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A customized, stepwise. log-linear, distributed lag,
restricted marker response model is proposed to estimate
the effects of various elements of promotion expenditures
on sales in the presence of potentially significant effects
due to irend and[or seasonality when using time-series
data. As distinet from siandardized software packages,
the customization offers management several benefits: (a)
an (optional) imposition of prior restrictions on the
directions of the coefficient variables; (b} an empirical
determination of the lag structure for selected variables;
{c) the detrending of the data to allow for the assessment
of incremental marketing mix effects above trend; and
(d) a simplified sensitivity analysis. The model is
empirically tested and validated using sales data for a
brand where the impact of several marketing mix variables
is estimated and investigated via policy simulations. A
comparison of these results with those obtained from a
corresponding unrestricted model illustrates the advantages
of this approach. Finally, the limitations of this procedure
and directions for future research are discussed.

INTRODUCTION

With continued increases in promotional expenditures
by firms to stimulate sales, it is imperative that suitable
methods are developed to evaluate the effects of the
expenditures so as to justify such large ailocation of
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resources. Development and estimation of an appropriate
market response model are essential steps in this process
of evaluation. Further. the estimated model should provide
the basis for the formulation of future plans of allocation
and deployment of marketing resources for a particular
brand.

A common approach for modeling promotional
response is the use of econometric methods. Typically,
they are applied to time-series data of sales and marketing
mix expenditures for a brand and its competitors. Inherent
to such econometric modeling are relevant issues
concerning multicollinearity, appropriate lag structures,
trend, seasonality, serial correlation, misspecification,
problems of interpretation, data collection. etc. Although
various advanced methods are separately available for
handling these issues individually, the practical model
builder is often at a loss as to how to utilize these methods
when several of these potential problems simuitaneously
occur. Further, some of the more pragmatic issues, ¢.g.,
separation of trend and multicollinearity, are not easily
addressed by any of these advanced methods.

Against this background, this paper develops a
methodology for building models of marketing mix
response to incorporate realistic restrictions and
managerial prior information on the parameters. We
restrict our attention to the class of log-linear models since
it is a conceptually attractive and popularly used
specification [see Lilien and Kotler (1983), p. 731 In the
development of this methodology, we focus on four areas
which can benefit from such customization; these are: (a)
an (optional) imposition of restrictions on the directions
of the coefficients of the variables to reflect management’s
prior knowledge based on experience or prior research;
{b) an empirical determination of the lag structure for
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the included variables; (c) the detrending (and/or
deseasonalizing) of the data to allow for an empirical
assessment of incremental effects of marketing mix above
trend and/or seasonality; and (d) a simplified sensitivity
analysis to guide policy determination. Our major premise
is that the value of market response models can be greatly
enhanced if the models are “customized,” i.e., built with
respect to a particular industry or product class in mind.
Further, such customization will retain the ability to
compare market response models for several brands of
a multibrand firm.

The paper is organized into five sections, The next
section presents a discussion of the various problems faced
by an analyst and the desirable features of an econometric
based promotion response model. The third section
develops the proposed general log-linear model and
presents an algorithm for its estimation accommodating
managerial restrictions. The fourth section presents an
empirical appiication of the model to a particular brand.
The managerial use of the model is described in the fifth
section. Finally, we discuss how the approach of such
modeling can be used in other areas of marketing research
and identify certain issues for future research.

FEATURES OF AN AGGREGATE PROMOTION
RESPONSE MODEL

An econometric approach for developing an aggregate
market response model initially entails the collection of
time-series data on sales, advertising, and other marketing
mix expenditures, and relevant exogenous variables for
a brand and its competitors. [t attempts to develop a
function that relates sales or other desirable market
response (e.g., market share) to severai predictor variables
identified as relevant for describing sales patterns over
time. The specification of the model structure or form
should be conceptually appealing and consistent with the
application of the model results. For example, single
equation models should not be utilized when there exists
simuitaneous effects from many of the endogenous
variabies.

