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bstract

Few studies have examined the influence of marketing activities while accounting for customer dynamics over time. The authors contribute to this
rowing literature by extending the hurdle model to capture customer dynamics using a hidden Markov chain. We find our dynamic model performs
etter than static and latent class models. Our results suggest the customer base can be segmented into four segments: Deal-prone, Dependable,
ctive, and Event-driven. Each segment reacts differentially to marketing activities. Although catalogs influence both purchase incidence and the

umber of orders, this marketing activity has the largest impact on purchase incidence across all four segments. In contrast, retail promotions are
ore likely to influence the number of orders a customer will make for all of the segments except for the Deal-prone segment. For this segment,

etail promotions have the strongest impact on purchase incidence.
rown © 2013 New York University. Published by Elsevier Inc. All rights reserved.
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The Chief Marketing Officer at Sobeys, the second largest
anadian grocery retailer commented, “We try to talk about
eing meaningfully relevant [to consumers], which will drive
ore goodwill and more desire to shop in your store.” (Shaw

010). Sobeys promotions focus on targeting the right customer
t the right time. Despite industry coupon redemption rates
round two percent, Sobeys enjoys a double-digit redemption
ate due largely to their targeted promotions. How do retailers
etermine if a promotion is relevant to a consumer? What are the

ost effective segmentation approaches to guide the creation of

argeted promotions? Does a customer remain in a segment over
he duration of the relationship or is she transient? Fundamental
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tomer relationship management

o these questions is an understanding of how marketing pro-
otions influence a consumer or segment to become loyal, an

mportant question to both retailers and academics (Grewal and
evy 2007). We begin to answer these questions by investigat-

ng the impact of marketing activities on buying behaviors while
ccounting for the evolution of customer–firm relationships.

Research on customer relationship management has evolved
rom developing individual-level customer profitability models
Fader, Hardie, and Lee 2005; Mulhern 1997) to models that
ggregate these calculations to determine the overall value of
he customer base (Johnson and Selnes 2004). These models can
hen be used as a proxy to determine the market value of the firm
Gupta, Lehmann, and Stuart 2004) or as a mechanism for eval-
ating marketing investments (Kumar, Shah, and Venkatesan
006; Rust, Lemon, and Zeithaml 2004). More recently, aca-
emics have expanded these models to incorporate customer
ynamics. Specifically, researchers have investigated customer
ynamics as they relate to choice modeling (Netzer, Lattin,
nd Srinivasan 2008), behavioral changes over time (Rust and

erhoef 2005), retention rates (Fader and Hardie 2010), and
ustomer portfolio management (Homburg, Steiner, and Totzek
009). A consistent finding across studies has been that ignoring
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ustomer dynamics underestimates the value of a firm’s cus-
omer base (Fader and Hardie 2010).

From a marketing perspective, however, few studies have
xamined the influence of marketing activities on customer
ynamics (one exception is Montoya, Netzer, and Jedidi 2010).
s such, our first objective of this article is to investigate cus-

omer dynamics in a retail context and second, to assess the
mpact of marketing activities on customer buying behaviors
hile accounting for the evolution of customer–firm relation-

hips. Formally, our research questions are:

1) How do relationships between customers and retailers
evolve over time?

2) How do marketing activities differentially influence pur-
chasing behaviors across segments while accounting for
customer dynamics over time?

To answer these research questions, we adapt, extend, and
mpirically validate a customer dynamics framework. First, we
dapt a customer dynamics framework to a retail context using
hidden Markov model (HMM). This enables us to contribute

o the growing literature on customer dynamics as we are first
o apply a dynamic segmentation approach using a HMM to
he retail context. This type of approach has been applied in
he pharmaceutical context (Montoya, Netzer, and Jedidi 2010);
owever, we argue that the retail environment differs from the
harmaceutical environment for three reasons: (1) retail market-
ng activities vary from those employed by pharmaceutical sales
epresentatives (e.g., detailing versus coupons), (2) retail mar-
eting activities are aimed at influencing the end consumer to buy
product rather than aimed at the physician and his prescription
ehavior, and (3) retailers must account for both habitual behav-
or and longer inter-purchase times in their models. To address
hese concerns, we develop a dynamic hurdle model by incorpo-
ating a Markov chain. The unobservable latent states influence

customer’s propensity-to-buy (i.e., buy/no buy decision) as
ell as the number of orders. Moreover, customer dynamics

an be analyzed by estimating a customer’s membership to a
atent state at each observation period. In addition, we empir-
cally validate our model using data from a North American
etailer and compare our customer dynamics model to several
ther models to assess its performance. We find our dynamic
odel better fit the data when compared to other models, includ-

ng a latent class model. For this retailer, we find the static models
ail to capture the power of catalogs to trigger a purchase event
nd as such underestimate the influence of marketing activi-
ies. Furthermore, the retailer would make erroneous marketing
ecisions by assuming a static model when identifying segments
nd investigating the impact of marketing activities on customer
uying behaviors.2

For this retailer, we identify four segments where the first

tate is the least valuable to the firm and the fourth state is the
ost valuable: (1) Deal-prone, (2) Dependable, (3) Active, and

4) Event-driven. From a customer dynamics perspective, we

2 We thank an anonymous reviewer for this suggestion.
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nd most customers migrate from a less valuable state to a more
aluable state over time. Initially, the Active segment consists
f five percent of the customer base, but doubles in size by the
econd year and continues to grow to twenty-two percent of the
ustomer base by the end of the observation period. Although
ome customers make downward transitions (e.g., from a more
aluable state to a less valuable state), for this retailer, only four
ercent of customers transition from the Dependable or Active
egments to the Deal-prone state.

We also find differential impacts of marketing activities on
uying behaviors for each of these states. Our results suggest
hat customers belonging to the Deal-prone state make few pur-
hases. For these customers, retail promotions are more likely
o encourage a purchase incidence whereas catalogs will influ-
nce both purchase incidence as well as the number of orders
hese customers will make. The Dependable segment responds

ore favorably to retail promotions relative to the other states.
or this segment, retail promotions are more likely to influence

he amount of orders these customers will make in any month.
he active segment buys consistently over the nine years and

s the only segment that responds well to both catalogs and
etail promotions. Catalogs and retail promotions work equally
ell at influencing a purchase incidence. In addition, both of

hese activities have a significant impact on the number of
rders these customers place, with retail promotions having a
lightly stronger effect. Finally, we refer to the fourth segment
s the event-driven segment since these customers tend to make
urchases of large monetary value after receiving catalog pro-
otions, which often happens during holidays. These customers
ill make a purchase with almost certainty when they receive
catalog; however, catalogs do not influence how much they
ill buy. This marketing activity tends to serve as a reminder to

hese customers that an event is approaching which immediately
riggers a purchase activity.

