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Models

FAREENA SULTAN, JOHN U. FARLEY, and DONALD R. LEHMANN*

A meta-analysis of 213 applications of diffusion models from 15 articles relates
model parameters to the nature of the innovation, the country under study, model
specification, and estimation procedure. The effect of use of the same data by
several researchers is examined, as are weighting schemes for improving efficiency
of the meta-analysis. A Bayesian scheme is used to combine results from the meta-

analysis with new data for estimation of parameters in a new situation.

A Meta-Analysis of Applications of Diffusion

Modeling of diffusion processes is a relatively mature
research technology, with published work spanning sev-
eral disciplines and several decades. Because of the im-
portance of such models in theory as well as for “early
warning” forecasting for new products, work in the area
continues. Enough applications of conceptually compa-
rable diffusion models now have been reported to allow
an attempt at quantitative generalizations so that new ap-
plications can be compared with reported results rather
than with the already discredited hypothesis of zero-val-
ued model parameters. We also examine the effect of
repeated use of the same data by different researchers,
investigate the use of a weighted least squares estimation
procedure for improving the meta-analysis itself, and test
a procedure for using meta-analytic results to improve
forecasts in new applications.

DIFFUSION MODELS

Diffusion studies generally analyze the development
over time of first purchases of a new product or service
by a population. They often are couched in a general
family of models of diffusion rate at time ¢ (Mahajan and
Peterson 1985)
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where dN(t)/dt is the rate of diffusion at time ¢, N(¢) is
the cumulative number of adopters at time #, N* is the
total number of potential adopters in a population, and
g(p) is the rate at which adoption occurs.

Various functional forms for g(¢) lead to models that
imply different diffusion processes. For example, g(z)
= P implies an “external influence” model (Fourt and
Woodlock 1960), with diffusion driven by factors such
as advertising that are external to the adopting unit. The
coefficient P commonly is called the “coefficient of in-
novation” and this model leads to a modified exponential
diffusion curve. When g(¢) = Q F(¢), the model is called
an “internal influence” model (Mansfield 1961) where
later adopters learn from earlier adopters. Q often is called
the “coefficient of imitation” and market growth follows
a logistic curve related to the Gompertz function. Fi-
nally, g(#) = P + Q[F(2)] is a “mixed influence” model
(Bass 1969) in which diffusion is driven by both inno-
vation (P) and imitation effects (Q) and market growth
follows a generalized logistic curve. Various extensions
of the basic model incorporate flexible families of curves
(e.g., Easingwood, Mahajan, and Muller 1983) and
marketing mix variables (e.g., Dolan and Jeuland 1981;
Horsky and Simon 1983).

DIFFUSION MODEL APPLICATIONS

Our meta-analysis involves 213 sets of parameters from
15 articles (Table 1) published from the 1950s to the
1980s that examine a variety of innovations. Most arti-
cles report several sets of parameters involving different
products and/or models, so each provides several ob-
servations for the meta-analysis. Several innovations ap-
pear in more than one study.

Across our 213 applications, the coefficient of inno-

Journal of Marketing Research
Vol. XXVII (February 1990), 70-7



META-ANALYSIS OF APPLICATIONS OF DIFFUSION MODELS

vation (P) averages .03 and the coefficient of imitation
(Q) averages .38, but values vary considerably. Easing-
wood, Mahajan, and Muller (1983), who apply several
different models, report a range of P from .000021 (for
black and white TVs using a model in which parameters
can vary) to .03297 (for color TVs using a mixed-influ-
ence model). Reported values of Q range from .2013 for
room air conditioners with a variable parameter model
to 1.67260 for black and white TVs. The goal of the
meta-analysis reported here is to see what portion of this
variation in parameters appears to be systematic and ex-
plainable by characteristics of the studies.

Model fit varies both across and within articles for the
relatively few studies that report fit measures. For ex-
ample, Easingwood, Mahajan, and Muller (1983) state
that the variance explained, in studies that report fit, ranges
from 7.2% for black and white TVs to 96.7% for color
TVs, though the predictive accuracy also depends on the
estimation procedure used.

