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Chapter 5

Canonical Correlation
Analysis and
Wiener-Granger Causality
Tests: Useful Tools for the
Specification of VAR
Models

5.1 Introduction

The increased availability of accurate and detailed marketing data has been an
important factor in the development and implementation of marketing models1.
This encourages researchers to propose more complex models with a large(r)
number of variables because these models potentially offer better explanations
of market phenomena as well as better solutions to economic problems (Leeflang
et al. 2000, Leeflang and Wittink 2000). However, as the models grow in com-
plexity, the number of potential predictor variables increases considerably. This
occurs especially when multiple time series models, VAR models are developed
to analyze the behavior of competitive marketing systems.
VARmodels have been widely adopted by economists since the seminal work

of Sims (1980). Recently, with an increasing interest in identifying competi-
tive structures and measuring relationships between marketing variables, VAR
models have become recognized as an effective modeling technique in market-
ing. Takada and Bass (1998) propose the use of multiple time series analysis

1This chapter is based on Horváth, Leeflang and Otter (2002).
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(MTSA) to model competitive marketing behavior. They demonstrate that
V ector Autoregressive M oving Average (VARMA) models are capable of cap-
turing the dynamic competitive structure of the market and find that VARMA
models outperform univariate time series models in goodness-of-fit measures as
well as in forecasting performance. Dekimpe and Hanssens (1995, 1999 , 2000),
Dekimpe et al. (1999), Horváth et al. (2003), Srinivasan et al. (2000), Srini-
vasan and Bass (2001), and Takada and Bass (1998) demonstrate the value of
VAR models because these models incorporate all structural relationships in a
competitive marketing environment.
The drawback of VAR models is that they usually include a large number

of parameters. This leads to degrees of freedom problems. If, for example, k
endogenous variables are included in a VAR model of order p, the number of
parameters to be estimated is k2 · p, so the number of endogenous variables
that can be included in the model is rather limited. The problem has been
addressed in several articles and the usual solution is to simplify the model.
This can be accomplished by (a) estimating separate models for each competing
brand (Dekimpe and Hanssens 1999, Srinivasan et al. 2000, and Srinivasan
and Bass 2001), (b) treating some variables as exogenous (Horváth et al. 2001,
Nijs et al. 2001, Srinivasan et al. 2000, and Srinivasan and Bass 2001), and
(c) imposing restrictions on the model based on marketing/economic theory.
These solutions impose restrictions that need to be investigated by preliminary
analysis. We propose to use canonical correlation analysis and WG causality
testing for this purpose.
The concept of canonical correlation was introduced by Hotelling (1936).

A number of authors consider canonical correlation as a logical extension of
simple and multiple regression. Multiple regression analysis is a more specific
case in which one of the sets of data contains only one variable, while product
moment correlation is the most specific in that both sets of data contain only
one variable. The objective of canonical correlation analysis is to correlate
simultaneously two sets of variables and to find a linear combination of one set
of variables and a (different) linear composite of another set of variables that
will produce a maximal correlation (Green et al. 1988, p. 553). Thompson
(1984, p. 9) states that

“Given that canonical correlation analysis can be as complex
as reality in which most causes have multiple effects and
most effects are multiply caused, an “advanced organizer”
regarding some of the research questions that can be
addressed using canonical analysis may be helpful.”

We apply canonical correlation analysis and WG causality testing to ana-
lyze the interrelationships among a set of multiple criterion variables (market
shares) and a set of multiple predictors (marketing instruments) and to test
the existence of the most important structural relations on markets.
The chapter is organized as follows. We first introduce some theory in

Section 5.2. In Section 5.3 we describe the data and our application. In Section
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5.4 we show the outcomes of canonical correlation analysis. In Section 5.5 we
perform WG causality tests and Section 5.6 summarizes our conclusions.

5.2 Canonical correlation and Wiener- Granger
causality

In this section we give a brief explanation of canonical correlation and WG
causality testing. For an in-depth discussion we refer to Geweke (1982), Geweke
et al. (1983), and Otter (1990 and 1991).