The remainder of this paper is organized as follows. We begin
ith a review of the literature on customer management and the

mpact of marketing mix variables on customer dynamics. This
ection is followed by a description of our customer dynamics
odel and the data used to empirically validate our model. The

hird section presents the empirical results of our analysis. We
onclude our article with a discussion section, limitations, and
uggestions for future research.

Theoretical background

ustomer management

Research in customer equity literature has moved in a
irection in favor of viewing individual customers as part of
portfolio of customers (Johnson and Selnes 2004; Tarasi

t al. 2011). Customer portfolio management offers a lens
hrough which to segment customers based on different types
f customer–firm relationships. Johnson and Selnes (2004)

dopt the terminology of acquaintances, friends, and partners
o characterize relationship types. When customers are con-
idered at the aggregate level, they argue, customers progress
rom acquaintances, to friends, to partners. From the firm’s
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erspective, building a competency in converting customers to
loser relationship types (i.e., partners) and retaining these valu-
ble customers has several benefits. First, relationships built on
rust and commitment are less likely to dissolve, resulting in
ower switching probabilities (Morgan and Hunt 1994). Lower
witching probabilities are important because it is less costly to
onvert existing customers than it is to acquire new customers
Reichheld and Teal 1996). Second, customers with closer rela-
ionship types are more willing to pay a price premium and
ccept new products through cross-buying and up-selling ini-
iatives (Reichheld and Teal 1996). Thus, in this research we
ssume different relationships exist among customers and retail-
rs, and relationships evolve over time.

rameworks linking marketing investments to a firm’s
rofitability

Marketing researchers have linked marketing activities to
firm’s profitability both conceptually and empirically. One

f the earliest frameworks linking marketing activities to firm
alue is the service-profit chain (SPC). Conceptually, the SPC
osits direct relationships among employee productivity, value
f goods and services, customer satisfaction, loyalty, and profit-
bility (Heskett et al. 2008). Kamakura et al. (2002) corroborate
he links in the SPC with a model that includes both strategic and
perational details. At the strategic level, the model links atti-
udes and behaviors to profitability, whereas the operational level
ranslates components of the strategic model into measurable
ehaviors that lead to superior customer satisfaction ratings.

Rust, Lemon, and Zeithaml (2004) extend this framework
y developing a model to link various marketing investments
o a firm’s profitability. Their return-on-marketing framework
uantifies customers’ purchase intentions through a Lifetime
alue model thereby establishing a direct link from marketing

nvestments to purchase intentions. Several conceptual models
ave also been proposed to link marketing investments to a firm’s
rofitability. For example, Berger and his co-authors (Berger
t al. 2002) propose a customer asset management framework
hat provides a roadmap for utilizing available transactional and
oint of contact data so as to maximize marketing productivity.

Similarly, Bolton, Lemon, and Verhoef (2004) propose a cus-
omer asset management of services framework which posits
hat customer perceptions moderate the relationship between

arketing activities and customer behaviors. They argue that
arketing activities influence customers’ perceptions of a firm’s

ervice offerings. These perceptions, in turn, influence cus-
omers’ decisions to buy more, to buy more frequently, and
hether or not to continue the relationship with the service
rovider. These behaviors directly influence the costs and rev-
nues associated with serving each customer. By reducing the
osts necessary to serve a customer and encouraging greater
epth and breadth of purchases, firms will increase the value of
heir customer base.
The central premise of these conceptual frameworks is that
rms which offer value to customers will be rewarded by
avorable customer behaviors, thus impacting a firm’s overall
rofitability. While the earlier frameworks provide an overview
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f the impact of marketing activities on a firm’s overall profitabil-
ty, later frameworks and empirical investigations offer guidance
or leveraging internal resources in order to link marketing
ctivities directly to individual-level behaviors. Moreover, the
bundance of conceptual frameworks suggests that there are
any opportunities for future research to test links between mar-

eting activities and customer behaviors. Thus, in this paper,
e begin to address this need by developing and empirically
alidating a dynamic segmentation model that incorporates
egment-level responses to marketing activities, and provides
nsight into the value of each segment to the retailer.

ustomer dynamics and behavior

Customer portfolio management moves existing relationship
arketing models into the realm of customer dynamics by incor-

orating conversion and switching probabilities. Conversion
robabilities refer to the progression of customers from one type
f relationship to another whereas switching probabilities refer
o customers leaving the firm for a competitor’s product. Johnson
nd Selnes’ (2004) findings suggest that even marginal increases
n a firm’s conversion probabilities and corresponding reduction
n switching probabilities will result in a significant increase in
he value of a firm’s customer portfolio. A limitation of their
esearch is that they make assumptions about conversion and
witching probabilities rather than estimating these behaviors
sing historical data. We argue that retailers require a rigor-
us approach to estimate conversion probabilities among low,
edium, and high value customers. Specifically, there is a need

o capture how relationships evolve between retailers and cus-
omers and how segments, using relationship-type as a basis,
eact to marketing activities so as to contribute to the growing
iterature linking observable metrics to financial performance
Gupta and Zeithaml 2006). We begin to address this gap in the
iterature by applying a customer dynamics framework in the
etail context. Table 1 provides a summary of customer dynamics
esearch.

odeling customer dynamics and the marketing mix

Recent research in customer relationship management
mphasizes the importance of simultaneously capturing the het-
rogeneity of customers and the heterogeneity in responses
o the marketing mix (Rust and Verhoef 2005). A variety of
ynamic models have been applied in marketing research to esti-
ate interpurchase times (Allenby, Leone, and Lichung 1999),

hange in gross profit so as to maximize customer profitabil-
ty (Rust and Verhoef 2005), consumer choice models (Netzer,
attin, and Srinivasan 2008) and, more recently, to model a
hysician’s prescription behavior (Montoya, Netzer, and Jedidi
010). Subsequently, we elaborate on the most relevant dynamic
odels for our research.
Netzer, Lattin, and Srinivasan (2008) extend discrete choice
odels to account for customer dynamics. Using alumni data,
hey argue future donations are driven by latent relationship
tates. Latent relationship states are defined by current period
onating behavior and are modeled using a HMM. The authors
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Table 1
Summary of customer dynamics research.

