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Chapter 4

Dynamic Analysis of a
Competitive Marketing
System Based on Market
Level Data

4.1 Introduction

After having introduced the main methodological techniques in TSA, we pro-
vide an application of these techniques1. In this chapter, we build a VARX
model on aggregate (market level) data to analyze the dynamic response of a
competitive market to price promotions of the competing brands.
If a new marketing activity initiated by one firm is believed to influence

consumer behavior in its favor, other firms are likely to react. Such reactions
are often based on beliefs about the harm that would be inflicted on these other
firms brands in the absence of reaction. Traditionally, brand managers focus
on market share which encourages them to think of business as a zero-sum
game. The thinking is: “unless I react to a marketing initiative for another
brand, my brand loses market share”. In general, the nature and intensity of
reactions to other firms’ activities reflect the respective managers’ perceptions
of the competitive environment. If these perceptions are valid (e.g. if managers
understand consumer response to each brand’s actions), consumer response
will predict competitive reaction. This argument is based on the notion that
competitive reactions should be demand based (Leeflang and Wittink 1996). It
requires that managers understand consumer response to own- and cross-brand
marketing activities. In practice, especially prior to the advent of models based
on scanner data, demand estimation occurs infrequently.

1This chapter is partly based on Horváth et al. (2001).
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Although there is a growing literature on consumer response to promotions,
much less attention has been paid to the empirical determination and explana-
tion of competitive reactions. And there is an even shorter list of quite recent
literature that combine consumer response and competitive reactions. Were
such reactions anticipated and included in the analysis of expected benefits
from contemplated increases in promotions, it is conceivable that the escala-
tion in the promotional expenditures in the US during the last few decades
would not have occurred (Blattberg and Neslin 1990). We discuss some of the
methods that have been developed for the diagnosis and analysis of competition
below.

Modeling competition

In the marketing literature on competition we distinguish approaches that
study the interaction between existing competitors from studies that focus
on the reaction to new entries. The competition between existing brands is
studied with methods that take a supply perspective (these are also referred
to as competitor-centered approaches) and with demand or customer-oriented
approaches (Day et al. 1979). A supply perspective might lead to definitions of
products and markets based on similarity of manufacturing processes, raw ma-
terials, physical appearance, or other such criteria. Other competitor-centered
approaches (Day and Wensley 1988) determine the relative strengths and weak-
nesses of brands/firms or study the extent to which marketing activities ini-
tiated by one firm are matched by competitive reactions. Customer-oriented
approaches are classified according to the use of behavioral data (purchase
behavior) or judgmental data (surveys).
Behavioral data may consist of (i) cross-brand elasticities, (ii) brand switch-

ing, or (iii) consideration sets. Approaches that study competition on the basis
of cross-brand elasticities are considered standard by most economists (see,
e.g., Leeflang and Wittink 1996). Transition probabilities may be used to de-
fine the degree of brand switching (e.g. Novak 1993). The analysis of choice
sets (Chiang et al. 1999, Siddarth et al. 1995) offers opportunities to study
brand competition at the individual consumer demand level. Analyses based
upon customer judgments are complementary to the approaches based on pur-
chase behavior. Examples of these approaches are decision sequence analysis,
perceptual mapping, customer judgements of substitutability, etc.2

Combining sales responses and competitive reactions

Competition is the process by which independent sellers vie with each other for
consumers on the market. Because substitutes exist for most products and ser-
vices, firms and brands typically encounter competitors when marketing their
offerings. Consequently, the effectiveness of marketing programs usually de-
pends on the reaction of both customers and competitors (Weitz 1983). In this