5.2.1 Canonical correlation analysis

Consider two zero-mean Gaussian stationary processes {yt} and {xt} with
dim{yt} = m1 and dim{xt} = m2 where m1 ≤ m2. Denote the (co)-variances
by E{ytyt́} = Σ11; E{xtxt́} = Σ22 and E{ytxt́} = Σ12 where E{·} is the ex-
pectation operator. As well known, the conditional distribution of yt, given
a realization xt, is Gaussian with mean E{yt|xt} = Σ12 · Σ−122 · xt and vari-
ance Σ(yt|xt) = Σ11 − Σ12Σ−122 Σ21 where Σ21 = Σ12. Whenever Σ12 = 0 the
conditional variance Σ(yt|xt) < Σ11.
In the canonical correlation (cc)-procedure we have linear transformations

ηt = L1yt and ζt = L2xt such that E{ηtηt́} = Im1
and E{ζtζ t́} = Im2

and
E{ηtζ1,t́} = Λ = diag (σ1, ...,σm1

), with canonical coefficients (singular values)
σ1 ≥ σ2... ≥ σm1 ≥ 0, where the vector ζ1,t consists of the first m1-components
of ζt. The canonical correlation coefficients (singular values) can be obtained
through the singular value decomposition Σ−1/211 · Σ12 · Σ−1/222 = H · Λ ·Q and
the transformation (loading) matrices are2:

L1 = H ·Σ−1/211

L2 = Q · Σ−1/222 (5.1)

Λ = (Λ : 0) ,

with Λ ∈ m1×m2 .
Given a realization xt and hence a realization of:

ζt =
ζ1,t
ζ2,t

=
L2,1
L2,2

· xt, (5.2)

with L2,1 ∈ m1×m2 , the conditional distribution of ηt given ζt is Gaussian
with conditional mean E{ηt|ζ1,t} = Λ·ζ1,t and conditional variance Σ(ηt|ζ1,t) =
Im1−Λ·Λ = Im1−Λ2, from which it can be seen that there is a relation between
ηt and ζt and hence between yt and xt if one or more canonical correlation

2For details see, e.g., Otter (1990, 1991).
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coefficients differ from zero. For large samples the significance of these relations
can be tested by the Bartlett test-statistic:

χ2 = − N − 1
2
· (m1 +m2 + 1) ·

m1

i=k+1

ln 1− σ2i , (5.3)

where N is the number of observations in the series and k = 0, ...,m1 − 1.
Under the null hypothesis: H0 : σk+1 = σk+2 = ... = σm1

= 0 the test-
statistic is asymptotically χ2-distributed with (m1 − k) · (m2 − k) degrees of
freedom. The estimated canonical coefficients (σi, i = 1, ...,m1) are based on
consistent estimates of Σ11,Σ12 and Σ21.

5.2.2 Wiener-Granger causality

The canonical correlation procedure can easily be generalized to include possi-
ble delayed effects of xt and yt variables, leading to the so-called (instantaneous)
WG causality concept. Define Yt−1 = (yt−1...yt−p) , Xt−1 = (xt−1...xt−s) and
Zt = Xt−1, Yt−1 . Apply the canonical correlation procedure between the two
sets of variables yt and Yt−1 (model I) and between the sets yt and Zt (model
II)3. Geweke’s measure of WG causality is:

F := ln det Σ(yt|Yt−1) − ln det Σ(yt|Zt) , (5.4)

where ln denotes the natural logarithm and Σ(yt|Yt−1) and Σ(yt|Zt) denote the
conditional covariance matrices. As shown by Otter (1991), F can be expressed
in terms of canonical correlation coefficients, i.e.:

F =

m1

i=1

ln 1− σ2i,I −
m1

i=1

ln 1− σ2i,II , (5.5)

where σ2i,I are the canonical correlation coefficients between the sets yt and
Yt−1 and σ2i,II are the canonical correlation coefficients between yt and Zt
with σ21,j ≥ σ22,j ≥ ... ≥ σ2m1,j

, j = I, II. Under the null-hypothesis of no WG
causality from the set xt to the set yt (F = 0) the large sample test statistic
N · F follows a χ2 -distribution with the number of degrees of freedom equal
to the number of prior restrictions in model II, that are necessary to obtain
the specification of model I. It is also possible to study the bi-directional
(feedback) relations between yt and xt. To this end, we have to replace yt by
xt and xt by yt in the canonical correlation procedure4.

