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Abstract. The decisions of whether and how to adopt service differentiation are at the
core of a firm’s service operations strategy. This paper proposes a framework for service
differentiation that highlights the identification and use of operating segments as a central
component in the delivery of differentiated services. The notion of operating segments
and the general empirical methodology to identify them proposed in this paper integrally
considers the consumer’s preferences and operational capabilities required to fulfill the
differentiated service offering. An application in the context of after-sales services for
product-service bundles using data from a major manufacturer in the consumer electron-
ics industry is presented, which illustrates how operational decisions need to be adjusted
whenmultiple operating segments are defined to support a service differentiation strategy.
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1. Introduction
As the world moves to a service-based economy, defin-
ing the right service strategy has become an increas-
ingly important priority not only for firms that deliver
traditional services (Frei and Morriss 2012) but also for
original equipment manufacturers (OEMs) (Guajardo
et al. 2016). The decisions of whether and how to adopt
service differentiation are at the core of a firm’s service
operations strategy. Indeed, differentiating the provi-
sion of services could provide a more effective way
to make supply meet demand for firms facing groups
of customers with significantly heterogeneous service
preferences. At the same time, adopting differentiation
directly affects a firm’s resources-management process,
and it is part of its overall competitive strategy.
Service competition has been amajor topic of interest

in the field of service operations strategy. In traditional
service industries, theoretical models have examined
competitionwhen consumer demanddepends on price
and service levels (Cachon and Harker 2002, Allon and
Federgruen 2009), and empirical studies have tested
related theories, e.g., in the fast-food sector (Allon et al.
2011) and banking industries (Buell et al. 2016a, b).
In the context of product-service systems, both theory
(e.g., Cohen and Whang 1997) and empirical applica-
tions (Guajardo et al. 2016) have highlighted the value
of differentiated services in a competitive environment.

Similarly, product differentiation based on market
segmentation has long been recognized as one of the
most fundamental concepts in marketing (Wind 1978).

Market segments are typically defined to divide a het-
erogeneous market into a set of homogenous submar-
kets, based on the variety of ways that customers can
derive value fromproducts (Wind andBell 2008). Oper-
ations management (OM) also has a long history of
dealing with segmentation. This is especially true in
service operations and logistics environments where
service standards are typically set to deliver targeted
levels of availability, response time, and customer sat-
isfaction. In many cases, these service standards vary
across segments—by customer attributes, geography,
product technology, and price. Such differentiation is
especially important in after-sales service, wherein ser-
vice standards are often based on the strategic value of
product up-time.

This paper will present a framework for services dif-
ferentiation that builds upon prior research and prac-
tice drawn from both service OM and marketing. The
proposed framework can be applied both to experien-
tial services (such as hospitality, travel, and dining),
as well as to product-service bundles, where the ser-
vice component enhances the value derived by the cus-
tomer from the use or consumption of the product (e.g.,
call centers for customer support, warranties). A key
element in this proposed framework is the concept of
operating segments, a term coined by Frei and Morriss
(2012) to denote a list of service priorities shared by
a meaningful group of customers. This paper out-
lines the basis for the notion of operating segments,
develops an empirical strategy to define them in a
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general service setting, and highlights the operational
implications of having multiple operating segments in
the delivery of differentiated services. To illustrate the
general empirical strategy, the authors apply it to a case
of after-sales services (call centers, in-home repair) for
high-definition televisions (HDTVs), using data from a
leading consumer electronics company.
The rest of this paper is organized as follows. Sec-

tion 2 reviews the literature that motivates the notion
of operating segments and the proposed framework for
differentiated services. The framework is developed in
more detail in Section 3. Section 4 focuses on the notion
of operating segments, detailing their most relevant
aspects and proposing a general empirical methodol-
ogy to identify them. Section 5 provides an applica-
tion of this methodology to the case of an OEM of
HDTVs, illustrating aspects and challenges that emerge
when operating segments are defined in practice. Sec-
tion 6 discusses managerial implications of operating
segments, further illustrating how operational decision
making needs to be modified when a company serves
multiple operating segments. Section 7 reviews some
limitations and extensions of the study, and Section 8
concludes.

2. Literature Review
The notion of customer heterogeneity has been ana-
lyzed extensively in the marketing literature in several
contexts, including customer satisfaction (Mittal and
Kamakura 2001) and brand loyalty (Fader and Lattin
1993). A major use of segmentation in marketing is to
support the positioning of the firm’s product portfo-
lio. Methods such as conjoint analysis have been used
extensively to capture variations in the desirability of
different product attributes across different segments
(e.g., Wind et al. 1989). Pricing and price discrimina-
tion also have been used in the definition of segments,
as well as the definition of aggregate products which
would be designed to serve multiple segments (e.g.,
Moorthy 1984, Moorthy and Png 1992). More complex
multipart pricing schemes also have been analyzed to
design and price service products, e.g., for telephone
services (Iyengar et al. 2008). More recently, multicrite-
ria optimizationmodels have been developed for defin-
ing marketing segments (Liu et al. 2010).

An OM perspective on the topic is provided by Ho
and Zheng (2004), who propose a model for dealing
with the decision to provide a service delivery guaran-
tee (e.g., for maximum delivery time). More generally,
the view that product differentiation increases the level
of product variety, adding complexity and potentially
raising costs, has been highlighted in OM research.
For example, this is seen in a series of classification
schemes that are commonly used in practice to support
inventory management, such as, e.g., the procedure
developed by Ernst and Cohen (1990) in the context

of spare parts used for automobile maintenance and
repair. A recent stream of OM literature has looked
at operational implications of service differentiation—
e.g., analyzing the staffing and control decisions in
call centers servingmultiple customer classes (Gurvich
et al. 2008, Bassamboo and Zeevi 2009, Gurvich and
Whitt 2010, Mehrotra et al. 2012). However, this liter-
ature has not proposed a way to empirically identify
such heterogeneous groups with differentiated service
priorities based on the operational capabilities needed
to deliver them. The notion of operating segments
introduced in this paper and the general methodol-
ogy proposed to identify them fills part of this gap by
integrally considering the consumer’s preferences and
operational capabilities required to fulfill the differen-
tiated service offering.

Some recent studies in OM have highlighted the role
of customer heterogeneity in service settings, docu-
menting significant heterogeneity in customer sensitiv-
ity to service attributes in industries such as banking
(Campbell andFrei 2011;Buell et al. 2016a, b), purchases
in a deli section of a super-center (Lu et al. 2013), and
after-sales service support (Cohen et al. 2006a), or illus-
trating the important role of customer heterogeneity in
the definition of business models in the sharing econ-
omy and peer-to-peer rental markets (Abhishek et al.
2016). Campbell and Frei (2011), in particular, consider
geographicheterogeneitywhere local requirementsdif-
fer; in such settings, local managers can resolve the
capacity versus service trade-off by deviating from a
uniform, central plan. The operational control of seg-
mentation also leads to questions such as real-time
matching of service resources with segment-specific
service demand, prioritization of demand across seg-
ments, and rationing of resources. Deshpande et al.
(2003) explored the issue of how to manage the deliv-
ery of differentiated service through prioritization and
allocation of a commonly demanded resource. As this
paper will illustrate, the consideration of these multi-
ple operational decisions fundamentally distinguishes
operating segments frommarketing segments.