2 See, e.g., Leeflang et al. (2000, Ch. 14).
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study we simultaneously use demand functions and competitive reaction func-
tions to diagnose competition. The demand functions are adaptations of the
SCAN*PRO model (Christen et al. 1997, van Heerde et al. 2002b). We allow
for purchase reinforcement and dynamic price promotion effects to capture the
dynamic evolution of the market place (Dekimpe and Hanssens 1995b).
We specify and calibrate demand- and competitive reaction functions that

account for the dynamic effects of marketing instruments on the sales of indi-
vidual brands in a market. We develop a VARX model (see, Chapter 3) that
contains all relevant dynamic and interactive effects (see also Dekimpe and
Hanssens 1995, 1999, Dekimpe et al. 1999, and Nijs et al. 2001).
Time series studies in marketing traditionally use aggregated data as is the

case in the models of Dekimpe et al. (1999 ), Dekimpe and Hanssens (1995),
and Nijs et al. (2001). In this chapter we follow the traditional approach and
later, in Chapter 7 we extend this framework and build a VARX model for
pooled store-level data.
The objectives and contributions of this chapter are:

• we develop a simultaneous dynamic system of demand equations and com-
petitive reaction functions to estimate the dynamic effects of marketing
actions (viz: supported and non-supported price discounts) on sales;

• we specify and calibrate this model at the (aggregate) market level;
• We analyze the dynamic system by IRA and FEVD;

• we apply SVAR models. These models are capable of supplementing
sample based information with managerial judgement and/or marketing
theory (Dekimpe and Hanssens 2000);

• we obtain 95% confidence intervals around our IRF s and the immediate
price elasticities using bootstrap methods;

• the IRF, FEVD, and immediate price elasticity outcomes of this chap-
ter provide basis for the comparison of the aggregate and disaggregate
approaches in Chapter 7.

This chapter is organized as follows. In Section 4.2 we specify our model
on market level data. Section 4.3 describes the calibration of the model. In
Section 4.4 we provide an empirical application on market level data pertaining
to the tuna fish product category. We summarize our findings in Section 4.5.

4.2 Specification of the aggregated VAR model

The VAR model at the market (aggregate) level includes aggregate sales re-
lations and competitive reaction functions for supported and non-supported
prices.
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VAR modeling starts with the selection of variables, potentially based on
theoretical considerations. This involves decisions about endogeneity and ex-
ogeneity of variables and possible transformations. Ideally, all variables are
endogenous. However, this is not feasible. The common practise in marketing
is to have the variables of primary interest be endogenous and to control for
other variables by including them as exogenous ones (Dekimpe and Hanssens
1999, Dekimpe et al. 1999 , Nijs et al. 2001) in a VARX model.
Our primary focus is on competition involving prices (temporary price cuts).

So that we specify the sales and price variables as endogenous variables and
assume the non-price instruments to be exogenous. We note that VAR mod-
els for competition are usually estimated separately for each brand’s selective
demand (Dekimpe and Hanssens 1999, Dekimpe et al. 1999, and Nijs et al.
2001). Instead, we build models with all brands considered simultaneously.

4.2.1 Market Response Functions

Our market response function is an adaptation of AC Nielsen’s SCAN*PRO
model (see e.g. Christen et al. 1997, van Heerde et al. 2002b). The variables of
interest are the logarithms of unit sales and logarithms of price indices (ratio
of actual to regular price) of brands at the aggregate (market) level. The
SCAN*PRO model includes the following own- and cross-brand promotional
variables: price index, feature only, display only, and feature and display. We
add lagged price variables to accommodate dynamic price promotion effects
(delayed responses) and we add lagged sales variables to accommodate purchase
reinforcement effects. We do not include lagged non-price instruments but we
allow for additional dynamic effects through the inclusion of lagged endogenous
variables.
We define two types of price promotion variables: (1) own- and other-brand

temporary discounts without support and (2) own- and other-brand temporary
discounts with feature only, display only, or feature and display support. Van
Heerde et al. (2000, 2001) use this approach to allow for interaction effects
between discounts and support. Also, the promotion variables are minimally
correlated by definition3.