Lewis (2005) Rust and Verhoef
(2005)

Netzer, Lattin, and
Srinivasan (2008)

Homburg, Steiner,
and Totzek (2009)

Khan, Lewis, and
Singh(2009)

Montoya, Netzer,
and Jedidi (2010)

This research

Context Consumer
products: Internet
Retailer

Consumer
product: Insurance

Alumni Relations
with University

Banking, telecom-
munications,
pharmaceutical,
and chemicals

Online retailer:
grocery and
drugstore

Pharmaceutical Consumer
products: Retailer

Analysis Dynamic
programming and
simulation

RFM, Finite
Mixture Model,
and Hierarchical
Bayesian Model

Discrete choice
model with hidden
Markov chain

Observed
customer
switching between
segments

Discrete choice
model with time
varying covariates

Hidden Markov
model;
optimization

Dynamic hurdle
model with hidden
Markov chain

Data Individual
transaction
histories

Individual
transaction
histories

Individual
donation histories

Individual
transaction
histories

Individual
transaction
histories

Physician’s
prescription
behavior

Individual
transaction
histories

Length of observation
period

Thirteen months Two years 25 years Ranged from four
to five periods

Fourteen months 24 months Nine years

Dependent variable Individual
sequential choice

Change in gross
profit

Alumni donations Present customer
value

Purchase
incidence and
expenditures

Prescribing new
drug

Purchase
incidence and
number of orders

Price promotions Yes No No No Yes No No
Direct marketing

campaign
No No No No No No Yes

Coupons No No No No Yes No Yes
Reward program Yes Yes No No Yes No No
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nd significant improvement in alumni responses when market-
ng campaigns are targeted at individuals based on their latent
elationship state. A limitation of their research is the restrictive
ssumptions regarding donors’ migration among states. Specif-
cally, they assume a one-step transition from one state to an
djacent state. In addition, their model does not provide insight
nto the value of relationship states, an important marketing

etric (Bolton, Lemon, and Verhoef 2004; Kumar, Shah, and
enkatesan 2006).

Similarly, Homburg, Steiner, and Totzek (2009) investigate
ustomer dynamics using a multi-step modeling procedure that
bserves customer switching between segments. They argue for
trategic use of offensive and defensive management of cus-
omer relationships. Offensive management refers to developing
xisting relationships and acquiring new customers; whereas,
efensive management refers to reducing the likelihood of
ustomers migrating to lower valued segments as well as main-
aining stable relationships (no migration). Using a simulation
tudy, the authors found that marketing tactics aimed at pro-
oting deeper relationships are more effective for customers

elonging to the least profitable segment. Customers belonging
o more profitable segments, however, should be targeted with

arketing programs that encourage these customers to maintain
xisting relationships.

More recently, Montoya, Netzer, and Jedidi (2010) apply a
MM to estimate a physician’s likelihood to prescribe a new
rug. In their study, the latent states represent physicians’ pre-
cription behaviors. They find detailing is better at acquiring
ew physicians while sampling works best as a retention tool.
ontoya et al.’s model works well in a context where there is
constant stream of behavior (e.g., prescribing). However, the

etail industry, especially in the apparel category, there are many
eriods where no purchases occur, not because of a change in
atent state, but rather due to different or varying inter-purchase
ycles. Therefore, in this research, we develop a dynamic model
o account for the unique buying characteristics present in a retail
ontext.

In Montoya et al.’s customer dynamics model (2010), the
uthors assume the latent states represent physician’s prescrip-
ion behavior whereby their model allows the transition from
ne state to another to be directly influenced by pharmaceuti-
al samples and detailing. We consider an alternative approach
o modeling customer dynamics based on the concept of habit
ersistence (Haaijer and Wedel 2001; Roy, Chintagunta, and
aldar 1996). Habit persistence is the “effect of prior propen-

ities to select a brand on current selection probabilities.” (cf.
eckman 1981 cited in Roy, Chintagunta, and Haldar 1996,
. 281). Early dynamic brand choice models emphasized the
mportance of capturing habit persistence and heterogeneity in
rder to improve the accuracy of parameter estimates. As such,
e investigate the habitual aspects of consumer behavior by

ssuming the latent states represent a customer’s propensity-
o-buy. Once we account for a customer’s prior propensities

sing a hidden Markov chain specification, we can better under-
tand how responses to marketing activities vary by a customer’s
ropensity-to-buy type (e.g., state). Our customer dynamics
ramework is flexible in that the Markov model enables us to
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stimate how many “propensity-to-buy” states exist in the cus-
omer base, and the likelihood that an individual will transition
rom one state to another. Moreover, a customer’s transition from
ne state to another provides insight into the evolution of the
elationship between the customer and the retailer.

To recapitulate, the objectives of our research are (1) to empir-
cally investigate customer dynamics and the different types of
elational patterns between customers and retailers; and (2) to
ssess the impact of marketing mix variables on buying behav-
ors while accounting for customer dynamics. We accomplish
hese objectives by extending the hurdle model to incorporate a
idden Markov chain thereby capturing customer dynamics over
ime. Failure to adequately capture customer dynamics results
n marketing analytics that might under or over estimate the
nfluence of marketing activities on building and maintaining
ustomer–firm relationships.

Customer dynamics hurdle model

We develop a customer dynamics model based on the evo-
ution of customer–firm relationships, and assess the impact of

arketing variables on a customer’s propensity to buy from a
etailer. To begin this section, we describe limitations with exist-
ng Poisson models when modeling longitudinal data. We then
resent our model, which extends the Poisson hurdle model by
ncluding a latent Markov chain. Finally, we discuss the data used
o empirically validate our customer dynamics hurdle model.

The model described in this section deals with the analy-
is of a longitudinal dataset of customer buying behavior. A
ransaction database captures a rich set of customer information
ver several time periods. Such data structure shows a num-
er of characteristics that are referred to as the dependence of
target variable on covariates, serial dependence, and hetero-

eneity among customers. An appealing approach to account
or longitudinal data features is to use HMMs (Netzer, Lattin,
nd Srinivasan 2008). The application of HMMs is justified by
heir versatility and mathematical tractability; availability of all

oments; the likelihood computation is linear in the number of
bservations; the marginal distributions are easy to determine
nd missing observations can be handled with minor effort; the
onditional distributions are available; outliers identification is
ossible; and forecast distributions can be calculated.

In a basic HMM for longitudinal data, the existence of two
rocesses is assumed: an unobservable finite-state first-order
arkov chain, Sit, i = 1, . . ., n, t = 1, . . ., T, with state space
= {1, . . ., m} and an observed process, Yit, where Yit denotes

he response variable for individual i at time t. The distribution
f Yit depends only on Sit, specifically the Yit are conditionally
ndependent given the Sit. However, without this conditioning
he Yit are not independent in time. Thus, the unknown parame-
ers in a HMM involve both the parameters of the Markov chain
nd the state-dependent distributions of the random variables Yit.
n particular, the parameters of the Markov chain are the tran-

ition probabilities Q = {qitjk} where qitjk = Pr(Sit = k|Sit−1 = j),
, k ∈ S is the probability that individual i visit state k at time t
iven that at time t − 1 she was in state j and the initial proba-
ilities δij = Pr(Si1 = j), that is, the probability of being in state j
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t time 1. The simplest model in this framework is the homoge-
eous HMM, which assumes common transition probabilities
nd initial probabilities, that is, qitjk = qjk and δij = δj. The use
f hidden states makes the model general enough to handle a
ariety of real-world time dependent data while the relatively
imple dependence structure allows for the use of efficient com-
utational procedures.

he hurdle-Poisson HMM

In the statistical literature, attention has shifted to the analysis
f zero-modified (i.e., zero-truncated and zero-inflated/deflated)
ongitudinal counts. The hurdle model is one approach that
an handle zero-modification (Mullahy 1986). This model is
two-part conditional or two-step model: the first part of the

odel consists of a point mass at zero, referred to as the hur-
le, usually modeled via a binary model for which the response
utcome is zero or positive. The second part of the model is a
runcated Poisson (or over-dispersed truncated Poisson) distri-
ution to model the positive counts. The hurdle model overcomes
he limitations of zero-inflated Poisson models because it is suit-
ble for handling both zero-inflated and zero-deflated count data
Min and Agresti 2005).

