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Diffusion and Growth of New Products:
A Critical Review of Models and Findings

Abstract

This article critically reviews research that models vari@spects of the
evolution of new products. We classify the research in this domaid basghich aspect
of the life of a new product it covers: the takeoff, growth, or slowdodWhe literature on
takeoff provides insights on the duration and characteristics of ttoeluictory stage (or
the ‘time-to-takeoff’) and the key determinants and patternakafoff. The literature on
slowdown provides insights about the determinants of slowdown and the ehati@st
of the Early Maturity stage. The bulk of the literature focuseshe Growth stage by
providing models of new product growth.

The review considers all aspects of alternate models of new prgdmeth,
including the various functional forms, specifications, and estimatietnads. It also
focuses on phenomena besides growth such as the takeoff and slowdown of new
products. It also focuses on focuses on phenomena besides growth, sakgofisand
slowdown. The review includes important generalizations about the shépe gifowth
curve, speed of diffusion, determinants of growth, variations and biasesrameter
estimates, and processes during the growth stage based on findihgsubstantial
support. The review also covers generalizations in the findings &bwuto, patterns in
and determinants of both takeoff and slowdown. Finally, the review comfiaekey
findings on the duration, growth rates and price declines across ribesvatages and

transition points of the product life cycle.

Electronic copy available at: http://ssrn.com/abstract=969775



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

Electronic copy available at: http://ssrn.com/abstract=969775



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

Introduction
This article critically reviews research that models vari@spects of the

evolution of new products. This is a vast literature dating badkast as early as the
appearance of the Fourt and Woodlock (1960) and Bass (1969) models. We can
conveniently classify the research in this domain based on whpelttasf the life of a

new product it covers: the takeoff, growth, or slowdown.

In order to better elucidate these phenomena, we use the defimtitimes four
stages of a product’s life cycle provided by Golder and TEHR04). They define
Introduction as the period from a new product's commercialization until kedfh.
Growth is the period from a new product’s takeoff until its slowdot&arly maturity
begins with the year sales slow down and continues until sales gitbe previous local
peak. Hencetakeoff marks the transition from introduction to growth asidwdown
marks the transition from growth to maturity.

Following these definitions, we divide our review into three sectioash ®f
which focuses on one of these three phenomena, ordered in termsnbfoéxesearch.
The literature on takeoff provides insights on the duration and chiasticte of the
introductory stage (or the ‘time-to-takeoff’) and the key deteants and patterns of
takeoff. The literature on slowdown provides insights about the detmita of
slowdown and the characteristics of the Early Maturity stageveder, the bulk of the
literature focuses on the Growth stage by providing models ofpneduct growth. We
divide this section into two, one focusing on models of diffusion, paatiguthe Bass

model, and the second on alternate models of growth.
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Prior reviews address various aspects of this domain, espeafalhe growth
stage. For example, Mahajan, Muller & Bass (1990) provide anlenxtelerview of the
Bass model, its extensions, and some directions for further cesé&ailtan, Farley, and
Lehmann (1990) metaanalyze 213 estimates of innovation and imitatiametars of
the Bass model. Parker (1994) provides an overview of the Bass mddelalnates the
various estimation techniques, forecasting ability, and spedaticanprovements of the
models used. Mahajan, Muller and Bass (1995) summarize the emgeitaializations
from applications of the Bass model. Van den Bulte and Strem&@0h)(meta-analyze
the variation of the ratio of the innovation to imitation parametérthe Bass model
across different countries of the world.

The current review differs from prior reviews in four importantraheeristics.
First, the prior reviews focus only on growth. This review focusgsh@momena besides
growth, such as takeoff, and slowdown. Second, the above reviews focuyg amathe
Bass model. This review considers the Bass model as welhas mbdels of growth.
Third, some of the prior reviews are over a decade old (e.gnStdtidey and Lehmann
1990; Mahajan, Muller and Bass 1990). This review is more recent tiygrianreview,
covering all marketing studies until 2004. Fourth, the prior reviemsis on specific
aspects of the literature, such as just models, or gendéi@ilizaor meta-analyses of
parameters. This review considers all aspects of all modetgewf product growth,
including their functional forms, specifications, estimation methodsnpeter estimates,
potential generalizations, and future directions. Thus, it encompadiséise above

reviews.
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We organize the rest of the paper as follows. The second and thimhsdocus
on two alternate approaches to modeling the growth of new products: the Basaimbdel
alternate models of Growth. The fourth and fifth sections focusvorother phenomena
that comprise the domain of this review: takeoff and slowdown of nedupts. The
sixth and final section summarizes the findings from this bodys#fareh and suggests

directions for future research.

The Bass Model of New Product Growth

The bulk of the literature on new product models focuses on the evolution of
aggregate saleduring the growth stage of the product life cycle. Much of the liteeatur
has been highly paradigmatic, following an early model by Bass (1968.section
discusses the functional form of the Bass (1969) model, evaluatetratgyths and

weaknesses, and discusses improvements in specification and estimation.

Functional Form
The Bass model (Bass 1969) is similar to epidemiological or dontagodels,

which describe the spread of a disease through the population due to contact witth infecte
persons (see Bailey 1957, 1975). In management parlance, the wdogiodif has
replaced the word ‘contagion’ to denote the communication between al@ptdr
potential buyers (Golder and Tellis 1998, Rogers 1995). In this reviewyilvillow

this tradition.

The basic assumption in the Bass model is that the adoption of a aductpr
spreads though a population primarily due to contact with prior adopterse, the
probability that an initial purchase occurs at time T, givenribgturchase has occurred,
is a linear function of the number of previous buyers, i.e.

P =f®/(1-F(t)) =p +a/m Y() -(1)



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

where P(t) is a hazard rate, which depicts the conditional prolyaifikt purchase
in a (very small) time interval (t, i), if the purchase has not occurred before t. Y(t)
refers to the cumulative number of adopters up to time t, ‘m’ isotlaé number of initial
purchases for the time interval for which replacement purchase®xatuded. F(t)
defines the cumulative fraction of adopters at time t and f{t)edikelihood of purchase
at time t. By re-arranging equation (1),
f(t) = (p + aF(O))[1-F(1)] -(2)

Since Y(0) = 0, p represents the probability of an initial pulagime 0 and its
magnitude reflects the importance of innovators, the product g/m¥Yi@gtethe pressure
of prior adopters on imitators.

The number of adoptions at time t, S(t), is derived by multiplyit)grf equation
2 with m, the market size, thus:
S(t)= mf(t) = pm + (g-p) Y(t) — a/m Y () -(3)
Since f(t) = dF(t)/dt = (p + gF(t))[1-F(t)] -(4)

By rewriting this equation, Bass solves the following differential equation:

dt= dF/(p+ (g-p)F-gF) -(5)
to obtain
F(t) = (1-e ®* Y/ (1+ (a/p) € **9) -(6)

Hence, the cumulative adoptions are
Y () = m [(1-e" P (1+ (alp) € VY] -(7)
Fig 1 gives the plot of cumulative adoptions over time and Fig 2 gives

corresponding plot of marginal adoptions over time (Rogers 1995, Malhdy#ler and
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Bass 1990). In Fig 2, the peak is reached at time T*, which zdin¢ of inflexion of the

corresponding cumulative adoptions curve.

Fig 1: Cumulative adoptions
Cumulative | over time

adoptions
m
Point of inflexior
pm
T Time
i Fig 2: Marginal tion
Marginal 4 g . arginal adoptions
adoptions over time
pm
T Time

Bass rewrote equation 3 in a discrete form to obtain an equatisalés in only
three unknown parameters, which he estimates by simple regression, thus:

S=a+bYy+cYq,t=2,3... - (8)
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Where $refers to sales at time t;.yrefers to cumulativeales through period t-1

and
a=p*m, -(9)
b =q-p, - (10)
c-—g/m -(11)
Hence, he derives the values of p, q, and m from the estimatedaad c as
follows:
p=am -(12)
q=-cm - (13)
m= (—b + (b2 — 4ac)1/2) / 2¢c - (14)
Evaluation

This section describes the strengths and limitations of the fBadel and relates

it to other models in the literature.

Strengths
The derived and testable function of the Bass Model, equation (8), haal seve

excellent properties. First, because sales is a quadratiofuie¢ prior cumulative sales,
the model provides a good fit to the S-shaped curve that is typithé ¢fales of most
new products. Indeed, decades of subsequent research have showa #iapte Bass
model fits sales almost as well as much more complex mausisought to correct its
limitations (Bass, Krishnan and Jain 1994)

Second, the model has two very appealing behavioral interpretaticsss (F269)
interprets the coefficient p athe coefficient of innovation because it reflects the

spontaneous rate of adoption in the population. He interprets q as tliei@uebf
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imitation because it reflects the effect of prior cumulatidepéers on adoption. Other
researchers conservatively interpret p as the external infueherring to the influence
of mass-media communications and q as internal influence refeorithge influence of
interpersonal communication from prior adopters (Mahajan, Muller and Srivastava 1990).
Third, the model enables the researcher to resolve an importacércoof
managers of new products, i.e., determine the time to and magoitpéak sales (t*)
and S (t)*, respectively. Bass shows that the time to peak sad the magnitude are
respectively,
= (1/ (p +a))* In (a/p) -(15)
S(t)*= (m*(p+qf)/ 4 q -(16)
Fourth, the model encompasses two well-known earlier models indfraure. If
p = zero, the Bass model reduces to a logistic diffusion fun@agsumed to be driven by
only imitative processes (Van den Bulte 2000, Fisher and Pry 1971, Mari$tl). If g
= zero, the Bass model reduces to an exponential function assumedrieebeby only
innovative processes (Fourt and Woodlock 1960, Bernhardt and Mackenzi€'. 1972)
Hence, the Bass model makes fewer assumptions and is more dbaaréthese two
models.
These four strengths of the Bass model account for its gopatia popularity,
and longevity in the marketing discipline. Indeed, it has spawnedadigar of research

in marketing, which remains unrivalled by any other model or theory.

! New product growth can follow alternate growth pais. A shape of growth that has not been
captured by the logistic or the exponential groatinves is when the period of rapidly increasings#s
shorter than the period in which sales converge toertain saturation level. Frances (1994), in an
illustration of the Dutch new car market, and CH@®67), in the rental of electronic computers ia WS,
capture these growth processes by a Gompertz curve.
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Limitations
Despite its strengths and strong appeal, the Bass diffusion maftesis sfrom

several limitations. Subsequent research has sought to addressptbbfems with
varying degrees of success. We describe these efforts isett®n that follows the
current one.

First, Bass (1969) uses OLS regression in the model to estimeatalues of p, q,

and m. However, this method suffers from three shortcomings (Mahisjaller and
Bass 1990). One, there is likely to be multi-collinearity betw¥;; and th_l making

the parameter estimates unstable. Two, the procedure does not gtawidard errors for
the estimated parameters p, g, and m and hence it is not possibéeds the statistical
significance of these estimates. Three, there is a time intergdbétause the model uses
discrete time series data to estimate a continuous model.

