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Chapter 7

Dynamic analysis of a
competitive marketing
system based on TSCS data

7.1 Introduction

As we pointed out in Chapter 6, multiple time series studies traditionally use
aggregate data1. See, for example, Dekimpe et al. (1999, 2001), Dekimpe and
Hanssens (1995), and Nijs et al. (2001). The application of aggregate data
may lead to biased estimates, especially in nonlinear models, for example due
to heterogeneity in demand and/or marketing mix activity across disaggregate
units (Gupta et al. 1996, Christen et al. 1997 , and Leeflang et al. 2000, p.
277). Store heterogeneity in demand and in reaction functions may result from
differences in store profiles (e.g., size of store, shelf space allocated to brands),
in consumer profiles (e.g., income, family life cycle), and in competitive profiles
(e.g., distance to other stores, number, size, and type of competitive stores).
In contrast with the existing approaches in marketing research, in this chap-

ter we apply the methodology that was introduced in Chapter 6 for the esti-
mation of a VARX model from store-level data. Namely, we calibrate F ixed
Effects M odels (FEM s) that accommodate some heterogeneity among stores,
provide efficiency gains, and are largely free of aggregation biases. We com-
pare the results with those obtained using the traditional aggregate approach
of Chapter 4.
The focus of this chapter is on models that accommodate dynamic phe-

nomena and include demand functions and competitive reaction functions. Al-
though the extant literature tends to restrict the reaction functions to market-
ing decision variables, we also allow for feedback effects that model competitive

1This chapter is an adapted version of Horváth et al. (2003).
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reactions to consequences of actions. These consequences may show both in
own brand and in other brands’ performance variables. Specifically, we deter-
mine how much a firm’s competitive behavior can be attributed to competitive
reactions, reactions to the consequences of one’s own and competitive behavior,
and to internal decisions (inertia and intrafirm effects).
We distinguish direct and indirect effects of promotional activities. Re-

member that direct effects are the straight effects of marketing actions on a
performance measure (sales, market share). Indirect effects capture the effects
of marketing actions on performance through mediator variables such as com-
petitive reactions, feedback effects, and intrafirm effects (internal decisions).
The short-run effects of marketing actions on sales are called immediate ef-
fects. The sum of direct effects over a time horizon are called gross effects.
The net effects are the sum of the direct and indirect effects measured over
the same time horizon. Hence, net effects account for effects resulting from
competitive reaction and feedback effects while gross effects do not.
The objectives and contributions of this chapter are:

• we develop a simultaneous dynamic system of demand equations and com-
petitive reaction functions to estimate immediate, gross and net effects
of marketing actions on sales using IRA;

• we combine time series and cross sectional data to estimate the mean
parameters of VARX models;

• we provide an empirical illustration of the TSCS approaches outlined in
Chapter 6 and a thorough investigation of heterogeneity before appointing
the final model;

• we choose a model that accounts for some heterogeneity in the demand
and reaction functions between stores;

• we compare our results with the aggregate model outcomes of Chapter 4;
• we analyze the dynamic system by FEVD analysis to validate model
outcomes;

• we determine how much a firm’s competitive behavior can be attributed
to competitive reactions, reactions to the consequences of one’s own and
competitive behavior, and to internal decisions;

• we modify the procedure developed by Ariño and Franses (2000) to com-
pute IRA results for unit sales instead of log sales. This way the resulting
net effect can be interpreted as additional unit sales;

• we apply Structural VAR (SVAR) models in line with Chapter 4;
• we apply a pooled model on two data sets. In one market there is a high
degree of competitive interaction. The other market is characterized by
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brands with unique market positions. Thus, the difference between gross
and net effects should be large in the first and small in the second market.
We study the differences between the two data sets and;

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

This chapter is organized as follows. In section 7.2 we specify our model for
TSCS data. Section 7.3 describes the calibration of the model. We present the
results using the TSCS approach for the tuna fish product category in Section
7.4 and compare them with the results on aggregate data. In Section 7.5 we
calculate the gross- and net-effectsof price reductions under different scenarios.
We summarize our findings in section 7.6.