SALIENT DIFFERENCES AMONG THE
APPLICATIONS

Assmus, Farley, and Lehmann (1984) suggest that four
basic categories of study characteristics might help iden-
tify systematic patterns in a meta-analysis: (1) research
environment, (2) specification, (3) measurement meth-
ods and intervals, and (4) estimation methods. All 15
studies used annual data so the measurement intervals
were identical and hence are not part of our meta-anal-
ysis.

Research Environment

Type of innovation. Table 1 shows that innovations
examined include agricultural products, durable goods,
industrial products, franchises for fast food restaurants
and hotels, medical innovations, and financial invest-
ment opportunities. Product type was shown by Assmus,
Farley, and Lehmann (1984) to affect estimated values
of advertising elasticities.

Country. Most diffusion applications are based on U.S.
data, but work also has been done on European data.
Advertising elasticities were shown by Assmus, Farley,
and Lehmann (1984) to be lower in the U.S. than else-
where.

Model Specification

Variables included. The basic diffusion model has been
extended to include price (Dolan and Jeuland 1981; Kal-
ish 1983; Robinson and Lakhani 1975) and advertising
(Dodson and Muller 1978; Horsky and Simon 1983). In-
clusion of marketing mix variables in demand functions
has been shown to have systematic effects on estimated
advertising elasticities (Assmus, Farley, and Lehmann
1984).

There are also basic differences in model structure, as
described before. Some diffusion models (Fourt and
Woodlock 1960) do not incorporate the coefficient of
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imitation, whereas others include both parameters (Bass
1969).

Estimation

The effect of estimation method on parameter esti-
mates of some diffusion models has been explored re-
cently (Mahajan, Mason, and Srinivasan 1986; Srini-
vasan and Mason 1986), though estimation has been
shown to be relatively unimportant in at least one meta-
analysis (Farley, Lehmann, and Ryan 1982). Estimation
procedures used here include OLS, maximum likelihood
procedures, nonlinear programming, and numerical so-
lution techniques.

Systematic Effects Induced by Reuse of Data

Eight datasets are used in more than one of our sets
of diffusion articles. Reuse of data reduces the number
of degrees of freedom and produces a partial repeated
measures design, which we address in the manner sug-
gested by Pedhazur (1982, p. 555-7). Eight of the ar-
ticles report unique datasets.

THE META-ANALYSIS MODELS

The meta-analysis is performed by means of ANOVAs.
For the coefficient of imitation, for example,

0= p + ) Xy; + Xy + B X5 + B Xy + ¥Xs, + 38X, +

where Q, is an observed value of the coefficient of im-
itation, X;; are vectors of dummy variables representing
a particular effect, and «, B, ¥, and 8 are corresponding
vectors of parameters.

Research environment (a; and a;)
X; represents the type of innovation (three levels:
consumer durable, industrial/medical, and other).
X,; represents the geographic effect (two levels: U.S.
and Europe).
Specification (B, and B,)
X, indicates specification of a coefficient of innova-
tion (two levels: present and absent).
X,, indicates specification of marketing mix variables
(two levels: present and absent).
Estimation method (vy)
X, indicates estimation method (three levels: OLS,
MLE, and other).
Data reuse ()
X, indicates use of a particular dataset more than once
in the meta-analysis (eight levels indicating re-
peated use as shown in Table 1).

The ANOVA for P is identical except that B, is absent.

The null hypothesis of zero for each ANOVA coef-
ficient implies that values of diffusion model coefficients
do not vary systematically with the design factor—that
is, the coefficients of innovation and imitation are equal
for all conditions of that factor. A significant ANOVA
coefficient indicates a systematic difference in P or Q
associated with that particular factor.