Second, any individual fit of the Bass model has poor predictivetyabllhe
model needs data at both turning points (takeoff prior to growth and slowpioar to
maturity) to provide stable estimates and meaningful sensitdedsts. However, by the
time those events occur, the predictive value of the Bass mduheites]. In other words,
the Bass model requires as inputs two of the most important ekahtmanagers would
like to predict, takeoff and slowdown.

Third, the Bass model does not include the direct influence ofnaarketing
variable such as price or advertising. This is a serious probdmause most managers
want to influence sales with these two variables. The modelyevassumes that the
coefficients m or p captures the effect of such external influences.

Fourth, the model's parameters are unstable and fluctuate withadtligon of

new observations prior to the first peak in sales (Golder and 1688, Van den Bulte
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and Lilien 1997, Mahajan, Muller and Bass 1990, Heeler and Hustad 1980). This
variation in estimates for small changes in observations lead®s guoestion whether the
parameters really capture the underlying behavior (imitationimmolvation). Indeed,
researchers question the basic assumption that diffusion is indeedtiadls a
communicative process (Van den Bulte and Stremersch 2004, Golder #adl988).

One of the strengths of the model may account for this instamliparameters. The
guadratic function fits the sales curve so well that it Bees estimating the true
underlying behaviors (Golder and Tellis 1998).

Fifth, this tradition of research suffers from several problestis measuring the
dependent variable (sales) and determining the starting and ending pbitie time
interval sampled. For one, most researchers use sales apéhnelel® variable. As such,
sales should consist of only first adoptions of the new product. Howaweffect, most
databases do not discriminate between first purchase and repuratesesiescribing
sales. Two, sales should be from the very first year of conaheation of the new
product. However, in effect, the models only use published salesdjgutech often
report sales when a product has already been selling welgt iafter takeoff of the
product. Three, researchers do not define a clear stopping rule toméheterval. The
period modeled should end when the entire market has made first paronasgeleast
when adoptions have peaked.

The next sections describe how researchers correct for soifmesefweaknesses

by improving the estimation techniques, predictive ability, and model spéoifica

Improvements in Specification
The specification of the Bass model is very simple, as it gehte deterministic

explanatory variables. Over the last 35 years, a vast bodyeddtlire has sought to
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enrich the model by including marketing variables, supply résing, multi-product
interactions (such as the presence of competitive products, complgmaat@ucts, and
newer technological generations), incorporating time-varyingpeters, replacement
purchases, multiple purchases and trial-repeat purchases andyzyngneross-country
diffusion patterns. The subsections evaluate the literature inoddbkRse improvements

concluding with an overall evaluation of this stream of literature.

Including Marketing Variables
Many authors consider the impact of marketing variables on new product

diffusion (Robinson and Lakhani 1975, Bass 1980, Kalish 1985, Kamakura and
Balasubramanian 1988, Jain and Rao 1990, Horsky 1990, Bhargava, Bhargava, Jai
1991). A decline in price adds households whose reservation price sructur
accommodates the new prices. Thus, price declines could affecttitnatel market
potential. Price declines could also stimulate the flow of househalaskieing potential
adopters to adopters by increasing the probability of adoption. In pacmon of both
these types of modeling for incorporating price, Kamakura and iBak®anian (1988)

find that price seems to influence only the probability of adoptionthatl only for
relatively high priced goods. Hence, the role of price seems heteeogeneous across
products.

Other models incorporate the effects of advertising on diffusionsiyoand
Simon 1983, Simon and Sebastian 1987). For instance, Horsky and Simon (1983) include
the level of producer’s expenditures on advertising at time t directly into thevitaikss.

Researchers also consider the influence of the distribution priocaghkiencing

diffusion (Jones and Ritz 1991). Jones and Ritz (1991) assume that theteoar
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adoption processes occurring for any new product- one for théeretand one for the
consumers. Moreover, the number of retailers who have adopted thetptethrmines
the size of the consumer’s potential market. The authors show timainetvee absence of
diffusion, i.e., when theconsumer adoption curve is exponential, if initial level of
distribution is limited, then the pattern of consumer adoptions tak&siaped curve
similar to that obtained from a Bass model.
Bass, Krishnan and Jain (1994) include both price and advertising tevigate
they call, the Generalized Bass Model, wherein:
f (©/1-F(t) = [p+aF®)]x (1) -(17)
where x(t) is the current marketing effort such that
X(t) = 1 + 4, APr(t)/ Pr(t-1) +8. AA(t)/ A(t-1) -(18)
WhereAPr(t) refers to Pr (t)- Pr (t-1) amdA(t) refers to A(t)- A(t-1). Both these
variables refer to the rates of changes in prices and adverfisiagnodel reduces to the
Bass model as percentage changes in price and advergsiragn the same from one
period to the next. The authors find that, when percentage chandbe decision
variables are constant, the Generalized Bass model providesteoflieghan the Bass
model. Because the Bass model is quadratic in prior period’s cuveusaties, it fits the
S-shaped curve very well even when researchers omit marketiraiplea. However,
when the coefficients for the decision variables are stafigticagnificant, the
Generalized Bass model provides a better fit than the Bass model.
No study has empirically tested for the effect of all tharketing variables
simultaneously. The limitation of the empirical application bysB&&ishnan and Jain

(1994) is that they only consider the effects of changes in only amdedvertising, and
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not other marketing variables. However, the Generalized Bassl rnadepotentially
include all relevant marketing variables and hence is manlgereevant. The
limitation of the model itself is that it considers only theseffof changes and not the
absolute levels of these variables. It also does not allow fointheence of other

important non-marketing factors that influence product growth such as incomeshange

Including Supply Restrictions
Jain, Mahajan, and Muller (1991) model the impact of restrictions on the

production capacity or the distribution system on the diffusion procesg.mbeéel the
customer flow from being potential adopters to waiting applicantsflmd waiting
applicants to adopters, as follows:

dA(t)/dt = (p+ (@/m)A(t) + (c/m) N(t)) (M-A(t) —N(t)) — c(HA() -(19)

and dN(t)/dt = c(t)A(t) -(20)

In equation 19, d(A)/dt reflects the rate of changes of waitingcgmps. This is
increased by the new applicants (first term on the right hand g&leerated by the
influence of both waiting population A(t) and adopters N(t) on the polegjaicants,
but is decreased by the conversion rate of waiting applicants tceesl¢gtcond term on
the right hand side) where c(t) is the supply coefficient. BEgu&0 captures the impact
of supply restrictions at time t on adoption rate. The growth prafetbe total number
of new applicants is given by

dz(t)/dt = dA(t)/dt + d N(t)/dt = p+ dmA(t) + g/m N(t) (Mm-A(t) -N(t)) -(21)

Though this model demonstrates a way to incorporate the effect ofysuppl
restrictions, the authors assume that the level of capaoiysgwrith the number of back-

orders. However, in practice, this assumption may not hold. In additiontigfissha
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consumers might cancel order or negative word of mouth might dag®wthers from
ordering. Ho, Savin and Terwiesch (2002) allow some waiting applitangbandon
their adoption decisions after a point in time in their theoretreadel of both demand
and supply dynamics. They model the demand process simiteg Bass formulation. In
the supply side, the firms choose the sales rate to maximizéeprafr fixed values of
capacity and launch time. Their results suggest that when fatedneichoice between
selling an available unit immediately versus delaying the galreduce the degree of
future shortages, the firm should always favor an immediate Badeauthors thus show
that the time benefit of immediate cash flows outweighs timmstdtion of demand
acceleration.

Both these studies show sensitivity to distribution issues andarffepportunity
to blend operations planning and marketing research. Such a conflugoseniaglagers
to deal with the dilemma of keeping inventory low while making prtslagailable to
consumers (Cohen, Ho and Matsuo 2000). Nevertheless, a still greallenge is the

tacking of competitive effects.

I ncluding Competitive Effects
While most models typically aggregate across individual diffupimtesses by

studying the product class, asymmetries may exist in diffusicross brands within a
category.

Researchers consider the impact of competitive entry on thusidn of other
brands. A new brand may have two effects: one, it could incribasentire market

potential for the category due to increased promotion or productywadetond, it could
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compete for the same market potential and hence slow down theadifbfghe existing
brands.

For instance, from an empirical application of the model to thanhstamera
market, Mahajan, Sharma and Buzzell (1993) find that Kodak drew tmame30% of its
sales from potential buyers of the pioneer brand Polaroid. Howdwbe aame time, its
entry also led to an expansion of the market. Krishnan, Bass and K2008) study the
impact of a late entrant on the diffusion of a new product. Usiagdblevel sales data
from the cellular telephone industry, they find that the impaantfy of a new brand
varies from market to market, increasing the market poteoftithe category in some,
hastening or slowing the diffusion process of other brands in otlekserRand Gatignon
(1994) find that in the category of hair styling mousses, fopitieeer, there seems to be
strong brand identification effects and the diffusion is independemnapetitive effects.
For the second brand and other generic followers, prior adopters iothgct class as a
whole negatively influence their trials. The sensitivity of diffusion of these brands to
marketing variables also varies with the entry of competing brands.

Hence, research on competitive effects indicates that the diffysbcess may
differ depending on the order of a new brand’s entry and the coropeittfaces.
However, while the models help determine the direction of the impact, they do miyt clea

identify what causes these differential impacts across brands and markets

I ncluding Complementary Products
Researchers have sought to account for the fact that the adopgionnoiovation

is dependent on the presence of related innovations (e.g. Rogers 1995).(B/)s

incorporates this notion in forecasting the sales of new contingentgisode., where
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the purchase of a product is contingent on the purchase of a primary tpriodaa
empirical application to the CD Player market, the author denatestthat the hardware
sales can be modeled using a standard diffusion framework and ttharsafales can be
forecasted by calculating the sum of current and future softwacbase streams of first
time hard ware owners.

In markets with such indirect network externalities, the salesoftvare could
affect hardware sales as well. Subsequent papers have accounted foytiwteraations
in diffusion processes. Bucklin and Sengupta (1993) develop a model to exaencwe
diffusion (both one-way and two-way interactions) of two complememagucts, UPC
code and scanners. The authors find from their analysis of the tegodas that co-
diffusion does exist and may be asymmetric in that one produet smenger influence
on the other product’s diffusion than vice versa.

Gupta, Jain and Sawhney (1999) incorporate the effect of indirectonketw
externalities from suppliers of digital programming in modelimg evolution of digital
TV sets. The authors use a combination of a latent class praoloi¢lnof consumer
demand and complementor response models. Consumer demand for digital TV is
dependent on the hardware attributes, software attributes, and cmgnpedducts.
Complementor (suppliers of digital programming) response is modsledfunction of
the consumer demand for digital TV and regulatory scenarios.

Lehmann and Weinberg (2000) focus on sequentially released products i.e., where
new products are released sequentially across channels (frcestovie releases via
movie theaters and then video rentals). A crucial question in thédigin of these

products is the optimal timing of release across the channeésthere is a possibility of
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cannibalization across the channels. Waiting too long to releasadé@s may reduce
the marketing impact from the theater release. The authorsnietethat the sales of the
initial product (theater attendance) can help forecast the eélihe sequential product
(videotape rentals) and also that the optimal time to releasedde is sooner than that
being done in practice.