To account for a time varying association structure and for
ero-inflation, we relax the independence assumption between
he processes made by the basic hurdle model and introduce a
ommon latent structure, assumed to follow a Markov chain, to
epresent the unobservable heterogeneity in the two processes.
he resulting model is an extension of the hurdle-Poisson
MM presented by Alfó and Maruotti (2010) by random

oefficients. Formally, let yit be the observed number of orders
nd dit = I(yit = 0) a dummy variable indicating zero counts.
onditionally on the hidden state, Sit = j, the binary process, dit,

ollows a Bernoulli distribution with canonical parameter, πitj,
odeled as

L(θ) =
∏n

i=1

⎛
⎜⎜⎜⎜⎝

∑
si1,si2,...,siT ∈ ST

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

δsi1π
di1
i1si1

[
(1 − π

T∏
t=2

qsit−1sit π
dit
itsit

[

P(yit) =

⎛
⎜⎜⎜⎜⎜⎜⎜⎝

π
dit

it1

[
(1 − πit1)

f (yit ; λit1|xit, Sit = 1)

1 − f (0; λit1|xit, Sit = 1)

]1−

0

ogit(πitj) = v′
itφj,

here vit = {1, vit1, vit2, . . ., vitq} represents a q + 1 dimensional
ovariates vector, and φj is the corresponding state-specific
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arameter vector. Similarly, the positive count process
s assumed to follow a truncated Poisson distribution,
onditionally on Sit = j

f (yit ; λitj|xit, Sit = j)

1 − f (0; λitj|xit, Sit = j)

here the canonical parameter λitj is modeled in a generalized
inear model framework as

og(λitj) = x′
itβj,

ith βj the vector of state-specific fixed parameters associated
ith xit = {1, xit1, xit2, . . ., xitp}. Of course, the choice of f(·) may

nclude, among others, negative binomial as well as other dis-
ributions which may be over-dispersed relative to the Poisson.

Under the model assumptions described above, the likelihood
unction is given by

)
f (yi1; λi1si1 |xi1, Si1 = si1)

1 − f (0; λi1si1 |xi1, Sit = si1)

]1−di1

πitsit )
f (yit ; λitsit |xit, Sit = sit)

1 − f (0; λitsit |xit, Sit = sit)

]1−dit

⎫⎪⎪⎪⎪⎬
⎪⎪⎪⎪⎭

⎞
⎟⎟⎟⎟⎠ ,

here
∑

si1,si2,...,siT
∈ ST denotes the sum over all possible state

numerations and θ the parameter vector. Explicit evaluation of
his sum would render the likelihood calculation impossible for
arger samples. However, the likelihood function is also available
n a more convenient form (Zucchini and MacDonald 2009):

(θ) =
n∏

i=1

(δP(yi1)QP(yi2)Q . . . P(yiT−1)QP(yiT )1′),

here P(y)it represents a diagonal matrix with the state-
ependent conditional distributions as entries, that is,

0

. . .

π
dit
itm

[
(1 − πitm)

f (yit ; λitm|xit, Sit = m)

1 − f (0; λitm|xit, Sit = m)

]1−dit

⎞
⎟⎟⎟⎟⎟⎟⎟⎠

.

Moreover, Q represents the transition probability matrix and
a vector with the initial probabilities as entries. The two most
opular approaches for maximizing the likelihood function are,
n the one hand, the so-called expectation–maximization (EM)
lgorithm presented to a larger public by Dempster, Laird, and
ubin (1977). On the other hand, direct optimization of the

ikelihood, for example, by quasi-Newton algorithms, may be
tilized and constitutes the second technique preferred by a
arger community. Both methods have strengths and weaknesses,
hich is why we utilize a hybrid algorithm as presented by
ulla and Berzel (2008) where the algorithms starts with the
M algorithm (as described by Alfó and Maruotti 2010). After

certain number of iterations, it switches to quasi-Newton opti-
ization until full convergence is achieved. In order to ensure

hat the final solution is a global and not a local maximum, var-
ous sets of random initial values as well as an initialization by
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non-informative prior have been carried out. Unfortunately,
he Hessian matrix, which is obtained as by-product from the
uasi-Newton algorithm, does not provide numerically stable
esults for long time series. Therefore, standard errors of the
arameter estimated have to be computed by a parametric boot-
trap approach (Bulla and Berzel 2008; Visser, Raijmakers, and

olenaar 2002).
A by-product of the estimation procedure are the state clas-

ification or smoothing probabilities, which can be interpreted
s the a posteriori probability of a customer i belonging to a
tate j at time t given all observations yit, t = 1, . . ., T. By means
f these probabilities, the hidden state sequence can be esti-
ated for every customer. A local decoding approach has been

dopted, that is, for each customer we determine the most proba-
le state at each time, given the observations. Of course different
pproaches, like global decoding, can be pursued.

ata

The data for this research are from a major North Ameri-
an retailer that sells both apparel and household goods. For
onfidentiality reasons, the retailer has requested to remain
nonymous. To empirically validate our dynamic hurdle model,
ata from a cohort of 9,487 customers were collected over a
ine-year period, beginning in January 2001. Each customer in
his cohort made her first purchase from the retailer in the first
ear of observation (i.e., January 2001 to December 2001). The
ata include daily transaction records for customers aggregated
onthly resulting in a dataset of 1,024,596 observations. In this

ataset, we find 61.90 percent of the observations are zeros.
oreover, our dependent variable (i.e., the number of orders)

xhibits substantial overdispersion: We test for equidispersion
nd for the appropriateness of the simple Poisson model (i.e.,
0: Y ∼ Poisson (λ) against H1: var(Y) > λ). We employed two
ifferent statistics, the first suggested by Böhning (1994) and
he second one derived by (Baksh, Böhning, and Lerdsuwansri
011). Both tests reject the hypothesis of equidispersion in favor
f overdisperison due to zero-inflation (p-value = 0). This casts
oubts on the unit variance-to-mean ratio implied by the Poisson
odel. Thus, we investigate alternative approaches for modeling

ongitudinal data with zero-inflation as described above.
As we are interested in the evolution of customer–firm rela-

ionships, we took a random sample of customers from the
etailer’s database who made at least three purchases in at least
ne year over the nine years. That is, we developed our customer
ynamics model using active customers, which is consistent with
odeling dynamics in the customer dynamics literature (Ansari,
ela, and Neslin 2008).
We aggregated the data to a monthly level to capture the

ffects of marketing variables on buying behaviors. Our sample
onsists of mostly females (81 percent) and 72 percent of them
re married. Over the nine-year period, these customers made
n average number of orders of 67.06 with a mean total order

alue of $6,000.11. For confidentiality reasons, the data are mul-
iplied by a factor so as to disguise actual values. The marketing
romotions employed by the retailer included mailing catalogs
o customers and retail promotions (e.g., coupons). On average,

o
d

ing 89 (3, 2013) 231–245 237

he retailer mailed 487 catalogs to each customer and distributed
.18 retail promotions over the nine years. Fig. 1 shows average
alues on a monthly basis of the number of purchases and the
umber of catalogs and retail promotions received, respectively.

