
Chapter 3
Innovation and New Products Research:
A State-of-the-Art Review, Models
for Managerial Decision Making,
and Future Research Directions

Tingting Fan, Peter N. Golder and Donald R. Lehmann

3.1 Introduction

Innovation is the lifeblood of economies. It spawns new firms, revitalizes estab-
lished organizations, enriches entrepreneurs, builds professional reputations, and
raises living standards throughout the world. Over the years, innovation has
received considerable attention in the marketing literature, which is not surprising
given its importance to both companies and consumers.

Our purpose in writing this chapter is threefold. First, we provide a literature
review of major papers in the field of new products research. We organize our
review into four tables, one for each of the four stages of the new product devel-
opment process, and then by topic within each of these stages. Moreover, we
provide a short summary of each paper in the tables. These tables and short sum-
maries provide an overview of research and findings in the field, plus direct readers
to papers particularly suited to their interests. Second, we highlight specific models
within each stage of the new product development process. These models are useful
for marketing researchers and managers tackling challenges in the new products
domain. Third, after reviewing the literature, we suggest numerous general research
directions as well as specific research questions to guide future investigations in this
area. We believe this will be particularly useful to those new to the field of new
products research, especially those interested in applying quantitative models (e.g.,
business school Ph.D. students, consultants, practitioners).
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Several researchers have previously documented the innovation subfield of the
marketing discipline.1 In addition to this chapter, we refer interested readers to
chapters by Lehmann and Golder (2014) and Rao (2014), prior journal articles by
Hauser et al. (2006) and Peres et al. (2010), and the entire Handbook of Research on
New Product Development (Golder and Mitra 2017). Next, we briefly summarize
these writings, and then provide the motivation and positioning of our chapter.

Lehmann and Golder (2014) wrote their chapter on new products research for
the History of Marketing Science. In it, they organize important new products
research beginning in the 1960s going through the 2010s. They find that research is
limited on the topics of opportunity identification and concept generation. However,
they find that researchers have paid greater attention to design and development
(particularly conjoint analysis), sales forecasting, and some aspects of strategy (e.g.,
competitive response, order of entry).

Rao (2014) provides a focused, comprehensive review of conjoint analysis, in
contrast with other authors who discuss conjoint analysis as part of the broader new
products literature. Rao’s (2014) chapter updates earlier reviews by Wittink and
Cattin (1989), Green and Srinivasan (1990), and Wittink et al. (1994).

Hauser et al. (2006) organize research on innovation into five fields of inquiry:
(i) consumer response to innovation (e.g., consumer innovativeness, new product
growth models, network externalities), (ii) organizational impact (e.g., contextual
drivers, adoption of new methods), (iii) market entry strategies (e.g., technological
evolution, portfolio management), (iv) prescriptive techniques for product devel-
opment (e.g., fuzzy front end, design tools), and (v) outcomes from innovation
(e.g., market rewards, defending against new entrants, internal rewards for
innovation).

Peres et al. (2010) review research on innovation diffusion. Building on prior
reviews (e.g., Mahajan et al. 1995), they incorporate more recent research on
interpersonal influence, network externalities, and social signals. Their review
covers within-market effects, cross-market effects, and cross-country effects for all
social influences, not just word of mouth.

The Handbook of Research on New Product Development (Golder and Mitra
2017) contains 19 chapters that provide depth on specific aspects of new product
development and innovation. These chapters describe the frontiers of new products
research as well as offer numerous insights for extending these frontiers of our
knowledge base.

Empirical findings across a range of new products research studies can be found
in Empirical Generalizations about Marketing Impact (Hanssens 2015). Topics in
this book of interest to new products researchers include customer satisfaction and
product reviews, objective and perceived quality, order of entry, sales diffusion and
social influence, product innovation, and competitive reaction.

1The Journal of Product Innovation Management is also a valuable repository of new products
research.
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Our chapter for this handbook provides a unique perspective on innovation and
new products research. In contrast with earlier works, we organize our review by the
major stages of the new product development process: (i) opportunity identification,
(ii) product design and development, (iii) sales forecasting, and (iv) commercial-
ization. Our review is more comprehensive than Lehmann and Golder (2014) since
their purpose was to provide exemplars of research themes illustrating the historical
evolution of the field. One aspect of innovation covered in Lehmann and Golder
(2014) that we do not cover is how to value innovations. Most importantly, we focus
on models useful for managerial decision-making in various innovation and product
development contexts. Therefore, we provide details of several models so that
managers and researchers can better understand how these models could be used and
the insights that can be generated for informing their decision making.

Overall, our chapter has three overriding objectives: (i) to organize the vast
marketing literature on innovation and new products according to the four stages of
the new product development process, (ii) to provide detailed discussions of
decision-making models useful for each stage of the new product development
process, and (iii) to identify the most promising opportunities for future research in
each of these stages. Next, we discuss research categorized into the four stages of
the new product development process. Within each of these stages, we elaborate on
key models. We conclude with our agenda for future research.

3.2 Organizing Research on Innovation and New Products

The new product development process can be broken down into four stages:
(i) opportunity identification, (ii) product design and development, (iii) sales
forecasting, and (iv) commercialization. The first stage subsumes idea generation
and idea screening, which are sometimes treated as separate stages. The final stage,
commercialization, includes some research on post-commercialization activities but
does not attempt to cover the vast literature on the product management of mature
products.

3.2.1 Opportunity Identification

Current research on opportunity identification focuses on three areas: (i) opportu-
nities identified by investigating lead users, (ii) opportunities identified by using
online platforms, and (iii) opportunities identified through innovation templates (see
Table 3.1). Research on lead users began in the 1980s and is largely associated with
the work of Eric von Hippel. Lead users are consumers who have needs ahead of
the general market and also create make-shift solutions for those needs. When firms
can identify lead users, they benefit in two ways. First, they become aware of unmet
needs that exist in the marketplace. These needs are important enough that
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Table 3.1 Opportunity identification

Topics Literature Summary

Opportunity identified
from lead users

Von Hippel
(1986)

Lead users are “users whose present strong
needs will become general in a marketplace
months or years in the future”. Lead users can
help companies forecast emerging needs,
provide new product concepts, and expedite
new product development.

Urban and
Von Hippel
(1988)

Apply the lead user methodology in the
development of a new industrial product (i.e.,
computer-aided systems for the design of
printed circuit boards (PC-CAD)). The authors
demonstrate that lead users provide useful data
and people prefer the new product concepts
generated from lead users.

Lilien et al.
(2002)

Test the effect of lead users in a natural
experiment conducted in the 3M Company. The
authors found that the forecast annual sales of
lead user projects are more than eight times
higher than those for the traditional projects and
that divisions funding lead user projects
generated their highest rate of major product
lines in the past 50 years.

Opportunity identified
from online platforms

Urban and
Hauser (2004)

The authors develop a method which “listens
in” to conversations between customers and
web-based virtual advisers and demonstrates its
value to identify valuable opportunities.

Bayus (2013) New product ideas can come from
crowdsourcing communities where a dispersed
crowd of consumers generates ideas. They
found that serial ideators are more likely than
consumers with a single idea to generate
valuable ideas, but they are unlikely to repeat
their early success once their ideas are
implemented.

Stephen et al.
(2015)

When new product ideas come from consumers
through online platforms, higher
clustering/interconnectivity among consumers
generate less innovative ideas because ideas
from clustered consumers are more likely to be
similar or redundant.