Customer demographic characteristics are usually
an important factor in the implementation of segmen-
tation. Past research provides a number of examples
attempting to link customer demographic character-
istics with preferences about products and services.
Some researchers have documented gender differences
in risk aversion for products such as insurance (Halek
and Eisenhauer 2001) and extended warranties (Chen
et al. 2009), age differences in brand loyalty and infor-
mation search behavior (Ratchford 2001), and income
differences in sensitivity to service times (Png and
Reitman 1994, Propper 1995, Campbell and Frei 2011).
These examples illustrate how customer demographic
characteristics can be related to relevant aspects of ser-
vice differentiation.
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The OM literature also includes some research
about the fundamental question of whether a firm
should offer differentiated services. A recent paper by
Sainathan (2015) deals with differentiation by priori-
tizing segments according to the delay sensitivity of
customers in the context of a queueing model. Related
questions also have been of interest in the specific con-
text of after-sales services. For example, Wang et al.
(2002) analyzed an environment where two classes of
customer service (based on delivery lead time) can
be provided. Their analysis quantified the economic
value of providing differentiated service quality (i.e.,
a shorter lead time) based on inventory reduction that
could be attained by introducing a second class of
customer service. The existing OM literature on ser-
vice differentiation focuses heavily on single-metric
approaches (such as customer wait time) and does not
deal explicitly with the impact of product attributes or
customer heterogeneity, unlike the framework that will
be proposed in this paper.

An important OM concept related to service dif-
ferentiation is that of pooling of demand for a com-
mon product across multiple segments, which usu-
ally implies a trade-off between pooling efficiencies
and the demand of product differentiation across seg-
ments. A recent illustration of the impact of demand
pooling in the context of service parts inventory man-
agement was developed by Cohen and Cohen (2017),
who explored the impact of demand pooling by cen-
tralizing repairs of failed parts at a regional depot ver-
sus at a local forward base. More generally, a stream
of OM research in queueing (especially in the con-
text of call centers) has analyzed deviations from the
conventional operational view that pooling resources
leads to operational efficiencies (Eppen 1979) and has
explored scenarios in which the benefits of having
“dedicated services” may outweigh cost inefficiencies
(Gilbert and Weng 1998; Mandelbaum and Reiman
1998; van Dĳk and van der Sluis 2008, 2009). Similarly,
Song et al. (2015) provided empirical evidence for the
advantages of dedicated services in a healthcare set-
ting, and Shunko et al. (2018) showed that behavioral
considerations can also play a role in the analysis of
dedicated service versus pooling.

Overall, although the efficiencies obtained frompool-
ing and one-size-fits-all services are well known in
OM, the operational implications of offering differenti-
ated services are less well understood. In what follows,
the authors build upon the aforementioned streams of
research to present a framework for service differentia-
tionand todevelop the construct of operating segments.

3. A Framework for Service Differentiation
Figure1provides avisualizationof theproposed frame-
work. Customers, products, and processes form the
basic inputs needed to define the operating segments:
who (which customers) are being served, what service

products are associated with or targeted to the seg-
ments, and how these service products should be pro-
duced and delivered throughmanagement and control
of the underlying resources and operations processes.

The “who” question is associated with the definition
of market segments. Market segments can be defined
based on a variety of customer characteristics. These
attributes can include demographic, behavioral, eco-
nomic, and social variables.

The “what” question is answered by defining the
portfolio of service products and the supporting tangi-
ble products in terms of their attributes. Design stan-
dards for each service product, in particular, determine
the service product portfolio. These product designs
and their positioning with respect to the preferences
of market segments define the service attributes that
lead to operating segments. A typical design standard
for call centers, for example, would be the waiting time
of customers calling in. Because the delivery of the
services associated with operating segments requires
operationally relevant service attributes, it is necessary
also to consider the attributes of the tangible resources
that are used to produce the services of interest. Typi-
cally, these resources affect the environmentwhere cus-
tomers consume services and hence are relevant to the
perception of service quality, e.g., leaving the facilities
in clean condition after an in-home repair service. In
the case of product-service bundles, such as after-sales
service, the service support requirements of the tangi-
ble product are peculiar to its design and function.

The answer to the question of “how” is reflected in
the design and control policies for the various oper-
ational processes that are required to produce and
deliver the products. Indeed, the definition of operat-
ing segments leads to the specification of group-specific
operational service metrics and targets. From a manage-
rial perspective, there are several challenges associated
with resource management for a company wanting to
deliver service differentiation in a cost-effective man-
ner, both at strategic and tactical levels. At a strate-
gic level, possibly the most salient problem is capacity
management, which is an important component of the
process resource plan. The tactical process control policy,
in turn, relates to how firms determine mechanisms
for the allocation of “servers” capable of meeting the
requirements of the customers in the different oper-
ating segments and prioritizing these requirements
across segments. Performance evaluation is also an inte-
gral part of the service delivery, for which is useful the
definition of key performance indicators (KPIs) that
can be tracked and monitored. The definition of a ser-
vice strategy requires the firm to carry out a complete
analysis of the economic implications. This evaluation
would ultimately indicate whether adopting a differ-
entiation strategy would result in increased profits.
Firms base this decision on multiple factors, including
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Figure 1. Framework for Service Differentiation
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not only internal factors, but also considerations about
the firm’s competitive environment. Its detailed assess-
ment will depend on the specifics of each application.
The general framework depicted in Figure 1 provides

a useful background for the role of operating segments
in the definition of a service differentiation strategy.
As illustrated in the figure, the various aspects of the
framework for the delivery of differentiated service
products are highly interrelated.