These models reflect the growing effort to understand stcaitetgirdependencies
among complementary and competing products. It would be useful to moadfeitts
of supplier actions/reactions, apart from consumer response, on comgenespbnse.
It would also be useful to trace these effects when a new tnafkan initially
complementary product grows so successful as to become a dorapgtoduct. An
example is mobiles phones growing to be competitive with land(i@bscker, Bayus,
Kim 2004). A related issue is modeling the evolution of successivera@ns of

products.

Including Technological Generations
Norton and Bass (1987) assess the market penetration fossivecgenerations

of a high technology product. The diffusion equation for the first gioar product
when p is the time of introduction of the second generation product is

Si(t) = muFa(t) — muFa(t) F(t- 1) -(22)
The diffusion equation for the second-generation product is

Si(t) = R(t- rz)[m2 + F(t) my] -(23)
Where t) refers to the sales of generation i in time periodt) Fefers to the fraction of
adoption for each generation, mefers to the potential for the first generation and m

refers to the potential for the second generation. Hence, thigameals model captures
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both adoption and substitution effects. The authors empirically test the modetamnihe
conductor industry. Norton and Bass (1992) extend this model to covertimeics,
pharmaceutical, consumer and industrial goods sectors.

Mahajan and Muller (1996) account for the fact that users may gkgmeration
and buy a later generation (leapfrogging behavior) in a modelatbatcaptures both
adoption and substitution patterns for each successive generation of aedurabl
technological good. They propose a ‘now or at maturity’ rule for meaduct
introduction where they determine that the optimal decision rula fom introducing a
new generation of a technological durable good is to either introduae $oon as
possible or to delay its introduction till the maturity stagehia life cycle of the first
generation.

Kim, Chang and Shocker (2000) try to capture not only the substitutioctseffe
between successive generations within a product category,sout@hplementary and
competitive effects among product categories in a single meétiice, the market
potential of a generation of a product category is affectedmgtby the technological
substitution from another generation within the category, but alghébgales of other
categories. The authors illustrate the model by capturing rthetly dynamics between
pagers, analog and digital cellular phone and cordless telephoneth2 iwireless
telecommunications market in Hong Kong. Their results indicate ttatearliest
introduced category of pagers seems to have a positive impact oslitdar phone’s
market potential while the cellular phone appears to have a negaipaet on the
pager’'s market potential. The cordless telephone 2 however hagigepagpact on both

pager and digital cellular phone, possibly because it serves as a complement.
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Allowing Time-Varying Parameters
The parameters of the Bass model could change over time due tal $aetErs

such as the changing characteristics of the population, productemumey. Researchers
have looked for ways to incorporate this dynamic specification into the Bass model.
Mahajan and Peterson (1978) model the market potential as a functioreof
varying exogenous and endogenous factors such as socio-economic conditions,
population changes, and government or marketing actions. Easingwood, Mahdjan
Muller (1983) develop a non-uniform influence model where they allow the coefficient of
imitation to be time varying. They use the specification
dF(t)/dt = (p + q F()) (1- F(t)) -(24)
Wheres is called the nonuniform influence factor. If the value @guals one, it
indicates that diffusion takes place with uniform influence, simiathe Bass model.
Values ofé between zero and one cause an acceleration of influence leadingéarlier
and higher peak. This leads to a high initial coefficient ofatian, which declines with
penetration. Values d@f greater than one cause delay in influence leading to a lower and
later peak. This indicates that the coefficient of imitationdaases with penetration.
Indeed, Easingwood (1987) demonstrates that nine classes of diffbsipesscan be
determined by examining different values of the coefficient afation and the non-
uniform influence parameter! For instance, a product with low gabtfidboth parameters
has a brief initial period where influence is relatively higading to a steep start to the
diffusion process. Subsequently, adoption is constant and low as influence becomes low.
Sharma and Bhargava (1994) question the assumption that all prior adcmgter
equally influential. They propose an extension of the non-uniform influeodelnwhere

not only is the influence of previous adopters considered non-uniform, buaddpters
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who have adopted in the recent past are considered more influentighdlsanvho had
adopted much eatrlier.

Several researchers propose alternate functional forms capabl®wing for
dynamic formulation of the parameters. Lavaraj and Gore (1990) daatenthe use of
the IDB distribution to model an adoption function flexible enough to incomgpora
increasing, decreasing, constant or bathtub shapes, and non-uniforretpesaiXie et al
(1997), Bretschneider and Mahajan (1980), and Bretschneider and Bozeman (1986)
demonstrate the use of feedback estimation approaches to estimataeic parameter
paths.

The advantage of such dynamic specifications is that they provigaliatic
interpretation of the diffusion process. They not only improve themasbn results, they
also help examine the causes of accelerating or deceleiafingnces over time.
However, the gain of accuracy and insights from the model come aviloss of
parsimony.

Allowing Replacement and Multi-Unit Purchases

Though the Bass model covers only first purchases of a durable goaad|lyypi
the sales comprise of both replacement and multiple purchasesv pafeers in the
diffusion literature cover these phenomena (Steffens 2002, Bayus, Hohglaed 989,
Kamakura and Balasubramanian 1987, Olson and Choi 1985).

Kamakura and Balasubramanian (1987) incorporate the role of replaceme
purchases through the following model:

y (t) = [a + bX(t)] [o Pop(t) P£(t) — X(t)] + r(t) + e(t) -(25)
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where y(t) is the sales of a product at year t, Pr(tyagptice index, Pop (1) is the
population of electrified homes, X(t) is the total number of units @maighe beginning
of year t assuming that all dead units are replaced immagdiated r(t) is the number of
units that have died or need replacement at year t. The pararaedmd b denote the
coefficients of innovation and imitatior§ denotes the impact of price changes on

ultimate penetration, while. refers to the ultimate penetration. They demonstrate the

incorporation of replacement purchases into a diffusion setting even replxcement
data is not specifically available.

A related problem is the purchase of multiple units by one houseftdtfens
(2002) develops and tests a model for multiple unit adoptions of durablis.gHe
models first unit ownership using a Bass diffusion model with a rdymg@opulation
potential. External influences and earlier adopters of multiple dnite a proportiori],
of these adopters to making multiple purchases giving the model ddipl@ unit
adopters M(t) as

dM(®)/dt= ([T 1 N(t) — M(1)) (a + by M()) -(26)

Where N(t) refers to the number of cumulative adopters at timeand h are
parameters representing external and word of mouth influenci dinst multiple unit
adoption. There are people who adopt more than two units. The upper potential of
subsequent multiple unit adoption is modeled as a fixed propdmtiaf multiple unit
adopters M(t). The model for subsequent multiple unit adoptions Q(t) is

dQ(t)/dt = (T2M(t) — Q(1)) ((& + b M(t)) -(27)

Where a and b are parameters representing external influences and word of

mouth influences on subsequent multiple unit adoptions.
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While these models throw light on how to capture replacement denrahd a
multiple purchases, they do not give insights on what drives these ggscdsor
instance, Olson and Choi (1985) assume that the life of a product entts weaar out
failure only and hence product age and wear-out drives replacemmandle Other
factors such as ability to pay could determine also replacedemand (Bayus and
Gupta 1992).

Trial and Repeat Purchases

Markets not only grow by acquiring new trials (first purchadms)also grow
through repeat purchases by the original buyers. Early mdoeks at trial-repeat
purchase behavior in packaged goods industries (Fourt and Woodlock 19@&0erglat
and Golanty 1978). Recent models examine trial-repeat purchase rimageatical
goods industries (Lilien, Rao and Kalish 1981, Hahn et al 1994).

Hahn et al (1994) develop a four-segment trial-repeat purchasd wioele the
four segments comprise of non-triers, triers, post trial non-reyseand post-trial
repeaters. They find that while word of mouth from prior adoptersraar#teting efforts
influence trial, product quality, marketing activity and markenif@rity influence the
repeat rate.

Models of Cross Country Diffusion

The initial application of the Bass diffusion model was limiteathe study of
diffusion of new products within the United States. Initially resiears included socio-
economic variables to explain differences in diffusion across ceanfHelsen, Jedidi
and Desarbo 1993, Takada and Jain 1991, Gatignon, Eliashberg and Robertson 1989).

Researchers have since examined the influence of wealth, sgsiam heterogeneity,
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cosmopolitanism, activity of women, mobility, mass media availgbditd learning on
cross-country diffusion (Talukdar, Sudhir and Ainslie 2002, Dekimpe, Pakdr
Sarvary 2000, 1998, Kumar and Krishnan 2002, Tellefsen and Takada 1999, Kumar,
Ganesh and Echambadi 1998, Ganesh, Kumar and Subramaniam 1997, Puld9&t al
Ganesh and Kumar 1996, Helsen, Jedidi and Desarbo 1993, Takada and Jain 1991,
Gatignon, Eliashberg and Robertson 1989).

One problem in modeling cross-national diffusion is that the samplesuntries
are often not comparable. Dekimpe, Parker and Sarvary (1998), prapsseple
matching procedure to solve this problem. In the first step, the researcbedsict an
external estimation and validation of the social system size;hwisi the population
within which the innovation diffuses, and the long run adoption ceilinggtouat for
the fact that the intrinsic utility of the innovation will berador some portion of the
population). In the second step, they calculate the intercept tediding the number
of adopters who purchase the product in the first year by the sgstam ceiling size
(ceiling size multiplied by the social system size). In tthied step, they estimate each
country’s growth parameter. The authors model the intercept andhgtewhs as a
function of exogenous or endogenous variables. The diffusion paraméteatestare
more robust than those derived from the Bass model. However, thetedtipagameters
of ceiling size and social system size are fixed in the gtimge not allowing for growth
dynamics (Putsis and Srinivasan 2000). In addition, there are someereimtuitive
results in the empirical application to cellular diffusion acra84 countries. For
instance, the value of the intercept parameter, which is sitaldhe coefficient of

innovation, is higher for Algeria (0.004) or Egypt (0.0008) than for Japan (0.0001)
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though Japan is likely to be much more innovative than either country.uiihersdo

not discuss these counter-intuitive results.

Evaluation
Though these various extensions have individually addressed variowidingt

of the Bass diffusion model and developed modifications, there is nontegrated
model incorporating all these extensions. As a result, the conbrisutemain separate.
While a model, which considers all these different dimensions, wouttbulot enable a
richer and more comprehensive analysis, this benefit would likely @intige cost of
parsimony. In the meantime, managers and analysts can use avfitloese models that
address the limitation that is most salient for the product aegay they are modeling.

In addition, all of these models assume that the underlying behdeabrdtives the
process is one of knowledge diffusion through the population of consumers. Ih actua
markets, this assumption itself might not hold, requiring alternatgels to capture the

growth of new products. We describe such models in the next major section.

Improvements in Estimation
A flood of articles since the Bass (1969) model attempt to bestmate the

parameters of these models (Schmittlein and Mahajan 1982, Srinevagdviason 1986,
Lenk and Rao 1990, Xie et al 1997, Venkatesan, Krishnan and Kumar 2004). ®ammittl
and Mahajan (1982) propose Maximum Likelihood Estimation (MLE) tomesé the
parameters of the Bass model from the expression of the cumdtaiitien of adopters
F(t) derived in the Bass model. Though the Maximum likelihood apiprelaminates
the time-interval bias, Srinivasan and Mason (1986) suggest thatagpeoach
underestimates the standard errors of the parameter estiamté focuses only on

sampling errors and ignores other forms of errors. They propcsiéeamative estimation
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techniqgue termed the non-linear least squares approach. We claab$gquent
improvements as belonging to one of four approaches: non-lineasdgasts approach,

hierarchical Bayesian methods, adaptive techniques, and genetic algorithms.

