001), more than 50%
of the customers in the data set had not made any purchases
since the initial trial (and thus have [0, 0, T] purchase pat-
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terns). Can any model, as sophisticated as it may be, make
reliable forecasts for a customer who has conducted only
one transaction with a supplier? Malthouse and Blattberg
(2005) examine the effect of the length of the prediction
period on the accuracy of the predictions, and Schmittlein
and Peterson (1994) examine how many periods and cus-
tomers should be included during estimation of the Pareto/
NBD model parameters, but to the best of our knowledge,
no work has addressed the question of how many transac-
tions a customer needs to have conducted before reliable
forecasts can be made.

Another notable aspect of our study is that the heuristics
the firms used worked astonishingly well. Thus, it would be
a worthwhile course for further research to examine how
such heuristics emerge in the context of customer manage-
ment and customer relationship management and how such
knowledge can be integrated into relationship management
solutions.

Conclusion
This article examines the performance of what have fre-
quently been called state-of-the-art models in customer
activity determination and purchase-level prediction in non-
contractual settings. To validate these models, we not only
used metrics and methods recommended in the statistical

literature but also simulated the implementation of those
models in managerial practice. However, we find no clear
evidence for the superiority of these models for manageri-
ally relevant decisions in customer management compared
with simple methods that our industry partners used.

As academics, when we lament about practitioners’
resistance to using advanced research methods developed in
academic research, we too easily forget that model valida-
tion in a strict statistical sense is not equivalent to model
validation in the spirit of managerial relevance. Although
the standard statistical tests are necessary for gaining accep-
tance in the academic community, they represent a neces-
sary, but not a sufficient, condition for gaining acceptance
in the managerial world. Academics must not merely pre-
sent models’ good statistical fit but also suggest how they
improve managerial decision making to convince practi-
tioners to adopt them. In the end, this will lead to better
cooperation between academics and practitioners. Other
examples in the literature on customer purchase predictions
show that under certain circumstances, relatively simple
heuristics are outperformed by specially developed complex
models (Borle, Singh, and Jain 2008). With regard to the
Pareto/NBD and BG/NBD models, it is clear that these
models carry potential for managerial use in customer man-
agement, but it is yet to be shown for which distinct mana-
gerial decision they show superior performance.
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