4. Operating Segments
4.1. Defining Operating Segments
An operating segment is defined as a list of service prior-
ities shared by a meaningful group of customers. Customers
with similar service priorities are part of the same oper-
ating segment. Importantly, not only are the service pri-
orities different across operating segments, but so are
the operational capabilities needed to deliver them. For
example, a call center may hire and train two groups of
agents to serve its multiple operating segments.
Let C � (c1 , . . . , cm) be the set of relevant observable

customer characteristics, P � (p1 , . . . , pn) be the set of

relevant product characteristics based on service pri-
orities, and S � (s1 , . . . , so) be the set of service process
policies that can be used to produce and deliver a dif-
ferentiated set of service products. Note that C can
include both demographic characteristics (such as gen-
der, age, and income) as well as other customer char-
acteristics (e.g., price sensitivity). On the other hand, P
refers to attributes of the services to be delivered that
matter to the customers and that are operationally rel-
evant (e.g., response time, ability to resolve problems,
technical knowledge). It is important to emphasize that
the attributes that are part of P entail differences in the
operational aspects of service delivery. For example,
“fast service” is an attribute that clearly has operational
implications (e.g., larger capacity, better-trained service
force); hence, it is considered as a possible attribute
of P. The hierarchy of decisions (S) associated with the
design and management of the service delivery pro-
cess, which (as will be detailed in Section 6) can include
setting capacity levels for different classes of resources,
as well as scheduling and control policies that govern
the utilization of these resources.
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Based on the customer characteristics, it is possi-
ble to define “meaningful” groups of customers CL �

(CL1 , . . . ,CL j), according to their sensitivity to the ser-
vice attributes in P. Groups will therefore be defined
by a membership function that maps C into CL, where
the members of a group share common priorities for
different aspects of the service. Moreover, for each
CL j the set of attributes P j � (p[1] , . . . , p[ j]) characteriz-
ing the group’s service preferences needs to be deter-
mined. Each relevant (CL j ,P j) defines a different oper-
ating segment; the collection of {(CL1 ,P1), (CL2 ,P2), . . . ,
(CL j ,P j)} thus defines all potential operating segments.
The collection of operating segments can be reduced
to a subset of “meaningful” segments if a given oper-
ational policy can deliver to more than one segment,
i.e., multiple segments are served by a common process
or policy. The final collection of operating segments is
denoted by {(CLk ,Pk)}with k � 1, 2, . . . , k′where k′ ≤ j,
which represents the service product portfolio that the
firm has undertaken to deliver to themarket.
As noted previously, an operational policy sk cor-

responds to the set of resources and management
decisions associated with the delivery of services to
operating segment k. It could, for example, entail use
of a first-come, first-served (FCFS) rule for respond-
ing to incoming calls in a call center, or the use
of multiple classes of servers. Thus, a service strat-
egy can be defined by the triple (CLk ,Pk , sk), which
defines the grouping of customers, the service perfor-
mance attributes, and the operational policy required
to deliver this service product to this collection of
customers.
It is important to highlight the differences between

operating segments and market segments, for which
Figure 1 may serve as a useful reference. Market seg-
ments classify customers in terms of marketing needs
and exploit customer heterogeneity for that purpose.
Operating segments, in contrast, emanate from hetero-
geneity in the service preferences and operational require-
ments for (optimally) serving different customer groups.
The definition of operating segments will have direct
consequences for defining the mechanisms and pro-
cesses required to design, produce, and deliver the
products in the portfolio to the collection of operating
segments. Note that there will be operating segments
defined for every product in the portfolio. Moreover,
every product could be associated with one or more
market segments, and within a market segment, there
may be several operating segments. Occasionally, oper-
ating segments and market segments may coincide,
although that is not generally the case (see Frei and
Morriss 2012 for further examples).
In short, the operations perspective considers how

relative attribute performance can be realized through
the allocation and management of resources associ-
ated with the delivery of the service. In particular, it

is necessary to consider the mechanisms and processes
required to design, deliver, and sustain the products in
the portfolio for the collection of operating segments.

4.2. An Empirical Strategy for Defining
Operating Segments

Multiple strategies can be used to identify operating
segments. This paper proposes a two-step procedure,
wherein the first step uses customers’ heterogeneity in
their general valuation of services for defining mean-
ingful groups of customers, and the second step iden-
tifies heterogeneity in specific service attributes for
the groups of customers defined in the first step. The
inputs required by the procedure are data on cus-
tomer characteristics, their preferences regarding ser-
vice attributes, and guiding performance metrics. The
required data can (and routinely are) collected by firms
through surveys or from transactional databases.
Step 1: Identification of Meaningful Groups of Cus-
tomers. The first objective is to identify customer het-
erogeneity in the valuation of services, with the goal of
defining “meaningful” customer groups as a function
of their characteristics C � (c1 , . . . , cm). This step will
make use of two additional inputs. Generally speak-
ing, let M be a performance metric of interest (e.g.,
customers’ likelihood to recommend the brand, satis-
faction) and Q be an intermediate metric(s) capturing
some aspect(s) of the customers’ overall service experi-
ence with a firm. For example, Q can be the overall per-
ception of service quality in the case of pure services,
or the preferences of product quality versus service
quality in the case of product-service bundles. The first
step focuses on characterizing the relationship between
customer groups and the overall metrics of interest. In
particular, one can make use of regression analysis to
study the relationship between M, C, and Q, through
some function f :

M � f (C,Q ,C ×Q)

The proposed approach includes the interaction
C × Q as a way to identify the groups of customers
with meaningful variation based on the relationship
between the overall service experience and the perfor-
mancemetric of interest. This gives a broad sense of the
customer groups who are more sensitive to services,
or for whom service perceptions are a more important
factor in the overall performance metric M. The defi-
nition of the group categories that form part of C will
depend on the data available in a given application. As
illustrated in Section 5, the categories that form part of
C can rely on arbitrary definitions (e.g., solely based
on business rules) or on additional statistical analysis
(e.g., clustering techniques).

As a result of this step, a set of “meaningful” cus-
tomer groups CL1 , . . . ,CL j is identified, and, broadly
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speaking, each has a different sensitivity to services.
In the case of product-service bundles, the distinction
can refer to the relative sensitivity to services versus
products.
Step 2: Definition of Operating Segments. Having
identified the customer groups CL1 , . . . ,CL j , one can
make use of the operational service attributes P �

(p1 , . . . , pn) to identify a set of relevant attributes Pk �

(p[1] , . . . , p[ j]) for each group k. ThemetricQ can beused
as a guiding criterion for this purpose. In other words,
for each customer group, the goal is to use its hetero-
geneity with respect to optimal service attributes, to
identify the set of service attributes that have the high-
est explanatory power in the overall service evaluation
by customers in the group. There are multiple ways to
accomplish this goal. Methodologically, this is a stan-
dard problem in statistics, and in principle most fea-
ture selectionalgorithms (GuyonandElisseeff2003) can
be used to select the attributes that are most relevant
for each group. For example,wrappermethods (Kohavi
and John 1997; see Guajardo et al. 2010 for an applica-
tion), filter methods (e.g., Koller and Sahami 1996), and
embeddedmethods (e.g., Lal et al. 2006) have beenused
for feature selection.
One particular approach that can be used for this

purpose is stepwise estimation, which is widely avail-
able in most statistical packages for a variety of meth-
ods. In this context, for each meaningful customer
group CL1 , . . . ,CL j , a stepwise regression of Q on P �

(p1 , . . . , pn) can be performed to identify the subset of
service attributes Pk � (p[1] , . . . , p[ j]) that are most rel-
evant to explain the service preferences of the group.
This procedure leads to the selection of the subset
of features that have the most explanatory power for
a certain dependent variable and statistical relation-
ship. It allows using both backward (starting with the
full subset of potential variables, iterate to sequentially
eliminate variables with low explanatory power), for-
ward (startingwith amodel that uses only an intercept,
add variables that have the most explanatory power
sequentially), and other search algorithms, as well as
defining different criteria for entry/exit of variables
(Lindsey and Sheather 2010). It also requires defin-
ing the guiding information criteria (e.g., Akaike’s
information criterion, Bayesian information criterion,
adjusted R-square, among others; see Hastie et al. 2009
for additional details). Overall, stepwise regression is
a flexible method and is the tool that will be used in
this application to identify the set of attributes that are
most relevant for each customer group.
As an outcome of this two-step process, the complete

set {(CLk ,Pk)}k: 1,...,k′ of operating segments is obtained.
The resulting segments are linked to operational poli-
cies sk , a discussion that Section 6 expands upon. The
application in Section 5 will provide an illustration of
how this proposed strategy can be applied to a specific

case. In general, such applications must be closely tied
to the strategic objective of implementing a differentia-
tion strategy.

5. An Application to the Case of HDTVs
5.1. Context and Data
This application focuses on the after-sales services of a
major consumer electronics OEM, more specifically, on
the OEM’s U.S. market for the HDTV segment. In con-
sumer electronics, TVs represent the product segment
with the largest market share. Supporting services for
customers whose products are under warranty con-
sist of call centers for customer service (owned and
operated by the OEM) and in-home repair services
(provided by exclusive service providers or by autho-
rized service centers). The OEMhas considerable influ-
ence on the ultimate quality of service delivered to
customers by either retailers or service providers. For
example, it can set specific operational targets asso-
ciated with the service delivery—e.g., customer wait
time at the call center or the probability of a first-time
fix for home visits.

Collaborating with the company, a survey that is
intended to capture consumer perceptions of differ-
ent variables of interest was designed and analyzed.
The survey was run by a third-party market research
company using a web-based interface. See the online
appendix for a description of the survey questions. The
survey captured consumer perceptions about product
quality and service quality and likelihood to recom-
mend the brand. A seven-point scale was used, and
consumers were asked to rank their evaluation of the
quality of the product and supporting services (1 �

poor to 7� excellent), as well as their likelihood to rec-
ommend the brand based on their overall experience
(1� not at all likely to 7� extremely likely). The survey
also collected information on customer characteristics
such as gender, age, education, and income, as well as
customer perceptions with regard to specific attributes
of the service that was delivered. Overall, the sam-
ple consisted of 345 owners of the HDTV brand who
had recently experienced a service interaction with the
company. Table 1 provides some descriptive statistics
for various subgroups in the sample.

The statistics in Table 1 indicate some apparent dif-
ferences for distinct groups in the sample. For exam-
ple, the relative magnitude of the association between
product–service quality and likelihood to recommend
the brand seems to vary across the different groups,
i.e., for women, the correlation between service qual-
ity and likelihood to recommend is bigger than the
correlation between product quality and likelihood to
recommend. For men, exactly the opposite is observed.
Similar differences are observed for the distinct income
groups.
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Table 1. Descriptive Statistics and Correlations

Average scores (1–7 scale)
Pairwise correlations

Customer No. Product Service Likelihood to
characteristic obs. (%)a quality (PQ) quality (SQ) recommend (LtR) PQ, LtR SQ, LtR PQ, SQ

Gender
Man 80.3 5.78 5.35 5.17 0.82 0.78 0.60
Woman 19.7 4.94 4.76 4.46 0.75 0.84 0.58

Age
Age1 (15–34) 18.2 4.95 4.74 4.87 0.68 0.71 0.46
Age2 (35–54) 36.7 4.78 4.87 4.61 0.78 0.78 0.56
Age3 (55 or more) 45.1 5.48 5.73 5.46 0.85 0.83 0.63

Education
No college 33.7 5.40 5.30 5.25 0.82 0.83 0.64
College or more 66.3 5.00 5.25 5.03 0.81 0.78 0.58

Income
Less than $100,000 63.3 5.16 5.19 5.01 0.85 0.78 0.67
$100,000 or more 36.7 4.98 5.31 5.06 0.74 0.83 0.52

Full sample 100 5.13 5.23 5.03 0.80 0.80 0.59

Note. Sample size in each case is as follows: gender� 345 obs., age� 335 obs., education� 312 obs., and income� 259 obs.
aFor each customer characteristic, only valid responses are considered in the calculations.

5.2. Operating Segments in the HDTV Application
Because this application involves product–service bun-
dles, one natural way to think about sensitivity to ser-
vices is by contrasting customers’ perceptions about
service quality and product quality. Indeed, a given
customer class may be more sensitive to service qual-
ity perceptions, whereas others may be more sensitive
to product quality perceptions. In this scenario, a firm
could offer different service levels to different operat-
ing segments, e.g., prioritizing service delivery for cus-
tomer groups with higher sensitivity to a given service
dimension. The following discussion focuses on how
to use the proposed strategy to identify relevant oper-
ating segments in the context of the HDTV application.
Step 1: Identification of Meaningful Groups of Cus-
tomers. The main performance metric M available in
the data is the likelihood to recommend the brand.
Let the subscript i index consumers, such that LtRi
denotes consumer i’s likelihood to recommend the
brand. Because the data include the consumers’ per-
ceptions of product quality (PQi) and service quality
(SQi), one can define Qi � (PQi ,SQi) including both
components. The vector Ci reflects customer i’s char-
acteristics, which in the available data corresponds to
demographic characteristics (gender, age, education,
and income). As noted earlier, one can define the group
categories that form part of C arbitrarily (e.g., based
on business use) or through, for example, clustering
techniques. This case illustrates the first approach by
making direct use of the categories for each customer
variable in Table 1. This paper will first consider the
methodology using these categories and then will dis-
cuss how C can be alternatively defined using cluster-
ing techniques. Finally, let Qi × Ci represent the inter-
actions between the quality vector and the consumer

characteristics vector. The first-step regression can be
thus represented as follows:

LtRi � α+Qiβ+Ciγ+ (Qi ×Ci)δ+ εi . (1)

Table 2 displays the results for model specifications
that gradually incorporate the interaction effects. All
models are constructed with 258 observations; boot-
strap standard errors are displayed in parentheses.

The results in Table 2 suggest that gender and in-
come moderate the relative importance of the associ-
ations between product–service quality and the likeli-
hood to recommend the brand. Service quality exhibits
a greater associationwith the likelihood to recommend
the brand for women than for men, and for high-
income customers than for low-income customers.
Conversely, the association between product quality
and likelihood to recommend the brand is higher for
men than it is for women, and for low-income cus-
tomers than for high-income customers. These effects
are present in both the single-variable interactionmod-
els (2 and 5) and the model with the full set of inter-
actions (6 and 8). The models suggest that there are no
important differences according to age and education.