Non-Linear Least Squares Approach
Srinivasan and Mason (1986) propose the following nonlinear least squares

approach:

S@=m[F®-F )] +u - (28)
Where m is the number of eventual adopters, and S (i) is the sales in the intengl (t
S (i) =m [(1- e (-(p+a)})/ (1+ (a/p) e (-(p+a)i

- (1-e (-(p+q) t1))/ (1+ (a/p) e (-(p+a)it)] + U wherei=1,2, ... -(29)

Jain and Rao (1990) also propose a similar non-linear approach. Thess model
can be easily estimated using standard software packages s8&&a3he non-linear
approach provides the following advantages over the OLS approaeh.tlfi@ model is
not constrained to be linear in the parameters. Two, the modeloovescthe time-
interval bias of the OLS estimation. Three, the model provided eatimated standard
errors and T-ratios.

However, researchers have determined that non-linear techniques duffa a
few limitations. The estimates can be poor and noisy when obtaineddatarsets with
too few observations. Van den Bulte and Lilien (1997) show that thmukl be a
downward bias in the estimates of m and p and an upward bias inithatestof q due
to an omission of time-varying variables. For instance, as [pailt® lower income
households may be more able to afford the new products, increasimgutket potential

while the non-linear least squares estimation would provide a dowibizsed estimate
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of m. The implication is that the bias may result in managederdanvesting in
advertising and external media and overestimating the impact ebdi@ contagion. In
addition, the model proposed by Srinivasan and Mason (1986) does not fallow
parameter updating and hence does not have good predictive abifitydfcasting sales
of very new products. The next section examines attempts lgrechses to incorporate

Bayesian updating procedures with the non-linear least squares estimahod.met

Hierarchical Bayesian Methods
To estimate the Bass model reliably and make accurate poedictesearchers

need data beyond the two inflexion points: takeoff and slowdown. Sorearchers
propose using expert judgments coupled with industry surveys or purcti@sgon
guestionnaires (Infosino 1986) or Information acceleration techniqubarflWeinberg,
Hauser 1996) to develop pre-launch estinfat®sher researchers suggest using data for
similar products, termed as analogies, for this purpose (Easotgh989). However, to
do so, we need to answer two questions. One, how can products be classified
similar/dissimilar? Two, what happens when there are dissipritatucts? Bayus (1993)
proposes a solution to the first question by developing a product segimerscheme
using demand parameters, marketing and manufacturing relatedblesriand

demonstrates its application to generate forecasts for high-definitigaridito launch.

2 Urban, Weinberg, Hauser (1996) suggest a technique known as “information
acceleration” to forecast consumer reactions to radically medupts such as electric
vehicles. Here, researchers utilize a multimedia computerdatec a virtual buying
environment and accelerate information to a consumer so that harsheact as if they
were in the future. The authors develop market forecasts using cormb#afi stated
intent measures, conjoint analysis and diffusion models. See Urbaln (£997) for
further applications of this technique.
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As a solution to the second question i.e., when data of only dissimilar products are
available, researchers propose the use of hierarchical Bayestands to model new
product sales more accurately (Lee, Boatwright and Kamakura 20&ddg Sudhir
and Ainslie 2002, Neelamegham and Chintagunta 1999, Lenk and Rao 1990). Here, the
forecaster can obtain information from different products thateskame common
structures, even when no sales data for the focal product ialdeaiResearchers then
develop pre-launch forecasts for the focal product, updating them wiesnrdarmation
about the focal product does become available (Putsis and Srinivasan 2080).
approach helps obtain more stable forecasts (Talukdar, Sudhir ande ARGE2,
Neelamegham and Chintagunta 1999, Lenk and Rao 1990).

Talukdar, Sudhir and Ainslie (2002) demonstrate an application of the
Hierarchical Bayesian technique to the international diffusion gbnltg pooling
information across multiple products and countries. They use the nonlinear Bassrdiffus
model proposed by Srinivasan and Mason, while incorporating two chagesthey
model the error term in a multiplicative fashion to reduce tfexesf of heteroscedasticity
and two, they model auto-correlated errors to allow for the posgilhit serial
correlation. They model the evolution of cumulative fraction of adopters over time as
Forc () = [(2- e_(ppr,CJr qpr,c)t W [(1+ qpre/p pr,c)e_(ID prc qpr,c)t )] -(30)

Where the subscripts pr and c refers to the product and countrgtresiye and t
refers to the time. The subscripts denote the fact that the swatllaw for heterogeneity
in the values across both countries and products. They find that theedpre yields
lower mean squared errors when compared to either models thatedhe parameters

of the Bass model for one product across many countries (Gatignashligrg and
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Robertson 1989) and models that estimate the parameters acroggenputiducts for
one country (Lenk and Rao 1990). However, the limitation of this moddiaisthe

parameters are not allowed to vary over time.

Adaptive Techniques
Other researchers use stochastic techniques that allow pasanetevary

dynamically over time to model new product growth. These techniqueteedback
filters and Bayesian techniques to update the parameters overlXimest al 1997,
Bretschneider and Bozeman 1986, Bretschneider and Mahajan 1980).

Xie et al (1997) propose the use of tAegmented Kalman Filter to update
parameter estimates as new data becomes available. Thwtiesti technique uses

continuous and discrete observations (AKF (C-D)) thus:

dn/dt = f,(n(t), u(t),p t) + w, -(31)
dpl dt =fz( B n(t), t)+ wp . -(32)
Zk= N + W -(33)

where n is the cumulative number of adopters, u is the marketingyariable
vector, fis the unknown parameter vector, andwgare the process noisg, and z are
the actual and observed cumulative number of adopters at fjmend y is the
observation noise.

Equation 31 is theystems equation that characterizes the diffusion rate at time t
(the evolution of the cumulative adopters) as a function of the cuadamters (n), the
marketing mix variables (u), the diffusion parametgrdime t and random noise,w
Equation 32 specifies the time varying behavior of the parametals equation 33 is

the measurement equation that specifies the errors in measuring the numiaetopters.
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At time 0, based on prior information, the best prior estimateshef parameter
distributions are developed. At a given time, the diffusion model prettietsales and
parameter values for the next period, usingn@ updating process given the current
observations. There is alsar@asurement update as new information arrives, using the
forecast error between the actual and observed number of adopters.

The authors show that the Augmented Kalman Filter estinthgeparameters
directly, avoids time interval bias, forecasts more accyralbeln other techniques such
as the non-linear least squares and the OLS, and can estimateatlying parameters.
This technique is however not as easy to use as either the nonslageassion or

ordinary least squares regression.

Genetic Algorithms
Venkatesan, Krishnan and Kumar (2004) propose the use of estimatiba of t

Bass model by Genetic Algorithms. They find that since #ifinique combines the
advantage of both systematic search and random search, itbke#erachance to reach
the global optimum as compared to sequential search based nonldas&asquares.
Using simulations, the authors find that this technique does not stdfer dias and
systematic change in parameter values as more observat®asided, as does the non
linear least squares method. The authors also find that the mean of the atesoaiiens

in forecasting for the Genetic Algorithms is significantly @whan the Augmented
Kaman Filter estimation technique. However, it does not allow Her fact that the

parameters could vary over time.
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Evaluation
This body of research indicates that improved estimation techpniqassined

with product classification schemes such as that developed by B2 can lead to
increased accuracy in the forecasts of peak sales and ¢seesalution from takeoff to
peak during the growth stage. However, there has not been muchreffcetlicting the
turning points in sales, such as slowdaawa especially takeoff. For these critical events,
researchers have proposed entirely new models, which a subsequemt destribes.
The improved methods of estimation also do not overcome the limitatiemcbhided
managerial variables from the Bass model. The following seclestribes efforts to

overcome this limitation.

Alternate Models of New Product Growth
Due to the many limitations of the Bass model, especiallglitsnce on a process

of diffusion, several other researchers have departed from thevilark and proposed
entirely new models. Four of these are particularly importadt are reviewed here:
Affordability models, individual level models, sales models for reait@ment products,

and spatial diffusion models

Affordability Models
The assumption of diffusion that underpins the Bass model is that dHestm

consists of a homogenous population of adopters, all of whom can affopgathact
equally well. Their different times of adoption occur because lgwy of the product,
either from the firm or from other adopters, at different tin\&e review models that
guestion this assumption.

Horsky (1990) develops a model that incorporates the role of pmatenaome

(affordability) in aiding sales growth. He assumes distributions for botkeswagd prices,
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and considers that only a proportion of the population will purchase the préthict.
models sales S(t) as a logistic function, thus:
S() = B M(1)/(1+ e— (K +w (1) —k p(t) 6(1)) — Q)] [u+ S Q(D)] -(34)
where M(t) refers to the number of households in the population, wilemage
wage w(t), its dispersion being (t). p(t) refers to the average price of the durable.
refers to the fraction of the population who will buy the product. Q@(the number of
eligible individuals who have purchased before time t. The temmg Q(t)] depicts how
an eligible individual may become aware of a product due to word afhniafiermation
from those who have already purchased the product. If the size pbphdation, the
income distribution and price remain constant, the equation reduces to the maeg famil
S() = IN-Q(®)] (b + FQ()] -(35)
Where N(t) equal¥M(t), the number of people eligible to purchase. In an
empirical application of the performance of the model, the authorndets that in
categories where the word of mouth effects are weak, the rfitedile data better than
the Bass model. The author also derives the policy implicationathpatce skimming
strategy is appropriate for a monopolist when weak word of mouglctefexist and a
price penetration strategy is appropriate when word of mouth effects are strong
Golder and Tellis (1998) propose an alternate model based on the idea of
Affordability. Their model recognizes that consumers may delay their puschiasié
prices decline or incomes rise sufficiently for them to affibrel new product. Hence,
they model product sales as a function of price, income, consumenesgnand market

presence, in a Cobb-Douglas multiplicative manner. Their model is

S=Phix | f2* CSs* MPi* e -(36)
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Where S denotes sales, P denotes price, | denotes income, CS densteser
sentiment, and MP denotes market presence. While this model dofiisthetdata as
well as the Bass model, the estimates of the coefficientpiarel response seem more
stable with the addition of observations to the data series andaithel seems to yield

better year-ahead forecasts.

Evaluation
These models have the advantages of specifically accounting fariehef price

income and product benefits in the adoption process, hence providing a richer
interpretation. However, this richness comes at the cost ofr ggreimony, ease of

interpretation, or predictive ability that are the key benefits of the Bassimod

Individual Level Models
Individual level models ofadoption of new products focus on the fact that

consumers do not adopt immediately on coming into contact with infamman the
product. Rather, the adoption decision is a decision problem under ungerarthe
diffusion process continues, the consumers obtain new information thatduhljge their
uncertainty. The consumers are also expected utility-maxisniaed choose products
that maximize benefit or utility. Hence, these individual lewmebdels provide a
behavioral basis for understanding the consumer’s decision of whethdopb a new
product or defer purchase for later, based on uncertainty reductiorexpectations of
price declines or quality improvements over time.