Ideaily, this procedure of building and estimating a
market response mode! shouid address some nine major
issues. Five of these issues discussed first should be of
concern to any model builder using econometric methods.
The remaining four issues are specific to the concerns
of customization.

The issues relevant to econometric model estimation
are:

"A. Potential Nonlinear Market Response to Promotional

Expenditures

Recent marketing literature has documented nonlinear
refationships between marketing mix variables and
dependent measures such as sales or market share. Most
models assume some function which posits decreasing
returns to scale as expenditures approach a limit. e.g.,
a logarithmic function. The BRANDAID mode| (Little
1975 a, b), for example, posits multiplicative, interacting
influences of the various marketing mix variabies. Emshoff
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and Mercer (1970) reported the use of a nonlinear model
to describe market response for a consumer semidurabie
such as household furnishings. Fitzroy (1976) and Naert
and Leeflang (1978) discuss the use of such nonlinear
models in the modeling of advertising response functions.
Johansson (1979) investigates the usefulness of a class of
sigmoid functions to portray the aggregate relationship
between advertising and sales. While more compiicated
functions may be used, a log-linear model offers the appeal
of simplicity and easy interpretation of the coefficients
as partial elasticities. Furthermore, a log-linear model can
be a good approximation to more complicated functions
and can often be justified in the relevant range of the
data [see Naert and Leeflang (1978)].

B. The Effects of Current and Previous Marketing Mix
Expenditures

It is well documented in the marketing literature (e.g.,
Paida 1964) that marketing mix expenditures made in
period t may have a significant effect in period t + k.
For example, a sales call made today may produce a sale
several weeks from today. Similarly, advertising can
accumulate a “good-wili” effect over time. The evidence
in the literature is quite mixed with respect to the duration
of cumulative effects of advenising expenditures [see
Clarke (1976; 1979)]. Thus, the issue of how long the
lag should be in an aggregate model cannot aiways be
resolved on theoretical grounds: it is essentially an
empirical question. It would, therefore, be advantageous
for the model’s algorithm to select. according to some
mathematical criterion, the “best™ lag(s) structure.

C. Controlling for Muiticollinearity

In time-series data, many independent variables are
often quite highly (positively) correlated with each other
(multicollinearity) due to the fact that various expenditures,
costs, especially in inflationary periods, increase
concurrently over time. This covariation has pronounced
effects on estimation in linear models. where such
multicollinearity results in poorly determined parameter
estimates with extremely large standard errors. Belsley,
Kuh, and Welsch (1980) discuss the use of condition indices
and regression coefficient variance decompositions as
indicators or measures of muiticollinearity. Johnston
(1984) presents a number of “remedies” to aid in the
problem of muiticollinearity including combining time
series and cross-sectional data. utilizing prior estimates
or restrictions on parameter estimates, regression on
principle component scores, etc. The method of ridge
regression has been proposed for handling severe
muiticollinearity problems; see Mahajan, Jain. and Bergier
(1977) for an exposition of the method for marketing
researchers. But, its use does call for a somewhat high
degree of technical sophistication and specialized computer
programs, thereby limiting its appeal. In addition.
substantial controversy exists in the statisticai literature
concerning its proper use.
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D. Effects of Seasonality

Many products exhibit a seasonal demand schedule
where sales are inordinately high (low) during specific
months of the vear. Seasonal effects can aiso occur due
to the purchase cycles of consumers. This aspect must
be dealt with while using time-series data with periods
shorter than one year. Wildt (1977) explores several
alternative ways of modeling seasonal market response
using dummy variables. He concludes that although the
commonly used seasonal shift model (i.e., the use of
seasonal dummy variables which influence only the
intercept term of the model) may be successful in
explaining the variance in market response, it may not
adequately describe the manner in which seasonality might
influence market response. He suggests alternative models
in which season-specific coefficients for each of the various
marketing mix variables are employed.