7.2 Model specification

An important consideration in the specification of models that combine cross
sectional and time series data involves assumptions about parameter hetero-
geneity. We find that, see the poolability testing later, FEM is the most ap-
propriate model the tuna data. Analogously to Equation (1) in Chapter 4, we
specify the sales response functions for the fixed effects VAR model as follows:

lnSqi,t = αqi +
2

k=1

P

t∗=0

n

j=1

βPIijk,t∗ lnPIqjk,t−t∗

+
n

j=1

P

t∗=1

ϕij,t∗ lnSqj,t−t∗ +
n

j=1

βFijFqj,t (7.1)

+
n

j=1

βDijDqj,t +
n

j=1

βFDijFDqj,t + εqi,t,

(q = 1, · · · , Q, i = 1, · · · , n, and t = 1, · · · , T )

where

lnSqi,t is the natural logarithm of sales of brand i in store q in week t;

lnPIqik,t is the log price index (actual to regular price) of brand i in store
q in week t (k = 1 denotes prices that are supported and k = 2 denotes
prices that are not supported);

Fqj,t is the feature-only dummy variable for non-price promotion of brand j
in store q at time t;

Dqj,t is the display-only dummy variable for non-price promotion of brand j
in store q at time t;
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FDqj,t is the feature-and-display dummy variable for non-price promotion of
brand j in store q at time t;

αqi is a store specific intercept for the equation corresponding to brand i and
store q;

βPIijk,t∗ is the pooled elasticity of brand i’s sales with respect to brand j’s
price index;

ϕij,t∗ is the pooled elasticity of brand i’s sales with respect to its own sales
in week t− t∗;

βFij , βDij , and βFDij are the pooled current-week effects on brand i’s log
sales resulting from brand j’s use of feature-only (F ), display-only (D),
and feature and display (FD);

n is the number of brands in the product category;

Q is the number of stores;

εqi,t are the disturbances.

Note that Equation (7.1) does not contain cross sectional unit effects: i.e.
we do not assume that promotions in other stores q = q, q = 1, · · · , Q, have
an effect on Sqi,t.
Using the same notation, the competitive reaction functions for the FEM

are specified as follows:

lnPIqil,t = δqil +
P

t∗=1

γil,t∗ lnPIqil,t−t∗ +
P

t∗=1
k=l

γik,t∗ lnPIqik,t−t∗

+
2

k=1

P

t∗=1

n

j=1
j=i

γiljk,t∗ lnPIqjk,t−t∗ (7.2)

+
P

t∗=0

n

j=1

ηij,t∗ lnSqj,t−t∗ + υqit

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

where all variables are defined in Equation (7.1).

7.3 Calibration of the TSCS model

We use two data sets to determine the immediate, gross, and net effects of
supported and non-supported price changes on own- and other brand sales
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using IRA. The first data set is the same data set that is used for the market-
level analysis discussed in Chapter 4. The difference is that we now use the
data pooled for 26 stores2 .

7.3.1 Shampoo data

The second data set consists of three shampoo brands sold in the Netherlands.
These three brands account for 84 percent of total category sales. The scanner
data represent 27 stores from a large retailer, cover 109 weeks, and include
information about promotional activities and sales. The three brands are posi-
tioned in three different price segments. One brand has an average price of 2.50
euro per Stock K eeping Unit (SKU ), the average price of the second brand is
1.80 euro per SKU, and the third brand has an average price of 1.30 euro per
SKU. The price differences imply that the brands are perceived to present at
least partially non-overlapping benefits. Thus, we expect substantially reduced
competitive interaction activities in this category, meaning that the gross- and
net effects should not differ dramatically.

7.3.2 Calibration

We first consider the FEM calibrated for tuna data. Based on the Schwartz
C riterion (SC ) we set the order of the VARX model equal to two3. We test
heterogeneity/homogeneity of the coefficients across cross-sectional units twice.
Firstly, we preform a series of Chow tests. To test for overall parameter

homogeneity we compare the sum of squared residuals (SSR) of the unit-by-
unit model to that of the CCM . To test for slope homogeneity we perform
Chow test for the unit-by-unit model and the FEM. Finally, we want to test for
homogeneous intercepts conditional on the acceptance of homogeneous slopes,
we compare the SSR od the FEM to that of the CCM . We present the test
statistics of these three Chow tests in Table 7.14.
In all cases we accept the null hypothesis of homogeneity for the slope co-

efficients at the 5% significance level while we have to reject it for the constant
terms, even at the 1% level. It is interesting to notice that the equations for
which the slope-homogeneity cannot be accepted at the 10% level are those

2 In two stores the brands are not promoted. We exclude these stores from the analysis.
3We compute the SC ’s for FEMs with order 1 to 12 to determine the optimal order of

the model for the tuna data. We find that SC decreases with the inclusion of extra lags.
This is probably due to the fact that with many cross-sections additional lags are easy to
accommodate. Specifically, we find that the part that captures the model fit in SC gets
substantially higher weight than the part that penalizes for loss in degrees of freedom. In
addition, we find that the model of order 12, for example, suffers from a high amount of
multicollinearity. To overcome this problem, we compute the SC’s on randomly selected sets
of 10 stores, and find the order is between 2 and 4. Importantly, the effects are robust across
models with orders varying from 2 to 6.