Luo and
Toubia (2015)

On online idea generation platforms,
high-knowledge consumers generate better
ideas when they are exposed to abstract cues
such as problem decomposition, while
low-knowledge consumers generate better ideas
when they see concrete cues such as other
consumers’ ideas.

(continued)
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Table 3.1 (continued)

Topics Literature Summary

Opportunity identified
from innovation templates

Goldenberg
et al. (1999)

Identify five “innovation templates” that most
successful new products fit into. These
templates are based on product attributes:
inclusion, exclusion, linking, unlinking, joining,
and splitting.

Goldenberg
et al. (2001)

New product success can be predicted by
inspecting the new product idea
(innovation templates) and the circumstances of
its emergence (protocol). In particular,
successful products tend to conform to one of
the templates and solve customer problems.
New products that are developed only by the
inventor or mimicking popular trends are likely
to fail.

Goldenberg
et al. (2003)

Apply the “innovation templates” on new
products (e.g., DVD player—subtraction,
Gillette double-bladed razor—multiplication,
Caesarea Creation Industries’ rug for children’s
rooms—division, defrosting filament in an
automobile windshield with enhanced radio
reception—task unification, Elgo’s indoor
sprinkler kit—attribute dependency change).

Boyd and
Goldenberg
(2013)

Successful applications of the new product
templates are discussed.

Opportunities identified
from other ways

Chandy and
Tellis (1998)

How willingness to cannibalize prior
investments may be more important than firm
size as a driver of radical product innovation.

Moorman and
Miner (1997)

Greater organizational memory dispersion
increases new product creativity and
performance.

Ofek and
Sarvary
(2003)

How leaders and followers will invest in R&D
versus advertising with next-generation
technology products. They find that firm
investments depend on whether current
leadership is based on R&D competence or
reputation.

Kornish and
Ulrich (2011)

Parallel search is a common approach to
innovation. Firms identify a large number of
opportunities and then select some to develop,
with only a few successful cases. The authors
develop a method to extrapolate unique ideas
from a lot of redundant ideas.

Burroughs
et al. (2011)

Firms can enhance creativity by leveraging the
monetary reward program and a creative
training program in combination.
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consumers actively generate their own solutions. Second, potential new product
ideas are generated through lead users’ solutions. While often these rudimentary
solutions are not firms’ final solutions, they can be very useful in contributing to
firms’ attempts to develop products for a broad market. Research has identified
many successful market applications of the lead user concept.

Another area of research on opportunity identification to emerge was the
development and application of innovation templates. This research stream offered
a structured approach to what might otherwise be an undefined process with ran-
dom outcomes. For example, by identifying five templates of innovation that most
successful products belong to, Goldenberg et al. (2001) show how future new
products can be identified and refined more easily.

A third and more recent area of research on opportunity identification is the use
of online platforms such as Dell’s Idea Storm (Bayus 2013). This research tends to
investigate how the structure and process of online communities contribute to or
detract from opportunity identification and idea generation. Unlike the previous two
areas of research, we need better documentation of the marketplace success of new
products generated through online platforms.

3.2.1.1 Modeling Opportunity Identification

The most common goal in this research area is to predict the success of new product
ideas. Here, researchers have usefully employed logit models (e.g., Bayus 2013;
Goldenberg et al. 2001). For example, Bayus (2013) used an individual-effects logit
model where the dependent variable ðyitÞ is a binary variable that indicates whether
ideator i proposes an idea that is eventually implemented (1 for yes and 0
otherwise).

Pr yit =1ð Þ=Λðαi + βxit + γziÞ, ð3:1Þ

where Λ is a logit model Λ wð Þ= ew ̸ð1+ ewÞ. The independent variables (xit and zi)
include the past success of this ideator in generating implemented ideas, the
diversity of this ideator’s past comments, and control variables such as the ideator’s
demographic information.

In addition to predicting the success of an idea, researchers are also interested in
the number of ideas generated by an ideator. One model used in this context is the
Poisson model. For example, Bayus (2013) uses an individual-effect Poisson model
where the dependent variable ðyitÞ is the number of ideas generated by ideator
i. This count variable takes on positive integer values, which are assumed to follow
the Poisson distribution. The model is specified as follows.

Pr yitð Þ= λyit e− λ ̸yit! ð3:2Þ

where λ is an empirically-estimated parameter.
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3.2.2 Product Design and Development

Once firms have identified potential opportunities, generated new product ideas,
and screened those ideas for the most promising alternatives, firms need to move
these ideas into product design and development. Unlike opportunity identification,
product design and development has a rich and reasonably large literature in
marketing (see Table 3.2 for an overview organized by topic). Much of this liter-
ature is due to one model-based area of research: conjoint analysis. Over several
decades, many researchers have made important contributions to this literature,
which in turn has had a substantial impact on management practice. Conjoint
analysis may be the most impactful method developed in marketing research and it
almost certainly is such within the area of innovation and new products research.
Rao (2014) provides a focused, comprehensive review of conjoint analysis, which
updates earlier reviews by Wittink and Cattin (1989), Green and Srinivasan (1990),
Wittink et al. (1994), and Rao (2008).

One of the key challenges in conducting conjoint analysis research is that so
many product variants exist in multi-attribute product space. As a result, much of the
research in conjoint analysis has dealt with methodological and practical approaches
by asking consumers about a subset of alternatives while still being able to
estimate their preferences across the multi-attribute space.

Besides conjoint analysis, researchers have proposed other approaches for
incorporating customers’ preferences into product design and development. These
approaches include quality function deployment (QFD) (Hauser and Clausing
1988) and voice of the customer (VOC) (Griffin and Hauser 1993). More recently,
the idea of heterogeneous design or product morphing has been proposed as a way
to take advantage of flexible production in order to better satisfy consumers’
specific preferences.

3.2.2.1 Models for Product Design

Homogeneous Product Design. Traditional models of product design often use
McFadden’s (1974) random utility model of consumer choice where all consumers
have the same value for attributes. Specifically, the utility usj for alternative j in
choice set s is

usj = x
0
sjβ+ εsj, ð3:3Þ

where xsj is a vector of the attribute levels and β captures the corresponding weights
(or part-worths) consumers have for each attribute level. β s are homogeneous
across consumers and therefore assume that the product design is the same for all
consumers. εsj is an error term following an extreme value distribution. The
maximization of consumer utility generates the probability that alternative j is
chosen from choice set s:
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Table 3.2 Product design and development

Topics Literature Summary

Concept and measurement Homburg et al.
(2015)

Product design is measured along three
dimensions: aesthetics, functionality, and
symbolism. Product design has positive
influence on consumer willingness to pay,
purchase intention, and word of mouth.

Technology evolution Fisher and Pry
(1971)

Technological evolution follows an
S-shape path.

Sood and Tellis
(2005)

The authors challenge the traditional
S-shaped technological evolution and
found that technological evolution follows
a step function with sharp improvements
in performance following long periods of
no improvement.

Golder et al.
(2009)

Examine 29 radical innovations from
initial concept to mass-market
commercialization and report findings on
when (duration times), by whom (product
development leaders), and how
(technology borrowing) radical
innovations are developed.

Successful product designs Landwehr et al.
(2011)

Prototypical but complex car designs are
more preferred and generate more sales
than unusual and complex designs.

Koukova et al.
(2012)

The design of multi-format digital
products depends on usage situation.
Consumers prefer complementary formats
because they can use the multi-format
product in different usage situations.