E. Effects of Competition

No firm operates in a vacuum - the sales of a firm
are in part determined by the actions and reactions of
its competitors. Parsons and Schultz (1976) discuss a
number of ways of modeling competition in econometric
models citing the need for such specifications. Any market
response model must define the competition either
explicitly or implicitly in its specification. Both singie-
equation and simultaneous-equation models have been
uulized to accommodate such competitive effects. This
competitive aspect is even more crucial with respect to
the construction of market share models (c.f. Nakanishi
and Cooper {974, Beil, Keeney and Littie 1975).

In addition. it is important to deal with the following
issues in an effort to customize a market response model.

F. Managerial Restrictions

The estimation procedure should ensure that the
estimated coefficients for various elements of the marketing
mix make intuitive sense. There is no guarantee that this
is the case when one optimizes a mathematical criterion
(e.g., least squares for estimating parameters). Not only
should the coefficients be interpretable, but the ensuing
policy recommendations should be sensible. A managerially
appealing procedure should thus provide the capability
for the user to incorporate, whenever appropriate, a priori
information vis-a-vis sign restrictions (c.g., positive or
negative) for the parameters being estimated (c.f. Schultz
and Zoltners 1981). Further, managerial experience could
be useful in an initial specification of the number of periods
of lag for certain predictor variables in the model.

G. Effects of Trend

As previously mentioned, the presence of muiticollinearity
among most variables in time-series data makes it difficult,
if not impossible, to determine which independent
variable(s) are most important in determining sales. In
this situation, the portion of the variance in the dependent
variable, which is a function of time (trend), cannot be
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statistically assigned to either of the collinear independent
variables. Such growth trends are often attributed to
population growth. increasing marketing mix expenditures,
ete.

Box-Jenkins methods for analvzing trend and seasonality
in time-series data of sales and advertising are often used
in marketing research to deal with such problems; see
Helmer and Johansson (1977) and Hanssens (1980) for an
exposition and applications. As in the case of ridge
regression, use of Box-Jenkins methods require a deeper
knowledge of statistical theory. Thus, it would be desirable
for a mode! {0 handle this inherent collinearity with time
series data in a statistically appropriate, vet technically
simple manner. Not separating the effect of rrend might
result in overestimation of the importance of the marketing
mix variables.

H. An“Optimal” Allocation of Marketing Mix Expenditure

A useful model must not only accurately describe the
historical data but also provide the basis for identifving
normative marketing mix strategies. Thus. there exists
a need for a simple procedure that utilizes the results of
estimation for identifying “optimal” marketing mix
expenditures. As an example. consider the work by Picconi
and Olson (1978) wha develop optimal rules for advertising
decisions using econometric model estimates. Carroli,
Green, and DeSarbo (1979} develop optimal allocation
schemes for log linear regression models. (For other
marketing resource allocation models, see Balachandran
and Gensch (1974). Lambin (1972), Lilien (1979), Little
(1975a), Lodish (1971), Montgomery and Silk {(1972).)

I. Ability to Perform Policy Simulations

A final desirable feature of such use of a promotional
response marketing mix model is to predict the effects
of what would happen if various marketing expenditures
were varied. This simulation feature proves to be of
substantial value to the marketing manager in understand-
ing the market response to various types of marketing
expenditures and in assigning appropriate expenditure
patterns. The above requirements in a market response
model can be satisfied by the utilization of a number of
procedures. Yet, from a user’s point of view, since none
of the standard software packages encompasses all of these
considerations, there is a considerable advantage to have
them accommodated in a single, simple to use, customized
procedure. Our methodology which is described in the
next section offers an approach to deal with these
requir¢ments.

THE CUSTOMIZED MARKET RESPONSE MODEL

In response to many of the issues delineated in the
previous section we have developed a statistical method-
ology for building a customized, lagged, log-linear model.
The model and its algorithm enable the analyst not only
to incorporate any prior restrictions, but also offer a
defensible way to obtain coefficient estimates unconfounded
by trend/seasonality effects.
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A. Setting

A brief description of a managerial application of this
model should be helpful. Assume that a firm is marketing
a branded product that is intended to serve a prespecified
set of consumer needs. This firm faces competition from
a number of other branded products that serve the same
set of consumer needs. We will exclude from consideration
any unbranded products that might compete with the
branded products. Further, we will assume that each firm
influences the sales of its brand using a set of marketing
mix elements (e.g., price, advertising, personal selling, et¢.).
We assume that historical monthly data on the total sales
and the marketing mix variables as well as exogenous
variabies (¢.g., use occasions) are available for a number
of periods.