3Model I is nested in model II.
4 See Geweke (1982) for further discussion.
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5.3 Empirical application

In this study we provide tools for preliminary investigation between the consid-
ered variables for a researcher who ultimately wants to calibrate a VAR model
that includes market shares (purchases) and marketing instruments (manage-
rial decisions) as endogenous variables. In this study we consider a competitive
market of seven large brands of a frequently purchased, nondurable, nonfood,
consumer product (detergent) sold in the Netherlands. The seven brands to-
gether account for approximately 70 percent of the market. The following
kinds of marketing instruments are distinguished: price, feature, sampling,
bonus, and refund. Prices are measured as total revenue divided by total unit
sales. Samples are offers of a free amount or trial of a product for customers.
Refunds represent the redemption of some money after the purchase. Usually
this money is paid to the bank account of the customers. Feature represents
retailers’ advertising activity and by bonus we mean a percentage of the regular
size added to the package. The market research company, A.C. Nielsen (The
Netherlands) B. V. provided the (aggregated) data, which consists of weekly
series of 76 data points of market shares and the five marketing instruments
over 7 competing detergent brands.
Following the approach of Leeflang and Wittink (1992, 1996 ) we define our

variables in relative changes. For prices the natural logarithm of the ratio of
prices in two successive periods are used. This is based on the idea that the
price changes for brands with different regular price levels are more comparable
on a percentage than on an absolute basis. We define the seven market shares
similarly to measure the change in the performance in the two successive periods
that is induced by changes in marketing activities. Other promotional variables
are specified in terms of simple differences, due to the occurrence of zero values.
We use the ADF test to check for stationarity. All the series turn out to

be stationary at the 5 percent significance level.
To include all the performance and marketing mix variables into a VAR

model we would have 36 endogenous variables, seven market shares and 29
marketing variables of the different brands5. The inclusion of all brand’s per-
formance measures and marketing variables in the system leads to degrees of
freedom problems. Therefore, we apply canonical correlation analysis between
the set of performance and marketing mix variables to arrive at quantitative re-
lations between the two groups of variables that take into account all available
information of these variables.

5.4 Canonical Correlation Analysis

The canonical correlation procedure is applied between the set of market shares,

5Not all the brands use all marketing instruments. Brand one, for example, uses only
price, feature, and sampling.
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Mst = (Ms1,t, ...,Ms7,t) with dim(Mst) = 7 and the set of marketing
instruments, Instt = (Pr1,t, ..Re7,t) with dim(Instt) = 29. The vector yt is the
vector Mst, the vector of market shares of seven brands, and xt is the vector
Instt, a vector of marketing instruments; prices (Prt), feature (Fet), sampling
(Sat), bonus (Bot), and refund (Ret) for the seven brands. Hence, we consider
immediate relations between the set of variables because all variables relate to
time t. The loadings of instruments and market shares are given in Table 5.1
and Table 5.2. Table 5.3 presents the seven canonical coefficients.



Canonical Correlation Analysis and Wiener-Granger Causality Tests 91

Table 5.1: Canonical loadings of the instruments (L2,1matrix)