4We could only apply the pooling tests on 24 stores since for 2 stores there was not enough
variation in the data to estimate the unit-by-unit model. In addition, we could not include
the exogenous variables either for the same reason.
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in which non-supported prices are the dependant variables. This result may
arise form the relatively low variation in these variables that makes statistical
inference less reliable. To be more confident about our choice of the pooling

Table 7.1: Chow test results
F-values of the Chow test

Dependent
variables

Overall
test

Slope
heterogeneity

Heterogeneity in
the constant terms

lnS∗1 0.70 0.57 3.30c

lnPIws,1 0.56 0.53 1.36c

lnPIns,1 1.14b 1.11a 1.18c

lnS2 0.91 0.69 5.30c

lnPIws,2 0.62 0.62 0.68
lnPIns,2 1.37c 1.12a 3.19c

lnS3 0.69 0.61 2.37c

lnPIws,3 0.62 0.61 0.98
lnPIns,3 1.10 1.12a 0.61
aSignificant at the 10% level
bSignificant at the 5% level
cSignificant at the 1% level
∗PIws,i:supported price index of brand i,
PIns,i: non-supported price index of brand i,
and Si: sales of brand i, i = 1, 2, 3.

approach, we estimate RCM s for our applications and compare their IRA re-
sults with those of FEM. We find that the RCM-IRA results are very similar
to those of the FEM s. Thus, based on these and the F− test results we feel
confident that FEM -based pooling is meaningful for our application. The ho-
mogeneity in the slope coefficient is probably due to the fact that our stores are
from the same supermarket chain. The stores attract the same types of people
and use marketing instruments in a similar pattern. Hence, the heterogeneity
(due to, for example, store or neighborhood size) can be captured by different
constants. We use iterative FGLSDV for parameter estimation in line with the
previous chapter. We apply the same identification assumptions as in the case
of the market-level study in Chapter 4.

7.4 Comparing market-level and store-level re-
sults

In this section we compare the results obtained from the model calibrated on
store-level data with the market-level results. To accomplish this we compute
the immediate price elasticities, the IRF s that show the effects of supported
and non-supported price reductions of the three brands on their own log-sales
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over time, and the FEVDs of lnS3, lnPIns,2, and lnPIws,2 in accordance with
Chapter 4. We show the immediate effects (short-term price elasticities) in
Table 7.2. Similarly to Chapter 4, we use the percentile confidence interval
bootstrap method with 1000 replications to determine the 95% confidence in-
terval of the immediate price elasticities. From this table we conclude that:

Table 7.2: FEM: Immediate price elasticities

Price elasticities
Effects on: Brand 1 Brand 2 Brand 3
Supported price brand 1 -6.10∗ 0.49∗ 1.04∗

Non- supported price brand 1 -3.90∗ -0.03 0.94∗

Supported price brand 2 0.46∗ -3.27∗ 0.78∗

Non- supported price brand 2 0.03 -1.97∗ 0.69∗

Supported price brand 3 0.85∗ 0.33∗ -6.89∗

Non- supported price brand 3 0.49∗ 0.35 -4.39∗

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

1. All immediate own-brand supported price elasticities are somewhat smaller
than the corresponding effects in the aggregate model (Table 4.4 in Chap-
ter 4). For the non-supported price elasticities the difference depends on
the brand.

2. We find more significant immediate price elasticities than in the case of
the aggregate results. Namely, although the non-supported price elas-
ticity of brand 2 was not significant for the aggregate model, now it is
significant.

3. All own-brand price elasticities have the right expected sign and are sig-
nificant.

4. The own-brand price elasticities are much greater (in absolute value) than
the corresponding cross-brand price elasticities.

5. All but one of the cross-brand elasticities have the expected sign. The
single cross-brand elasticity with a negative sign is close to zero and is
not significant at the 5% significance level. We found two cross-brand
elasticities, which had the wrong sign based on aggregate data. Their
size was considerable relative to other cross-brand elasticities, however,
they were both insignificant at the 5% singnificance level.

6. All but one of the supported own- and cross-brand elasticities are larger
(in absolute value) than the corresponding non-supported elasticities.
This relation was often the opposite (conflicting with marketing theory)
in Table 4.4.
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7. Brands with higher own-brand effects usually have higher cross-brand
elasticities. Brands that have high own-brand elasticities are generally
more sensitive to the effects of prices of competitive brands than brands
with lower own-brand elasticities. Brand 3 is the most and brand 2 is the
least sensitive in this respect. We could not find similar results for the
aggregate model.