B. The Model

The general relationships guiding our Customized
Market Response (CMR) model are shown in Figure I.
The model postulates relationships among six general sets
of predictor variables: (1} Trend; (2) Seasonality; (3)
Marketing Mix Variables; (4) Use Occasions; (5)
Competition; and (6) Residual Effects. The operational-
ization of these variables described below is general enough
for adaptation to several modeling situations.

1. Trend: Trend is defined for this particular application
as a linear growth rate component (time), reflecting market
growth — “momentum”™ — over time. This variable is
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critical in the model to assure that its effects are separated
from those of others. (Further, it is recommended that
separate time-series analysis (e.g., X-I1) be initially
performed to identify the existence of trend in the data.)

2, Seasonality: Seasonality reflects systematic short-run
cycles in demand due to the nature of the occurrence
of the consumer need for this product. This variable is
not automatically included in the model. Its inclusion will
depend upon the nature of application and time periods
used for measuring the data.

3. Marketing Mix Variables: This set should include
all the marketing mix variables utilized by the firm in
marketing the brand. For our empirical application, we
specify these to be: Personal selling expenditures; Print
media advertising expenditures; Direct mail advertising
expenditures; Price; and Promotional sampling.

4. Use Occasions: This variable intends to measure use-
related external determinants of sales. Consider for
exampie the incidence of a disease in the determination
of the number of new prescriptions for a drug, the sales
of computers in estimating the sales of software, or political
unrest in explaining the sales of air tickets to areas affected
by such internal strife. Undoubtedly, the analyst wiil need
to modify this measure to suit the particular application,

5. Competition: We define compettion in this appliication
as the sum of sales in units of all major competitors.
This definition is perhaps the simplest one to use in an
application particularly when data on actual competitive
expenditures on marketing mix variables are not readily

FIGURE 1

A Conceptual Framework for the Customized Market Response Model
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available. With more data on the competitive marketing
mix expenditures, competition can be defined in various
other ways such as a share model, a system of simultaneous
equations (one per competitor) or by including a number
of competitive marketing mix variables in a single
equation. For further discussion of these and other
approaches, see Parsons and Schuitz (1976) and Lilien
and Kotier (1983) for a discussion.

6. Residual Effects: This construct is offered as an
optional feature in the model to capture the contribution
of various lagged marketing mix variable effects from past
periods not explicitly modeled in the equation. Upon the
inclusion of mix variables with appropriate lags, residual
effects may exist due to such factors as repeat purchase,
advertising, goodwill, etc. In our model, we follow the
convention of the Koyck-tvpe modeling approach and use
a lagged dependent variable to measure this construct.
When this option is exercised, the algorithm has the
provision to force it as the last variable to enter the
eguation.

Notation;

The model is developed for one brand at a time. For
a given brand, let:

Yi = the sales in units in period i;

Ti = trend in period i;

Wi = seasonality index for period i;

D, = the personal selling expenditures in period i with
lag tp;

Ju, = the print media expenditures in period i with lag’

tn

M., = the direct mail advertising expenditures in period
1 with lag tu;

Py, = the price per use occasion in period i with lag
to;
Sug = the number of total promotional sample units in
period i with lag ts;

Iy, = number of incidences for potential use of product
category in period i with lag ti;

Cii. = the sum of major competitive brand sales in period
1 with lag tc;

Yiy = the lagged rate of sales in period i with lag ty
(residual effects);

ei = error.

Then the general model shown in Figure [ is:

(D
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The reader may note that each variable (other than
trend and seasonality) on the right hand side of the
equation has its own specific lag. Since there is often no
basis to determine these lags in the context of an
application, our algorithm will determine how the “best”
lags for each of the variables in the model can be
systematically determined.