Results

odel selection

We compared our dynamic hurdle model to several other
odels allowing for zero-inflation to assess the performance

f our model. First, we estimated a simple hurdle model without
arketing covariates to establish a base line comparison. The

econd model is a hurdle model including the effect of mar-
eting covariates, which can also be interpreted as a dynamic
urdle model with one state. The third model is a latent class
odel where customers do not transition among the states. The

ourth model is a hurdle model with a hidden Markov chain,
hereby capturing heterogeneity and dynamics in the customer
ase (see Table 2 for details). When estimating different mod-
ls, the appropriate model and, in particular, the number of states
ust be selected. We estimated different models with two to five

tates. Taking the BIC as formal model selection criterion and
ood parameter interpretability as an additional condition, the
our-state dynamic hurdle model was finally selected.

MM parameter estimation results

In this section, we describe the hidden Markov chain param-
ters. The initial probabilities indicate that the large majority of
ustomers (75 percent) belong to the second state at the begin-
ing of the observation period, followed by the first state (18
ercent), third state (6 percent) and fourth state (1 percent). The
ransition probability matrix reveals a high persistence of the
rst three states, while the fourth state is transient. This is not
nusual from a statistical point of view as the first three diago-
al entries of the transition probability matrix are close to one.
n other words, customers mainly do not transition backward
nd forward from one state to another; rather, when a customer
igrates to a new state, the change is mostly persistent. For

xample, if a customer transitions from state 2 to state 3, the
ustomer will very probably remain in state 3 for the duration of
he relationship with the retailer. However, it also suggests that
f a customer transitions to a lesser value state (e.g., state 2 to
tate 1), the customer will most likely remain in state 1 for the
emainder of the relationship. Persistent states have also been
ound in the environmental literature (Bulla et al. 2012) and in
he statistical literature (Bartolucci and Farcomeni 2009; Bulla
011). Interestingly, customers from state 1 do not transit into
he fourth state. See Table 3 for the parameter estimates of the
idden Markov chain.

tate profiles
To profile each of the four states, we refer to the intercepts
f the model and the buying characteristics of customers con-
itional on being active in a state. In the first step of the model
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Fig. 1. Time trends of purc

y = 0), the first state exhibits the highest intercept and thus the
owest probability of a purchase activity, followed by the second,
he third, and the fourth states. The intercept of the second part
f the model (y > 0), modeling the number of orders conditional

n making a purchase, shows that consumers belonging to the
ourth state have the highest purchasing amounts, followed by
tates three, two, and one.

o
a
f

able 2
og-likelihood and Bayesian information criteria (BIC) for models.

Simple hurdle Latent class mode

2 states

og-likelihood −1,099,966 −1,050,726.09
umber of parameters 2 25
IC 2,199,960 2,101,798

Hurdle with covariates Dynamic hurdle m

1 state 2 states

og-likelihood −1,083,364 −1,044,987.03
umber of parameters 12 27
IC 2,166,894 2,090,348
and marketing activities.

We empirically investigate the estimated state sequences by
ssigning each customer to the most likely state at each time via
local decoding procedure. In other words, as a by-product of

he estimation procedure, we compute the posterior probabilities

f belonging to a state for each time point. Then, we assign
customer to the state with the highest posterior probability

or each month. Thus, according to this procedure, we obtain a

l with varying number of states

3 states 4 states 5 states

−1,034,468.11 −1,030,242.46 −1,029,786.67
38 51 64
2,069,462 2,061,191 2,060,459

odel with varying number of states

3 states 4 states 5 states

−1,028,065.19 −1,022,433.11 −1,022,327.54
44 63 84
2,056,739 2,045,738 2,045,818
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Table 3
Hidden Markov model parameters.

Transition matrix Initial probabilities

State 1 State 2 State 3 State 4

State 1 1.0000
(0.0001)

0.0000
(0.0001)

0.0000
(0.0000)

0.0000
(0.0000)

State 1 0.1810
(0.0048)

State 2 0.0009
(0.0001)

0.9927
(0.0002)

0.0037
(0.0004)

0.0027
(0.0004)

State 2 0.7486
(0.0057)

State 3 0.0000
(0.0000)

0.0025
(0.0007)

0.9403
(0.0043)

0.0572
(0.0047)

State 3 0.0598
(0.0041)

State 4 0.0002
(0.0001)

0.0530
(0.0084)

0.5439
(0.0146)

0.4029
(0.0188)

State 4 0.0107
(0.0023)

aEntries in bold and italic script are significantly different to zero with p = .05. Standard errors in parenthesis below each estimate were determined by non-parametric
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Standard errors are presented below coefficients in parentheses.

equence of most probable states for each customer. Once this
equence of states has been determined, a state can be profiled
y calculating the average buying characteristics for each state
onditional on a customer being active in the state.

We find customers classified to the first state show the least
mount of buying activity. More specifically, customers in the
rst state buy only in 12.5 percent of the months with a con-
itional average number of orders of 1.2; whereas, customers
n state 2 show corresponding values of 39.0 percent and 1.28,
espectively and average monthly values of $132.47 and $155.67
or states 1 and 2, respectively. Customers classified to the third
tate buy rather frequently and have large number of purchases
ver the observation period. For these customers, a buying activ-
ty is recorded for 60.1 percent of the months. Additionally,
onditional on a purchase, the average number of orders for this
egment is 1.87 with an average monthly value of $169.84. Cus-
omers belonging to state 4 tend to make 5.36 orders on average
nd have an average monthly value of $487.34. Therefore, state
is the least valuable to the retailer followed by state 2; whereas,

tate 4 is the most valuable to the retailer followed by state 3.
e subsequently interpret the covariates of the dynamic hurdle
odel to further derive meaning to each state.

nterpretation of covariates

In this article, our dynamic hurdle model allows the effects
f covariates to change with the state membership. That is, our
odel is a random coefficient model rather than only a random

ntercept model (see Alfó and Maruotti 2010). Consequently,
he estimated parameters must be interpreted. We begin with an
xamination of the covariates explaining the probability of (not)
aking a purchase (y = 0). See Table 4 for a description of the

ndependent variables and Tables 5 and 6 for the results of both
arameter vectors. We find that catalogs increase the likelihood
f purchase across all four states, having the largest impact on
urchase incidence for state 4 customers (state 1: φ1 = −0.1606,
< .05; state 2: φ2 = −0.0580, p < .05; state 3: φ3 = −0.0834,