3Van Heerde et al. (2000, 2001) use four different price promotion variables. We use only
two variables to avoid degrees-of-freedom problems.
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All parameters are brand-specific and all lagged variables are allowed to
have unique parameters. Thus, the market response function is specified as:

lnSi,t = αi +
2

k=1

P

t∗=0

n

j=1

βPIijk,t∗ lnPIjk,t−t∗

+
n

j=1

P

t∗=1

ϕij,t∗ lnSj,t−t∗ +
n

j=1

βFijFj,t (4.1)

+
n

j=1

βDijDj,t +
n

j=1

βFDijFDj,t + εi,t,

(i = 1, · · · , n and t = 1, · · · , T )
where: lnSi,t is the natural logarithm of unit sales of brand i in week t; lnPIik,t
is the log price index of brand i in week t (k = 1 denotes prices that are
supported and k = 2 denotes prices that are not supported); Fj,t is the feature
variable; Dj,t is the display variable; FDj,t is combined use of feature and
display (each of the latter three variables captures the proportion of stores
engaged in the activity); αi is a constant term; βPIijk,t∗ is the elasticity of
brand i’s sales with respect to t∗ periods lagged price index of brand j; ϕij,t∗
is the elasticity of brand i’s sales with respect to t∗ periods lagged sales of
brand j; βFij , βDij , and βFDij are the current-week own- and cross-brand
effects resulting from brand j’s use of feature (F ), display (D), and feature
and display (FD). The variables F , D and FD only deviate from zero if there
is a feature/display and no price discount; n is the number of brands in the
product category; εi,t are the disturbances.
This specification captures: purchase reinforcement (ϕii,t∗), immediate sales

response (βPIijk,t∗ for t
∗ = 0), and delayed response (βPIijk,t∗ for t∗ > 0 and

k = 1, 2).

4.2.2 Competitive Reaction functions

The marketing literature on competitive reactions tends to model the reactions
of brand managers to the marketing activity of other brands as competitive
reactions (Hanssens 1980, Leeflang and Wittink 1992, 1996). Although brand
managers often react to actions of other brands, this is not the only strategy
(nor necessarily the most efficient one) to do well in a competitive environment.
Managers also track the own-brand market share or sales, and a drop in either
measure may cause them to react with a marketing instrument. They also
track other brands’ performances and they may interpret an increase in the
performance of other brands as a threat to which they need to react. The
reaction functions below account for competitive reactions as well as own- and
cross-brand feedback. In addition, they incorporate inertia in decision making
and coordination between instruments:
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lnPIil,t = δil +
P

t∗=1

γil,t∗ lnPIil,t−t∗ +
P

t∗=1
k=l

γik,t∗ lnPIik,t−t∗

+
2

k=1

P

t∗=1

n

j=1
j=i

γiljk,t∗ lnPIjk,t−t∗ (4.2)

+
P

t∗=1

n

j=1

ηij,t∗ lnSj,t−t∗ + υi,t,

(i = 1, · · · , n, l = 1, 2, and t = 1, ..., T )

where the variables are defined as in Equation (4.1).
This specification captures: internal decisions (inertia in decision making:

γil,t∗ and intrafirm effects: γik,t∗ , k = l), competitive reactions (γiljk,t∗ , j = i),
and own-brand (ηii,t∗), and cross-brand feedback effects (ηij,t∗ , j = i). In con-
trast to Equation (4.1) where the price variables have immediate effects on the
performance variables, we assume that prices are not immediately influenced
by sales in Equation (4.2), since feedback effects require time. Competitive
reactions also cannot occur in the same period.
For each brand, the VAR model includes a sales response function (Equa-

tion (4.1)), and two competitive reaction functions (Equation (4.2)), one for
supported price and one for non-supported price.

4.3 Calibration

4.3.1 Tuna data

We study the Chicago market of three national brands in the U.S. in the 6.5.
oz. tuna fish product category. We have 104 weeks of market-level data (ag-
gregated across 28 stores of one supermarket chain) covering unit sales, actual
and regular prices, features, and displays. To minimize aggregation bias in a
multiplicative model, we aggregate the sales and price variables geometrically.
Feature and display variables of each brand are aggregated arithmetically.