Restricting our attention to mulnplxcatlvc models, the
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general model (1) can be approximated using the
relationship as:
2
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The model (2} 15 made linear in parameters by taking
logs of both sides and using multiple regression methods
to estimate parameters and the usual assumptions of
normality are imposed on the e-variable. With this, the
o-parameters are interpreted as partial elasticities.
Equation (2) is our conceptual model. The reader may
note that the lag periods can be different for each mix
variable, reflecting the idiosyncratic lag period of the
specific marketing mix variable for the product in question.

Equation (2} resembies a simple multiplicative
interaction model. While it is evident how such a model
deals with many of the issues raised in the previous section
(e.g., competition. seasonality), it is not readily clear how
expression (2) handles other important issues, such as
managerial constraints, multicollinearity, and/or specifi-
cation of appropriate lag structures for the variables
included in the model. The algorithm, discussed next,
delineates how these and other factors are accommodated.
Further, it enables the analyst to customize a market
response model to the situation on hand.

C. The Algorithm

We have developed an iterative forward selection or
stepwise procedure to estimate the complete model.! The
procedure is based on eight steps:

1. The user specifies the maximum /ag period (K) for
any independent variable he is interested in
investigating {in our analysis, 3 periods were used):
the set of lagged variables for any independent
variable will be called a group for convenience;

2. The model converts the original data to {ogs, initially
adding a small positive number? (e.g., 0.5) to all
entries to solve the problem of zeros in the data;

3. The user specifies the desired sign restrictions for
each of the coefficients estimated for each independent
variable - negative sign restriction (-I), mo sign
restriction {(0), or positive sign restriction (+1;

4. Trend and/ or seasonality is/are the first variable(s)
forced in the equation with no lag; these effects are
“partialled” out of the remaining independent .
variables at their respective lagged values; see
Mosteller and Tukey (1977);

5. The stepwise procedure begins when the matrix of
partial correlations is calculated between the
dependent variable and all remaining independent
variables at their respective lagged values;

6. The independent variable and its lag with the highest
correlation (in absolute value) with adjusted sales
is selected. The sign of its partial correlation (which
will be the sign of its regression coefficient in the
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model) is compared to the restriction vector for
comparability. If the multiplication of the two signs
is positive, then the variabie is entered (this implies
that this variable is feasible). If negative, the variable
is discarded at this stage, and inspection of the
second-best partial correlation is performed, etc. This
step selects the lag value for the variable to be entered
at this stage. Other options are possible and will
be explained shortly.

7. Once an independent variable is selected at a
particular lag, it is entered in the modei at that stage
and a regression analysis is performed with the
variables already selected in the model. Once an
independent variable for a group is selected, the
remaining variables in that group (i.e., those with
other lags) can be disregarded (a default option) and
can be prohibited from entering the mode! at any
future time. However. options do exist in the
algonithm for the user to specify a search for more
than one lag in a particular variable set. In addition,
if a variable already in the equation should change
sign and violate a prior sign restriction (or, say
become nonsignificant), it will be dropped from the
equation at the particular stage in the algorithm and
its companion lagged specifications can be searched
over again.

8. When entries from all the various groups of
independent variables are in the model f{or, as
specified by the user, when all feasible groups or
all statisticaily significant variables are entered), the
iterative procedure stops.

D. Program Options

The model can accommodate a number of user-defined
optional modei specifications and algorithmic searches.
The user can vary K - the maximum lag period - or,
make it artificially large {e.g.. K = 10) if an appropriate
specification is impossible. Similarly, the model can select
variabies to enter the equation at a particular stage on
the basis of the satisfaction of the managerial restrictions
and. or the satisfaction of statistical criteria for the entry
of new variables into the equation. The latter include a
prespecified critical t-value and critical tolerance level in
terms of explaining unique variance of the dependent
variable {(or in terms of how much varnance a variable
to be entered explains with other independent variables
already in the equation): one or more of these can be
added in conjunction with the others.