< .05; state 4: φ4 = −6.9864, p < .05). One may note that the
ffect of catalogs in state 4 is so strong that it results in a
ropensity to buy very close to 100 percent, independent of all
ther covariates. Retail promotions increase the likelihood of

t
f
s

aking a purchase for both the state 1 and state 3 customers,
ut are not significant for the state 2 customers. Furthermore,
e observe a negative correlation between retail promotions

nd the propensity of buying for customers clustered in state
(state 1: φ1 = −0.2448, p < .05; state 2: φ2 = 0.0204; state 3:

3 = −0.1435, p < .05; state 4: φ4 = 0.2889, p < .05). However,
his may simply result from multicolinearity effects of catalog
nd retail promotions in this state. Customers who are married
ave significantly higher likelihood of purchase in three of the
our states (state 1: φ1 = −0.0349; state 2: φ2 = −0.0371, p < .05;
tate 3: φ3 = −0.0959, p < .05; state 4: φ4 = −0.7816, p < .05). A
imilar result is obtained by looking at gender effects. For states
–4, females are more likely to make a purchase, while gender
s not significant for customers belonging to state 1 (state 1:
1 = 0.0038; state 2: φ2 = 0.0672, p < .05; state 3: φ3 = 0.1930,
< .05; state 4: φ4 = 0.3599, p < .05). Finally, a seasonal effect is
aptured by our model specification. The dummy variable intro-
uced to capture the effects of Christmas holidays is significant
nd strongly affects the probability of purchasing for all states
state 1: φ1 = −1.6240, p < .05; state 2: φ2 = −0.9519, p < .05;
tate 3: φ3 = −0.9926, p < .05; state 4: φ3 = −1.0263, p < .05).

The second component of the dynamic hurdle model is
he number of orders (y > 0) (see Table 6 for the results). As
xpected, marketing covariates have a positive impact on the
umber of orders. State 2 customers respond slightly more favor-
bly to retail promotions than customers belonging to states 3
nd 4, but this effect is not significant for state 1 customers (state
: β1 = 0.1241; state 2: β2 = 0.1178, p < .05; state 3: β3 = 0.0960,
< .05; state 4: β4 = 0.1069, p < .05). Similarly, catalogs have a
ositive impact on the number of orders for state 1, 2, and 3
ustomers, even with different magnitude, but have no signifi-
ant effect for state 4 customers (state 1: β1 = 0.0437, p < .05;
tate 2: β2 = 0.0041, p < .05; state 3: β3 = 0.0299, p < .05; state
: β4 = 0.0041). We find marital status to influence the number
f orders in a similar way as described for the probability of pur-
hasing (state 1: β1 = 0.0387; state 2: β2 = 0.0533, p < .05; state
: β3 = 0.0554, p < .05; state 4: β4 = 0.0769, p < .05). Addition-
lly, females are more likely to place a higher number of orders

han males across states 3 and 4, but gender is not significant
or states 1 and 2 (state 1: β1 = −0.0142; state 2: β2 = −0.0275;
tate 3: β3 = −0.0756, p < .05; state 4: β4 = −0.0781, p < .05). As
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Table 4
Variables and descriptives.

Variables Operationalization Percentage/mean Standard deviation

Number of orders The total number of orders placed during the observation period. 67.06 40.95
Total order value The total order value of purchases made during the observation period. $6,001.11 $3,782.55
Retail promotions Total number of retail promotions. 6.18 4.06
Number of catalogs Total number of catalogs mailed to each customer. 486.98 126.31
Marital status 1 if married, 0 if not married. 71.63 percent married; 28.37 percent not

married;
–

Gender 1 if female, 0 otherwise. 81.11 percent female 18.89 percent male –
Holidays 1 in November and December, 0 otherwise. – –

Table 5
Binary model (y = 0).

Parameter State 1
φ1

State 2
φ2

State 3
φ3

State 4
φ4

Intercept 2.5267
(0.0168)

0.7642
(0.0140)

0.1486
(0.0393)

−2.4244
(0.0019)

Married −0.0349
(0.0192)

−0.0371
(0.0145)

−0.0959
(0.0354)

−0.7816
(0.0011)

Gender 0.0038
(0.0173)

0.0672
(0.0138)

0.1930
(0.0429)

0.3599
(0.0019)

Retail promotions −0.2448
(0.0433)

0.0204
(0.0107)

−0.1435
(0.0292)

0.2889
(0.0007)

Catalog promotions −0.1606
(0.0044)

−0.0580
(0.0016)

−0.0834
(0.0026)

−6.9864
(0.0019)

Holidays −1.6240
(0.0392)

−0.9519
(0.0195)

−0.9926
(0.0770)

−1.0263
(0.0001)

aEntries in bold and italic script are significantly different to zero with p = .05. Standard errors in parenthesis below each estimate were determined by non-parametric
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Standard errors are presented below coefficients in parentheses.
When interpreting the sign of a coefficient, recall that the binary part of the mo

xpected, during the Christmas holidays the amount of purchases
ends to increase significantly for all states (state 1: β1 = 0.4949,
< .05; state 2: β2 = 0.4932; state 3: β3 = 0.4947, p < .05; state
: β4 = 0.3061, p < .05).
Following the analysis of the model parameters and the
nferred state sequences, the four states can be interpreted as
eal-prone (state 1), Dependable (state 2), Active (state 3) and
vent-driven (state 4).

s
t
a
p

able 6
runcated Poisson model (y > 0).

arameter State 1
β1

State 2
β2

ntercept −1.1715
(0.0462)

−0.4152
(0.0190)

arried 0.0387
(0.0384)

0.0533
(0.0179)

ender −0.0142
(0.0428)

−0.0275
(0.0164)

etail promotions 0.1241
(0.0964)

0.1178
(0.0134)

atalog promotions 0.0437
(0.0090)

0.0041
(0.0020)

olidays 0.4949
(0.0597)

0.4932
(0.0145)

Entries in bold and italic script are significantly different to zero with p = .05. Standar
ootstrap.
Standard errors are presented below coefficients in parentheses.
stimates the probability of no purchase (y = 0).

ustomer dynamics

Empirical inquiry into the estimated state sequences
lso provides insight into the evolution of the relation-

hips between the customers and retailer. Fig. 2 displays
he proportion of customers classified in states 1, 2, 3,
nd 4, respectively, at the aggregate level. Table 7 dis-
lays the inferred transitions among the states while Table 8

State 3
β3

State 4
β4

−0.1007
(0.0355)

1.1997
(0.0422)

0.0554
(0.0243)

0.0769
(0.0343)

−0.0756
(0.0286)

−0.0781
(0.0375)

0.0960
(0.0195)

0.1069
(0.0246)

0.0299
(0.0022)

0.0041
(0.0030)

0.4947
(0.0371)

0.3061
(0.0457)

d errors in parenthesis below each estimate were determined by non-parametric
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Fig. 2. Proportion of custo

Table 7
Inferred transitions.