The analysis was conducted using dummy variable
regression with the variables effect coded. The design
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Table 1
STUDIES USED IN META-ANALYSIS OF APPLICATION DIFFUSION MODELS
Number of
applications Multiple use
Authors Year Innovation used of dataset
Griliches 1957 Hybrid comn 30 Corn
Mansfield 1961 Industrial innovations 11
Bass 1969 Consumer durable goods 12 Refrigerators, black and white
TVs, dryers, air conditioners
Nevers 1972 Consumer durable goods, hotel/ 9 Corn, color TVs
motel franchises, industrial
innovations, and hybrid corn
Dodds 1973 Consumer durable goods, cable TV 2
subscriptions
Lawton and Lawton 1979 Educational innovations 8
Bass 1980 Consumer durable goods 6 Refrigerators, black and white
TVs, dryers, air conditioners,
dishwashers
Heeler and Hustad 1980 Consumer durable goods in Europe 37
Easingwood, Mahajan, and 1981 CAT scanners 1 CAT scanners
Muller
Schmittlein and Mahajan 1982 Consumer durable goods, CAT 8 CAT scanners, air conditioners,
scanners color TVs, dryers, dishwashers
Easingwood, Mahajan, and 1983 Consumer durable goods 5 Black and white and color TVs, air
Muller conditioners, dryers, dishwashers
Horsky and Simon 1983 Telephone banking 5
Srivastava, Mahajan, 1985 Financial investments 14
Ramaswami, and Cherian
Gatignon, Eliashberg, and 1985 Consumer durable goods in Europe 55
Robertson
Easingwood 1987 Consumer durable goods in Europe _10
Total 213

*Data obtained via personal communication with T. Hustad based on work done by Heeler and Hustad (1980).

matrix of meta-analysis is of course not orthogonal, so
regression was used to estimate coefficients (Draper and
Smith 1966, p. 244-62) to take account of nonorthog-
onal factors. The design is also unbalanced, as 112 ap-
plications use OLS as the estimation procedure, 202 do
not incorporate marketing mix variables, and 133 pertain
to consumer durable goods. However, principal com-
ponents analysis of the covariance matrix of the design
variables to check for collinearity showed that the ratio
of largest to smallest eigenvalue is about 50, indicating
that the design (though not orthogonal) is not singular.

RESULTS OF THE META-ANALYSIS

For the meta-analysis, ANOVA models were fit sep-
arately for the coefficients of innovation (P) and imi-
tation (Q). The separate analysis is necessary because P
was not specified in all cases. For the models in which
both were present, the correlation between P and Q is
insignificant (.11). The results are summarized in Table
2. Columns 1 and 3 of Table 2 contain the OLS ANOVA
results for the coefficient of imitation using all 213 ob-
servations and for the coefficient of innovation using the
161 observations that contain P. (The analysis of Q, the
coefficient of imitation, was also run for just the 161
models that specified the coefficient of innovation, P.
There were no substantive differences, so the results based
on the full sample of 213 observations are reported here.)

Table 2 shows four significant partial effects in the
estimated values of the coefficient of imitation in all four
categories of the meta-analysis. The estimated coeffi-
cients of innovation have significant effects in two cat-
egories.

Effects Related to the Research Environment

Data from European countries produce higher coef-
ficients of innovation than U.S. data. Because many of
the products introduced in Europe were introduced first
in the U.S., possibly the innovation was not risky (i.e.,
partially presold) and hence was adopted more quickly
in Europe. European and American coefficients of imi-
tation are not significantly different.

Industrial /medical innovations have higher coeffi-
cients of imitation than durable and other innovations.
For industrial/medical innovations, the adopting units
may be forced by competitive pressures to imitate quickly.

Effects Related to Model Specification

The presence of the coefficient of innovation is asso-
ciated with a higher coefficient of imitation. It appears
that a complete model should specify both to avoid what
may be an important implicit restriction on parameters.

The presence of marketing mix variables leads to lower
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coefficients of imitation. Adoption is apparently not such
an “automatic” or mechanically driven process as the
simple (underspecified) process models suggest, and much
of the diffusion process is driven or at least accelerated
by marketing activities. Including such variables in the
diffusion model is clearly indicated.