Other related options include the number of lags to
search for in a variable group. The user can specify the
maximum number of lag vaiues within a variabie group
that can enter an equation. The algorithm also provides
options for searching for more than one lag structure within
a variable set. In addition, with minor alterations, the
algorithm can be made to examine whether the lag(s)
selected have partial correlations at least § larger than
other lags in the same variable set. This option would
allow the manager 10 make sure that the lag(s) selected
are not marginally more correlated to the dependent
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variable than another lag which might be more
interpretable.

Another question concerns the placing of restrictions
on parameter values. Needless to say, specifying a
restriction vector of all zeros enables the user to estimate
an unrestricted model. It might prove useful to perform
an analysis without apriori restrictions and compare the
results to those obtained with such restrictions. Finally,
note that no current existing algorithm in SAS, SPSS,
BIOMED, etc. will accomplish ali that this algorithm does.
While these competing software packages all contain
various types of sequential regression procedures, none
incorporate sign restrictions or the particular type of search
involved within K-specified lags of each independent
variable.

AN EMPIRICAL APPLICATION

Data: The custornized market response (CMR) model
is empiricaily applied to time-series data for Brand X of
a particular product categorv.’ Time-series data were
provided for Brand X and its major competitors. The
analysis was based on 72 consecutive monthly time periods
and the results were validated for the next six time periods.
Four major sets of data were studied:

a. Sales of Brand X;
b. Brand X marketing mix variables:
- personal selling expenditures
- direct mail advertising expenditures
- print media advertising expenditures
- price per use occasion
- sampling ‘
c. Usage occasions for the product category: and
d. Competitive data - the total competitors’ sales as a
parsimonious surrogate for their various marketing
mix effects.

Mode! Customization: Based on discussions with the
executives of Brand X. the coefficients of the print media.
personal selling, direct mail advertising expenditures and
use occasions variables were restricted to be positive in
the estitnation phase of the model: all other coefficients
were free to vary and a value of K = 3 was specified
as the maximum lag period for the search procedure. Only
trend was forced to enter first and was partialled out of
the other variables.

Results: Table 1 presents the results of the estimation
procedure for the customized market response model. The
adjusted R of .95 indicates an excellent fit. We see that
the trend variable was quite significant. This denotes a
significant constant linear growth pattern in the dependent
variable.

Recall from our previous discussion the procedure
removes a linear growth pattern auributed to trend from
all other independent variables. Therefore. expenditures
on any marketing mix variable in accordance with its
trend are at the minimum required to maintain the
observed trend in the sales. Thus. the remaining
coefficients show effects of the variables as deparrures
from trend. Note that dummy variables reflecting the
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TABLE 1
Results of the Customized Market Response Model

Estimate of
Constraint® Variable Coeflicient Standard Error

Trend 0 T 011° 0004
Print i
Media + Ji-1 Nie
' Ji-2
J|—3

Personal D,

Selling + D
Dz 174" 0564

D[—3

Direct Mail M.,

Advertising + M- .007 .0057
M-z
Ml-!

Sampling S
0 Si-1
Se-2 -.136° 0369

Sl-J

Price P
O Pl-l ’
P.-: -.163° 0406

Pl-!

Use I .236° 0875

Occasions + | fY
I:-z
It-—l

Competition C. .603° 0875
0 Cw-1 '
CI-Z
Ci-s

Residual Y- -.068 0473

Effects 0 Yi-2
Y:—3

Adj. R*= .95; Degrees of Freedom for F are 9 and 62.

a. (O}+X-) indicate the nature of the constraints imposed on the parameters. N/e entry indicates variables not entered due to violation of the

constraints.
b. 99¢; confidence level.
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impact of seasonality were not utilized or forced into this
mode] since it was felt that any seasonal influences would
be contained by the (detrended) use occasions variable.

Also, note that in typical Koyck iag applications in linear
modeis, the residual effect term could be deemed repetitive
with respect to the lagged marketing mix variables
included in the model. However, in our msthodology, given
the sequential use of partial correlations and the initial
removal of trend, inclusion of this residual effect variable
will account for all other lagged effects beyond the value
of K specified by the user and other omitted variabies.