Note that in these models, C is directly obtained
from the customer characteristics, based on the cat-
egories reflected in Table 1. Alternatively, clustering
can be used to define the customer groups that are
part of C, to then interact the clusters with the com-
ponents of Q to analyze which clusters of customers
are more sensitive to product quality and service qual-
ity. A hierarchical clustering analysis led to a parti-
tion of the space of customer characteristics into 10
different clusters that best characterize the customers’
information. The regression analysis in Step 1 was
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Table 2. Step 1 Regression of M on Q, C, and C ×Q

Variables (1) (2) (3) (4) (5) (6) (7) (8)

PQ 0.602∗∗∗ 0.661∗∗∗ 0.540∗∗∗ 0.632∗∗∗ 0.707∗∗∗ 0.642∗∗∗ 0.638∗∗∗ 0.733∗∗∗
(0.064) (0.073) (0.149) (0.119) (0.078) (0.167) (0.064) (0.166)

SQ 0.511∗∗∗ 0.454∗∗∗ 0.483∗∗∗ 0.532∗∗∗ 0.396∗∗∗ 0.434∗∗∗ 0.553∗∗∗ 0.429∗∗∗
(0.059) (0.067) (0.109) (0.108) (0.073) (0.120) (0.058) (0.120)

Woman −0.102 −0.009 −0.101 −0.101 −0.112 −0.027 −0.128 −0.069
(0.153) (0.145) (0.157) (0.155) (0.153) (0.148) (0.149) (0.144)

Age2 −0.340∗ −0.337 −0.310 −0.337 −0.271 −0.244 −0.410∗∗ −0.307
(0.204) (0.198) (0.195) (0.203) (0.202) (0.190) (0.199) (0.185)

Age3 −0.215 −0.220 −0.191 −0.213 −0.130 −0.126 −0.324∗ −0.214
(0.190) (0.185) (0.192) (0.192) (0.187) (0.192) (0.186) (0.183)

College 0.0472 0.0621 0.035 0.0543 0.0315 0.049 0.058 0.069
(0.128) (0.123) (0.124) (0.132) (0.123) (0.130) (0.122) (0.124)

Income_high 0.116 0.130 0.113 0.114 0.103 0.099 0.150 0.118
(0.135) (0.130) (0.135) (0.133) (0.128) (0.128) (0.129) (0.126)

PQ×Woman −0.289∗∗ −0.304∗∗ −0.191
(0.133) (0.143) (0.135)

SQ×Woman 0.261∗∗ 0.281∗∗ 0.230∗
(0.120) (0.130) (0.126)

PQ×Age2 0.044 0.180 0.168
(0.179) (0.165) (0.157)

PQ×Age3 0.098 0.138 0.053
(0.185) (0.171) (0.166)

SQ×Age2 0.069 −0.065 −0.053
(0.144) (0.132) (0.127)

SQ×Age3 0.004 −0.046 0.003
(0.151) (0.137) (0.132)

PQ×College −0.039 0.016 −0.031
(0.141) (0.119) (0.113)

SQ×College −0.036 −0.118 −0.074
(0.127) (0.103) (0.102)

Q× Income_high −0.214∗ −0.247∗∗ −0.261∗∗
(0.125) (0.132) (0.126)

SQ× Income_high 0.260∗∗ 0.303∗∗∗ 0.307∗∗∗
(0.111) (0.112) (0.106)

PQ×SQ 0.057∗∗∗ 0.0558∗∗∗
(0.020) (0.018)

Constant 5.206∗∗∗ 5.198∗∗∗ 5.193∗∗∗ 5.196∗∗∗ 5.143∗∗∗ 5.133∗∗∗ 5.118∗∗∗ 5.031∗∗∗
(0.192) (0.190) (0.192) (0.199) (0.190) (0.197) (0.197) (0.197)

Adj. R-squared 0.804 0.810 0.802 0.803 0.812 0.818 0.814 0.825
∗, ∗∗, and ∗∗∗ indicate significance at the 0.1, 0.05, and 0.01 confidence levels, respectively.

based on these 10 groups instead of based on prede-
fined categories, i.e., customer demographic variables
(gender, age, income, education) were replaced by nine
dummy variables based on the categories obtained
from the clustering analysis, and the interaction terms
were adjusted in Equation (1) accordingly. Using a
group of men with low income as a reference category,
similar results to the core regression analysis were
obtained (see the online appendix for details). Indeed,
the only significant interactions were related to a group
of women (coveringmost income categories, except the
“Less than $25,000 annual income” category), show-
ing predominantly a gender effect. This illustrates how
clustering techniques can be used in the context of
defining meaningful groups of customers, leading to
similar conclusions in this case.

As a result of Step 1, two groups of customers were
identified as more sensitive to services than the rest of
the population: women and high-income customers.

Step 2: Definition of Operating Segments. The results
in Step 1 indicate that meaningful customer groups in
the application can be defined by gender and income
attributes. Indeed, this categorization could lead to as
many as four relevant groups: CL1 , . . . ,CL4. For sim-
plicity, and as a result of sample size limitations, this
section will use a two-group segmentation, i.e., either
(i) women versus men, or (ii) low income versus high
income as the meaningful customer groups. The goal
is to identify the service attributes that are considered
more relevant for each of these customer groups. As
noted, the survey included several questions related to
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Table 3. Stepwise Regression Selection of Most Important Service Attributes

Call center In-home repair

Men —Deliver what they promise in regards to your product
issues

—Knowledgeable about your product issues
—Committed to resolving your product issues
—You only have to explain your product issues one time
—Take no longer than three minutes to initially answer your

call

—Committed to resolving your product issues
—Actively listen to you when you are describing your product

issues
—Deliver what they promise in regards to your product issues

Women —Able to resolve your product issues
—Discuss your issues in a clear and direct manner so that

you can easily understand

—Committed to resolving your product issues

Low income —Able to effectively resolve your issues during the first
phone call

—Actively listen to you when you are describing your product
issues

—Deliver what they promise in regards to your product issues
High income —Committed to resolving your product issues

—You only have to explain your product issues one time
—Clearly explain why the product failed and how they will be

fixing it

customer evaluation of specific aspects of the service,
both for the call center and in-home repair services.
They define the set of available service attributes, P in
this application. Stepwise regressionwas used to deter-
mine which attributes were most relevant in explain-
ing the overall quality perception of the company’s call
center service and in-home repair service quality. The
results are summarized in Table 3.
When comparing men and women, for example,

the stepwise regression procedure revealed that the
two most important service attributes for women
were being “able to resolve your product issues” and
the ability of the call center representatives to “dis-
cuss issues in a clear and direct manner so that you
can easily understand.” For men, on the other hand,
these attributes were not among the most important
attributes. The set for men included attributes such as
“deliver what they promise in regard to your prod-
uct issues,” “you only have to explain your product
issues one time,” and “take no longer than three min-
utes to initially answer your call.” Although both seg-
ments certainly care about getting their issues resolved
when they interact with the company’s call center,
there are some meaningful differences in the value
each group places on particular service attributes, e.g.,
with women giving higher value to understanding
product issues in a clearmanner andmen placingmore
value on attributes such as rapid service time.