4.3.2 Calibration

We start with the calibration of the VARX model by testing. We first test
the assumption of non-stationarity using the Augmented Dickey Fuller (ADF )
test suggested by Dolado et al. (1990)4 . For the tuna data that we discuss
in more detail in the next section, we reject the null hypothesis of unit-root

4For the selection of the maximum lag in the stationarity tests we employ the process of
Blanchard and Fischer (1991)
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in all cases. Thus, the tuna market can be categorized as “business as usual”
(Dekimpe and Hanssens 1999), implying that temporary marketing activities
can only create temporary effects on sales.
In accordance with the model building framework that has been outlined

in Chapter 3 we build a VARX model in levels.
We compare VARX models of different orders, based on different statistical

criteria and the Likelihood Ratio (LR) test. In this way, we can determine the
appropriate lag specification of the model. We show the results in Table 4.1.

Table 4.1: Optimal number of lags for the VARX model with common lag-structure,
under five criteria

Lag LogL LR FPE AIC SC HQ

0 933.30 NA 1.91E-19 -17.57 -15.16 -16.60
1 1128.04 312.40 1.86E-20 -19.94 -15.37* -18.09
2 1226.91 140.06 1.43E-20 -20.31 -13.58 -17.59
3 1331.72 128.83* 1.09E-20* -20.81 -11.91 -17.21
4 1414.10 85.82 1.56E-20 -20.84 -9.78 -16.36
5 1501.54 74.69 2.62E-20 -20.97 -7.75 -15.62
6 1639.12 91.71 2.33E-20 -22.15 -6.76 -15.93
7 1812.52 83.09 2.01E-20 -24.07 -6.52 -16.98
8 2078.67 77.63 1.09E-20 -27.93* -8.22 -19.96*

A ∗ indicates the optimal number of lags indicated by the distinct criteria.
LogL: Value of the natural logarithm of the likelihood
LR: Likelihood Ratio test statistic (each test at the 5% level)
FPE: Final prediction error criterion
AIC: Akaike information criterion
SC: Schwarz information criterion
HQ: Hannan-Quinn information criterion

Table 4.1 shows that the optimal number of lags depends on the choice of
the criterion. While Schwartz’ C riterion (SC ) suggests a VARX (1) model,
the Likelihood Ratio (LR) test as well as the F inal Prediction Error criterion
(FPE ) support a model with three lags and Akaike’s Information C riterion
(AIC ) and the Hannan-Quinn (HQ) criterion reach their minimum for a model
of eight lags. This discrepancy between the five criteria is due to a difference in
the penalty for extra regressors in the model. The discrepancy in the suggested
lag-structure may result from the invalid assumption of a common lag-structure
for each variables and each equations in the model. In fact, it is rather restric-
tive and unrealistic to assume a common lag-structure for the different types
of equations of the competing brands. Hence, instead of selecting a single
number of lags for the model, we let the optimal number of lags vary for each
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endogenous variable in in each equation. To achieve this, we apply the bottom-
up strategy by Hsiao (1981, 1982), based on Akaike’s F inal Prediction Error
(FPE)5. We only include variables with significant coefficients into the final
model.
For the identification of the immediate effects we apply the SVAR ap-

proach6. This approach requires to put some restrictions on the instantaneous
reactions in the model. We allow the price variables to have immediate effects
on the sales of the brands but do not allow for an immediate effect from sales
on the prices, since feedback requires time. In addition, we assume that the
competitive reactions do not take place instantaneously, so that we do not allow
prices to be affected immediately by other brand’s prices.
We apply iterative Feasible Generalized Least Squares (FGLS) to obtain

consistent and efficient estimates. Thereafter we perform diagnostic tests of
model accuracy. To test for serial correlation in the residuals we apply the
Ljung-Box Q statistic.