States States

1 2 3 4

1 213,506 1 0 0
2 427 597,258 2,516 744
3 0 737 180,707 6,824
4
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1 427 6,705 5,256

ummarizes the total number of inferred transitions in our
ample.

We find that the estimated proportion of customers in state
increases relatively slowly over the observation period, from

8.8 percent to 23.3 percent. The estimated transitions (via a
aximum a posteriori analysis of the posterior probabilities)

nderline that once customers enter state 1, they basically remain
n state 1. As for state 2, the estimated proportion of customers
n this state diminishes significantly over the observation period.
he initial state probabilities attribute 75.5 percent of our sam-

le to this state; however, state membership decreases to 48.9
ercent by year nine. According to Fig. 2, the trajectory rep-
esenting membership to state 2 is downward sloping and has

able 8
ustomer dynamics.

umber of inferred
ransitions

Proportion of
customers (percent)

Cumulative proportion of
customers (percent)

0 59.64 59.64
1 9.73 69.37
2 4.34 73.71
3 6.72 80.44
4 3.49 83.93
5 3.91 87.84
6 2.37 90.21
7 2.25 92.45
8 1.51 93.96
9 1.28 95.24

0+ 4.76 100.00

fi
m

c
1
a
e
t
t
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e
t

t

mers in states 1–3.

he largest number of customers migrating to another state of
ll four states. In contrast, state 3 gains the largest number of
ustomers over time. Initially, this state has a smaller proportion
f customers, namely 5.0 percent, and grows to 22.5 percent of
he customer base by the ninth year. Finally, we find state 4’s
rajectory is highly seasonal with peaks mostly during the hol-
day seasons. This state begins with an annual average of 0.63
ercent of the customers in the first year and almost triples to
n annual average of 1.67 percent in the last year. Furthermore,
hile this state is visited by only 0.89 percent of the customers in

he first December observed, the respective figure in December
ises almost by a factor of six to 5.25 percent in the final year.

This empirical inquiry further enables the retrieval of the dif-
erent behavioral patterns. While 59.6 percent of the customers
emain in one state for the entire observation period, 9.7 percent
ake one transition, 11.1 percent make two to three transitions,

nd 4.8 percent of the customers reach ten and more transitions
see Table 8). Furthermore, we find much of the dynamics occurs
mong the more valuable states. That is, we find the largest
umber of inferred transitions occurs between states 3 and 4,
ollowed by transitions between states 2 and 3. Our empirical
ndings suggest that when customers make a transition, they are
ore likely to transition to more valuable states.

Discussion

Academics and practitioners have long assumed that
ustomer–firm relationships strengthen over time (Reichheld
996; Rust, Lemon, and Zeithaml 2004) but little is known
bout why or how these relationships evolve over time. Does
very relationship strengthen at the same rate over time? Are
here different evolutionary patterns for the most profitable cus-
omers? More importantly from a retailer’s perspective, how can

arketers tailor their activities to accommodate for these differ-

nces? Our customer dynamics framework begins to address
hese questions.

Our empirical analysis indicates that, at least for this retailer,
here is evidence of customer dynamics. Specifically, the Active
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egment (state 3) gains the largest number of customers over
ime. Initially, this state has an estimated smaller proportion of
ustomers, namely 5.0 percent, and grows to 22.5 percent of the
ustomer base by the tenth year. This behavior is most favor-
ble for the retailer as it suggests that the retailer is successfully
onverting customers from “friends” to “partners” (Johnson and
elnes 2004). Moreover, state 3 customers are valuable to the
etailer and therefore, with increasing numbers of “Active” cus-
omers, the value of the customer portfolio will increase. More
mportantly, once customers migrate to state 3, the likelihood of
hem transitioning to a less profitable state is very low. From a

arketing perspective, these customers react well to receiving
atalogs as it increases the likelihood of them making a pur-
hase. These customers are also positively influenced by retail
romotions, and they are more likely to buy more when they
eceive a retail promotion.

As for state 2, the Dependable segment, the proportion of
ustomers in this state diminishes significantly over the obser-
ation period. According to Fig. 2, the trajectory representing
tate membership is downward sloping and has the largest num-
er of customers migrating to another state of all four states.
ortunately for the retailer, a relevant number of these transi-

ions are to states 3 and 4. State 4 is transient and attracts a
mall amount of customers overall, most coming exclusively
rom states 2 and 3. Customers visiting state 4 represent the
ost valuable to the retailer because they buy more frequently

nd the monetary value of their orders is the largest of all the
egments. In addition, these customers react to certain catalogs
ith almost 100 percent certainty. Catalogs seem to serve as a

eminder for this segment that an event (e.g., holidays) is soon
rriving and are thus an effective tool to encourage customers to
ake a purchase.
However, some of the customers are classified to or migrate

nto state 1, the least valuable state. We find very little dynam-
cs for customers belonging to state 1, the Deal-prone segment.
hese customers do not transition to a more valuable state.
his finding suggests that despite the preference of these cus-

omers to not strengthen their relationship with the retailer (i.e.,
ransition to a more valuable state), they demonstrate their com-

itment to the relationship by retaining the retailer’s products
n their consideration set as evidenced by the total number of
urchases over the observation period. However, it is possi-
le that some of the customers in state 1 have also decided to
erminate their relationship with the retailer. This phenomenon
s not directly captured in our model as we make the assump-
ion that the customers are always-a-share (Dwyer 1997; Rust,
umar, and Venkatesan 2011). An always-a-share customer is
efined as a customer that has several companies in her con-
ideration set and thus allocates a share of purchases to each
f them over time. Unlike contractual relationships where attri-
ion can be captured, it is more difficult to capture the moment
here a customer decides to terminate her relationship with the

etailer in the retail context. More research is needed to establish

rameworks that account for customer attrition or incorporate
ost-for-good customers into customer dynamics research. It
ight be beneficial for the retailer to investigate whether it

s possible to influence favorable migration patterns for these

t
b
a
c
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ustomers and decrease the likelihood of a downward migration
attern.

Finally, state 2 customers can be characterized as the Depend-
ble segment as these customers make steady purchases from the
etailer throughout the observation period. They have a higher
ropensity to buy than the Deal-prone customers, but less than
he Active customers. These customers’ propensity to buy can
e slightly increased by catalog promotions; however, a retail
romotion does not have a significant impact on triggering a pur-
hase occasion. Rather, for these customers, retail promotions
ncrease the number of orders they will make. Thus, the retailer

ay continuously invest in marketing activities to increase the
verall value of these customers to the retailer.