Landwehr et al.
(2013)

The influence of a product design on
product liking depends on the different
stages of exposure. Typical design is
preferred at lower exposure levels, while
atypical design is preferred at higher
exposure levels. In the long run atypical
designs are more likely to succeed.

Ma et al. (2015) Consumers are more likely to adopt a
really new innovation as a detachable
peripheral component than integrate
it into the base product.

New product planning Cooper (1990,
1994)

Stage-gate method which consists of
concept development, design, testing, and
launch.

Ding and
Eliashberg
(2002)

Investigate how to structure the new
product development pipeline by selecting
the appropriate number of projects to fund
at each stage in order to have a successful
product emerge in the end.

(continued)
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Table 3.2 (continued)

Topics Literature Summary

Griffin (1997) Ways to increase the speed and improve
the chances of success in moving through
the “funnel.”

Sethi and Iqbal
(2008)

A strictly applied stage-gate process may
inhibit the development of really new
products.

Ederer and
Manso (2013)

Examine the effect of pay for performance
on innovation. They found that the
combination of tolerance for early failure
and reward for long-term success is
effective in motivating innovation.

Organizational factors that
influence new product
development

Rindfleish and
Moorman
(2001)

Different impacts of horizontal and
vertical alliances on new product
development. They find that alliances with
higher overlap in firms’ knowledge bases
and higher quality relationships lead to
higher new product creativity and faster
new product development.

Sethi et al.
(2001)

Moving beyond functional boundaries to
identify with the cross-functional team
promotes the innovativeness of new
products.

Ganesan et al.
(2005)

Examine geographic proximity of alliance
partners and find that strong relational ties
may be more important than simple
geographic proximity and that e-mail
communication, in contrast to face-to-face
communication enhances new product
creativity and development speed.

Slotegraaf and
Atuahene-Gima
(2011)

The degree of stability in a new product
development project team has a
curvilinear relationship to new product
advantage.

Cui and
O’Connor
(2012)

Examine the resource diversity of multiple
alliance partners and its contribution to
firm innovation.

Sethi et al.
(2012)

Examine how to use micropolitical
strategies to win approval for development
of new-to-the-firm products (with market
and technology newness).

Borah and Tellis
(2014)

Empirically study firms’ choice of and
payoff from making, buying, or allying for
innovations.

Tracey et al.
(2014)

New product outcomes (e.g., product
novelty and speed to market) are

(continued)
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Table 3.2 (continued)

Topics Literature Summary

influenced by regional cluster’s
macro-level configuration and its
micro-level governance processes.

Wies and
Moorman
(2015)

The influence of going public on firms’
innovation: after going public, firms
innovate at higher levels and introduce
higher levels of variety with each
innovation while also introducing less
risky innovation, characterized by fewer
breakthrough innovations and fewer
innovations into new-to-the-firm
categories.

How to design a new product? Conjoint analysis

Foundational papers Luce and
Turkey (1964)

The authors developed procedures for
simultaneously measuring the joint effects
of two or more variables from
rank-ordered data.

Green and Rao
(1971)

The foundational paper about conjoint
analysis in marketing.

Green and
Srinivasan
(1978)

A review paper: traces the development of
conjoint method and discusses the
implementation of the method.

Green and
Srinivasan
(1990)

An update and extension of their 1978
review of conjoint analysis.

Commercial applications Wind et al.
(1989)

Marriott used conjoint analysis to design
Courtyard by Marriott.

Wittink and
Cattin (1989)

Document 1062 conjoint applications in
the United States between 1981 and 1985.

Wittink et al.
(1994)

Document 1000 conjoint applications in
Europe between 1986 and 1991.

Simple products Johnson (1974) Application of conjoint
using two-attribute trade off analysis.

Wind (1973) Application of conjoint method on full
profile ratings.

Multi-attribute products Shocker and
Srinivasan
(1974)

LINMAP (LiNear programming
techniques for Multidimensional Analysis
of Preferences) is used to determine
individual consumer’s ideal point and
salience weights for product attributes.

(continued)
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Table 3.2 (continued)

Topics Literature Summary

Green et al.
(1981)

For complex products that have many
attributes, the authors treat the attributes
separately and use data based on conjoint
analysis to determine consumer choice.
The method is called POSSE (Product
Optimization and Selected Segment
Evaluation).

Johnson (1987) Adaptive conjoint: individuals give initial
estimates, which are then revised based on
choices between pairs of options
purposely selected by the researcher to
provide the most useful additional
information. This approach was
popularized commercially by Sawtooth
Software.

Toubia et al.
(2003)

A polyhedral, choice-based design and
estimation algorithm for adaptive conjoint
analysis. This method converges quickly
on a respondent’s part-worth utilities with
a limited number of questions.

Toubia et al.
(2004)

A new polyhedral choice-based conjoint
analysis question-design method.

Netzer and
Srinivasan
(2011)

A web-based adaptive self-explicated
approach for conjoint analysis of products
with ten or more attributes.

Incorporate customer
preferences

Hauser and
Clausing (1988)

Introduce a planning matrix from Quality
Function Deployment (QFD), House of
Quality, to relate customer preferences to
a firm’s design, manufacturing, and
marketing.

Griffin and
Hauser (1993)

Incorporate the “Voice of Customer” in
order to identify, structure, and provide
priorities for customer needs.

Hoeffler (2003) In order to mimic consumer coping
mechanism when facing uncertainty, the
author incorporates both mental
simulation and analogies into a standard
preference measurement technique (e.g.,
conjoint analysis) and demonstrates its
superior predictive accuracy.

Coviello and
Joseph (2012)

Major innovations are more likely to
succeed in small and young technology
firms when customers are involved with
new product development process.

(continued)
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psj =
expðx0

sjβÞ
∑J

j=1 expðx0
sjβÞ

ð3:4Þ

Recent studies incorporate consumer heterogeneity where consumers have dif-
ferent values for the attributes. Here, a common model is the mixed logit, where β s
contain random effects. For example, Sandor and Wedel (2002, 2005) assume that β
is multivariate normally distributed with mean μB and variance Σ. If Σ is assumed to
be a diagonal matrix, β can be written as β= μB +VσB with vector
σB = σ1, . . . , σmð Þ0 , and V is an m *m diagonal matrix. Assuming utility maxi-
mization, the probability that product i is chosen from choice set s is

Table 3.2 (continued)

Topics Literature Summary

Kim et al.
(2014)

Incorporate the influence of peers in
conjoint analysis and demonstrate a PIE
(P, the physical product attributes; I, the
individual characteristics of the choice
maker; E, characteristics of an external
peer group) framework of preference,
which has superior predictive performance
in a conjoint task.

Incorporate multi-media
tools to create simulated
products

Urban et al.
(1996)

Incorporate a multi-media virtual-buying
environment to predict consumer response
to really-new products. The new method
conditions consumers for future situations,
simulates user experience, and encourages
consumers to actively search for
information on the product.

Urban et al.
(1997)

Demonstrate that the internal validity of
multi-media stimuli is high and its external
validity is comparable with traditional lab
stimuli.

Heterogeneous designs Sandor and
Wedel (2005)

First to propose the use of heterogeneous
designs where different customers get
different designs.

Liu and Tang
(2015)

More efficient heterogeneous choice
designs for large number of subdesigns.