Effect Related to Estimation

The coefficients of innovation and imitation are af-
fected by estimation methods, though the magnitudes of
the differences tend to be small. OLS estimation pro-
cedures produce higher estimates whereas MLE and
nonlinear estimation procedures lead to lower estimates
for the coefficients of innovation and imitation. This
finding suggests the need for systematic study of esti-
mation methods (Mahajan, Mason, and Srinivasan 1986;
Srinivasan and Mason 1986).
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Effects of Reused Data

The interpretation of these eight ANOVA coefficients
is somewhat complex because they are an inseparable
combination of possible substantive differences related
to the particular market and possible covarying biases
involving such possibilities as correlated error terms across
the various models, which we have no way to assess.
The effect of the reuse of data by different researchers
appears minimal on the coefficients of innovation, as none
of the individual coefficients are significant.

The situation is different for the coefficient of imita-
tion. There is a significant positive effect for color TVs
(which is a more “continuous” innovation because of high
perceived compatibility due to the familiarity of adopters
with black and white TVs) and hybrid corn and CT scan-
ners (which may represent demonstration effects for
farmers and hospitals, respectively).

Table 2
INCREMENTS IN COEFFICIENTS OF INNOVATION AND IMITATION RELATED TO SPECIFIC CHARACTERISTICS OF
DIFFUSION MODEL APPLICATIONS

Coefficient of innovation (P) Coefficient of imitation (Q)

OLS WLS OLS* WLS*
Grand mean
(intercept) .040° .039° .302° .302°
Elements of study design
Type of innovation
Industrial /medical ® b
Products .008 .007 .283 275
Durables —.016 —-.016 —.064 —.062
Other products .008 .009 —.219 —.213
Country ® ®
Europe .018 .018 .032 .041
U.S. —.018 —-.018 —.032 —.041
Estimation b ° ® i
MLE estimates —.009 —-.009 -.022 —.032
OLS estimates .022 .022 .062 .075
Nonlinear estimates -.013 -.013 —.040 —.043
Specification ® b
Coefficient of innovation included .165 .170
Coefficient of innovation not included —.165 -.170
Marketing variables included .001 .000 —.076 —-.067
Marketing variables not included —.001 .000 .076 .067
Effects of reused datasets ® b
Refrigerators —.015 -.014 —.296 -.307
Black and white TVs .013 .014 -.202 225
Room air conditioners .005 .006 —.105 —.103
Dryers .015 .015 —.196 —.191
Color TVs .001 —.000 .208 .208
Hybrid corn NF¢ NF¢ .502 .506
Dishwashers .001 —.003 -.173 -.176
CT head scan —.008 —.007 .378 .431
Basic data
Number of observations 161 161 213 203
F-value for model 7.3 7.2 10.8 14.2
Adj R? .34 .34 41 .50
R .39 .39 45 .53

*Includes effect for presence of coefficient of innovation.
*Significant effects.
‘Not feasible to include because it creates a singular experimental design.
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In any case, researchers should be aware of the ex-
istence of these systematic effects related to multiple use
of the same data. Obvious remedies include use of new
data, as well as interpreting the results of any work
reusing these databases in light of the coefficients in
Table 2.

Goodness of Fit

The goodness of fit of meta-analysis ANOVA models
must be examined in context. Overall, our meta-analysis
explains a third to half of the variation in estimated pa-
rameters of the diffusion models. The fits of this meta-
analysis compare with those of meta-analyses in other
relatively mature areas of investigation such as consumer
behavior models (Farley, Lehmann, and Ryan 1982) and
advertising elasticities (Assmus, Farley, and Lehmann
1984). In comparison, a meta-analysis of homogeneous
studies with few systematic interstudy differences will
explain little variability in parameters; this was the case
with a meta-analysis of Fishbein models (Farley, Leh-
mann, and Ryan 1981) in which practically none of the
design variables were significant.

META-ANALYSIS EFFICIENCY AND WEIGHTED
LEAST SQUARES ESTIMATES

Some sort of weighted least squares procedure may
improve efficiency of the meta-analysis if adequate in-
formation is available on quality differences among stud-
ies. For example, we might weight each parameter es-
timate by the inverse of its variance or by some proxy
based on reported significance levels. Unfortunately, es-
timated standard errors are available directly for only 34
of the 213 diffusion models. Using a weighting proce-
dure on only 34 observations would not only lower ef-
ficiency, but also completely destroy the experimental
design. A measure of fit (usually R?) is available for only
130 observations, again for only a small part of the ex-
perimental design.