As an outcome of this two-step process, the set
of operating segments {(CLk ,Pk)}k: 1,...,k′ is obtained as
reflected in Table 3. Section 6 discusses the link with
the operational policies that need to be defined to serve
multiple operating segments.

6. Managerial Implications
As noted in Figure 1, defining operating segments
leads to defining operational policies for the deliv-
ery of differentiated services. More precisely, given

the definition of the collection of operating segments
{(CLk ,Pk)}k: 1,...,k′ , a hierarchy of operational decisions
is reflected in specific policies sk for delivering ser-
vices for each operating segment (each of the elements
in the “How” box in Figure 1). In particular, a firm
should make decisions about the service metrics and
target levels which are used to serve each operating
segment. The resource planwill determine the capacity
and capabilities of the resources that are to be deployed
to support these service targets. The control policy will
define the mechanism to determine how to deliver the
differentiated service. Performance evaluation refers
to the evaluation of the service delivery performance.
Finally, a firm should consider the question of whether
to adopt a service differentiation strategy in a way that
is consistent with its overall competitive strategy and
long-termplanning goals. The interrelationship among
these operational decisions makes the overall problem
very difficult to solve. This section deconstructs this
hierarchy through a collection of submodels that can
be used to optimize the specific set of operational deci-
sions, i.e., each element of the “How” box in Figure 1
will be discussed separately. For the purpose of illus-
tration, the application to HDTVs and to the call center
unit in particular is referenced when useful.

6.1. Service Targets
By definition, having multiple operating segments re-
quires different priorities for various sets of service
metrics. Moreover, defining appropriate service targets
for each metric is the mechanism that firms can use for
imposing these priorities as a part of their service deliv-
ery strategy. Some of the key issues to consider for this
purpose include the range of targets for each metric,
the endogeneity of market demand in reaction to the
offered service targets, and the sensitivity of other steps
in the decision hierarchy to the specified targets, as
discussed next. For the sake of illustrating how to use
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Table 4. Differentiated Service Metrics and Targets

Main operational Operations decisions
Segment service metric Personnel capabilities and targets

1 First-time resolution rate (FTR) Empathetic, good communicator—i.e., “able to discuss
your issues in a clear and direct manner so that you can
easily understand”

FTR > 0.95
Prob(THT< 10 minutes)> 0.70
N1 � 10
Routing rule� FQR

2 Total handling time (THT) Deep product focus, i.e., “deliver what they promise with
regards to product+knowledgeable about
product+ committed to resolving product issues”

FTR > 0.85
Prob (THT< 10minutes)> 0.95
N2 � 10
Routing rule� FCFS

existing models in the literature, an existing submodel
formulation, which has been adapted to this case of a
call center for after-sales services, is introduced.
Motivated by the results in Table 3, measurable

segment-specific service metrics for the different
groups can be defined. For illustration, consider the
first-time resolution rate (FTR) and total handling time
(THT) as the operationalmetrics in a two-segment case.
Table 4 considers a potential realization for this case.

The relative values for the target levels for each
segment-metric combination (Table 4) could be based
on industry standards and an understanding of the
strategic importance of each segment to the business.
Alternatively, these targets and decisions could be
generated as solutions to particular submodel opti-
mization problems. Several papers have specifically
modeled the decision of setting appropriate service
targets for different customer segments. This paper
notes that the single-metric case (i.e., differentiation
based on resource availability levels exclusively) is pos-
sibly the approach most commonly encountered in
the operations literature. For example, Gurvich et al.
(2008) adopts different versions of this idea, consider-
ing a service-level constraint in which the probability
that the waiting time Wk exceeds a certain threshold
Tk for customer class k is bounded by class-specific
service levels αk—i.e., (P{Wk > Tk} ≤ αk). Relatedly,
Cohen et al. (2006b) report on Cisco’s after-sales service
support strategy, which offers its customers service-
level agreements with different service standards for
response time for support (i.e., ranging from several
hours to several business days).
To further illustrate how marketing and operations

factors interact through the market response to the ser-
vice targets, an adaptation of the model formulated in
Ho and Zheng (2004) to the HDTV case can be con-
sidered. Ho and Zheng (2004) use the gap model of
service quality from marketing to select service perfor-
mance targets in a service queueing setting where the
demand rate is endogenously determined and capac-
ity is fixed. The objective function is to maximize the
demand rate λ, which is obtained based on an equi-
librium condition as a function of the total market

demand Λ, the firm’s market share S, and consumer’s
utility U, as λ �Λ · S(U). Because a consumer’s utility
depends on the service attributes, the market share of a
particular firm i is a function of the values of its service
targets relative to the values for service offered by all
of its (m) competitors: Si � eUi/(∑m

j�1 eUi ). Consumer’s
utility U depends on the FTR rate and the THT;
i.e., U(FTR,LTH) � β0 + β1 FTR+β2 THT. The stepwise
regressions described in Section 5 could inform the rel-
ative values for the coefficients βi . The decisions are to
set target levels for FTR and LTH for each segment for
the customer call center. FTR is a property of the classes
of servers that could be assigned to each segment; if T
is the customer wait time and 1/µ is the expected ser-
vice time for the service call, then THT�T+1/µ. Thus,
THT is endogenously determined through the selec-
tion of a target level, which in turn impacts the demand
rate. Let

�[FTR,THT, λ]
�ΛS[U(FTR,THT), F(FTR,THT, λ)], (2)

which can be interpreted as “tomorrow’s demand rate”
given “today’s demand rate.” Market equilibrium is
reached when tomorrow’s demand rate is the same
as today’s rate, and the decision problem can thus be
stated as maximizing λ subject to λ ��[FTR,THT, λ].
Ho and Zheng (2004) discuss conditions required for
a unique equilibrium and extend the model to a case
where there is competition among firms. One key
attribute of this formulation is the ability to illustrate
explicitly how the market responds to service targets
(i.e., market shares and the level of demand for the
service). This model, however, assumes that capac-
ity is fixed. These capacity decisions are dealt within
a different submodel in the current framework, dis-
cussed next.