ζ1 ζ2 ζ3 ζ4 ζ5 ζ6 ζ7
Pr1 -8.11 3.87 0.28 -0.77 3.44 -3.39 0.69
Pr2 2.43 -12.99 -2.57 15.66 24.08 -18.38 -10.14
Pr3 -6.84 24.07 3.82 39.05 -37.56 -0.69 3.58
Pr4 -3.11 -8.92 -12.87 2.49 -9.56 -5.41 3.97
Pr5 -5.87 11.77 -12.83 5.28 15.74 10.86 -5.52
Pr6 -0.38 -20.07 12.30 -11.77 -9.54 -0.88 -3.60
Pr7 5.76 3.90 21.29 -29.77 -9.18 0.16 5.74
Fe1 0.17 0.02 0.00 -0.20 0.04 0.06 0.23
Fe2 -0.03 0.07 -0.06 -0.17 -0.06 -0.01 -0.12
Fe3 -0.04 -0.11 0.06 -0.03 0.05 -0.04 0.04
Fe4 0.06 0.19 0.18 -0.02 0.24 -0.02 0.04
Fe5 -0.01 0.00 0.05 0.05 -0.15 -0.11 0.01
Fe6 0.04 -0.03 -0.05 -0.11 0.04 -0.05 0.03
Fe7 -0.11 -0.07 0.00 0.12 -0.01 -0.01 0.29
Sa1 0.02 0.06 0.05 -0.01 0.01 0.04 -0.10
Sa2 0.01 0.00 -0.02 0.12 0.07 -0.14 -0.15
Sa3 -0.03 0.06 -0.05 0.01 -0.02 0.23 -0.16
Sa4 0.17 0.05 0.50 -0.01 -0.02 0.93 0.07
Sa5 0.00 0.00 0.02 -0.04 -0.02 0.07 0.03
Sa6 0.34 1.13 -1.44 -0.54 0.67 -1.39 0.72
Sa7 0.07 -0.18 -0.33 -0.06 -0.33 -0.29 -0.02
Bo2 -0.05 -0.44 -0.15 0.00 -0.15 0.23 -0.85
Bo4 0.21 -0.28 1.31 -0.42 0.59 0.68 2.57
Bo6 -0.07 0.31 0.15 0.18 0.18 -0.09 0.09
Bo7 -0.47 -0.05 -0.60 0.22 -1.17 0.90 -0.77
Re4 0.14 0.53 0.64 -0.03 0.31 0.33 1.78
Re5 -0.08 -0.06 0.00 0.20 -0.19 -0.19 0.33
Re6 0.07 -0.12 0.06 -0.18 0.04 -0.13 -0.01
Re7 0.01 0.06 0.05 0.00 0.15 -0.37 -0.09
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Table 5.2: Canonical loadings of market shares (L1matrix)
η1 η2 η3 η4 η5 η6 η7

Ms1 2.52 0.98 -0.94 -0.79 0.09 2.99 -6.45
Ms2 -1.35 -1.45 -1.07 0.68 -0.27 3.10 -7.89
Ms3 -0.53 2.61 0.41 1.42 2.89 1.10 -6.92
Ms4 0.69 -2.43 1.54 -0.63 4.28 0.93 -7.07
Ms5 -0.24 1.71 1.16 -1.12 -2.16 -3.50 -6.04
Ms6 1.12 -0.63 -3.09 0.40 1.46 -2.49 -6.71
Ms7 -2.17 0.85 -1.73 -4.65 1.74 1.53 -1.50

Table 5.3: Canonical coefficients
σ̂1 σ̂2 σ̂3 σ̂4 σ̂5 σ̂6 σ̂7

0.9516 0.8977 0.8607 0.8131 0.7391 0.7195 0.6539

From Table 5.1 it can be seen that prices have the highest simultaneous im-
pact on market shares because they have the highest canonical loadings. In
order to test whether the loadings of the L2,1 matrix are significantly differ-
ent from zero, a standard regression model based on the canonical correlation
model is calibrated. This model is specified in the Appendix together with a
conventional Wald test-statistic.
We apply the Wald test to investigate whether the sets of different types

of marketing instruments (e.g. feature of the seven brands) have an effect on
the market shares. First, we assume (as null-hypothesis) that prices cause no
simultaneous effects on the market shares. To this end, we first test whether
the first seven elements in the first column of Table 5.1 are zero. We repeat
this test for all the seven canonical relationships, i.e., we also test whether the
first seven elements in columns 2, ..., 7 of Table 5.1 are zero. Then we follow the
same testing procedure for the simultaneous effects from the set of seven feature
variables on the market shares and continue with the set of sampling, bonus,
and refund variables, respectively. The Wald test outcomes are presented in
Table 5.4.
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Table 5.4: Wald test outcomes
Canonical relationship Marketing instrument