Individual level models first originated in the economics litee{litiebert 1974,
Stoneman 1981, Feder and O’Mara 1982). In the marketing context, Robertsbamd U
(1988) assume that individual consumers chose the brands that provide ithetihew

highest expected risk-adjusted utility and update their prior belledsit the brand in a
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Bayesian fashion with the arrival of new information. This updatirgirscin two ways.
One, word of mouth communications (positive or negative reviews) chagge the
estimated mean attribute levels of the brand. Two, uncertaiaty dacline due to the
availability of new information. The authors derive the individual rchoé purchase as a
multinomial logit model. The authors apply the model to the pre-lauranimiplg of a
new automobile where they collect measures of mean valuesjyegt@attribute levels,
uncertainty and purchase probabilities from respondents and aggreggmihabilities
of purchase over consumers to get the expected market share.

Oren and Schwartz (1988) study the choice between an innovative prathuct w
uncertain performance and a currently available product with mgréaformance where
uncertainty leads risk-averse consumers to delay adoption untipéteyore evidence
on the performance. Early adopters are those who are less &vaisk while later
adopters are imitators who delay purchase until they get enougimatfon from the
market to overcome their initial uncertainty. The authors deriveaggregate-level
logistic market growth model for market-share (rather than marketrpaosj.

Chatterjee and Eliashberg (1990) develop a model where consumetiskare
averse and adopt a product only if their expectations of its peaxfm@nexceed a ‘risk
hurdle’ and a ‘price hurdle’. The consumers update their expectaifopsrformance
based on the information (positive or negative) they receive. Conswarerlence
heterogeneous in the cumulative information they need for adoption. Tieesadéerive a
diffusion curve by aggregating the predicted individual adoption behavior theer

population. The authors show conditions in which their model can reproduceasise B
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(1969), Fourt and Woodlock (1960) models. The authors obtain individual level
parameters for price, risk and uncertainty by means of a survey of respondents

Building on work by Bemmaor (1994), Bemmaor and Lee (2002) demonstrate the
derivation of an aggregate level diffusion model from individual ldweterogeneity
assumptions. They assume that the individual level model of adoptiongtim
consistent with a 2-parameter shifted Gompertz distribution whasgaulative
distribution function is as follows:

F(t/y .b)= (1- €™) exp (-ye™),t>0 -(37)

Where b is a scale parameter constant across all consumers,captures an
individual's propensity to buy, which varies across consumers aogotdia gamma
distribution, with a shape parameter Here, small values oht indicate greater
heterogeneityThe authors derive an aggregate level distribution of adoption times g
by

F(t) = (1- )/ (1+ &™) -(38)

This is the G/SG model. Here df= one, b= p+q and = g/p, equation 38 reduces
to the Bass model and if- zero, equation 38 reduces to the exponential model. The
authors test the model by forecasting the sales of 12 new praohactsd that the G/SG
model provides better forecasts than the Bass model. However hineytisat with the
addition of more observations, there are systematic changes in tket patential and
imitation coefficients. Hence, the more complex G/SG model shoeastey parameter
instability than the Bass model.

In high technology markets, consumers are often not myopic and cotisede

expectations of changing price and quality levels while making dldeption decisions.
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Song and Chintagunta (2003) develop a model in which they account for both
heterogeneity and forward looking behavior by consumers in the adabtieew high-

tech durables products. The difference from previous research ihélyalise aggregate
sales data, rather than intent measures obtained from sutvesjmate the model. In

the model, consumers have expectations of the future statesed prid quality levels,
both of which change over time leading to a probability distribution ertrénsition of
future states of these variables conditional on current stAtensumer can choose to
either buy or not buy a product in each period and chooses the alethat maximizes

the discounted sum of expected utility. The authors aggregate tidisalual level
adoption decisions to obtain an aggregate diffusion curve, and use theeasise

available aggregate level data to estimate the individual level decisiongtaram

Evaluation
Aggregate diffusion models provide a crude understanding of how sateswvof

products evolve over time. In contrast, individual level models show usndiwdual
consumers adopt new products. Thus, in one sense, the latter models corhpiheme
former by revealing the behavioral process of how people adopt inmesa&nd change
their judgments over time.

However, individual models suffer from some limitations. One, mosvithal
models lack the parsimony and ease of understanding that astethgths of aggregate
level models. Two, they need to have aggregate level interpretatiddesdf use to new
product marketing managers who are interested in serving segorepbpulations as a
whole. Three, these models suffer from data availability, asithdil level data is harder

to obtain than aggregate data (Mahajan, Muller and Wind 2000). Somechessa
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(Roberts and Urban 1988, Chatterjee and Eliashberg 1990) measure vituaidevel
parameters prior to launch. Howevacfual behavior might provide more insights into
consumer behavior thastated intentions. In addition, these models typically do not
incorporate the consumers’ expectations of changing levelsiad and quality in the
future. The model developed by Song and Chintagunta (2003) addressesuthibyis
allowing for aggregate level estimation and dynamic expectatibiosvever, it is
complicated to understand or estimate and cannot help foretzstbséore the product
launch.

Overall, while individual-level models lead to a better behavionalerstanding
of the process of adoption and can help understand why some consumers digopt ea
than others do, the predictive ability of these models to foreggstgate level adoption

still seems limited.

Models for New Entertainment Products
Recently, researchers have focused on modeling and forecastirgplése of

entertainment products that typically follow a pattern of exporietgizay rather than the
bell-shaped pattern of durable goods sales. The bulk of this re$eardbcused on the
movie industry though recent research has also looked into forecastesy of other
entertainment products. This section reviews the important modéis iexéa. We divide
the review into models that examine box office patterns and f&irenavies sales,
models that examine optimum selection, scheduling and distribution ofesnawid

models that forecast the growth of other entertainment products.

Forecasting Movie Sales



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

The earliest marketing model looking at the movie industry sd¢erbg that by
Eliashberg and Sawhney (1994) who develop a model to predict individigaeddes in
movie enjoyment. In the first model that looks at modeling box effsawhney and
Eliashberg (1996) model the total time to adopt (see) a movia mgdavidual as the sum
of the total time to decide, which is related to information intgrand the total time to
act, which is related to distribution intensity. Both these procemsesssumed to be
exponentially distributed with the stationary paramekeaidy. The authors find that
their model can determine three classes of adoption patternsathatpresent all the
box-office patterns. The authors hence develop a simple model, basedtotwg
parameters, which needs less data than the Bass model to fefésetstely. However
when the authors extend their analysis by attempting to modelitilghor no revenue
data, they find that while their model does well in predicting the ultimatelletine box-
office potential, it does not help capture the shape parameterdy and hence there is
little insight on how the box-office performance is spread over time.

Subsequent researchers of entertainment products show how to devedop bett
pre-launch forecasts. For instance, Eliashberg et al (2000) agbameinitially all
consumers are in an ‘undecided’ state and are exposed to both medisgiagvand
word of mouth (positive or negative). Depending on the impact of the emivgrand
word of mouth effects, there is a behavioral transition from the tidel@ to the
‘Considerer’ (one who eventually sees the movie) or a ‘Rejeclidre considerer
becomes either a positive or a negative spreader. The authorstheodtdte transitions
via an interactive Markov Chain model. The parameters of the moaletd of mouth

frequency, duration of spread, consideration duration, and distribution detay a
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determined via pre-release experiments. This model is simplijve and appealing as
it reflects the actual behavioral states and transitions of a movie consumer.

Elberse and Eliashberg (2003) examine movie forecasting in a arbssal
context and determine how the performance of a movie in a domestetnmfluences
its performance of a movie in a subsequent international launch.rflesmahave also
examined the impact of advertising (Zufryden 1996), movie crififi|ashberg and
Shugan 1997), and movie web site promotion (Zufryden 2000) in forecasting boex-offi
performance. Shugan (2000), Shugan and Swait (working paper) dest®nstw
researchers can utilize consumer intent-to-see measures inoplegelpre-release

forecasts.

Movie Selection, Scheduling, and Distribution
Krider and Weinberg (1998) develop a game theoretic analysis to igatest

competitive dynamics in release timings of movies with each @ieciding whether to
opt for an early release or delay the release. Swanasttierg and Weinberg (1999)
develop a two-tier decision support system for a multiple scitbeaser to better select

and schedule movies in order to maximize profits.

Forecasting Sales of Other Entertainment Products
A number of other models examine various aspects related to dseesalution

of entertainment products. For instance, Moe and Fader (2002) demoingtrase of the
hierarchical Bayesian technique to develop pre-launch forecasts gbroewct sales of
entertainment goods such as music CDs, based on patterns of advahesegorders.
Lee, Boatwright and Kamakura (2003) develop a hierarchical Bayesidel to develop

pre-launch forecasts of recorded music.
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Evaluation
These models show in general that alternate models help captuyeotité of

entertainment products better than the Bass model in termsgiitmdit, and pre-launch
predictions of sales. The question is whether these differentlsnade generalizable
beyond the specific product modeled to all entertainment products. Tdewlékely to

be suitable to non-entertainment products. In contrast, the strendl Bass model, in

contrast, is that it is generalizable beyond the durable goods settings.

Spatial Diffusion
Most models described so far give an idea of how products diffuseioesbut

not how they diffuse ovespace. Spatial diffusion models address this latter problem,
Though not considered explicitly in the field of marketing, spatitiision has had a
long tradition of research in the field of geography and agri@lltustory, originating
from the seminal work of Hagerstrand (19%3)

There may be various types of spatial diffusion (Morrill, Gailérall 1988).
Contagious diffusion occurs when the distance or adjacency is the contrddloigr, for
instance, the spread of infectious diseag&apansion diffusion describes the process
similar to that of a wildfire, when there is a source, anddiffesion occurs outwards
from the sourceHierarchical diffusion occurs when diffusion progresses through an
ordered series of classes, such as the phenomenon being firsedbeehe largest city,
then jumping to the next largest and so Reocation diffusion occurs when the number

of agents with the diffusion characteristics does not change. gérgsamerely change

% See Morrill, Gaile, Thrall (1988) for a review of more recapproaches to
model spatial diffusion in the geography literature tradition, wiactk at both spatial
diffusion and the incorporation of both time and space in diffusion.
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spatial location or as the trait passes on to additional agenss|o$t in the original
agents.

Hagerstrand (1953) conducts a detail mapping of the geographic spiead
agricultural indicators such as state subsidized pastures aet@fagindicators such as
postal checking services, automobiles and telephones. He obsenasyhaptic growth
curve could conceal a large number of individual events that occuittairaously in
different parts of the area observed. Typically, diffusion seentsate the following
spatial regularities: At first, there is a local concerdrabf initial acceptance followed
by a radial dissemination outwards while the original coraafeptance continues to
become denser. Finally, growth ceases, as there is satufaiioagricultural indicators,
the initial acceptance groups are clear and radial disseminato@meeds on clear-cut
lines. For instance, he observes that the acceptance of statizatbspastures
acceptance spread from the west to the eastern part of thdracemtrast, the initial
acceptance is more dispersed and the subsequent disseminatiordéelysfor general
indicators.