Hauser et al.
(2014)

Improve web morphing by incorporating
switching costs, potential website exit, and
the impact of all clicks to decide the
optimal timing of morphing for each
customer.
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φsj = ∫ psj vð Þf vð Þdv, where psj vð Þ= expfx0
sj μB +VσBð Þg

∑J
j=1 expfx0

sj μB +VσBð Þg , ð3:5Þ

where v is the vector containing the m diagonal elements of matrix V.
Determining the optimal product design requires evaluating the information

matrix of this mixed logit model. A widely used measure of the information matrix
is the inverse of the determinant of the Fisher information matrix, which is called
the D-error (Sandor and Wedel 2002).

D− error=det½IðμB, σBjX�− 1 ̸2K , ð3:6Þ

where I is the Fisher information matrix and K is the number of attribute level
combinations. Minimizing this D-error generates the optimal product design.

One limitation of the mixed logit model is the computation infeasibility when the
number of possible designs is too large. To address this limitation, Liu and Tang
(2015) propose a particular conjoint choice context, which can be specified as
Ck ,wkð Þf g, k=1, . . . ,K, where Ck is a choice set and wk is the continuous weight

for the choice set with the constraint such that 0≤wk ≤ 1 and ∑K
k=1 wk =1. Instead

of searching for the globally optimal product design, this approach finds a globally
optimal continuous design by minimizing the D-errors over the entire space of
continuous designs. It generates completely heterogeneous designs for each indi-
vidual respondent in the choice experiment and more importantly, it is computa-
tionally feasible.

Conjoint Analysis. Traditional choice-based conjoint analysis relies on con-
sumers’ evaluations of product attributes, resulting in the desirability of attribute
levels and the importance of each attribute. However, there are difficulties when
consumers need to evaluate a large number of product attributes at one time. Recent
research extends the traditional stated preference methods and solves this
problem by adaptively choosing a subset of attribute comparisons and interpolating
the importance of other attributes (Netzer and Srinivasan 2011).

In particular, Netzer and Srinivasan (2011) ask respondents to allocate 100
points across attributes to reflect the importance of each attribute. To alleviate the
problem of too many product attributes, they break down the constant-sum allo-
cation across the full set of attributes into a subset of constant-sum allocations
between two attributes at a time. In order to reduce the number of paired com-
parison questions, they propose an adaptive approach where respondents are asked
to compare only a subset of all possible paired comparison questions. Then
researchers interpolate the importance of the attributes not included in the subset of
comparison questions. Meanwhile, researchers can select the attributes for the next
comparison to minimize the interpolation errors. Then the importance ratios
between two attributes (rj1j2 =Wj1 ̸Wj2 , where Wjk is the importance of attribute jk)
can be calculated from the paired comparisons. With the set of attribute importance
ratios, a log-linear multiple regression is used to estimate relative attribute
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importance. The essence of their approach is to improve the estimation of
individual-level attribute importances (Wj) in a way that avoids respondent
overload.

3.2.3 Sales Forecasting

Forecasting can be done from the time an idea has been generated until after it has
been commercialized. However, most research has focused on forecasting sales at
the end of the product design and development stage.

Research on the sales forecasting of new products has been conducted in mar-
keting for several decades. The most well known sales forecasting model in mar-
keting is the Bass model which spawned a huge literature on diffusion models.
Conceptually, these models are based on the sociological literature on diffusions of
innovation, largely driven through a process of communications (e.g., Rogers
2003). We elaborate on this model in discussing one of its extensions later in this
section.

The forecasting literature for non-durables primarily uses stochastic models
applied to both first-time purchases and repeat sales. Another class of forecasting
models, flow models, incorporate test market results to project initial sales to
full-market sales. Regression models have also been used to predict new product
sales. Yet another approach combines elements of flow models, regression models,
and stochastic approaches to forecast the sales of new consumer nondurables. The
well known ASSESSOR model has improved forecasting accuracy because
researchers and managers can project laboratory results to market results. The most
recent research on sales forecasting has either incorporated online-enabled
approaches or focused on forecasting approaches for online environments (e.g.,
online word-of-mouth, online reviews, virtual markets, sentiment analysis, and
blogs; e.g., Chevalier and Mayzlin 2006) (Table 3.3).

3.2.3.1 Sales Forecasting Models

In this section, we provide details on diffusion model extensions and customer
lifetime analysis.

Extensions of Diffusion Models. The standard Bass (1969) diffusion model
incorporates a hazard rate whereby consumers who have not yet adopted a new
product do so at time t:

h tð Þ= p+ qF tð Þ, ð3:7Þ

where F(t) is the proportion of consumers who have adopted this new product at
time t; p captures the intrinsic tendency to adopt (coefficient of innovation), which
can be influenced by consumer characteristics, innovation appeal, etc.; and
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Table 3.3 Sales forecasting

Topics Literature Summary

Forecast with consumer panel
statistics (model free)

Fourt and
Woodlock
(1960)

Customer purchase frequency information
can be used to predict the success of
grocery products.

Forecast with stochastic processes Kuehn
(1962)

Uses stochastic processes to describe and
model new product adoption.

Massy
(1969)

Stochastic evolutionary adoption model
(STEAM) uses purchase incidence data to
simulate household future purchase and
forecast sales.

Parfitt and
Collins
(1968)

Use a stochastic model with purchase
data to predict the market share for newly
launched brands and the market share of
established brands after promotions.

Ehrenberg
(1972)

Uses stochastic models and repeat
purchase data to predict future sales.

Schmittlein
et al. (1987)

Develop the Pareto/NBD model based on
the number and timing of the customers’
previous purchase to predict future
purchase.

Fader and
Schmittlein
(1992)

The predicted sales by the Dirichlet model
are usually lower than the actual sales of
high-share brands. It is probably because
distinct consumer segments favor large
brands.

Fader et al.
(2005)

The beta-geometric/NBD (BG/NBD)
model is developed to predict the future
purchase with easier implementation than
Pareto/NBD model and similar results.

Jerath et al.
(2011)

The POD (periodic death opportunity)
model relaxes the assumption about
customer attrition and thus has better
prediction of future sales.

Bemmaor
and Glady
(2012)

The Gamma/Gompertz/NBD model is
developed to better predict future sales.

Forecast with test market results
(Flow models)

Urban (1970) The SPRINTER model, which is based
on the behavioral process of the diffusion
of innovation, uses test-market data to
predict sales of new frequently purchased
consumer products.

(continued)

3 Innovation and New Products Research: A State-of-the-Art Review … 93



Table 3.3 (continued)

Topics Literature Summary

Urban (1975) The PERCEPTOR model, which tracks
consumers through states of awareness,
trial, purchase, and repurchase,
helps estimate the market share for
alternate new brand designs.

Assmus
(1975)

The NewProd model traces the number of
potential buyers who are at one of the 11
stages of adoption process and predicts the
market share for the first year after the
product is introduced into the market.

Forecast with regression-based
models

Claycamp
and Liddy
(1969)

The AYER new product model, where
both advertising recall and trial purchase
are modeled and advertising recall is one
factor in the trial purchase equation,
generates good predictions based on
several months of test market data.

Blattberg and
Golanty
(1978)

The Tracker model incorporates
awareness and repeat sales with other
factors (e.g., advertising, price) and
predicts year-end test market sales with
early (3-month) test market results. It also
helps managers with new product
positioning, redesign, and market
planning.

Blackburn
and Clancy
(1980)

The LITMUS model combines early test
market results with survey data to forecast
new product sales and provides diagnostic
information on a new product’s strengths
and weaknesses, and feedback on a
product’s entire marketing mix.

Pringle et al.
(1982)

The NEWS model predicts consumer
awareness, trial, repeat purchase, usage,
sales, and market share for a new brand.