price feature sampling bonus refund
first 248.16a 51.15a 8.67 4.05 5.82
second 117.38a 30.37a 36.96a 14.73a 14.42a

third 56.15a 15.23a 46.67a 11.29a 5.31
fourth 74.23a 29.42a 7.41 1.74 7.97
fifth 50.05a 15.40a 5.79 3.40 4.15
sixth 17.70a 3.24 23.63a 3.11 19.52a

seventh 3.79 22.85 7.82 10.72a 13.52a

a significant at the 5% significance level

Table 5.4 shows that prices are the most significant instruments, with the high-
est Wald test statistic, as the canonical loadings in Table 5.1 already suggest.
Only the prices and feature variables have significant relations with the first,
most prominent, canonical vector of market shares. The second and third
canonical vectors are linear combinations of the marketing instruments with
significant loadings for each type of instrument. In the case of the fourth and
fifth canonical vector prices and feature variables are significant while for the
last two dimensions other instruments are significant.

5.4.1 Bartlett test

In the cc-procedure we have the linear transformations η1,t = l1Mst and
ζ11,t = l2instt where l1 is the first row of L1 and l2 is the first row of L2
and ζ11,t the first element of ζ1,t

6. Given ζ11,t the conditional expectation
E{η1,t|ζ11,t} = σ1ζ11,t from which it can be seen that, if σ1 = 0, a linear combi-
nation of all marketing instruments produces simultaneous effects on all market
shares, measured by the linear combination of market shares η1,t = l1Mst. We
calculate the Bartlett’s χ2-test statistic, based on Equation (5.3) and on the
canonical coefficients represented in Table 5.3 to investigate the significance of
the canonical relationships. The Bartlett values are presented in Table 5.5.

Table 5.5: Bartlett χ2-values
k = 0 k = 1 k = 2 k = 3 k = 4 k = 5 k = 6
480.69a 347.38a 254.77a 178.50a 117.35a 72.71a 31.52
a significant at the 5% significance level

6Defined in equation (5.2)
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From this table we deduce that only H0 : σ7 = 0 (case k = 6) cannot be
rejected. This implies that the first six canonical correlation coefficients contain
significant information indicating that the dimensionality of the system is six.
This means that there are six significant independent relations between the set
of market shares and the set of marketing variables. This result may be due to
the fact that the sum of market shares is approximately equal to a constant,
therefore one of the market shares is a linear combination of the other six. In
this case one should consider to exclude one of the market shares from the VAR
model to avoid multicollinearity.

5.5 Wiener-Granger Causality

In this section we test whether there is (1) WG causality of market shares on
marketing variables (feedback effect) and (2) WG causality from marketing
variables on market shares (market response effect and carry-over effect).

5.5.1 Wiener- Granger Causality of Market Shares on
Marketing Decisions

An important argument for using a VAR model to represent competitive mar-
keting systems is that it incorporates feedback effects. We examine the ne-
cessity of incorporating feedback effects by WG causality. According to the
definition of Geweke’s measure of WG causality (in Equations (5.4) and (5.5))
we define the following two models for our application:

Model I
yt = Instt ∈ 29

Yt−1 = Instt−1, Instt−2 ∈ 58

(5.6)

Model II
yt = Instt ∈ 29

Zt = (Yt−1,Mst−1, ...,Mst−s) ∈ 58+s·7

The estimated Geweke’s F measure (which follows under the null hypothesis
a χ2-distribution with 7 · 29 = 203 degrees of freedom) is N · F̂ms→inst = 881.8
which indicates that the null-hypothesis of noWG causality is rejected. Hence,
we conclude that there is significant WG causality from the market shares
towards the marketing instruments. It means that the inclusion of (changes
of) market shares of own and competing brands improves the prediction of
(changes of) marketing instruments significantly. This finding supports the
application of VAR models which are able to capture (lagged) feedback effects.
Notice that we do not consider instantaneous feedback effects because feedback
requires time.
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Significant feedback effects on the set of all marketing instruments may be
due to significant feedback on a subset of instruments. We apply the same
procedure to test for performance feedback in subsets of the instruments where
we consider a number of different lags. Our test results are presented in Table
5.6. We see that with one lag only prices have significant feedback effect (at
the 10% significance level), while for higher lags we find significant feedback
effect for the prices, features, and refunds. Our results suggest that bonuses
are not used to compensate for undesirable changes in the market shares.
We also test whether the inclusion of an extra lag of market shares im-