4.4 Empirical Application

In Table 4.2 we report the exogenous variables and the number of lags included
for each endogenous variable for each equation. Typically, only own-brand
and a few cross-brand (non-price promotional) variables remain among the
exogenous variables. In almost all cases feature and/or display are used in
combination with a price discount. We find that the selected number of lags
varies from zero to ten. To test the assumption that there is no serial correlation
in the residuals we apply the Ljung-Box Q statistic for which we show results
in the last two rows of Table 4.2. We conclude that there is no evidence of
serial correlation.
We show the immediate effects in terms of elasticities in Table 4.3. We use

the percentile confidence interval bootstrap method (for details see, Benkwitz
et al. 1999 or Efron and Tibshirani 1993) with 1000 replications to determine
the 95% confidence interval of the immediate price elasticities7 . We apply the
same procedure to provide 95% confidence intervals for the IRF s in Section
4.4.1. From Table 4.3 we conclude that:

5For a description of the VAR/FPE framework, see Erenburg and Wohar (1995) and
Hsiao (1982).

6 See discussion on SVAR models in Chapter 3.
7The error bounds are obtained as follows. First, the model is estimated and the residuals

are stored. Second, 1000 artificial datasets are generated with the estimated VARX model,
taking the first P (P is the highest lag in our model) observation as starting values to calculate
the next observations, each time adding a residual (drawn randomly, with replacement) from
the estimated set. Third, IRF s are calculated for each generated dataset and the error bounds
are constructed in such a way that they include 95% of these functions over the simulated
number of periods. The procedure, based on the work of Benkwitz et al. (1999), is fully
outlined in Appendix A.
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Table 4.2: Structure of the VARX model using Hsiao’s procedure
Predictor Criterion variables
variables PIabws,1 PIws,2 PIws,3 PIns,1 PIns,2 PIns,3 S1 S2 S3
PIws,1 4 9 0 4 0 5 0 0 6
PIws,2 1 0 0 0 5 6 0 0 0
PIws,3 6 9 0 0 10 1 0 0 0
PIns,1 0 0 0 7 0 0 9 0 3
PIns,2 0 0 0 0 4 6 0 0 0
PIns,3 3 0 6 5 0 6 0 0 2
S1 0 2 2 5 3 0 2 0 0
S2 6 5 6 0 7 6 0 2 0
S3 0 0 0 2 3 8 0 0 2
Exogenous cc c c c c c c, F1, c, F2 c, F3,
variables FD3 FD3

Ljung-Box
Q Statistics

7.84 9.91 9.4 13.86 10.4 14.12 13.52 13.99 9.53

a PIws,i: supported price index of brand i; PIns,i: non-supported price index of brand i,
b variables defined in natural logarithm
c c: constant term, Di: display only of brand i, Fi: feature only of brand i,
FDi: feature and display of brand i.

1. The immediate own-brand effects of price changes are quite substantial
and most of them (except for the non-supported price of brand 2) are
significant. Foekens (1995, p. 206-207) finds similar sizes of the own-
brand elasticities for these brands with the same data set.

2. The immediate own-brand effects are, as expected, higher for supported
prices than for non-supported prices. This corresponds with the findings
of Van Heerde et al. (2000, 2001).

3. Two cross-elasticities do not have the expected sign and are relatively
large, however, these are not significant parameters at the 5% significance
level.

4. Also, the cross elasticities of the non-supported prices are often higher
than the corresponding cross elasticities of supported prices. The unex-
pected ratio and values of the cross elasticities may be due to difficulties
inferring complexities in competitive interactions based on a single series
of market- level data.

5. The own-brand price elasticities are much greater (in absolute value) than
the cross-brand price elasticities. This is because the own-brand effects
also reflect stockpiling and category expansion effects. Those primary
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Table 4.3: Aggregate model: Immediate own-brand and cross-brand price elasticities
Price elasticities

Effects on: Brand 1 Brand 2 Brand 3
Supported price of brand 1 -7.68∗ 0.14 1.15∗

Non- supported price of brand 1 -4.91∗ -0.51 1.19∗

Supported price of brand 2 0.85∗ -3.59∗ 0.65∗

Non- supported price of brand 2 1.25 -1.61 0.87∗

Supported price of brand 3 0.46∗ 0.25 -7.19∗

Non- supported price of brand 3 -0.93 0.70 -3.19∗

A ∗ indicates a significant parameter estimate (α = 0.05)

demand effects together tend to account for 50 to 70 percent of the own-
brand sales increase due to a temporary price cut for tuna (Van Heerde
et al. 2002a).