Forecast with pre-test-market
model

Silk and
Urban (1978)

The ASSESSOR model which has two
parts—an awareness-trial-repeat model
and a preference model—uses constant
sum preference data to predict sales of
new packaged goods before they are test
marketed.

Urban and
Katz (1983)

Demonstrate that the ASSESSOR model
can predict sales accurately and is
commercially viable.

(continued)
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Table 3.3 (continued)

Topics Literature Summary

Forecast with other factors (e.g.,
word-of-mouth, observational
learning)

Godes and
Mayzlin
(2004)

Online word-of-mouth is measured. Its
dispersion across user communities can
explain new TV show ratings.

Chevalier
and Mayzlin
(2006)

An improvement in a book’s reviews
leads to an increase in book sales.
Negative reviews have greater impact on
sales than positive reviews.

Liu (2006) The volume of online word-of-mouth can
help explain movie box office revenue.

Dahan et al.
(2011)

Securities trading of concepts (STOC) can
measure aggregate consumer preferences
on new product concepts.

Chen et al.
(2011)

While negative word-of-mouth has more
influence on sales than positive
word-of-mouth, positive observational
learning (OL) increases sales but negative
OL has no effect.

Iyengar et al.
(2011)

Social contagion influences new product
adoption through network ties. This
influence is moderated by both the
recipients’ perception of their opinion
leadership and the sources’ volume of
product usage.

Sonnier et al.
(2011)

Sentiment analysis of online
communication shows that positive and
neutral word-of-mouth help sales and
negative word-of-mouth hurts sales.

Sood et al.
(2012)

Develop a model called SAQ (Step
And Wait) for predicting the path of
technological innovation.

Sun (2012) Higher variance of a book’s online ratings
improves its sales rank when its average
rating is low.

Gopinath
et al. (2013)

Opening day movie box office is
influenced by prerelease blog volume and
advertising, whereas postrelease movie
box office is influenced by postrelease
blog valence and advertising.

Tang et al.
(2014)

Neutral user-generated content has
non-neutral impact on product sales and
its impact differs between mixed-neutral
and indifferent-neutral user-generated
content.

(continued)
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q measures the effect of social contagion (coefficient of imitation). The proportion
of new product adoption at time t can be written as

f tð Þ= dF tð Þ
dt

= h tð Þ 1−F tð Þ½ �= p+ qF tð Þ½ �½1−F tð Þ�. ð3:8Þ

The solution of this equation can be used to predict the cumulative penetration of
a new product, in other words, the proportion of consumers who have adopted a
new product at time t. Specifically,

F tð Þ= 1− exp − g−
p+ q
t

� �h i
̸ 1+

q
p

� �
exp − g−

p+ q
t

� �� �
, ð3:9Þ

where g is a location parameter.

Table 3.3 (continued)

Topics Literature Summary

Risselada
et al. (2014)

The effects of social influence and direct
marketing on high-technology product
adoption change over time. The effect of
social influence from cumulative
adoptions decreases from the product
introduction onward, whereas the
influence of recent adoptions remains
unchanged. The effect of direct marketing
also decreases from the product
introduction onward.

Gopinath
et al. (2014)

The valence of online word-of-mouth
influences sales and its impact increases
over time, whereas its volume has no
impact. The effect of attribute-oriented
advertising on sales decreases faster than
emotion-oriented advertising.

Aral and
Walker
(2014)

Random experiments on the adoption of a
Facebook application demonstrate that the
influence of peers on new product
adoption is moderated by the tie strength
and structural embeddedness of the social
network.

Toubia et al.
(2014)

Develop an approach for using
individual-level data on social interactions
to improve the aggregate penetration
forecasts made by diffusion models.

Kornish and
Ulrich (2014)

It is important to predict the success of
new products from raw ideas. Ideas that
are one standard deviation better have
50% higher sales.
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One limitation of the original Bass model is that consumers are homogeneous
and influenced by the same factors. One extension is the asymmetric influence
model (AIM) where two consumer segments, i.e., influentials and imitators differ in
the factors that drive their adoption behavior (Van den Bulte and Joshi 2007). The
hazard functions for these two segments are

For influentials denoted as 1ð Þ, h1 tð Þ= p1 + q1F1 tð Þ; ð3:10Þ

For imitators denoted as 2ð Þ, h2 tð Þ= p2 + q2 wF1 tð Þ+ 1−wð ÞF2 tð Þ½ �, ð3:11Þ

where w denotes the relative importance that imitators attach to influentials’ versus
other imitators’ adoption behavior ð0≤w≤ 1Þ. Assuming the proportion of
influentials is θ and the proportion of imitators is 1− θ, the overall cumulative
market penetration is:

Fm tð Þ= θF1 tð Þ+ ð1− θÞF2 tð Þ. ð3:12Þ

And the fraction of population adopting at time t is:

fm tð Þ= θf1 tð Þ+ ð1− θÞf2 tð Þ. ð3:13Þ

From Eqs. 3.6 and 3.7, the population hazard function can be derived as

hm tð Þ= fmðtÞ ̸½1−Fm tð Þ�= ½θf1 tð Þ+ ð1− θÞf2 tð Þ� ̸ð1−Fm tð ÞÞ. ð3:14Þ

As individual consumer level social interaction data become available,
researchers have extended the Bass model by incorporating data such as social ties
and new product recommendations among consumers (Toubia et al. 2014). Assume
that consumer i receives rit recommendations in period t. rit is assumed to follow a
binomial distribution specified as:

rit ∼Bin tiesi, aFt− 1ð Þ

⇒PðritjtiesiÞ=
tiesi
rit

� �
ðaFt− 1Þritð1− aFt− 1Þtiesi − rit

ð3:15Þ

where tiesi is the number of consumer i’s social ties, Ft− 1 is the cumulative pen-
etration in period t − 1, and a is the probability that a given tie would recommend
the product to consumer i conditional on the tied consumer having adopted.

The hazard rate is influenced by the social recommendation rit and is specified as

h ritð Þ=1− 1− pð Þ 1− qð Þrit ð3:16Þ

where p and q have similar interpretation as in the Bass model.
Toubia et al. (2014) show that the aggregate diffusion process can be derived

from Eqs. 3.9 and 3.10. Let PðtiesÞ be the probability mass function of the number
of social ties, and let f tiest and Fties

t be the marginal and cumulative aggregate
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penetration in period t among consumers with ties. The marginal penetration f tiest is
equal to the proportion of non-adopters,1−Fties

t , multiplied by the expected value
of the hazard rate in period t among these consumers:

f tiest = 1−Fties
t− 1

� 	
Ert h rtð Þjties½ �

= 1−Fties
t− 1

� 	
∑
ties

rt =0
h rtð ÞPðrtjtiesÞ

ð3:17Þ

The Bass model can be further extended by incorporating the number of con-
sumer recommendations (Toubia et al. 2014).

Extensions of Customer Lifetime Models. Another common model used to
predict sales is the customer lifetime model, where statistical models predict how
long a customer will stay with a company and how much he will buy (i.e., purchase
rate). For more information about customer lifetime models and related issues, we
refer to Chap. 10 of this Handbook: “Marketing Models for the Customer-Centric
Firm” by Ascarza, Fader, and Hardie. The most influential model in this stream is
the Pareto/NBD model (Schmittlein et al. 1987). Here, the time at which a customer
becomes “dead” (i.e., no longer buy from a company) is denoted τ. For any time
T > 0, if the customer is still alive at T (so τ>T), the number of purchases (x) in
ð0, T � is assumed to follow the Poisson distribution:

P X = xjλ, τ> T½ �= e− λT λTð Þx
x!