Much of Hagerstrand’'s work has relevance to marketing. For instdree
pioneered the notion of a ‘mean information field’ where the frequehcpntacts in a
social network is assumed to diminish with distance. He also fihdsugh his
simulations that potential adopters seem to vary in their teegig’ to the innovation,
which explains the longer period of incipient growth and greateredegf spatial
concentration evident in the diffusion of some products.

In marketing, a few papers have shown interest in incorporétmgiotion of

space into diffusion models (Garber et al 2004, Mahajan and Pete936h Mahajan
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and Peterson (1979) introduced the notion of the ‘neighborhood effect’ in tegluabl
substitution models i.e., the further a region is from the ‘innovaggen’, the later it
will be before substitution occurs.

In a more recent application, Garber et al (2004) argue tisgpassible to predict
the success of new products by looking at spatial pattermbffasion by means of
complex systems analysis. In such an analysis, the maréenatrix, where the discrete
cells represent adoption by individuals. Each cell interacts thighother cells, the
interactions not being restricted to strictly neighboring dellsvhat is termed a ‘Small-
world’ framework). The value ‘0O’ represents non-adopters and ‘1’ septs adopters.
‘P’ represents the probability that an individual will be affedbgdexternal factors and
‘q’ the probability that an individual is affects by an interactwith a single other
individual who has adopted the product. The individual probability of adoption given
that the individual has not yet adopted is:

Prob (t) = 1- (1-p) (1-gf"® -(39)

Where v(t) represents the number of neighboring previous adoptérsvivitm
the individual maintains contact and r(t) is the number of previous adopteo are
weak-tie contacts.

Garber et al (2004) argue that a spatial analysis of diffusitznocda help in early
prediction of new product success. They state that for a veslived product, word of
mouth and imitation will feed the flow of internal influence, legdia the formation of
clusters. However if the product is a failure, then internalcgdfactivity will be minimal,
and diffusion will be mainly due to external effects, and hence adoptk be randomly

distributed. Hence, the distribution in the case of a failure wouldldser to a uniform
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distribution. The authors hence argue that it is possible to ptéeicuccess of a new
product within a few periods from introduction by comparing the spaisatibution of

the product with respect to a uniform distribution using a measure/@fgéince known

as Cross-Entropy. They expect successful products to have a declining cross-entropy

measure while failures would have a consistently low cross entropy measure.

Evaluation
The use of complex systems analysis helps provide a micro-vid¢he gfatterns

of interaction among individuals and an understanding how this influgheeiffusion
of new products. It highlights the much-ignored spatial dimension ofdiffiesion
process. However, these models seem to follow the Bass modgbiradiviewing new
product growth entirely as a process of ‘diffusion’, ignoringratite explanations such

as those studied in previous sections.

Models of Introductory Stage and Takeoff

A key characteristic of new products is that not all consuraecept them
instantaneously at the time of introduction. The Bass model assuceesia number of
consumers (p*m) to adopt the product initially. However, most new ptethave a long
period when sales are low. At some point in time, there is a susjolam in sales
followed by a period of rapid growth. When viewed graphically this tegrukars as a
sharp bend in the curve or a “takeoff’. Fig 3 compares the takeaéripsitof a white
good (microwave oven) in various Western European countries. The smalpnbthe

curves in the graphs signal takeoft.
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Takeoff of Microwave oven in some European countries
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Prior to 1997, academic literature and the trade press have oféeredefo the
takeoff of new products, without any formal definition or measurth@fphenomenon.
However, a few articles discussed the phenomenon from select angles.

For instance, Gort and Klepper (1982) define the diffusion of product innovations
as the spread in the number of producers engaged in manufacturingpeodest. They
define the takeoff as the second stage in this evolution, involvingrp si@ease or
takeoff in the number of producers. However, though they are able to demontististe
distinct stages of market entry, they do not relate it to the adoption of the new pitmgluct
consumers. Thus, we cannot be sure that the takeoff in number of prochicerdes

with takeoff in sales.
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Kohli, Lehmann and Pae (1999) define a concept termed ‘incubation sntleéa
time between the completion of product development and the begiahsgbstantial
sales of the product. They find that the length of the incubationatifeets parameters of
the Bass diffusion model. The beginning of ‘substantial saleshefptoduct could be
analogous to takeoff. However, their definition of substantial and tlesurement of
when substantial sales begin and hence of incubation time is vague.

Golder and Tellis (1997) define takeoff in sales of a new proakithe point of
transition from the introduction stage to the growth stage of the grrditkicycle. They
also provide the first formal and precise measure of takeoffd@geribe this measure
later in the context of other measures for takeoff.

Why is takeoff important? A sudden and sharp increase in salesreequi
enormous resources in terms of manufacturing, inventory, distribution s#oyabrt.
Hence, knowing when it occurs and what causes it is cribcahanagers to manage the
sales and success of a new product. Most importantly, takeoéisesyis a difficult-to-
predict turning point in a new product’s life. It might well beign to the managers that
the product has become desirable to the mass market. It neghieabn early sign of the

future success of the new product.

Measuring Takeoff
The literature describes many different measures of takeoff.

Golder and Tellis (1997) provide a simple measure for this phenomendhehat
find to work quite well in an extensive study of new consumers durabkke US. The
authors find that when the base level of sales is small, avedyaarge increase in sales
can occur without signaling takeoff. Alternatively, when theesse sales are large, a

relatively small increase in sales can signal takeoff. Hethey develop a threshold of
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takeoff, which is a plot of percentage sales growth relative base level of sales,
common across all categories. The authors measure takeoff fasttlyear in which an
individual category’s growth rate relative to the base salesses this threshold. They
find that this heuristic measure of takeoff successfullyafitssual inspection for 90% of
the categories in their sample.

Golder and Tellis (1997) also compare this rule to measure fakebf two
alternatives: a logistic curve rule and a maximum growth. rihe logistic curve rule
involves finding the first turning point of a logistic curve fitteo each sales series. This
involves determining the maximum of the second derivative of thetiogisrve since
this captures the largest increase in sales growth. The maxgmumih rule uses the
largest sales increase within three years of takeoff asndieied by the logistic curve
rule. However, the authors identify problems with the latter wesr Researchers can
apply the logistic curve rule only in hindsight, as it requiresss@leyond takeoff and
takeoff. The logistic curve rule is also a continuous rule to uneaghat is essentially a
discontinuity. The maximum growth rule suffers from three litiates. One, the largest
sales growth occurs sometimes after takeoff has alreadyredcmd sales are clearly in
the growth stage. Second, large percentage increases can occur even Mithsenevel
sales. Third, the researcher can apply this rule only in hindsight.

Agarwal and Bayus (2004) and Agarwal and Bayus (2002) propose a fourth
measure of takeoff. They distinguish between any two consecutieevald by
examining the data on annual percentage change in sales (faaldlsetake-off) and
annual net entry rates (for firm take-off) for each product. Terdene the take-off year

for a product, they first partition the appropriate series into tba¢egories. Here, the
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first and third categories contain the years where the pegeesteange in sales or net
entry rate reflect the pre- and post- take-off periods, raspictThey classify the in-
between years based on mean values. This is a method simhat followed by Gort
and Klepper (1982) to identify firm take-off. However, they do not erglas rule very
clearly.

Tellis, Stremersch and Yin (2003) propose a fifth measure of fateasit an
international sample of countries. It is similar in spirithie threshold rule proposed by
Golder and Tellis (1997). The authors define the threshold as a stanatawél griowth in
sales for various levels ofiarket penetration to provide for a more standard comparison
across several countries. Takeoff is the first year in whichndividual category’'s
growth rate relative to the base sales crosses this threshold

Goldenberg, Libai and Muller (2001) use a measure that takeoff occurs when 16%
of the population adopts. This is similar to Roger’s (2003) argumentheas-shaped
curve of diffusion ‘takes off’ at around 10-20% adoption.

So far, no study has compared these six different measutekeufff to assess

their simplicity, domain of relevance, validity, and predictive accuracy.

Model Specification
We consider the literature on takeoff itself to be in the intrtmfycand pre-

takeoff stage of its life cycle. Our search revealed onrgrsetudies on this topic, three
of which deal specifically with the determinants of takeoff. Thisee studies reach
substantially different conclusions about the determinants of takeoff.

Golder and Tellis (1997) propose that price declines and market pgemetese

the principle drivers of takeoff. They argue that takeoff oceulmen technologically
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driven prices drops suddenly to render a product affordable to a sulbstantizer of
innovative consumers.

Agarwal and Bayus (2002) propose that new firm entry (or qualineases) is
the primary driver of takeoff. They argue that an increasgrmmeéntry leads to increased
consumer awareness due to an increase in the number and qualibgwdt prfferings,
marketing infrastructural facilities, and promotions. Hence, arease in the number of
firms leads to a sharp increase in the number of products sold.

Tellis, Stremersch and Yin (2003) examine the relative impactoaintry,
product, and time characteristics on the takeoff of new products amateggories and
countries. They argue that cultural and economic charactersticounties should

explain inter-country differences in time-to-takeoff.

Estimation Methods
Researchers typically use a hazard function to model takesffsukh, they

assume that takeoff is a time dependent binary event, whose prgbasiléases with
the length of time it has not occurred. Both Golder and Tellis (188d@ Agarwal and
Bayus (2002) model the rate at which takeoff occurs as a functiorbasedine hazard
function that captures the effect of time since introduction, and indepe variables.
Hence, they model time to takeoff using the following proportional hazardgicataon:
hi(t) = ho(t)e(z:B) -(40)
Where ly(t) is an unspecified baseline hazargdszhe vector of independent variables for
the f" category ang is the vector of unknown parameters.

The advantage of using this specific formulation is that it doesomdtrain the
baseline hazard to be of any specific functional form, such as macatpimcreasing or

decreasing. Cox’s partial likelihood estimator provides a methoestonating3 without
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requiring estimation of the baseline hazard. The interpretatiequaition 40 is that the
baseline hazard function is adjusted by the independent variabéeslofcategory. The
magnitude 100* (1) captures the effect of any independent variable.

In a different study of takeoff of new products across counifigfs, Stremersch

and Yin (2003) use the parametric log-logistic hazard approach to model time tfftake-

Evaluation
The literature on takeoff is small but critical to managerd eesearchers for

several reasons. First, it identifies an important phenomenon and #haws can be
scientifically modeled. Second, the models have some succekentatying explanatory
variables and predicting the phenomenon. Third, managers have already dbpelie
models in practice and for formulating strategy (e.g., Foster, Golder arlZDgl4).

At the same time, the literature suffers from some impotianiiations. First, it
considers only successful innovations. As such, its implicationgaoe for predicting
when a takeoff might occur. It cannot tellhether a takeoff might occur or predict the
success or failure of a new product. Second, the empiricalcapphs of takeoff have
been over a limited geographic domain (only US and Western Europe), Miodels of
takeoff focus on only the growth of the product until takeoff, which oma@esoccurs at
2% penetration of the market. The models give no insights about #e sdterrafter
takeoff. So far, no published study has tried to integrate the mgdet these two

phenomena.