4.4.1 Impulse Response Analysis

With the help of IRA, introduced in Chapter 3, we simulate how 1% shocks
(price cuts) affect the dynamic behavior of the VARX system. Figure 4.1 shows
the effects of 1% reductions in supported and non-supported prices of the three
brands on their own log-sales over time8. The effects of temporary price cuts
die out over time due to the stationarity of the variables. The supported and
the non-supported price cuts induce a high and significant increase in the own
sales (except for the non-supported price cut of brand 2) and we observe a post-
promotional dip around the third and/or the fourth week after the promotion.
This decline may occur due to stockpiling (Van Heerde et al. 2000) since the
storage of tuna cans is rather simple; they take little space and last long.
The decline in sales few weeks after the promotion might also be the effect
of competitive reactions. For brands 1 and 3, the dust-settling period9 lasts
quite long, for about 12 and 8 weeks, respectively. For brand 2 it lasts shorter,
approximately 3 weeks.

4.4.2 Forecast Error Variance Decomposition

We apply FEVD to ascertain how the variation in the endogenous variables can
be attributed to component shocks in the system. We present the FEVD of the
log-sales of brand 3 in Table 4.4 and the FEVD of the non-supported log-price
variable of brand 2 in Table 4.5 as typical examples. We see, similarly to the
IRA results, that the FEVD outcomes do not change much (stabilize) after

8 In the plots, the continuous lines present the IRF s, while the dashed lines (above and
below the continuous lines) the upper and lower 95% confidence intervals around the IRF s,
respectively.

9The time that is needed for the effects to stabilize (see also Nijs et al. 2001).
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Figure 4.1: Aggregate model: Own sales responses to 1% price cuts
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Si: sales of brand i; PIws,i: supported price index of brand i;
PIns,i: non-supported price index of brand i, i=1,2,3.

period 10. Table 4.4 reveals that the log-sales of a brand is mainly affected by
shocks to the own supported and non-supported log-price variables (for the log-
sales of brand 3 altogether they affect the variance of lnS3 with 91.96−92.63%).
The highest percentage is attributed to the shocks to the own supported log-
price variable (72.81−77.40%). These outcomes are mainly the result of the fact
that the immediate own-brand price elasticities are much greater (in absolute
value) than the corresponding cross-brand price elasticities (point 5 in the
discussion of Table 4.3).
Table 4.4 shows that the effect of the own supported price decreases over

time, while the effect of own non-supported price cut increases. Competitors’
price variables also have an effect on the log-sales of brand 3, especially those
of brand 1. The effects of a shock to own past values of lnS3 are relatively low
indicating that sales reinforcement is minor, compared to other relationships.
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Table 4.4: Aggregate model: FEVD of lnS3
Contribution Time
of 1 2 3 4 5 10 15 20

lnSa1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
lnPIws,1 1.98 1.66 1.97 1.96 1.95 2.11 2.12 2.12
lnPIns,1 2.13 2.12 2.03 2.23 2.59 2.65 2.65 2.66
lnS2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
lnPIws,2 0.64 0.63 0.61 0.63 0.63 0.67 0.67 0.67
lnPIns,2 1.12 1.12 1.07 1.08 1.08 1.14 1.15 1.15
lnS3 1.50 1.49 1.43 1.45 1.45 1.44 1.44 1.44
lnPIws,3 77.40 77.03 73.88 73.57 73.18 72.82 72.81 72.81
lnPIns,3 15.23 15.95 19.00 19.08 19.12 19.18 19.16 19.16
aSi: sales of brand i; PIws,i : supported price index of brand i;
PIns,i : non-supported price index of brand i