Theoretical and methodological contributions

This research contributes to our understanding of customer
anagement as follows. First, we provide insight into the evo-

ution of customer–firm relationships. Relationship marketing
heory suggests that relationships evolve monotonically over
ime (Reichheld and Teal 1996); however, our empirical inquiry
s more consistent with Fournier’s (1998) brand-relationship
heory where different relationship patterns emerge among cus-
omers and retailers. We find 40.4 percent of customers make
t least one transition among the four states during the obser-
ation period in which almost two thirds of the transitions are
pward. In other words, for this retailer, customers who con-
inue their relationships with the firm at some level are more
ikely to transition from a less valuable state to a more valuable
tate (e.g., states 2 to state 3). Although this finding is consistent
ith Reichheld and Teal’s research, we also find that several

ustomers have unique trajectories that share more similarities
ith the various patterns in brand relationship theory (Fournier
998). For example, at the individual-level, we find that one cus-
omer has seven transitions over the duration of the relationship
uggesting an “Approach-Avoidance” relationship pattern while
nother customer has four transitions, which is more similar to
he “Cyclical Resurgence” pattern described by Fournier (1998,
. 364).

Second, we contribute to the growing customer dynamics
iterature as we are the first to develop a dynamic hurdle model to
ccount for unique buying characteristics in a retail context, such
s habitual behavior and longer inter-purchase times. Indeed, we
nd our dynamic segmentation model outperforms other models

hat do not capture these dynamics. As a result, our estimates
f customer responses to marketing activities are more precise
nd therefore better inform management when making resource
llocation decisions.

Our third contribution to the customer management literature
s the finding that marketing resources might be more effective
hen targeted at the “middle tier” rather than the “top tier” of
customer pyramid. Zeithaml, Rust, and Lemon (2001) devel-
ped a segmentation approach to classify customers into various

iers based on their relative profitability to the firm. The premise
ehind their segmentation approach is that companies should
llocate resources to the most profitable customers because these
ustomers will reward firms by having favorable behavioral
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utcomes (e.g., positive word of mouth, repeat purchases, less
ostly to serve, etc.). However, the customer pyramid approach
ssumes stability over time (Rust, Kumar, and Venkatesan 2011),
hereas, in our research, we account for dynamics by modeling

he transition among segments over time. Segmentation mod-
ls should account for these dynamics since ignoring them may
esult in under-valuing customers belonging to other segments
ho have potential to become more valuable to the firm over

ime.
Finally, this article contributes to the customer dynamics lit-

rature by extending the hurdle model to incorporate a HMM.
his methodological contribution is important to this research
tream as we are the first to account for time varying association
tructure and zero-inflation, which are common findings in cus-
omer transaction databases. Our dynamic model accounts for
hese unique longitudinal data features thereby making model
stimates more reliable.

Implications for retailers

Our results suggest that retailers would benefit from a seg-
entation model that incorporates customer dynamics. The
odel proposed and tested here will enable marketers to better

nderstand the impact of marketing variables on buying behav-
or. It is important for retailers to identify how their customer
ase is changing over time, especially to understand whether
he number of customers in more valuable states is growing or
hrinking over time and the manner in which customers are tran-
itioning from one state to another. Armed with results from such
model, retailers can take steps to retain and grow the value of

heir best customers while also developing and implementing
trategies to reduce the probability that customers transition to
ess valuable states over time.

In addition, our research contributes to the growing body
f literature emphasizing the importance of dynamic models
s these models provide retailers with consistent and reliable
stimates. Increased reliability gives retailers more confidence
n the results and enables retailers to improve their marketing
ecisions. In comparison, retailers, in assuming a static model,
ight make suboptimal marketing decisions because of erro-

eous inferences.
As retailers gain access to increasingly more data, it is impera-

ive that methodologies are tailored to and best fit the type of data
i.e., longitudinal) they collect. Our dynamic model provides
ore reliable estimates than prior approaches by accounting for

he unique features of longitudinal data and thus enables the
etailer to identify segments that previously might not be noticed
y earlier modeling approaches. For example, our Event-driven
egment, the most valuable segment, would not have been iden-
ified by prior approaches. Although this segment is transient,
ustomers transiting into this state respond very well to cata-
og mailings and have an average monthly value of $487.34.
wareness of the effectiveness of catalogs at triggering a pur-

hase event for these valuable customers is a key advantage of
ur model. The retailer might want to design catalogs around
eaningful events throughout the year so as to influence addi-

ional purchases from these Event-driven customers. The ability

t
d
p
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o identify such new, profitable segments is a new capability for
etail marketing management.

Limitations and directions for future research

One limitation of our research is the inability to evaluate the
ffectiveness of a targeted marketing campaign. We believe that
ustomer dynamics research would benefit from a field study
hat compares a retailer’s existing marketing campaign to one
hat is customized based on our customer dynamics model.
pecifically, one could create a marketing campaign for each
f the segments identified in a customer base using a customer’s
ropensity to buy as a basis. Once identified and profiled, a
argeted marketing campaign could be created for each seg-

ent. Ideally, a field experiment could be conducted to assess
he effectiveness of both campaigns.

Consistent with other research in this domain, our empirical
nalysis only used data from repeat customers in our sample. The
se of longitudinal data from repeat customers limits our ability
o investigate customer attrition. However, it would be valuable
or retailers to develop a model that predicts when a customer
ransitions into an inactive state and which marketing activities
re most effective at reducing the likelihood of customers transi-
ioning into this unprofitable state. In addition, early detection of
nactive customers can enable a retailer to terminate additional
nvestment in building and maintaining relationships with these
ustomers.

A third limitation to our research is the use of a longitu-
inal dataset from a single retailer. Although it is difficult to
ain access to a longitudinal dataset that captures customers’
hoices across a variety of retailers, customer dynamics research
ould benefit from a model that includes this type of data.
ne possible solution would be to adopt the survey method-
logy employed by Rust, Lemon, and Zeithaml (2004) to
evelop a customer dynamics model that incorporates compe-
ition. Customer dynamics research would also benefit from a

odel that incorporates macro-level data so as to better under-
tand variations in customer or segment level profiles over
ime.

Other aspects also deserve further investigation. It would be
deal to distinguish true heterogeneity among customers that
rises when subpopulations are present in the data, and behav-
oral dynamics over time. With this aim, a natural extension of
ur approach can be pursued in the mixed HMM class (Maruotti
011). Similarly, we may encounter endogeneity issues in pro-
iding a statistical analysis. Several proposals exist in the
iterature to deal with the latter issue. An interesting approach
s provided in Alfó, Maruotti, and Trovato (2011) where a mul-
ivariate model is specified including equations for endogenous
ariables.

Conclusion
In this research, we develop a dynamic segmentation model
o assess the impact of marketing activities on purchase inci-
ence as well as the number of orders. We believe that our model
rovides new insights into customer–firm relationship dynamics
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nd adds to the growing body of research on customer manage-
ent. Overall, our model enables retailers to understand how
arketing activities vary by segment and suggests how to tailor

ctivities for each segment so as to increase the effectiveness of
nd improve the return on their investments.
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