7.4.1 Impulse response analysis

Similarly to Chapter 4, we use IRA to learn about the dynamic behavior of the
analyzed tuna market. Figure 7.1 shows the effect of 1% supported and non-

Figure 7.1: FEM: Own sales responses to 1% price cuts
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supported price reductions of the three brands on their own log-sales over time5.
The effects of temporary price cuts die out over time due to the stationarity of
the variables. The dust-settling period lasts somewhat shorter than in the case
of the aggregated model for brands 1 and 3. This might be a consequence of the
shorter lag-structure. The supported and the non-supported price cuts induce
a high and significant contemporaneous increase in the own sales. Similarly to
Figure 4.1, Figure 7.1 also reveals some evidence of post-promotion dip around
the third-fourth weeks, however, the sales drops are in general smaller than for
the IRF s computed on aggregate data. The confidence intervals around the
IRF s that show the own-sales responses to supported price cuts (left column of
Figure 7.1) are narrower than those for the non-supported prices (right column
of Figure 7.1). The row data shows that price was more often used in combi-
nation with feature and/or display. Therefore, the data contains less variation
for non-supported prices than supported prices that makes statistical inference
less reliable on the effects of non-supported price cuts than on supported price
reductions.

7.4.2 Forecast error variance decomposition

The FEVD results of the log-sales of brand 3 based on the FEM are presented
in Table 7.3. We find (in line with the aggregate results) that the sales of

Table 7.3: FEM: FEVD of lnS3
Contribution Time

of 1 2 3 4 5 10 15 20
lnSa1 0.00 0.00 0.06 0.13 0.13 0.13 0.13 0.13
lnPIws,1 1.52 1.34 2.51 2.52 2.62 2.66 2.66 2.66
lnPIns,1 1.26 1.02 1.19 1.16 1.28 1.31 1.31 1.31
lnS2 0.00 0.01 0.02 0.06 0.08 0.08 0.08 0.08
lnPIws,2 0.87 1.13 1.67 3.03 3.11 3.25 3.25 3.25
lnPIns,2 0.68 0.57 1.28 1.98 2.16 2.18 2.18 2.18
lnS3 1.41 1.36 1.32 1.28 1.27 1.26 1.26 1.26
lnPIws,3 66.99 67.76 66.18 64.78 64.42 64.22 64.22 64.22
lnPIns,2 27.28 26.80 25.78 25.07 24.94 24.90 24.89 24.89
aSi: sales of brand i; PIws,i : supported price index of brand i
PIns,i : non-supported price index of brand i

brand 3 are mainly influenced by own-brand supported and non-supported
price reductions (together 89.11−94.27%). However, the FEM results indicate
that the non-supported price cut is more effective, relative to the supported
price reduction, than results on aggregate data suggested. In addition, the FEM

5Similarly to Chapter 4, the solid lines present the IRF s, while the dashed lines (above
and below the solid lines) the upper and lower 95% confidence intervals around the IRF s,
respectively.
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results establish more dynamics of the tuna market; the relative importance of
the own-brand price instruments declines over time and the effect of competitive
brands’ price activity increases (altogether they affect 9.4% of the variance of
lnS3 in period 20).
The FEVD results of lnPIns,2 based on the FEM (Table 7.4) also show

some difference from those obtained on aggregate (market-level) data. The

Table 7.4: FEM: FEVD of lnPIns,2
Contribution Time

of 1 2 3 4 5 10 15 20
lnS1 0.00 0.00 0.00 0.01 0.01 0.01 0.01 0.01
lnPIws,1 0.00 0.32 0.39 0.57 0.92 0.95 0.95 0.95
lnPIns,1 0.00 0.10 0.13 0.35 0.59 0.62 0.62 0.62
lnS2 0.00 0.02 0.02 0.05 0.06 0.06 0.06 0.06
lnPIws,2 0.00 9.29 8.86 8.62 8.52 8.74 8.74 8.74
lnPIns,2 100.00 89.46 85.99 84.86 84.28 83.68 83.66 83.66
lnS3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
lnPIws,3 0.00 0.10 1.98 2.18 2.15 2.23 2.23 2.23
lnPIns,3 0.00 0.71 2.62 3.37 3.47 3.71 3.72 3.72

own-brand price decisions have lower influence of the variance of lnPIns,2 (they
take 93.18% instead of 97.50%) and the ‘remaining’ 5% goes to the price cuts of
brand 3. This suggests that brand 2 partly (up to about 6%) bases its decision
about non-supported price cuts on the past price activity of brand 3. The own-
brand and cross-brand sales hardly affect the non-supported price decisions of
brand 2.
In Chapter 4 we found that the supported price reductions were primarily

influenced by own past shocks (98.31 − 100% for brand 2), which suggests
that actions of competitor brands have only little influence on the supported
price decisions of brand 2. The FEVD of lnPIws,2 based on the disaggregate
data (Table 7.5) shows more competitive price effects. According to the FEM
results, in period 20 approximately 11.47% of the forecast error variance of
the supported log-price variable of brand 2 can be attributed to past shocks to
competitors’ price variables. Interestingly, we see some effect of past own-brand
non-supported price decisions on the evolution of the supported price of brand
2. We do not observe similar pattern for the supported price of the other two
brands.