proves the prediction of use of marketing activities significantly. If s = 1 this
test is equal to the above mentioned WG causality test. If s = 2, 3 Yt−1 =
Instt−1, Instt−2,Mst−1, ...,Mst−s−1 in Model I and Zt = (Yt−1,Mst−s) in
Model II. The results of these tests are presented in Table 5.7. Our results
are similar to those of Table 5.6. We find that the inclusion of extra lags of
market shares improves the prediction of price, feature, and refund activities
(from lag 2) while for sampling and bonus the evidence for feedback is rather
weak. These findings can be fruitfully used to construct a (more) restricted
VAR model in which feedback effects are only considered for prices, features
and refunds.

Table 5.6: WG- test results for feedback effects
Price Feature Sampling Bonus Refund

WG measure; one week lag 63.57b 50.84 61.94 33.07 24.49
WG measure; two week lags 133.57a 130.49a 125.05a 66.71 89.05a

WG measure; three week lags 236.58a 224.35a 170.44 110.01 167.07a

a significant at the 5% significance level
b significant at the 10% significance level

Table 5.7: Testing whether the inclusion of extra lags of market shares improves the
prediction of marketing activities

Price Feature Sampling Bonus Refund
WG measure; one week lag 63.57b 50.84 61.94 33.07 24.49
WG measure; two weeks lag 70.06a 84.55a 65.3b 26.29 64.3a

WG measure; three weeks lag 108.28a 100.03a 54.31 39.27b 77.14a

a significant at the 5% significance level
b significant at the 10% significance level
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5.5.2 WG Causality of Marketing Decisions on Market
Shares

We also investigate whether marketing instruments have significant effects on
the purchase behavior of consumers instantaneously (immediate market re-
sponse effect) and with some time lag (carry-over effect). We define the follow-
ing models:

Model I
yt =Mst ∈ 7

Yt−1 = Mst−1,Mst−2 ∈ 14

(5.7)

Model II
yt =Mst ∈ 7

Zt−1 = (Yt−1, Instt−1,...,Instt−s) ∈ 14+s·29,

where s is the maximum number of lags considered for the set of instru-
ments. Geweke’s measure for instantaneousWG causality (in this case Zt−1 =
(Yt−1, Instt)) (which follows under the null hypothesis a χ2-distribution with
7 ·29 = 203 degrees of freedom) is N · F̂inst→ms = 678.83. This indicates signif-
icant immediate effects from the whole set of marketing instruments towards
the market shares. Similarly, we apply the WG procedure to test whether or
not to consider carry-over affects. The Geweke’s measure is 366 when s = 1,
i.e., when we consider lagged effects of marketing instruments on market shares.
This value is also significant, which indicates that the inclusion of past values
of instuments significantly improves the prediction of market shares.
We also test for immediate market response- and for carry-over effects for

subsets of instruments. Results are shown in Table 5.8. We find significant
immediate market response effects for prices, features, sampling and the re-
funds. Prices, features, and refunds have significant carry-over effects. We
then test whether the inclusion of an extra lag of marketing activities im-
proves the prediction of use of market shares significantly. If s = 1 this
test is equal to the above mentioned WG causality test. If s = 2, Yt−1 =
Mst−1,Mst−2, Instt−1,...,Instt−s−1 in Model I and Zt = (Yt−1, Instt−s) in
Model II. The results of these tests are similar to those of Table 5.8 and are
presented in Table 5.9. These findings suggest to consider carry-over effects for
prices, features, and refunds. They also suggest to account (only) for immediate
effects of sampling and to neglect bonuses.
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Table 5.8: WG- test results for market response effects and carry-over effects
Price Feature Sampling Bonus Refund