Now, turning to the structure of the estimated modeli,
we see that personal seiling expenditures at time t-3 are
significant, indicating that expenditures three periods
before are producing statistically significant positive effects
in the dependent variable beyond and above trend. Direct
mail advertising expenditures are not significantly positive,
and print media expenditures do not produce any positive
effect.

The promotional sampling variable (unconstrained in
the model) is statisticaily significant with a negative
coefficient indicating that excessive sampling above trend
level has a negative effect on sales. Thus, the more free
samples given to consumers, the smaller the demand is.
This result is conceptually meaningful for the particular
product in question; for example, the more you increase
the drug samples to physicians the more they can substitute
free samples for writing a new prescription of the drug,
Similarly, the more free textbooks are supplied by the
publisher the lower will be the sales to the faculty.
Furthermore, this negative relationship for the product
in question was validated in a separate experiment designed
to test this finding. )

Price which was unconstrained had a significan
negative coefficient, indicating a negative incremental
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effect of price over trend levels. The result also suggests
that price has a lagged effect on sales.

Both the use occasions variable and competition
measure have significant positive coefficients; these
relations also reflect the seasonality of the brand usage.
(The multiple correlations between seasonality as
represented by a set of three dummy varables each
reflecting a quarter of the year and use occasions and
competition were .88 and .60 respectively.)

The variable measuring residual effects entered the
model with a lag of one period and had a negative
coefficient, but it was not significant. This could reflect
the lack of repeat usage from one period to the next or
alack of positive influence of a stock of goodwill developed
in the past from such things as brand image, firm
reputation, previous advertising, etc. The sign of the
coefficient is perhaps explainable when one considers the
fact that the product is used by consumers for a short
period of time (less than one month).

A note should be added concerning the interpretation
of these coefficients. Since a log-linear model is utilized,
these coefficients are interpreted as partial elasticities of
the incremental amounts beyond trend (estimated as linear
constant growth). Thus, while many coefficients are
statistically significant, all are less than one in absolute
value indicating that expenditures above trend levels do
not affect sales ail that much.

This influence of trend is also evident from an
examination of Table 2, where the results {rom a separate
sequential regression analysis are shown. The log of sales
was the dependent variable and the predictor variables
of seasonality, trend, use occasions (log), and competition
(log) were entered sequentially into the equation in the
order mentioned. In order for the sum of the R- of the
four regressions to equal the R of a combined regression

TABLE 2
The Incremental Contribution of Seasonality, Trend, Use Occasions and Competition to the Expilained
Variance in Sales

Variable Order of Entry Incremental Adj. R
Seasonality’ 1 0.26
Trend’ 2 0.51
Use Occasions’ 3 0.03
Competition® 4 0.06
Cumulative 0.86

1. Seasonality was defined as three dummy vanables — one for each quarier.
2. Trend was defined as the sequence of integerys from | to 72.
3. Use QOccasions was defined as the log of totai potenual usage occasions.

4. Competition was defined as the log of total competitors of all major brands.
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A CUSTOMIZED MARKET RESPONSE MODEL: DEVELOPMENT, ESTIMATION, RAQ, WIND & DeSARBO
AND EMPIRICAL TESTING

TABLE 3
Validation Results for the CMR Model
Time Period Y Y Y-Y Percent Error
1 597 544 +53 +8.9%
2 593 572 +21 +3.5%
3 649 655 -6 -0.9%
4 618 554 +64 +10.4%
5 510 430 +30 +5.9%
6 495 505 ‘ -10 -2.0%
Totals 3462 3310 +152
TABLE 4

Unconstrained Log Linear Model Results

Regression Results

Variable Coefficient Standard Error
Trend 0os1® 0013
Print Media -.0023 0087
Personal Selling .1256" 0704
Direct mail Advertising , .0049 0070
Sampling 0465 0479
Price -.0813 0522
Use Occasions .1882° 0469
Competition - 6609 .1084
“Residual Effects” .0541 0793