7.5 Estimating gross and net effects

Given the improved face validity of the estimated elasticities, relative to the
aggregate results, we now explore gross and net effects of supported and non-
supported price discounts of the brands. A standard IRA traces the forecasted
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Table 7.5: FEM: FEVD of lnPIns,2
Contribution Time

of 1 2 3 4 5 10 15 20
lnSα1 0.00 0.06 0.07 0.07 0.07 0.07 0.07 0.07
lnPIws,1 0.00 0.37 2.27 3.90 3.92 4.13 4.13 4.13
lnPIns,1 0.00 2.92 3.99 4.78 4.74 4.78 4.78 4.78
lnS2 0.00 0.11 0.18 0.21 0.21 0.21 0.21 0.21
lnPIws,2 100.00 88.56 84.76 81.91 81.83 80.74 80.72 80.72
lnPIns,2 0.00 7.00 7.56 7.53 7.49 7.50 7.50 7.50
lnS3 0.00 0.01 0.01 0.02 0.02 0.02 0.02 0.02
lnPIws,3 0.00 0.96 1.14 1.49 1.58 2.11 2.12 2.12
lnPIns,3 0.00 0.01 0.02 0.11 0.13 0.44 0.44 0.44

effects of an exogenous shock in an endogenous variable on the set of endogenous
variables over time. The determination of gross and net sales effects requires
the summation of the forecasted sales effects over the dust-settling period. Nijs
et al. (2001) argue that, when working with log-log model specifications, the
resulting net effect (which they obtain by summing up the individual IRA
coefficients of the log-transformed variables over the dust-settling period) can
be interpreted as an elasticity6. In contrast to their approach, we transform
the forecasts of log sales into unit sales, so that the resulting net effect can
be interpreted as additional unit sales. To do this, we extend the approach
of Ariño and Franses (2000) to obtain unbiased sales forecasts from a VARX
model in which the endogenous variables are specified in natural logarithms.
For each store we obtain the sales effect of a reduction in a price index

variable as follows7. We forecast unit sales of each brand in period t for a
temporary price cut of 20 percent8. From this we subtract the predicted sales
of the corresponding brand if no price cut is applied. The net effects represent
the sum of the sales effects (including immediate effects) over the dust-settling
period. We compute the IRA-results over a period of 40 weeks, which turns
out to be much longer than the empirically observed dust-settling period.

7.5.1 Estimating gross and net effects under different sce-
narios

To determine the relevance of each type of reaction, we simulate the net sales
effects under different scenarios (Table 7.6) by selectively excluding:

• competitive reactions;
6We do not agree with this interpretation.
7The procedure is described in detail in Appendix F.
8The price shock of 20 percent that we apply in our simulations is close to the average

discount percentage.
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• own feedback;
• cross feedback;

by setting the corresponding parameter values to zero9. If all three types of
reactions are eliminated, we obtain gross effects. We do this for models with
and without internal decisions. The internal decisions represent intrafirm effects
(relations between different variables for the same brand) and inertia (lagged
endogenous effects).
For these scenarios, the sales effects are again summed over the dust-settling

period. We compute average store results for both tuna fish and shampoo.

Table 7.6: Simulation scenarios.

Different Scenarios Internal decisions No internal decisions
Immediate effects (1) (2)
Gross effects (3) (4)
Net effects (5) (6)
Without competitive reactions (7) (8)
Without own feedbacks (9) (10)
Without cross feedbacks (11) (12)

The system of equations presents a very complex set of relations between the
variables. As a result, it is impossible to specify appropriate expectations with
respect to the effects of a temporary price discount on own- and cross-brand
sales for the various simulation scenarios: excluding a certain type of reaction
from the system effectively removes a complex chain of sub-effects.
We illustrate these complexities in Figure 7.2, where we show the possible

chain of effects that follows the competitive reaction of brand 2 to a discount
for brand 1, for a simplified model based on the following assumptions:

• a two-brand market;
• competitive reactions, own and cross feedback effects occur in each period;
• there are no internal decisions, there is no distinction between supported
and non-supported price cuts, there is no repeat purchase behavior, there
are no carry-over effects and there is no allowance for the consequences
of a sales increase of brand 1 in period t (caused by a price cut of brand
1 in t).