As a crude test to see whether weighting would make
any difference, WLS was performed weighting each es-
timate used in the meta-analysis by the number of ob-
servations used—that is, with the length of the annual
time series as a crude proxy for reliability. The number
of observations used in estimation is reported for most
of the models. There is a slight increase in the coeffi-
cient of determination when this crude WLS procedure
is used on those observations for which the sample size
is available. For the innovation parameter (columns 1
and 2 in Table 2), we find practically no difference in
coefficient values or significance between the OLS and
the WLS results. For the imitation parameter (columns
3 and 4), we find some differences in coefficient values
but not in patterns of significance.

Though even this crude weighting improves efficiency
slightly, our inability to apply a more appropriate scheme
(based on the variance of the parameter estimates) speaks
to the importance of full reporting of measures of vari-
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ability associated with parameter estimates to make pos-
sible more efficient generalization of results over stud-
ies.

USING THE RESULTS OF THE META-ANALYSIS

Durations of Diffusion Processes

For the mixed influence model, the predicted time to
the maximum rate of adoptions is (Bass 1969)

T = (P + Q)" In(Q/P).

Predicting this point is important, as market growth falls
off after that time and managerial action generally is
needed. The reported parameter values imply a wide range
for T*. For example, with the average values of coef-
ficient of innovation P = .03 and coefficient of imitation
Q = .38, T* = 5.3 years. With the minimum observed
values of both P and Q (.00002 and .00003), T* = 80
years whereas with the maximum observed feasible val-
ues of P and Q (.23, .99), T* = one year (an almost
instantaneous peak). These are just arbitrarily chosen ex-
amples, but they help establish the wide range in time
frames that may be involved in diffusion processes.

Forecasts Using Diffusion Models

Probably the most important application of diffusion
models is in early forecasting (Mahajan and Wind 1986).
Estimating a diffusion model with few early datapoints
has been shown to produce unstable parameter esti-
mates. For example, Tigert and Farivar (1981) con-
cluded, in an industrial application, that early parameter
estimates are very sensitive to the number of available
datapoints and that one-step-ahead forecasts resulted in
“serious problems,” a conclusion reinforced by Mahajan
and Sharma (1986).

One way to address such instability is to use a Bayes-
ian scheme that utilizes meta-analysis results as “priors”
for the new situation. The Bayesian estimation technique
used here relies on the Goldberger-Theil approach of
“mixed estimation,” based in turn on work by Durbin
(see Johnston 1972). Prior results from the meta-analysis
are mixed with data-based estimates to obtain posterior
estimates of the parameters, with weights equal to the
inverses of the variances of the two estimates.

We apply the Bayesian scheme to estimating the coef-
ficients of innovation and imitation in a basic Bass model
for room air conditioners using the data reported by Ma-
hajan, Mason, and Srinivasan (1986). We calculate the
prior values of the coefficient of innovation (P) and the
coefficient of imitation (Q) using the estimates in Table
2, columns 1 and 3, respectively. (A starting point that
disregards characteristics of the new application would
be the means and variances reported before.) The meta-
analysis priors for a U.S. durable good in a nonlinear
estimation method are

P, = .00 and Q, = .30.
To estimate P and Q from the data, we used the NLIN
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procedure in SAS and formula 22 from Mahajan, Ma-
son, and Srinivasan (1986). The posterior parameter es-
timates are those suggested by Zellner (1971, p. 15),
with the calculations being done by the analogous matrix
formula which accommodates correlation between P and
Q (Leamer 1978, 182-6).

The Bayesian scheme appears to produce more robust
estimates (Table 3), particularly early in the product his-
tory when forecasts are most useful. The estimates grad-
ually switch from the meta-analysis priors (P, = .00, Q,
= .30) to the data-based results as the variance of the
data-based parameters decreases. When seven years of
data are available, the prior information has almost no
impact. However, when only four observations are
available, the Bayesian estimate is still closer to the meta-
analysis prior than to the data-based estimates.