6.2. Process Resource Plan
The definition of a resource plan involves several oper-
ational decisions. Perhaps the most relevant is that of
service capacity management. Thus, Table 4 indicates
the number of servers assigned to each group (i.e.,
N1 and N2). This step also defines the capability of
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the resources (e.g., agents) involved in the provision
of the required services. Some servers may have flexi-
ble capabilities, i.e., the ability to serve more than one
operational segment. Other servers may only be able
to serve a particular segment. As noted previously,
servers could also be characterized by their capabil-
ity to deliver a level of FTR, which could be based on
their past performance or training. Server capability,
therefore, is a direct consequence of staff management
decisions, e.g., training and hiring.
The resource plan allows the firm to operationalize

its service delivery processes. Some key issues for this
step include the trade-offs and constraints associated
with meeting multiple service targets for multiple seg-
ments, the integration of resource planning with more
detailed control decisions concerning customer priori-
tization, and the workforce scheduling of resources in
a manner that meets the service targets for each seg-
ment. Awide range of models in the literature focus on
optimizing capacity levelswhen facingmultiple classes
of customers. Such models take the demand rate as
an input and generate capacity decisions as an output.
Most of these studies use a single service metric with
segment-specific service levels and jointly determine
staffing capacity along with the real-time control rule,
which allocates servers to arriving customers (Gurvich
et al. 2008, 2010; Gurvich and Whitt 2010, Mehrotra
et al. 2012). Such control rules define the mechanisms
for matching each arriving customer to a particular
queue staffed by those servers capable of meeting the
requirements of the customer’s particular segment. For
example, Armony and Ward (2010) formulate an opti-
mization problem for a call center with heterogeneous
agent pools, in which each agent has a different speed
of service. The optimization problem is formulated
with the goal of minimizing customer wait time.

As noted earlier, the firm could decide to forego
flexibility, dedicate capacity to each segment, and use
these servers exclusively for customers within each
group. This is analogous to what airlines do when they
provide different call center contact numbers to dif-
ferent priority classes of customers (gold versus sil-
ver). An alternative model would be the use of one
class of servers for all service interactions and ensuring
that the service providers have capabilities sufficient to
meet the needs of all segments, (i.e., a flexible capacity
option). This approachwould leverage scale economies
through risk pooling.

The definition of service targets, along with the
capacity decisions, leads to definition of the capabili-
ties and training requirements for the call center per-
sonnel who would be used to interact with each cus-
tomer segment.

6.3. Process Control Policy
The control problem involves defining service priori-
ties and using control mechanisms to determine the

real-time routing of arriving customers through the
service delivery process. There are multiple aspects to
solving this problem, such as the use of service pri-
ority rules based on attributes of the servers and/or
the segment, as well as rationing mechanisms based
on the realized state of the system. There is extensive
literature concerned with the definition and selection
of such control policies for stochastic service systems.
Such routing rules define the pool of servers to which
an arriving customer is assigned, and the admission
to service from a queue to a pool of servers follow-
ing the completion of a service. Issues that have been
considered in this literature include consideration of
attributes of the routing rule. A common assumption
is to restrict attention to fixed control policies whose
rules do not depend on the state of the system and do
not evolve dynamically. Rationing introduces control
policies that are state dependent, i.e., where priority-
based allocations may only be invoked, for example,
when the system is heavily loaded and FCFS is used
otherwise. Alternative priority rules exist; e.g., Gurvich
and Whitt (2010) use the fixed-queue-ratio (FQR) rule,
which assigns a customer waiting in the queue to an
available server based on the realized wait times of the
customers, according to the longest observed idle time
of the servers. (Table 4 indicates how routing rules are
assigned to each group in the current example.)

A recent stream of literature in this area has devel-
oped solutions to jointly solve the staffing and control
problems. Gurvich et al. (2010) consider a call cen-
ter model with multiple customer classes and agent
types operating under quality–service constraints and
demand rate uncertainty. Figure 2 represents a simpli-
fied visualization of their model, adapted to illustrate
how resource and control decisions can be jointly con-
sidered. For the sake of illustration, it is assumed that
the values for λ1 and λ2 have been determined (as a
result of solving the model for setting service targets
for each segment) and that there are two classes of

Figure 2. A Two-Class, Two-Pool Call Center Network
�1

�1

�2

N1 N2

�2
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call center servers: one with the capabilities denoted
in Table 4 for both segments and one with capabilities
limited to the requirements for only one segment. The
decisions are to determine the number of servers of
each type to be assigned to the call center along with
a routing rule that specifies (i) which server should be
assigned to an arriving customer, if there are multiple
agents available and capable of serving that customer,
and (ii) which customer should be assigned to a newly
available server, given that there are customers waiting
in the queues that this agent can serve. Thetas repre-
sent abandonment rates of the two operating segments.
In Gurvich et al. (2010), a general version of this

problem is solved with the objective of minimizing
the total cost of employing servers required to sat-
isfy a quality of service constraint. In particular, the
model selects the segment-specific upper bound on
THT, determined in the solution to the submodel for
setting service targets, as well as the routing policy
from a class of admissible routing rules. The decisions
are N1 and N2 (number of servers) and the choice of a
routing rule. As noted earlier, this satisfies the second
performance metric, FTR, by selection of an appropri-
ate class of agents who could be used for each segment.
The introduction of multiple classes of agents and

customers provides an opportunity for the firm to
adopt a rationing mechanism for allocating customers
to servers on a real-time basis. In this case, the allo-
cation mechanism would be a function of the state of
the system, i.e., restricting particular agents to specific
segments for which they are uniquely qualified when
the system is heavily loaded, and otherwise all agents
will be available to all customers on an FCFS basis.
A related example is Deshpande et al. (2003), who
introduce a threshold inventory rationing model for
delivering differentiated service to multiple customer
classes. This model was developed for the allocation
of inventory to support maintenance and repair. As
noted in that model, it is possible to maintain priori-
ties by using separate inventory stockpiles dedicated
to each customer segment (analogous to no flexibil-
ity for the servers in the current example). Doing so
introduces a cost, because of the loss of the benefit of
pooling. An alternative is to use a common stockpile
for all customer classes, which maintains the pooling
advantage but leads to inappropriate priorities, e.g., if
one sets the service level by rounding up the target to
the level associated with the highest-priority customer
class. The trade-offs introduced in this model further
illustrate the operational control decisions for service
delivery.

6.4. Performance Evaluation
As noted in the extensive SERVQUAL literature
(Zeithaml et al. 1996), to evaluate service performance,
customers’ perceptions can be contrasted to expecta-
tions, and the gap between both can be used tomonitor

service quality. For example, for a given service metric,
one can calculate the ratio of theperceptions score to the
expectations score to evaluate whether the company is
exceeding customers’ expectations.

A similar approach was used in the application with
the HDTV OEM, measuring the ratio of perceptions
to expectations to monitor service KPIs such as the
ones in Table 3. Indeed, based on this study, the com-
pany was motivated to use customer-centric service
KPIs, in addition to the efficiency KPIs traditionally
used in this industry. To do so, a survey similar to the
one in the online appendix, but focusing on expecta-
tions regarding what an excellent company would do,
was implemented to get a score for the expectations
of customers regarding each service metric. The scores
from the expectations survey can be combinedwith the
scores from the perceptions survey (e.g., using aver-
ages) to obtain the KPI ratios. Figure 3 displays the
results obtained for the subset of metrics that were
found to be most relevant for each segment in Table 3,
for the case of the company’s call center.