In Figure 7.2, we show the price cut for brand 1 as an action in period t.
This is followed in period t + 1 by possible causal effects on brand 2’s price

9Note that the VARX models are estimated in reduced forms so that the parameters of
this representation do not have behavioral interpretation. It is the structural form that has
behavioral content, so the restrictions are imposed on the SVAR model.
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Figure 7.2: Chain of effects that follows the competitive reaction of brand 2 to a
price cut of brand 1
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                           :  action        : causality link

which possibly results in sales effects for both brands. In period t + 2, the
change in brand 1’s price depends on a possible competitive reaction to brand
2’s price change in t + 1, and a feedback effect related to brand 1’s and/or
brand 2’s sales change. In period t+ 3 we face a drop in sales for brand 1 and
a sales increase for brand 2, etc.
The difference between the net effect and the scenario effect is the sum-

mation of the sub-effects that are indicated at the bottom of Figure 7.2 and
each sub-effect is a multiplication of several parameters. Hence, the difference
between the net effect and the scenario effect depends on the relative sizes of
products of elasticities, and cannot be determined a priori.

7.5.2 Tuna fish results

We show the immediate, gross, and net sales effects under different scenarios
for cases with and without internal decisions in Tables 7.7 and 7.8 for the tuna
data. The figures in these tables represent the (average) additional sales in
brand units per store over the dust-settling period caused by a price discount
of 20 percent.
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From Table 7.7 we conclude that for a model that explicitly accounts for
internal decisions:

• net effects (scenario 5) are generally larger than gross effects (scenario 3);
and gross effects are generally larger than immediate effects (scenario 1);

• competitive reactions lead to higher net sales effects (compare scenarios
5 and 7);

• own feedbacks lead to lower net sales effects (compare scenarios 5 and
9);

• cross-brand sales feedback leads to higher net sales effects (compare sce-
narios 5 and 11).

Table 7.7: IRA results: own effects with internal decisions — tuna fish data
Shocked variable

lnPIaws,1 lnPIns,1 lnPIws,2 lnPIns,2 lnPIws,3 lnPIns,3
(1) Immediate
effects

821 393 273 140 651 297

(3) Gross
effects

859 387 323 215 702 330

(5) Net
effects

951 432 309 209 803 405

(7) Without
competitive
reactions

905 400 307 173 798 391

(9) Without
own feedback

963 450 322 257 799 419

(11) Without
cross feedback

867 393 297 232 706 332

a PIws,i: supported price index of brand i;
PIns,i: non-supported price index of brand i

The insights from a VARX model that does not include internal decisions
(Table 7.8) are less apparent. For example, the difference in additional sales
between the scenarios in Table 7.8 are very small compared with the differ-
ences in Table 7.7. Also, by comparing Tables 7.7 and 7.8 we see that the
inclusion of internal decisions increases the overall own-brand sales effect of
a price cut i.e.: a comparison of scenarios shows (3)>(4), (5)>(6), (7)>(8),
(9)>(10), (11)>(12).
To understand this phenomenon, we use FEVD to decompose the change

in a price index into contributions of innovations in the different endogenous
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Table 7.8: IRA results: own effects without internal decisions — tuna fish data
Shocked variable

lnPIaws,1 lnPIns,1 lnPIws,2 lnPIns,2 lnPIws,3 lnPIns,3
(2) Immediate
effects

821 393 273 140 651 297

(4) Gross
effects

820 368 271 10 662 294

(6) Net
effects

822 339 263 69 678 282

(8) Without
competitive
reactions

799 330 269 61 678 280

(10) Without
own feedback

821 330 254 39 681 285

(12) Without
cross feedback

824 372 254 52 660 295

a For variable definitions, see Table 7.7.