; x=0, 1, 2, . . . , ð3:18Þ

where the purchase rate λ is assumed to follow a gamma distribution:

g λjr, αð Þ= αr

Γ rð Þ λ
r− 1e− αλ; λ>0; r, α>0. ð3:19Þ

The time τ until becoming “dead” is assumed to follow an exponential
distribution:

f τjμð Þ= μe− μτ; τ>0, ð3:20Þ

where the death rate μ is also assumed to follow a gamma distribution:

h μjs, βð Þ= βs

Γ sð Þ μ
s− 1e− βμ; μ>0; s, β>0. ð3:21Þ

With these equations, the purchases made while a customer is “alive” follow the
NBD model and have the distribution:

P X = xjr, α, τ> T½ �= x+ r− 1
x

� �
α

α+ T

� �r T
α+T

� �x

; x=0, 1, 2, . . . ð3:22Þ
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“Deaths” for a sample of customers follow the Pareto distribution:

f τjs, βð Þ= s
β
ð β

β+ τ
Þs+1, r>0 ð3:23Þ

Overall, this combined purchase event/duration model is called the Pareto/NBD.
One challenge with this model is its complicated likelihood function and numerous
evaluations of the Gaussian hypergeometric function. To address this limitation,
Fader et al. (2005) develop a beta-geometric/NBD (BG/NBD) model, a variation of
the Pareto/NBD, which is easier to implement. Similar to the Pareto/NBD model,
the BG/NBD model assumes that the number of purchases follows the Poisson
distribution and the purchase rate follows the gamma distribution. The difference
between the Pareto/NBD and BG/NBD is how/when customers become inactive.
The Pareto/NBD assumes that customers can “die” at any point in time, indepen-
dent of the occurrence of actual purchases, whereas the BG/NBD assumes that
customers “die” immediately after a purchase. Specifically, the BG/NBD assumes
that after any purchase, a customer becomes “dead” with a probability p which
follows a beta distribution with p.d.f:

f pja, bð Þ= pa− 1ð1− pÞb− 1

Bða, bÞ , 0≤ p≤ 1, ð3:24Þ

where B(a, b) is the beta function, which can be written as
B a, bð Þ=ΓðaÞΓðbÞ ̸Γða, bÞ.

The point at which the customer “dies” is distributed across purchases according
to a (shifted) geometric distribution with p.m.f

P inactive immediately after jth transactionð Þ
= pð1− pÞj− 1, j=1, 2, 3, . . .

ð3:25Þ

Fader et al. (2005) show that the BG/NBD model can be estimated easily in
Microsoft Excel and therefore is usable in most business applications.

Researchers also extend the Pareto/NBD model by making it more flexible and
more powerful for sales prediction. For example, Bemmaor and Glady (2012)
develop the gamma/Gompertz/NBD (G/G/NBD) model. Similar to the Pareto/NBD
model, the G/G/NBD model assumes that the number of purchases follows the
Poisson distribution and the purchase rate follows the gamma distribution. The
difference between the Pareto/NBD and G/G/NBD is that the probability that a
customer dies before time τ is assumed to follow a Gompertz distribution:

F τjηð Þ=1− exp − η ebτ − 1
� 	� 	

, η, b>0, τ>0 ð3:26Þ

Compared with the Pareto/NBD model, the G/G/NBD model is more flexible
because the p.d.f. of the Gompertz distribution can be skewed left or right and it can
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exhibit a mode at zero or an interior mode. Bemmaor and Glady (2012) also show
that the G/G/NBD predicts sales better than the Pareto/NBD model.

3.2.4 Commercialization

The final stage of the new product development process is commercialization. This
stage has received much attention in marketing because it lies at the nexus of firm
strategy and consumer response to new products (e.g., Boulding and Christen 2003;
Golder and Tellis 1993; Min et al. 2006; Robinson and Fornell 1985). Research on
commercialization can be categorized into several areas.

First, there is a large and rich literature on entry timing strategies. Initial research
in this area found that market pioneers or first movers enjoyed substantial advan-
tages over later entrants. However, this research suffered from several limitations
including survivor bias and misclassifying successful firms. Correcting for these
limitations resulted in the finding that market pioneers tend to have much higher
failure rates, lower market shares, and lower rates of market leadership than pre-
viously believed.

Second, another stream of research has attempted to identify the factors asso-
ciated with new product success. These include differentiation (both meaningful
and seemingly meaningless) (Carpenter et al. 1994), introducing innovative product
attributes (Shankar et al. 1998), and market characteristics like network effects
(Wang et al. 2010). A related stream of research looks specifically at the marketing
mix variables associated with new product success (e.g., Bruce et al. 2012; Kopalle
and Lehmann 2006; Spann et al. 2015).

Finally, another stream of research examines how incumbents defend against
new entrants. Much of this work is analytical (theoretical) in nature (e.g., Hauser
and Shugan 1983). Some of these papers make strong prescriptive recommenda-
tions of strategies for firms to follow. Surprisingly, some empirical research shows
that firms actually do very little to respond to competitors’ innovations (Table 3.4).

3.2.4.1 Modeling Commercialization

In this section, we provide details on models of channel acceptance and customer
lifetime value.

Channel acceptance of new products. When a new product is introduced to a
market, there are two major challenges: how to position it so that consumers will
choose it over alternative products and how to convince retailers to accept it. Luo
et al. (2007) develop an approach to positioning and pricing a new product that
directly incorporates the consumers’ preferences and retailer’s acceptance criteria.

The authors propose two frameworks of market estimation before and after a
new product’s entry (see Figs. 3.1 and 3.2). In these two frameworks,
consumers’ preferences are first estimated with a random utility choice model for a
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Table 3.4 Commercialization

Topics Literature Summary

Entry timing Robinson and
Fornell (1985)

Market pioneers have higher market shares
because of firm-based superiority (better
marketing mix and more cost savings) and
consumer information advantages.

Urban et al.
(1986)

Market pioneers have higher market shares
across 24 categories.

Robinson (1988) Market pioneers have higher market shares in
industrial goods industries because of their
stronger products compared with competitors’
products and the characteristics of the
industrial goods industries.

Carpenter and
Nakamoto (1990)

Market pioneers have advantages in
acculturating consumers’ preferences for
the pioneer rather than for later entrants.

Kalyanaram and
Urban (1992)

Later entrants suffer a long-term market
disadvantage in 8 categories of consumer
packaged goods.

Golder and Tellis
(1993)

A historical analysis shows that 47% of
market pioneers fail and their market share
is overstated in the literature because of a
survival bias whereby failed pioneers are not
included in the data sets and successful later
entrants are misclassified as pioneers.

Kalyanaram et al.
(1995)

Main conclusions: (1) for consumer packaged
goods, order of market entry has stronger
negative relationship with trial penetration
than with repeat purchase; (2) pioneers have
broader product lines than late entrants;
(3) skill and resource profiles differ across
market pioneers, early followers, and late
entrants; and (4) order of market entry is
not related to long-term survival rates.

Narasimhan and
Zhang (2000)

Firm with a larger pioneering premium may
choose to wait, while a firm with a smaller
pioneering premium speeds to the market.

Bohlmann et al.
(2002)

Pioneers are better off in product categories
where consumers value variety, whereas
pioneers are worse off in categories where
consumers value quality.