We see in Table 4.5 that in the first period (the period when shocks are
induced to the endogenous variables) the variance of lnPIns,2 is only affected
by own shock (100%), which is due to our identification scheme. The shocks
to other variables develop their impact starting from period 2. Still, most of
the variance of lnPIns,2 is affected by the own shock (87.08− 100%). The own
supported price-cuts also have relatively high effect on the evolution of the log
non-supported price of brand 2 (up to 10.42%). These FEVD results are in line
with our observation in the raw data, where we see that price reductions last
usually more than one period and that supported price cuts are often followed
by non-supported price reductions. The shocks to own- and competitors’ sales
variables affect the variance of lnPIns,2 only slightly and so do competitors’s
price cuts.
The FEVD of lnPIws,2 (not presented here) demonstrates that the sup-

ported price reductions are primarily influenced by own past shocks (98.31 −
100%) and hence, actions of competitor brands have only little influence on
the supported price decisions of brand 2. This shows that the (non-supported)
price promotions of brand 2 are mainly determined by internal decisions and
only to a limited extent by competitive reactions.
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Table 4.5: Aggregate model: FEVD of lnPIns,2
Contribution Time

of 1 2 3 4 5 10 15 20
lnS1 0.00 0.02 0.02 0.02 0.02 0.02 0.02 0.02
lnPIws,1 0.00 1.15 1.29 1.36 1.30 1.29 1.30 1.30
lnPIns,1 0.00 0.34 0.39 0.40 0.39 0.46 0.47 0.47
lnS2 0.00 0.03 0.03 0.11 0.10 0.11 0.11 0.11
lnPIws,2 0.00 9.20 9.13 9.75 9.32 10.43 10.42 10.42
lnPIns,2 100.00 89.14 89.01 88.18 88.36 87.17 87.08 87.08
lnS3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
lnPIws,3 0.00 0.06 0.06 0.06 0.39 0.40 0.49 0.49
lnPIns,3 0.00 0.06 0.06 0.12 0.11 0.11 0.11 0.11

4.5 Conclusions and Discussion

In this chapter we analyzed the dynamic behavior of a competitive marketing
system with the help of modern econometric techniques. We built a VARX
model on aggregate (market-level) data, that contained competitive response
functions and market response functions of the three main competing brands
on the tuna market. Then, we applied IRA and FEVD to gain insights about
the dynamic behavior of the market.
Using the SVAR approach we obtained immediate price elasticity estimates.

We acquired confidence intervals around these elasticities and the IRA results.
We found that the immediate own-brand effects of price changes were quite sub-
stantial and most of them were significant. The immediate own-brand effects
were, as expected, higher for supported prices than for non-supported prices.
However, two cross-elasticities did not have the expected sign and were rela-
tively large. These were not significant parameters at the 5% significance level.
Also, the cross elasticities of the non-supported prices were often higher than
the corresponding cross elasticities of supported prices, which is against mar-
keting intuition. The unexpected signs and values of the cross elasticities may
be due to the small number of degrees of freedom that arises from estimating
the rather parameter-demanding VARX model from aggregate data.
The effects of price cuts on (own and cross-brand) sales died out over time

on the examined tuna fish market. For brand 1 and 3 the dust-settling period
lasted quite long, for about 12 and 8 weeks respectively. For brand 2 it lasted
shorter, approximately 3 weeks. The IRA results showed evidence of post-
promotion dip around the third and/or the fourth week after the promotion.
The FEVD outcomes revealed that both the log-sales and the (supported

and non-supported) log-price variables were mainly affected by shocks to own-
brand variables. The evolution of log-sales was influenced by own price cuts
to a great extent, especially, by those of the own supported price. However,
competitor’ price actions also had an (although quite smaller) effect on the
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variance of the log-sales of the brands. The variation of the non-supported
price variables depended mainly on the own past shock and partly on the
shock to the own supported price variable. We found that these results were
in accordance with our observation in the raw data, where we see that price
reductions last usually more than one period and that supported price cuts are
often followed by non-supported price reductions.
We observed that the face validity of our results was not very good. This is

very probably due to the low number of observations compared to the number
of parameters and due to the aggregation of the data. Later, in Chapter 7,
we increase the number of observations by pooling the data over the stores of
the supermarket chain. In that chapter we compare the aggregate results with
those obtained from the VAR model estimated on pooled (store-level) data.