Adj. R? 0.92; Degrees of freedom for F are 9 and 62
a: 90% confidence level; b: 99% confidence level

Validation Results

Time Period Y Y Y-Y Percent Error
1 597 507 +90 5.1
2 593 541 +52 8.8
3 649 586 +63 9.7
4 618 536 +82 13.3
5 510 . 463 +47 9.2
6 495 471 +24 4.8

Totals 3462 3104 +358




AND EMPIRICAL TESTING

‘run (where all four sets of variables were examined

simultaneously), the effect of variables from preceding
stages was “partialed out” of each variable. The impact
of the exogenous variables is measured by the corresponding
adjusted R-square, When compared with the model in
Tabie 1, we see that the exogenous variables, and especially
“trend,” account for most of the explained variance. This
raises important questions as to the magnitude of the
incremental effect (beyond their contribution to “trend™)
of the various promotional expenditures for the brand.

Vaiidation

The sales for the six periods of the hold-out sample
were predicted by the customized model and compared
to the actual data. Table 3 presents the actual and predicted
values for Brand X. As shown, the customized model
predicts with an average absolute error for the six
validation periods of 5.2¢% and a range of error from 0.9%
to 10.4%. It is interesting also to see that it accurately
predicts the decline in the last two periods.

by detw n mnthe &

aaha by R F TS PR AR LV

Comparative Analysis

An ordinary unconstrained log linear model was fitted
using all nine independent variables described earlier
without lags (except residual effects at t-1). The results
are shown in Table 4. Here we notice a somewhat poorer
fit with a negative coefficient for print media expenditures,
a finding counter to management’s prior expectations. The
corresponding validation for the model also shown in Table
4 reveals 2 much poorer prediction record--average
absolute error of 10.1% and 2 range of error from 4.8%
to 15.1%. Fucther, this particular model appears to
systematically underpredict actual values of sales, Similar
validations were also performed using a linear regrassion
mode! with much poorer results.

MANAGERIAL USES

The customized market response model has been
impiemented and a central part of implementation is the
sensitivity analysis to guide allocation of marketing
resources across various mix elements.

TABLE 5
Sensitivity Analysis

Impact on Sales (in thousands of units)

print . personal

% expend media selling mail sampling price
[1.] 115 510 520.0 5104 502.2 500.7
[2.] 1.12 510 518.1 510.3 503.7 502.4
[3.] 1.09 510 516.1 510.2 505.2 504.2
[4.] 1.06 510 514.1 510.1 506.7 506.1
[5.] 1.03 510 512.1 510.0 508.3 508.0
[6.] 1.00 510 510.0 510.0 510.0 510.0
(7.1 0.97 510 507.8 509.9 511.7 512.0
(8. 0.94 510 505.6 509.8 513.4 514.1
[9.] 0.91 510 503.3 509.7 515.2 516.3
[10.] 0.88 510 500.9 509.6 517.1 518.6
[11.] 0.85 510 498.5 509.5 519.1 521.0

Impact on Gross Margin (in thousands of dollars)
print personal

% expend media seilling mail sampling price
[1.] I.15 5916 6033 5920 5826 5808
[2.] 1.12 5916 6010 5919 5843 5828
[3.] 1.09 5916 5987 5918 5860 5849
[4.] 1.06 5916 5964 5917 5878 5871
{5.] 1.03 3916 5940 5916 5896 5893
[6.] 1.00 5916 5916 5916 5916 5916
[7.] 0.97 5916 5890 5914 5935 5939
(8.] 0.94 5916 5865 5913 5956 5964
9.] 0.91 5916 5838 5912 5977 5989
[10.] 0.88 5916 5811 5911 5999 6016
[11.] 0.85 5916 5783 5910 6022 6043

Read: a 157 increase in personai selling. holding all other marketing variables at the base level. is likely to result in 10.000 new sales: a 157 increase
in price, hoiding all other markeung variabies at the base levei, is likely to result in 9,300 less new sales. etc. Print media adverusing effects do

not vary. since they were not inctuded in the model because of constraint violation,
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