Boulding and
Christen (2003)

Market pioneers may suffer a long term profit
disadvantage because of greater average cost.

Min et al. (2006) Pioneers have first-mover advantages with
incremental innovations, but they are likely
to fail with a really new product.

(continued)
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Table 3.4 (continued)

Topics Literature Summary

Boulding and
Christen (2008)

Market pioneers benefit from two cost
advantages—experience curve effects and
preemption of input factors, while they suffer
from three cost disadvantages—imitation,
vintage effects, and demand orientation.

Wang et al. (2010) In markets with strong network effects,
pioneer survival advantage occurs when their
product is cross-generation compatible but
within-generation incompatible. In contrast,
in markets with weak network effects, pioneer
survival advantage is likely to occur when
their product is cross-generation incompatible
but within-generation compatible.

Strategies to succeed Carpenter and
Nakamoto (1990)

Examine optimal positioning, advertising, and
pricing strategies for a late entrant and
conclude that a differentiated strategy is
optimal and a “me-too” positioning is often
sub-optimal.

Carpenter et al.
(1994)

Meaningless differentiation can result in a
meaningfully differentiated brand.

Montoya-Weiss
and Calantone
(1994)

Meta-analysis of the factors that contribute to
the success of new products.

Nowlis and
Simonson (1996)

Introducing new product features adds
substantial value and increases brand choice.

Shankar et al.
(1998)

For a later entrant, being innovative can create
advantages with higher market potential and a
higher repeat purchase rate than either the
pioneer or non-innovative late entrant.

Henard and
Syzmanski (2001)

Meta-analysis of the factors that contribute
to the success of new products.

Haenlein and
Libai (2013)

Demonstrate that when targeting potential
adopters of a new product, firms should target
customers with high lifetime value, or
“revenue leaders”.

Marketing mix in new
market

Horsky and
Nelson (1992)

An analysis of the optimal positioning and
pricing strategy of a new brand using game
theory.

Cooper (2000) An approach to marketing planning for
radically new products.

Kopalle and
Lehmann (2006)

Examine optimal advertised quality, actual
quality, and price for a firm entering a market.
They found that it is optimal to overstate
quality when customers rely relatively less on
advertising to form quality expectations and

(continued)
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Table 3.4 (continued)

Topics Literature Summary

customers’ intrinsic satisfaction with a
product is high.

Hitsch (2006) Explore optimal entry and exit policy when
demand of a new product is uncertain.

Luo et al. (2007) Develop an approach to positioning and
pricing a new product that incorporate the
retailer’s acceptance criteria into the
development process.

Narayanan and
Manchanda
(2009)

Examine the optimal allocation of marketing
communication across consumers and over
time for the launch of a new product.

Bruce et al. (2012) Study the dynamic effects of advertising and
word-of-mouth on demand for new products
at different stages. They found that increased
advertising is more effective at an earlier stage
and increased word-of-mouth is more
effective at a later stage.

Spann et al.
(2015)

Analyze dynamic pricing strategies in the
introduction and early growth phases of new
products.

Strategies to defend
against a new entrant

Hauser and
Shugan (1983)

Analyze how a firm should adjust its
marketing expenditures and price to defend its
position when attacked by a competitive new
product.

Robinson (1988) Incumbents’ most common response to a new
entrant is either no response or only a single
reaction with one marketing variable.

Bowman and
Gatignon (1996)

Investigate the influence of order-of-entry on
the effectiveness of a firm’s marketing mix
and found that late entry reduces sensitivity
to price, promotion, and quality.

Gatignon et al.
(1997)

Empirically examine the effectiveness of
different defensive strategies against new
product entry and found that faster reaction is
more successful whereas greater breadth of
reaction (number of marketing mix variables
used) is less successful.

Roberts et al.
(2005)

Develop a model to set an incumbent’s
defensive marketing strategy prior to a new
entrant’s launch.

Strategies to shift away
from a failing new
product

Boulding et al.
(1997)

Managers remain committed to a new product
launch even when confronted with strong
evidence of failure. This commitment is
lessened by precommitment to a
predetermined stopping rule or introducing
a new decision maker.

(continued)
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Table 3.4 (continued)

Topics Literature Summary

Biyalogorsky
et al. (2006)

Develop and test a conceptual framework that
explains why new product managers maintain
or escalate their commitment to a failing new
product. They argue that it may not be
possible to eliminate commitment bias at the
individual level, and that organizational
processes must be used instead.

The outcomes of
innovations

Gielens (2012) Explore when and to what extent new
products change national brands’ market
position.

Rubera and Kirca
(2012)

A meta-analysis of the effect of firm
innovativeness on its value and financial
position.

Dotzel et al.
(2013)

Examine the determinants of service
innovativeness and its interrelationships with
firm-level customer satisfaction, firm value,
and firm risk.

Rubera (2015) Empirically study the effect of design
innovativeness (i.e., the degree of novelty in a
product’s design) on new product sales’
evolution.

Fig. 3.1 Estimation of market specifics—before entry. Source Luo et al. (2007)
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conjoint choice experiment with N individual consumers evaluating K choice sets
with G alternative product designs. The utility of consumer i for product design g in
choice k is defined as:

Ui xgk, pgk
� 	

= x
0
gkβix + pgkβip

� �
+ εigk, ð3:27Þ

where xgk is a vector of product attributes of design g, pgk is the price, and εigk, is
the random component of the utility. The probability of consumer i choosing design
g can be derived from Eq. (3.1). Specifically, it is expressed using the logit
expression.

Prigk =
expðx0

gkβix + pgkβipÞ
∑G

g0 =1½expðx0
g0kβix + pg0kβipÞ�+expðaiÞ

, ð3:28Þ

where ai is the utility of no-choice option for consumer i.
The next step is to estimate wholesale prices and marginal costs of incumbent

products. First, the wholesale prices can be determined by maximizing the retailer’s
profits. In particular, before a new product is introduced to the market, the retailer’s
profit maximization is specified as:

maxp1, p2, ..., pJ π
r = ∑J

j=1 mj * pj −wj
� 	

* S

 �n o

− sc * J, ð3:29Þ

Fig. 3.2 Market scenario development—after entry of design alternative. Source Luo et al. (2007)

3 Innovation and New Products Research: A State-of-the-Art Review … 105



where πr is the retailer’s profit, mj is product j’s market share, wj is its wholesale
price, S is market size, and sc is the marginal shelf cost.

Alternatively, the marginal costs of incumbent products can be estimated by
maximizing manufacturer’s profits. That is,

maxwj π
m
j = wj − cj

� 	
*mj * S−Fj j− 1, . . . , J, ð3:30Þ

where cj is product j’s marginal cost, and Fj is its fixed cost.
The manufacturer’s goal is to select a product design and a wholesale price so

that the product will be accepted by retailers, and be more profitable than other
designs. As shown in Fig. 3.2, we need to estimate the new market scenario after
the entry of the new product by estimating new wholesale and retail prices. The
procedure includes solving two optimization problems iteratively: the retail profit
maximization problem (second block in Fig. 3.2) and the manufacturer profit
maximization problem (third block in Fig. 3.2). The maximization equations are
similar to Eqs. 3.29 and 3.30 but with new wholesale and retail prices.