Early Maturity and the Models of Slowdown

The most common conception of a product life cycle portrays the lsatesy of
a product as following a smooth bell shaped curve, with just four stagesduction,

growth, maturity and decline. As early as in the late 1970s, rakma noted that the
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classic bell shape might not be quite as smooth. For instance, 4938 argued for a
period ofslowdown in sales, or ‘competitive turbulence’ that follows the period ofdrapi
growth. In his review of the literature on product life cycleay (1981) remarked that
while interesting, this pattern had virtually no empirical evidetacsupport it. Nearly
twenty years later, three papers (Stremersch and Tellis 2GflderGand Tellis 2004
Goldenberg, Libai and Muller 2002) find formal empirical evidence stfigden decline
in sales following the growth stage.

As mentioned earlier, Golder and Tellis (2004) deftmsvdown to be the point of
transition from the growth stage to the maturity stage of tbduat life cycle. Hence,
Early maturity begins with the year sales slow down and continues until salestgithe
previous local peak. This is similar in spirit to the concept of $laeldle’ proposed by
Goldenberg, Libai and Muller (2002)ate Maturity begins with the first year sales are
higher than the local peak and continues until a product's sales befalt steadily
during the decline stage.

Fig 4 shows the typical pattern of a slowdown in sales in the chdishwashers
in Europe. After takeoff, the sales of the products reach an ipgel, witness a sharp
and deep decline, and seem to take some time before regainimititiepeak. Fig 5

shows similar patterns for a newer electronic goods category of computers
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Slowdown of dishwasher growth across European countries
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Measure of Slowdown
Studies propose different measures for this stage. Goldenbeag,ahith Muller

define and measure the saddle as a trough following an ipé&k in sales, reaching a
depth of at least 20% of the peak, lasting at least two yedlswéd by sales that

ultimately exceed the initial peak. Golder and Tellis (2004), arehteirsch and Tellis
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(2004) operationalize slowdown as the first year, of two consecutars ydter takeoff,

in which sales are lower than the highest previous sales.

Alternate Theories for Slowdown
What are the reasons for the sudden decline in sales following slowdeecent

literature in marketing proposes three key reasons on whatbmdlie key processes
driving slowdown of new products: heterogeneity in diffusion, informaticaatades,
and economic affordability.

Heterogeneity in Diffusion

Goldenberg, Libai and Muller (2002) argue that the social contagioreggas
broken at the point of transition from the early adopters to the eadjonity. The
differences between early adopters and early majority cie@tenunication barriers
between the two segments. The latter segment does not getimimenation from the
early adopters as smoothly as do consumers within each segment.

This theory builds on work by Moore (1991), who arguedhasm existed
between the early adopters and early majority. He posits tlia icase of technological
products, early adopters are looking to buy a change agent and expettat jump on
competition. They expect some radical discontinuity between thendlsh@w ways and
are prepared to champion the cause. The early majority on thehattndrwant to buy a
product improvement for existing operations. They are looking to minidiso®ntinuity
with old ways and want technology that enhances, not overthrows siségblivays of
doing business. This lack of communication between the two segmemtescra

difference in the adoption rates of both segments, leading to the formationdaia sa



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

I nformational Cascades
Golder and Tellis (2004) posit an alternative explanation based on thg tife

informational cascades (Bikchandani, Hirshleifer and Welch 1992)a@asoccur when
many consumers base their choice on the behavior of a few otiarners rather than

on their own private assessments of the utility of alternatiSesae consumers first
decide to buy a new product on its merits. A few other consumaéestheir behavior and
follow suit, causing an increase in sales. The increase isigggdl more consumers to

buy the new products, leading to much bigger increases. The prasessles into the
takeoff and rapid growth of the new product. Due to the cascade, during the growth stage
sales increase far more than would have based on consumers asseésment of the
utility of the new product to them.

Such cascades are fragile. Some small doubt or turbulence in the market can cause

a slowdown in sales and thence trigger a negative cascade. $avfobean account for

the common drop in sales of a new product after slowdown.

Affordability
Golder and Tellis (2004) posit a third explanation for slowdown based on the

notion of affordability. A decline in national income or an economic cotidra can
trigger a corresponding decline in the disposable income of consumeis. résult,
consumers cut down on discretionary expenditures, such as purchases wbdeeis
which have typically not yet become essential (Deleersnyddr2004). If the economic
decline is substantial, it can lead to the slow down and evenguédrdedrop in sales that

we observe at the end of the growth stage of a new product life cycle.



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

Models
The two studies of slowdown have conflicting explanations on what detsm

slowdown and use different models to test their hypotheses.

Goldenberg, Libai and Muller (2002) usellular automata to describe the
process by which internal communication breaks down between tlyeaglapters and
early majority. As mentioned earlier in the review, cellulatommata models are
simulations, which reveal aggregate patterns based on local irdesabetween cells.
This technique has three benefits. One, researchers oftendiffetitlt to obtain data at
the individual level. Second, aggregate level models sometimes do naleprosight
about individual level phenomena. Third, there is the persistent difictiltietermining
how aggregate phenomena evolve from changes in individual actions. Calltdenata
modeling helps get around this problem. These models can help véteatssumptions
made in aggregate level models (Goldenberg, Libai and Muller 2001 lowever, the
cellular automata models only consider adoptions in a binary statel(0 There do not
seem to be ways of obtaining socio-economic characteristitisesé€ adopters or any
such information that aid the modeling of diffusion processes.

Golder and Tellis (2004) use hazard modeling to determine the tingfac
covariates such as price declines, income declines, and markeapeneain theime to
slowdown. The formulation is similar to that discusses in the section kaoth
However, while their specification lends insightsvamen slowdown is likely to occur, it

does notvhy slowdown occurs.

Evaluation
Research on the slowdown in new product growth is new. There is yet no

consensus on whether and to what extent the phenomenon is pervasive, how to define and
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model it, and what factors drive it. If the pattern proves to be aggitlrepresents a
challenge for research to model it and integrate it withip @ the prior models. New
research in this area can also make a substantive contributimoniparing the relative

merits of the proposed processes driving slowdown.

Potential Generalizations
We use the term potential generalization or regularities goritbe findings with

substantial support. By substantial, we mean that support comes dxews of the
literature, meta-analyses of the literature, or individual stutie#shad a large sample of
over 10 categories or 10 countries (see Table 1).

We report findings in four sections: findings related to the growitinpduction

and early maturity stages and findings or comparisons across the stages.

Regularities about the Growth Stage
This section covers important findings about the shape of the growth, speed

of diffusion, determinants of growth, variations and biases in paramstienates, and

processes during the growth stage.

Shape of the Growth Curve
The most important and widely reported finding about new product diffusion

relates to the shape of the growth curve. Numerous studies in a variety ofrascipli
suggest that sales of new products follow an S-shaped curve (e.g., Bass 2004, Rogers
2003, Mahajan, Muller and Bass 1990). The exception is for frequently purchased
grocery products, movies, and by analogy, for other information/entertainouaig, g

such as CDs, books, etc.
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Speed of Diffusion
The next most common finding about new product growth concerns the

parameters of the Bass diffusion model. Two meta-analysée plrameters of the Bass

model identify the following consistent patterns about the key paeasn@/an den Bulte

and Stremersch 2004, Sultan, Farley and Lehmann 1990):

* The coefficient of innovation or external influence (p) has anmedue between
0.027 and .03 and is generally stable.

* The coefficient of imitation of internal influence (q) has a meatue that lies
between 0.38 to 0.42, which varies much across contexts.

These findings indicate that imitation is a more important inflaeore growth
than is innovation.

Processes of Growth

Cumulative research suggests a number of processes are resptorsithie
growth in sales of a new product (Van den Bulte and Stremersch 20@kr @od Tellis

2004, Golder and Tellis 1998). Specifically,

« Diffusion is an important but not a sole underlying process of preguct growth.
Within diffusion itself, there could be four underlying processewird) the
communication: information transfer, normative pressures, competdiveerns, and
performance network effects (Van den Bulte and Lilien 2001). VanBidie and
Stremersch (2004) determine that social norms and status coneemm$osdominate
this process of diffusion.

» Other important processes of new product growth are income hetetggandi

affordability (Van den Bulte and Stremersch 2004, Golder and Tellis 1998).
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Drivers of New Product Growth
* Macro level socio-economic factors influence new product growtthéngrowth

stage (Talukdar, Sudhir and Ainslie 2002, Golder and Tellis 1998). Fondesta
Talukdar, Sudhir and Ainslie (2002) determine that for every 1% chand@PP
adjusted per capita income, the market penetration potential g iikehange by
about 0.3%. A 1% change in international trade or urbanization is likelyange the
penetration potential by about 0.5% and 0.2% respectively.

* Learning occurs in the diffusion process across countries. Whennawmation is
introduced first in one country with a time lag in subsequent counthiesliffusion
rate in the lag countries is faster than the rate in thecleaotry (Kumar, Ganesh and

Echambadi 1998, Ganesh, Kumar, Subramaniam 1997).

Variationsin Parameters and Processes during the Growth Stage
Several reviews suggest that the characteristics and paranoétére growth

stage vary across countries, categories and time.

Across Countries
» The average parameter estimate for the coefficient of atrwv is 0.001 for

developed countries, which is higher than the value of 0.00027 for developing
countries. The average parameter estimate for the coeffafiémitation is 0.509 for
developed countries, while the average value is 0.556 for developing countries
(Talukdar, Sudhir and Ainslie 2002).

* The coefficient of innovation is higher for European countries tlmaintfe US
(Sultan, Farley and Lehmann 1990).

* The average market penetration potential ceiling is 0.52 for devklopentries,

around three times higher than the average penetration potentidevetoping
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countries, which is 0.17. It also takes developing countries 19 yearado peak
sales, which is on average 18% longer than the average of 16 gea®véloped
countries (Talukdar, Sudhir and Ainslie 2002).

* The average length of the growth stage is 8 years for Scamahnesuntries and the
U.S., and 10 years for other West European countries (Stremerschelis 2004,
Golder and Tellis 2004).

* The average growth rate during the growth stage also varies aorggsies with an
average of 45% per year in the US, 46% for the Nordic countries, 41%didor
European countries and 36% for Mediterranean countries (Stremerdciiedlis

2004, Golder and Tellis 2004).

Across Categories
* Industrial/medical innovations have a higher coefficient of inotatihan durables

and other innovations (Sultan, Farley and Lehmann 1990)

» Timesaving products are associated with longer growth stagesvaaddrowth rates
while leisure-enhancing products are associated with shortetlgstages and higher
growth rates (Golder and Tellis 2004).

* Products that tend to have large increases during takeoff aso teehave large

declines at slowdown (Golder and Tellis 2004)

Across Time
» Some stages of the new product growth seem to be getting shortéinevéGolder

and Tellis 2004, Van den Bulte 2000, Golder and Tellis 1997). Overall, a new product
reaching 5% household penetration in 1946 in the U.S. took about 14 years to go

from 10% to 90% of its estimated maximum adoption ceiling. In 1980tithathas
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dropped to about half, at 7 years (Van den Bulte 2000). The averag®e tiakeoff is
18 years for categories introduced before World War II, but onlyeérs for
categories introduced after World War Il (Golder and Tellis 19G@)der and Tellis
(2004) find that the duration of the introduction and early maturigestare getting

shorter over time, but not the duration of the growth stage

Biasesin Parameter Estimation
* The non-linear estimation of static models such as the Bass taadslto downward

biases in parameter values of market potential and the ceaffiof innovation and
an upward bias in the coefficient of imitation (Van den Bulte laidn 1997). The
market potential m can be underestimated by 20%, the coefficiembh@fation can
be underestimated by 20% and the coefficient of imitation can bestveated by
30% (Van den Bulte and Lilien 1997).