variables of the system. As an illustration, we present these FEVD results for
the non-supported price index of brand 3 in Table 7.9 for three selected time
periods. The results for time period 2, in the beginning of the dust-settling
period, show that the short-term decomposition differs somewhat from the
decomposition after 10 or 20 periods. Most of the FEVD results converge after
10 periods (i.e. they do not change more than one percent from the previous
period: compare the columns for periods 10 and 20), suggesting that the dust-
settling period is at most 10 periods10. Using the results after 10 periods, we
find that the variance of lnPIns,3 is affected for 77 percent by changes in itself
(inertia), and for 20 percent by own-brand supported price (intrafirm effects)11.
These FEVD results appear to be in line with our observations in the raw

data. The raw price data show that price reductions often last more than one
period, and that supported price cuts are often followed by non-supported price
reductions. Thus, the inclusion of such internal decisions leads to higher overall
sales effects. The results in Table 7.9 also suggest that competitive reactions
do not occur immediately: the largest part of the competitive reactions occur
after time period 2. For example, the contribution of lnPIws,1 = 0.02 percent
after two periods but 0.91 percent after 10 periods.
The FEVD results for non-supported prices of brand 1 (not shown) are

similar to those for brand 3; about 75 percent of the variance is affected by

10Nijs et al. (2001) and Srinivasan et al. (2002) find similar lengths for the dust-settling
period.
11This importance of inertia in price setting agrees with the results of experiments con-

ducted by Krishna et al. (2000).
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changes in itself, and 20 percent by own-brand supported price cuts. The
variance of non-supported prices of brand 2 is influenced for 84 percent by
inertia, and for 9 percent by own-brand supported price.
The FEVD results for the supported prices (not shown) indicate that for

all brands, about 85 percent of its variance is caused by changes in itself.
For brands 1 and 3, the remaining portion of the variance is due to changes in
other brands’ supported and non-supported prices (and not by own-brand non-
supported prices). The remaining portion of the variance of the supported price
of brand 2 is affected by changes in own-brand non-supported price (about 7
percent) and by changes in other brands’ supported and non-supported prices.

Table 7.9: FEVD for log of PIns,3 — tuna fish data

Contribution of Time
2 10 20

lnSa1 0.00% 0.02% 0.02%
lnPIws,1 0.02% 0.91% 0.92%
lnPIns,1 0.05% 0.39% 0.39%
lnS2 0.00% 0.02% 0.02%
lnPIws,2 0.03% 0.74% 0.74%
lnPIns,2 0.10% 0.76% 0.76%
lnS3 0.00% 0.01% 0.01%
lnPIws,3 21.01% 20.52% 20.52%
lnPIns,3 78.77% 76.61% 76.61%
a Si: sales of brand i;
PIws,i: supported price index of brand i;
PIns,i: non-supported price index of brand i.

7.5.3 Shampoo results

In the estimation of the Fixed Effects Model for shampoo, we find that the
order of the VARX model is 2 based on the Schwartz Criterion. As with
tuna, the increase in sales is higher for supported than for non-supported price
discounts (Tables 7.10 and 7.11). Also, the immediate effect is at least twice
as large for supported as for non-supported discounts. However, unlike tuna,
the cumulative effects are often smaller than the immediate effects.
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Table 7.10: IRA results: own effects with internal decisions — shampoo data
Shocked variable

lnPIaws,1 lnPIns,1 lnPIws,2 lnPIns,2 lnPIws,3 lnPIns,3
(1) Immediate
effects

26.7 12.1 74.7 19.9 22.7 11.7

(3) Gross
effects

26.7 23.0 68.8 35.7 18.3 8.2

(5) Net
effects

26.6 20.9 68.9 35.9 19.2 8.4

(7) Without
competitive
reactions

26.2 20.9 68.5 35.9 19.0 8.7

(9) Without
own feedback

27.4 23.2 69.4 36.9 19.0 8.1

(11) Without
cross feedback

26.5 21.1 69.0 34.8 18.7 8.0

a For variable definitions, see Table 7.7.

This difference from tuna is presumably due to the fact that the three shampoo
brands have distinct positions. The shampoo brands differ, for example, in
benefits, packaging and price. Thus, even though the brands are placed close
together in the outlets of this retailer, the intensity of competition is modest.
For modest competition, we expect that the simulation scenario results are
insensitive to the omission of competitive reaction or feedback elements.
If competitive reaction and feedback effects are small, then the dynamics

may be dominated by lagged price discount effects on demand such as stock-
piling. Such effects are likely to be stronger for supported price cuts than for
non-supported price cuts (Van Heerde et al. 2002a). Thus, we expect that the
cumulative effects are weaker than the immediate effects for both supported
and non-supported discounts but not as much for the latter. Indeed, this is
almost universally true for the various scenarios of cumulative effects for sup-
ported discounts, for example (1)>(5) in Table 7.10 and (2)>(6) in Table 7.11.
For the non-supported discounts, it depends on the brand and on the inclusion
c.q. exclusion of internal decisions. That is, (5)>(1) for brands 1 and 2, and
(6)>(2) for brand 1. The inclusion of internal decisions, such as extended price
cuts, partly compensates for negative dynamic effects (due to stockpiling). The
results for brand 3 are relatively insensitive to the internal decisions. Indeed,
the raw data show that all discounts for brand 3 last just one week in each of
the stores.
To explore the finding that (5)>(1) but (6)<(2) for non-supported price of

brand 2, we turn to the FEVD result for its supported price discount variable.
We show in Table 7.12 that the variance in this variable is affected for almost
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Table 7.11: IRA results: own effects without internal decisions — shampoo data