SUMMARY

The summary of our analysis of 213 applications of
diffusion models has substantive implications for the study
of diffusion and technical implications for meta-analysis.

What We Have Learned About Diffusion

The coefficients of innovation average .03 and the
coefficients of imitation average .38 for the 213 appli-
cations used here. These findings suggest that the dif-
fusion process is affected more by such factors as word
of mouth than by innate innovativeness of consumers.
The coefficient of innovation is fairly stable under a wide
variety of conditions, though models fit to data from Eu-
ropean countries do seem to have higher coefficients of
innovation than the U.S. models. The coefficient of in-
novation also is influenced by method of estimation used.
Because, by definition, the coefficient of innovation
captures the chance of adoption of an innovation by an
individual independent of other members of the adoption
unit, the stability of the parameter to external factors such
as marketing mix variables is understandable. In con-
trast, the coefficient of imitation varies widely with the
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type of innovation being examined, the estimation pro-
cedure employed, and the presence of other variables such
as marketing mix variables. (Reuse of sets of data from
successful diffusion studies to test other diffusion models
may also tend to affect estimated diffusion rates.)

The meta-analytical models explain 30 to 50% of the
variability in estimates of the parameters in the diffusion
models. This explanatory power is much better than that
of the meta-analysis of 37 very similar Fishbein models
(Farley, Lehmann, and Ryan 1981) and about the same
as that of the meta-analysis of 128 heterogeneous ad-
vertising sales models (Assmus, Farley, and Lehmann
1984). Most reported studies fit into a particular cate-
gory: they use an OLS estimation procedure to study
durable goods in the U.S., do not consider marketing
mix variables, exclude parameters other than the coef-
ficients of innovation and imitation and a maximum po-
tential, and use diffusion curves that are not flexible.
Because our meta-analysis does find systematic effects,
there is a need to explore other models that will fill the
empty or nearly empty “cells” in the natural experi-
ment—that is, untested combinations. It should be noted
that the diffusion models are based on products that had
at least some degree of market success and the results
presented here may not extend to unsuccessful products,
about which little has been reported. An interesting ave-
nue for future research would be to estimate diffusion
models for such failed innovations.

What We Have Learned About Meta-Analysis

Repeated use of the same data by different researchers
may affect substantive results in a systematic way.
Weighted least squares estimation procedures have some
promise and should be investigated further, but their use-
fulness for our meta-analysis is limited because only half
of the studies report either the standard errors or good-
ness-of-fit measures necessary to develop the weights.

The results of meta-analysis can be used also to aid
in “early warning” forecasting before sufficient data be-

Table 3
PARAMETER ESTIMATES FOR ROOM AIR CONDITIONERS
Years of Nonlinear least squares Bayesian
data P Sp Q Se P Spaves Q Sopayes
3 .0725 — 1.09 — — — — —
4 .0004 .0390 .44 462 .0001 .0210 3185 1677
5 .0008 .0350 .50 750 .0003 .0203 .3109 .1750
6 .0030 .0027 1.07 .276 .0030 .0027 .5298 .1508
7 .0047 .0020 .88 132 .0047 .0020 6772 .1064
8 .0070 .0015 .52 .147 .0070 .0015 4320 1139
9 .0069 .0016 .56 .093 .0069 .0016 .5052 .0826
10 .0077 .0014 .50 .071 .0077 .0014 4731 .0660
11 .0086 .0012 43 .064 .0086 .0012 4154 .0603
12 .0089 .0011 .40 .051 .0089 .0011 .3926 .0491
13 .0094 .0009 .38 .043 .0094 .0009 3757 .0418
Priors .00 .025 .30 185
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come available to develop stable parameter estimates.
Estimates obtained via a Bayesian scheme that mixes re-
sults of the meta-analysis and data are more stable than
one-step-ahead forecasts that employ a basic diffusion
model and do not explicitly use results of previous re-
search on diffusion. A meta-analysis prior can be esti-
mated even for a condition (a particular combination of
the design variables) that has not been studied previously
by combining estimates for each element of the combi-
nation from different studies. Research is needed on the
value of such forecasts.
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