Regularities in Takeoff

This section describes findings about time to, determinants of, and penetrationfit take

Time-to-Takeoff
» Estimates of the average time-to-takeoff vary from six oygars (Golder and Tellis

1997, Kohli, Lehmann and Pae 1999, Agarwal and Bayus 2002).
 The average time-to-takeoff varies across products and acoosdries (Tellis,
Stremersch and Yin 2003).
o Brown goods take off faster (with an average of two years)hate goods
(with an average of eight years).
o For time-to-takeoff, Scandinavian countries average four ye&is-oropean

countries average six years, and Mediterranean countries averagesaight y
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Determinants of Takeoff
* Price reduction is an important factor associated with takedff,every 1% decrease

in price being associated with a 4.2% increase in the probadiligkeoff (Golder
and Tellis 1997).

* Takeoff in the number of firms in the market precedes producoffakg at least
three years (Agarwal and Bayus 2002).

* The average penetration at takeoff is 1.7% (Golder and Tellis 198ig)finding is
consistent with Roger's (1995) estimate that innovators make up 2.5%eof t
population and Mahajan, Muller and Srivatsava’s (1990) upper bound of 2.8% for

innovators.

Regularities in Slowdown

Pattern of Slowdown
* Slowdown in sales occurs after a period of rapid growth. For many pgroduc

categories, sales after slowdown tend to drop below the pealedeatislowdown.
Goldenberg, Libai and Muller (2002) call the decline in salesddlsaGolder and
Tellis (2004) call the period where sales after slowdown are hebak sales as early
maturity.

* The saddle or trough in sales occurs in around 50% to 95% of catesfmaiesd
(Golder and Tellis 2004; Goldenberg, Libai and Muller 2002)

» Sales decline on average of 15% to 32% during early maturity (GatderTellis

2004, Goldenberg, Libai and Muller 2002)

Determinants of Slowdown
Price declines and market penetration seem to have somenicélon the probability of

slowdown (Golder and Tellis 2004). In particular, these authors find that:
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* Every 1% increase in price is associated with a 5% incrieafige probability of
slowdown

* Slowdown occurs on average at 34% penetration

* The sales decline at slowdown is higher than the GNP decline during the sarde peri

Findings across the Stages and Phenomena

This section compares the key findings on the duration, growth nategprece

declines across the various stages and transition points of the product life cycle

Duration of Stages

* On average, the duration of the Introduction stage is six to tmns,yef the Growth
stage is eight to ten years and of the Early Maturitgesia five years (Stremersch
and Tellis 2004, Golder and Tellis 2004, Tellis, Stremersch, and Yin 2003,
Goldenberg, Libai and Muller 2002, Bayus and Agarwal 2002, Golder and Telli
1997)

Role of Price

» Price reductions are larger in recent periods for both the introduatid the growth
stages (Golder and Tellis 2004). The price at takeoff is 80% ofptlee at
commercialization for pre-World War 1l products and 63% for postldvavar 1l
products. The price at slowdown is 56% of the price at commerd¢iahztor pre-
World War Il products and 30% for post World War Il products.

Comparisons of Growth Rates

* The mean growth rate of sales differs substantially actages of the product life

cycle. The mean growth rate is 31% during Introduction, 428% during faké&séh



Chandrasekaran & Tellis Diffusion Review Nov 30, 2004

during growth, -15% during slowdown, -25% during early maturity and 3.7% during
late maturity (Golder and Tellis 2004).

» The mean economic growth rate is 1% during introduction, 4.3% during takeoff,
3.1% during growth, 0.86% during slowdown, 2.4% during early maturity3altd

during late maturity of new products (Golder and Tellis 2004).

Future Research
Despite decades of research on modeling new product growth and delspge

body of emerging generalizations, many problems remain unaddre§hkis situation
provides exciting opportunities for future research. We divide these oapp@$ into

four sections: measurement, theories, models, and findings.

Measurement
The literature in this area has mostly ignored the important gobbf

measurement. Yet, measurement plays a critical role in docungete& phenomena
under study. Measurement is also an important pre-requisiteddelmg. For example,
no clear rules are available for the measurement of theotdreé product life cycle or
the year a new product is introduced. Most researchers considiatéhizfom which data
becomes available as the date for the introduction of the new prodawever,
syndicated data sources that track sales of new products tend to aidyswhen a
product has become popular and shows promise of becoming a méass-praduct.
Now, using the date of availability of sales as a surrogatéhé start date may grossly
under estimate the duration of the introductory period and the timeakeoft. In
addition, models such as the Bass model, which are highly sensititie tmumber of

observations, can yield biased estimates and predictions due to erroneous start date
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The literature contains several competing measures for fakdudre is a need
for a careful evaluation of the merits and costs of each of thetigods. Measures for
slowdown and the saddle or trough in sales are still tentativehanel has not been any
validation on a substantial scale.

Although under researched, measures for the key phenomena under sitety are
important and play a critical role in the validity and interpretabf the parameters of

models. Perhaps, this is the most important area for future research.

Theories
Researchers have identified at least three theories orsgescahat can be

responsible for the takeoff, growth and slowdown in sales of new prodMetglassify
these theories as diffusion, informational cascades, and econdaritabflity. There is
scattered empirical support for each of these theories. Howeveresearcher has
developed either an integrated theory that explains new producthgramwtintegrated
model than can differentiate between these three theories, an@ehensive test that
can show which theory is most important in which context.

This issue is of primary research importance, because theorytu@ssthe key

explanation for a phenomenon and informs good models and good managerial practice.

Models
In the area of modeling, there are five pressing issueg, fiese is a need to

develop an integrated model of sales before takeoff, during gromdrafeéer slowdown,
which can also predict takeoff and slowdown. Second, research in markasirfigcused
extensively on modeling the growth of new consumer durables. Theaensed to
consider other categories of products such as software, services|tal products,

and medical products. Third, research has focused on sales growtghthraditional
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brick and mortar distribution channels. The process of adoption, diffusion @anthgran
be quite different for the sale of products via non-traditional meglilsuch as the
Internet (Rangaswamy and Gupta 2000). Fourth, researchers arengetdat network
effects can play a key moderating role in the takeoff oremsscof a new product. Yet that
issue has not yet permeated most aspects of modeling. Theeneeisd to explore and
incorporate the role of network effects in new product takeoff, spedidfasion speed,
and growth. Fifth, the Bass model has long been the bulwark of diffusg@arch in
marketing due to many of its strengths. Researchers can egiloge models or
combination of models that have the strengths of the Bass model bditaaveast some

of its limitations to forecast new product growth.

Findings
While research in this area has led to some preliminary dexagians, further

research can help to ascertain to what extent these geagoals are universal or vary
by context. In particular, research could address the following five issues

First, the bulk of research has focused extensively on identifyittgrips of
growth across countries andver time. There is also a need to identify subgroups or
regionswithin a broad population where we are likely to see faster growth.e Som
preliminary studies (Redmond 1994, Omrod 1990) indicate that local condithmhs a
demographics influence diffusion patterns across subgroups within a\ycoUinére is
also a need for further integration of time and space in diffusion models.

Second, most of the empirical applications, such as those on takebffittea
successful products. There has been little analysis of thesidii process of failed
products. In addition, researchers need to determine to what &&eoff is a predictor

of ultimate success.
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Third, new product research typically does not analyze decisiepsnd the
adoption decision of consumers. Lately, there has been more trdarese diffusion.
For instance, Shih and Venkatesh (2004) segment users into four grougpsobabe
variety of use and rate of use of a new product. There is atmetady the dynamics of
usage diffusion over time, and determine how this varies across products.

Fourth, studies of diffusion speed have been largely limited to tBe By
examining whether diffusion speed has accelerated in multiple aegntone can
possibly draw more substantive conclusions on whether new products éd tede to
diffuse faster over time. In addition, there is a need to understandahéwn’s
technological choices and entry strategy affect the spediifudion (Kuester, Gatignon
and Robertson (2000).

Fifth, apart from a lot of consensus, there are some unresolvedcitontl the
findings from this literature. Though researchers tend to agrdee@ppropriateness of a
waterfall strategy of new durable launch, they do not seemgree an the sequence of
launch. For instance, Tellis, Stremersch and Yin (2003) recommendntragers
planning new products launches in Europe target Scandinavian countiédly,ias they
are the most innovative, followed by Western European countries andeNadean
countries. Note that this is contradictory to the recommendationtsisRet al (1997) to
first target Mediterranean countries. Hence, there is a reeatkvtelop a consistent
measure of innovativeness, possibly by including a larger samplouwitries and

product categories.
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Table 1: Studies Included for Assessing Generalizations
Authors Dependent | Model estimation Categories Countries
variable
Sultan, Farley and Bass model | Bayesian updating | 213 applications | US, Europe
Lehmann (1990) parameters | in meta analysis of diffusion
models
Ganesh, Kumar, Learning 4 consumer 11 to 16 countries
Subramaniam (1997) | model durables
Golder & Tellis Time-to- Proportional hazard | 31 consumer USA
(1997) takeoff model durables
Van den Bulte, Lilien | Bass model | NLS estimation of 12 innovations us
(1997) parameters | Bass model
Kumar, Ganesh and | Bass model | Simultaneous 5 consumer 14 W. European
Echambadi (1998) parameters | estimation of durables countries
diffusion model
parameters with
covariates, using
GLS for each
innovation
Golder and Tellis New Affordability model |10 product USA
(1998) product categories
growth
Kohli, Lehmann and | Incubation | Bass with NLS 32 appliances, USA
Pae (1999) time house wares and
electronics
Tellefsen, Takada Bass Based on Meta 14 European and
(1999) parameters | analysis of 47 cross 2 Asian countries
p and q country diffusion
studies
Van den Bulte (2000) | Diffusion Logistic distribution | 31 electrical USA
speed to derive diffusion products
speed which is then
modeled as a
function of various
covariates
Talukdar, Sudhir, Parameters | Nonlinear Bass 6 consumer 31 developing and
Ainslie (2002) of Bass model with durables developed
model p, q | Hierarchical countries
and m Bayesian estimation
Agarwal and Bayus | Time-to- Proportional hazard | 30 innovations USA
(2002) takeoff model
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Bemmaor, Lee (2002)| Parameters| Bass model; G/SG | 12 innovations USA

of G/SG model

model
Tellis, Stremersch Time-to- Parametric hazard | 10 products 16 European
and Yin (2003) takeoff model countries
Golder and Tellis Time to Proportional hazard | 30 products USA
(2004) slowdown model
Stremersch and Tellis| Duration Parametric Hazard | 10 products 16 European
(2004) and growth | model countries

rate of

growth

stage
Van den Bulte and g/p ratio Multilevel model 293 observations | 28 countries
Stremersch (2004) (shape of with random effects | on 52 consumer

diffusion estimated by durables

curve) residual maximum

likelihood