WG measure; immediate 288.79a 155.32a 88.07a 36.94 46.54a

WG measure; one week lag 74.68a 71.89a 47.81 16.08 40.10b

WG measure; two week lags 153.51a 141.64a 115.82 55.60 87.56a

WG measure; three week lags 233.94a 251.30a 150.17 103.76 113.64a

a significant at the 5% significance level
b significant at the 10% significance level

Table 5.9: Testing whether the inclusion of extra lags of marketing activities improves
the prediction of market shares

Price Feature Sampling Bonus Refund
WG measure; immediate 288.79a 155.32a 88.07a 36.94 46.54a

WG measure; one week lag 74.68a 71.89a 47.81 16.08 40.10b

WG measure; two weeks lag 67.00b 62.68 53.72 37.29 48.11a

WG measure; three weeks lag 89.32a 90.67a 53.65 38.78 33.04
a significant at the 5% significance level
b significant at the 10% significance level

5.6 Conclusions and discussion

Dynamic multivariate models have become popular in analyzing the behavior of
competitive marketing systems because they incorporate the relevant relations
in a competitive marketing environment, such as market response functions and
competitive reaction functions. However, a model where all the (marketing mix
and marketing performance) variables are included endogenously would have
a very high dimension and hence, would require a large number of parame-
ters to be estimated. The dimension of the system can be reduced and some
parameters can be set equal to zero by means of preliminary investigation.
In case sufficient data are available in relation to the number of parameters

a full model can be calibrated with the “traditional” VAR methodology. It
is also possible that sufficient a priori knowledge is available which offers the
opportunity to restrict the number of variables (parameters) of the model. If
these two options do not hold we need preliminary analysis of the relations in
the competitive marketing system.
We offer canonical correlation procedure, the associated Wald test, andWG

causality testing based on the canonical correlation coefficients for this purpose.
Besides parameter reduction, our analysis provides (i) insights about the num-
ber of significant relations between the performance measures and marketing
instruments, (ii) insights about the effective (types) of marketing instruments,
and (iii) a tool for testing the existence of structural relations of a market.
In the empirical application, prices appear to be the most effective instru-
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ments with the highest canonical loadings and most significant immediate ef-
fects on market shares. Other marketing activities have lower canonical load-
ings but the Wald tests exhibit some significant immediate effect on market
shares to them, too. The results of the Wald tests suggest that price and
feature are the most effective marketing instruments. We find causality from
the set of market shares to the set of marketing instruments (feedback effect)
and significant causality from (current and lagged) marketing activities to the
market shares (immediate market response effect and carry-over effect).
We also find that the most important marketing variables on this market are

price and feature. They have significant immediate and lagged market response
effects and feedback effects. Refunds also have essential dynamic effects while
sampling only has significant immediate market response effect and bonuses do
not seem to have any significant effect on the market shares.
These findings offer opportunities to build more restricted VAR models.

They suggest to build a VAR model that treats market shares, prices, features,
and refunds as endogenous variables. They also suggest to account (only) for
immediate effects of sampling on market shares and to neglect bonuses.Such
restrictions in a VAR model of order P would reduce the number of parameters
that need to be estimated substantially, particularly if we take the order (P )
of the model into account. Most of VAR models in marketing include only
one marketing variables, such as advertising (Dekimpe and Hanssens 1995)
or prices (Dekimpe et al. 1999, Horváth et al. 2001, Srinivasan and Bass
2001, Srinivasan et al. 2000) as endogenous marketing instruments. Our study
shows that researchers should consider preliminary analysis to decide about the
variables that should be included as endogenous in the model and encourages to
build dynamic multivariate models which contain more than one endogenous
marketing instrument. The outcomes of this analysis indicate what are the
most important endogenous variables in the model. The number of available
observations and the outcomes of the tests determine the ultimate choice of the
“optimal” number of endogenous variables in the VAR model.