As shown, the company was exceeding expectations
in some cases (e.g., response times for the men’s seg-
ment) but was also below expectations for some met-
rics (e.g., FTR rate for the low-income segment). More
importantly, this example illustrates how the proposed
KPIs can be used to track service performance for the
metrics of relevance for each operating segment specif-
ically, as opposed to an overall (undifferentiated) per-
formance evaluation that would usually be the norm
when a company does not use service differentiation.
Tracking service KPIs at the segment level allows com-
panies to more easily identify improvement opportu-
nities that may be specific for each segment, and it
provides yet another illustration of how the use of
operating segments can change operational decisions
and metrics under differentiation.

6.5. Service Differentiation Decision
All of the steps introduced by this framework answer
the question of how a firm should differentiate its
services. From this input, a firm should ultimately
evaluate the costs and benefits brought by service
differentiation, then contrast them with the costs and
benefits of providing a single service. In other words,
a firm should ultimately consider the question of
whether to offer differentiated services. This decision
could be based on an evaluation of the predicted
costs and service performance under each scenario, i.e.,
differentiated or not, possibly based on the resource
planning models discussed earlier or through a simu-
lation study.

As noted earlier, the OM literature has recently con-
sidered this question in different ways, such as, e.g., in
the context of queueing models (Sainathan 2015). As
detailed in Section 2, there is a growing OM literature
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Figure 3. Service KPIs� Perceptions/Expectations
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contrasting pooling and dedicated services. As extrap-
olated from this paper, an overall answer for the ques-
tion involves a number of complexities. For example,
arriving at an “optimal” solution for the differentiated
services scheme is in itself a difficult task because of the
nature of the interactions between the decisions in dif-
ferent steps. This discussion of the various submodels
illustrates some of the most important trade-offs.

7. Limitations and Extensions
It is important to note that theHDTV application in this
paper ignores the consideration of the impact of com-
petition by firms providing similar services to the mar-
ket. The attribute map introduced by Frei and Morriss
(2012) addresses this issue by combining an operat-
ing segment with an assessment of the relative perfor-
mance for each attribute, by the firm, when compared
to the performance in those same attributes by compet-
ing firms. The attribute map is illustrated in Figure 4,
where the vertical axis can correspond to the defini-
tion of an operating segment for a particular group of
customers.
Attribute maps suggest that when delivering ser-

vices, firms will be more competitive for some attri-
butes than for others. If the map exhibits the shape in
Figure 4 (i.e., increasing), the firm is most successful in
those attributes to which it attaches a higher priority.
A key observation made by Frei and Morriss is that an

effective service strategy requires a firm to accept that
it is not strategic to be good at everything. Data on the
relative performance of a firm with respect to its com-
petitors would be needed to draw the attribute map,
which can be used as an evaluation tool for a suggested
service strategy.

The definition of operating segments does not need
to be constrained to the use of customer demograph-
ics data. Indeed, the case study illustrated the notion
of operating segments using demographic data (e.g.,
men versus women, low-income versus high-income
customers), given that this information was all that
was available to characterize a customer. This is a

Figure 4. The Attribute Map
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limitation of the analysis and in no way the specific
results obtained in the application to HDTVs should be
taken as general guidance for defining operating seg-
ments in other settings; rather, the application serves
the purpose of illustrating how the general method-
ology can be applied. Relatedly, although the use of
demographic variables have some appealing features
(they are easy to collect and can make the operational-
ization of the policies simple), enriching the charac-
terization of a customer (e.g., by measuring actual
behavior, as opposed to preferences responses to sur-
vey instruments) would make possible refined defi-
nitions of operating segments, possibly leading to a
better characterization of service needs in contrast to
a definition based solely on customer demographics.
More generally, and considering that the main distinc-
tion behind operating segments is the heterogeneous
service priorities and operational requirements inher-
ent in optimally serving different groups of consumers,
much more refined definitions of operating segments
than the one used in this application are possible.
Although themethodology proposed in this paper is

in principle very general, additional considerations can
be useful when dealing with high-dimensional data.
For example, if the space of possible service attributes
becomes very large, additional tools from machine
learning can be incorporated in the definition of oper-
ating segments. Indeed, machine learning research has
been concerned with the problem of feature selection
in high-dimensional spaces for a long time (see Blum
and Langley 1997), and a wide range of tools includ-
ing cross-validation, methods based on regularization
parameters, anddimensionality reductionmethodshas
been developed and can be easily incorporated into
the current proposed empirical framework when the
dimensionality of thedata grows (seeHastie et al. 2009).
For example, LASSO (Tibshirani 1996) could be used to
perform variable selection using principles from regu-
larization.

Finally, there are a variety of implications of this
framework for research in the service operations field.
These implications include addressing model formu-
lations and solution algorithms to better capture the
interactions between the various decisions denoted
in the framework. Empirical research could be con-
ducted to test and evaluate hypotheses derived from
the framework in different industry settings, e.g., to
explore the differences between firms that do adopt
a differentiation strategy and those that do not. The
availability of richer data on the benefits achieved by
service differentiation (beyond the likelihood to recom-
mend the brand, which was the only performance
metric available in the current application) and the
costs (unavailable in the case of the HDTV application)
should also facilitate further empirical examination of
the involved trade-offs.

8. Conclusions
This paper proposed a conceptual framework for ser-
vice differentiation, highlighting in particular the role
of operating segments in defining an overall service
differentiation strategy. It presented a general method-
ology to identify operating segments and showed
an application in the context of a consumer elec-
tronics OEM to illustrate how the methodology can
be used in practice. It also discussed the manage-
rial implications associated with implementing opera-
tional policies required to support a service differen-
tiation strategy. This discussion also expounded upon
how existing models and methods can be applied to
support the adoption of the framework.

Regarding the application of the framework in the
context of after-sales services for product–service bun-
dles, the proposed approach is contrary to current
practice at the OEM, where, for example, only one type
of call center employee is hired and trained, consistent
with their current nondifferentiated service approach.
Their practice, in particular, was to use KPIs that are
not differentiated by segments and to deliver service
by common resources on an FCFS basis. It is quite
common for companies to offer such nondifferenti-
ated services; thus, there is a significant opportunity to
improve practice based on the segment differentiation
concepts suggested by the results.

Thediscussion inSection6 included someof themain
drivers of the costs and benefits of a service differen-
tiation strategy. In practice, those costs include issues
such as fairness, brand weakening, and increased com-
plexity.Althoughultimately these issueswill be context
specific, the proposed framework andmethodology for
identifying operating segments provide valuable con-
ceptual guidance for firms interested in implementing
such a differentiation strategy. Finally, it is the hope
of the authors that this paper could be a step toward
focusing the operations community on the important
problemofmanagingdifferentiation in service settings,
a domain in which differentiation strategies have not
been sufficiently studied.
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