An Application of Customer Lifetime Value (CLV). When a new product is
introduced to the market, managers can use customer lifetime value (CLV) to
identify and target the most profitable customers. Customer lifetime value (CLV) is
the present value of all future profits obtained from a customer over his life of
relationship with a firm. It is specified as (Gupta et al. 2004; Reinartz and Kumar
2003):

CLV = ∑T
t=0

pt − ctð Þrt
ð1+ iÞt −AC ð3:31Þ

where pt is the price paid by the customer at time t, ct is the direct cost of serving
the customer at t, i is the discount rate for the firm, rt is the probability of a customer
being “alive” at time t, AC is the acquisition cost, and T is the time horizon for
estimating CLV. If the margin ðpt − ctÞ and retention rate are constant over time and
the time horizon is assumed to be infinite, CLV can be simplified to (Gupta and
Lehmann 2003):

CLV = ∑
∞

t=0

p− cð Þrt
ð1+ iÞt =m

r
ð1+ i− rÞ ð3:32Þ

Haenlein and Libai (2013) use CLV to identify profitable customers (“revenue
leaders”). They argue that targeting “revenue leaders” can accelerate these cus-
tomers’ new product adoption and therefore create an earlier and larger cash flow.
More important, these customers can create higher-than-average social value. This
effect is due to “network assortativity”—a phenomenon whereby people tend to be
connected with others who are like them.

In order to assess the value of “revenue leaders,” Haenlein and Libai (2013) use
stochastic network-based cellular automata, an ABM (Agent-Based Model) tech-
nique, to simulate new product adoption based on local interactions among
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individual customers. The basic idea of the ABM technique is to start with a social
network where no customer has yet adopted the product. Then the utility of buying
the product is randomly generated and assigned to each customer and customers
whose utility is larger than the product price will adopt the new product. Customers
who have adopted the new product influence other customers by word-of-mouth
and thus more customers adopt the new product in their social network. Details of
the ABM technique are given in Goldenberg et al. (2002). One benefit of using the
ABM technique is that it allows researchers to explore the effectiveness of various
seeding programs and helps mangers target the most profitable customers. In
Haenlein and Libai (2013), the value created by a seeding program is:

Total value = Direct value (i.e., new product adoptions by customers who are
seeded) + Social value (i.e., new product adoptions by customers who are con-
nected with the seeded ones) − Cost of the seeding program. Haenlein and Libai
(2013) demonstrate that targeting “revenue leaders” is more profitable than tar-
geting “opinion leaders.”

3.3 Future Research Opportunities

While prior research has contributed much to our understanding of innovation and
new products, many opportunities remain to fulfill the potential in this important
area of research. We begin by discussing key areas of emphasis that transcend
particular stages of the product development process.

One key topic of future research should be to focus more on metrics than models.
Prior research has already done much to develop useful models. However, going
forward, developing appropriate metrics for firms to use systematically over time
offers great potential benefits. With these metrics, researchers would be able to
enhance our understanding of new product development, show firms how they
should reduce the inherent inefficiencies, and help them deliver successful inno-
vations on a more regular basis.

A second key topic of future research is business model innovation. Nearly all
marketing research use the new product as the level of analysis. However, the
product is only one part of the overall offering delivered to customers. Firms can
grow through other elements of the marketing mix (i.e., pricing, communication,
channels) and other aspects of their business model (e.g., financing, sourcing,
partnering), and are influenced by actions that lie outside the firms’ control.

A third key topic of future research is to more thoroughly document the process
of generating and commercializing the most innovative new products. Currently,
we mainly know anecdotes and selected pieces of complete innovation success
stories. The first step in repeating these successes is to at least thoroughly under-
stand how they occurred in the past and to see what differentiates them from
failures.
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Next, we outline some more specific questions for future research. We organize
these using the same four stages of new products research that we used to organize
prior research: (i) opportunity identification, (ii) product design and development,
(iii) sales forecasting, and (iv) commercialization.

3.3.1 Opportunity Identification

The following research questions are most important to address in the area of
opportunity identification:

1. How should firms identify the most relevant lead users?
2. Which lead users are predictive of the future preferences of the general con-

sumer market?
3. How can online platforms (e.g., user groups, Facebook, snapchat, and Insta-

gram) be used to identify potential opportunity areas, generate new product
ideas, and screen those ideas?

4. What are the best approaches for generating or moderating business-to-consumer
communications and consumer-to-consumer communications?

5. When and how are new technologies incorporated into new products? Do these
new technologies lead or lag firms’ efforts to identify new opportunities?

3.3.2 Product Design and Development

Research questions important to address in the area of product design and devel-
opment include:

1. How do firms document and learn from failures during the new product
development process? How should they do this?

2. How should firms make use of online platforms to design and develop their
new products? What are the best ways to involve consumers at various points
during design and development? What are the downsides of doing so?

3. What are the similarities and differences in designing and developing new
products versus new services versus integrated products and services?

4. When is it appropriate for firms to rely on product champions versus
cross-functional teams?

5. How should intrapreneurship be encouraged within organizations? How should
firms fund and reward innovators? When and how should firms use think tanks
or skunk works?

6. How and when should firms pursue joint development projects with other firms
or with potential customers (especially business customers)?
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7. When and how should firms abandon new products during design and
development?

8. When and how should firms incorporate new technologies into new products?
9. When and what should new products borrow from past products, e.g., to be

compatible with behavior or expectations?
10. Are portfolio approaches useful for managing risks in new product develop-

ment projects?

3.3.3 Sales Forecasting

The following research questions are important to address in the area of sales
forecasting:

1. How should firms use online platforms and social media (e.g., Facebook,
Instagram, snapchat, etc.) to forecast sales?

2. How should the use of these platforms vary for business-to-business versus
business-to-consumer products?

3. How can sales forecasting techniques be more diagnostic by decomposing the
overall sales forecasts into the various elements of each new product or service
offering?

4. What testing techniques provide better information about ultimate market
acceptance earlier in the product design and development process?

5. How can firms generate better estimates of cannibalization across their product
lines?

6. How do forecasts themselves impact strategy and success?

3.3.4 Commercialization

While this stage is typically ignored by academics, it is often the most critical one.
Important questions to address in this area include:

1. How should firms document, learn from, and apply lessons learned from failed
new product launches?

2. How should firms use social media to promote new product launches? How
should these efforts differ between business and consumer markets?

3. What is the role of opinion leaders in markets with high social media activity?
4. Who are the opinion leaders in markets with high social media activity and how

do they differ from opinion leaders in markets with low social media activity?
5. When and how should firms kill new products after commercialization?
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6. What does the concept of relative product advantage really mean? How is it
measured? How much does it contribute to a new product’s success?

7. How do new categories obtain their names? Should firms be more proactive
about promoting new category names?

8. How important are informational cascades in driving new product adoption?
9. What are the contextual factors that determine when being fast to market is

more or less important? What are the differences between incremental inno-
vations and radical innovations?

10. What is the appropriate scale of entry for new products? What are the factors
that determine when it should be large or small?

11. How should firms manage consumer disadoption and disposal?

3.4 Conclusion

This review has highlighted some key marketing research on innovation and new
products. Where we provided less extensive coverage, we refer readers to other
useful references. For each of the four stages of the new product development
process (opportunity identification, product design and development, sales fore-
casting, and commercialization), we organize literature by sub-topics within each of
these stages. This hopefully will give readers a good sense of the state-of-the-art in
each of these research areas. We also provide thoughts on some important research
to conduct going forward. Overall, much has been learned already. Nonetheless,
given the importance of new product innovation to firms, to individuals, and to
societies, we hope that tomorrow’s researchers continue to generate newer and
richer insights in this vitally important field of investigation.
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