Shocked variable
lnPIaws,1 lnPIns,1 lnPIws,2 lnPIns,2 lnPIws,3 lnPIns,3

(2) Immediate
effects

26.7 12.1 74.7 19.9 22.7 11.7

(4) Gross
effects

20.6 15.4 66.2 17.8 19.4 8.8

(6) Net
effects

21.7 15.0 66.3 17.9 20.0 9.0

(8) Without
competitive
reactions

21.5 15.0 66.0 17.8 19.8 9.1

(10) Without
own feedback

21.1 15.6 66.5 17.9 20.0 8.9

(12) Without
cross feedback

21.6 15.0 66.5 17.8 19.7 8.8

a For variable definitions, see Table 7.7.

12 percent by the non-supported discount variable for the same brand. This
implies that a non-supported discount is sometimes followed by a supported
discount12 . In addition, we find that the supported discount for brand 2 is not
affected by any of the sales variables nor by other brands’ prices. Hence, the
effect of a non-supported price cut may be followed by a much larger effect of
supported prices. This increases the net effect for non-supported prices relative
to the immediate effect. A similar reasoning explains why the net effects of
non-supported price cuts of brands 1 and 2 decrease considerably if we do not
account for internal decisions ((6)<(5) in Table 7.11).

7.5.4 Discussion of dynamics

Earlier VARX applications in marketing show mixed results concerning the
difference between immediate and net effects. Nijs et al. (2001) find that
the immediate promotion effect is amplified over time, whereas Srinivasan et
al. (2002) find that the net (revenue) effects are smaller than the immediate
effects. Our results show that in some cases the net effects are higher than
the immediate effects, while in other cases they are lower. We argue that the
nature of the difference depends on the degree of competition and other effects
that can be captured in a fully dynamic system.
In our applications, for all but one of the brands considered, the inclusion

of internal decisions leads to higher net effects. For these brands, the effect of
a prolonged price cut is always positive, and can be quite large. The one brand

12All the FEVD results are consistent with identifiable patterns in the raw data.
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Table 7.12: FEVD for log of PIws,2 — shampoo data.

Contribution of Time
2 10 20

lnSa1 0.00% 0.00% 0.00%
lnPIws,1 0.02% 0.08% 0.08%
lnPIns,1 0.01% 0.04% 0.04%
lnS2 0.00% 0.00% 0.00%
lnPIws,2 88.35% 87.96% 87.96%
lnPIns,2 11.58% 11.79% 11.79%
lnS3 0.00% 0.00% 0.00%
lnPIws,3 0.02% 0.04% 0.04%
lnPIns,3 0.03% 0.08% 0.08%
a For variable definitions, see Table 7.9.

for which this result does not hold (shampoo brand 3) shows no prolonged price
cuts in the data.

To obtain additional insight into the results for the different scenarios for
the two categories we provide an approximate multiplicative decomposition of
the net effect into scenario effects and the gross effect. We show in Table
7.13 the sales increases in Tables 7.7, 7.8, 7.10, and 7.11 as percentages of the
corresponding net effects (in each column). The last row in each of the four sub-
tables (boldfaced) shows the multiplication of the scenario percentages (rows 4,
5, and 6 in each sub-table). The second row in each sub-table (also boldfaced)
shows the gross effects as a percentage of the corresponding net effects. For
all but three cases, the two boldfaced percentages in a column of a sub-table
are quite similar, consistent with the idea that the approximate decomposition
captures the net effects as a multiplication of the scenario-effects and the gross
effects. The percentages clarify that for shampoo the gross effects are similar
to the net effects and that the incremental sales are insensitive to the scenarios,
for both supported and non-supported discounts for all brands. For tuna, we
see that the exclusion of competitive reaction effects (row 4 in each sub-table)
tends to reduce the cumulative effect from the net effect. The actual percentage
change is from −17% to +2%. Excluding own-brand sales feedback changes
the net effect from −43% to +23% (row 5). And excluding cross-brand sales
feedback changes it from −25% to +11% (row 6). Thus, the feedback effects
matter more than the competitive reaction effects. The tuna results suggest
that sales changes matter more than changes in other brands’ price promotion
activities.
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Table 7.13: Sales effects in Tables 7.7, 7.8, 7.10, and 7.11 expressed as percent-
ages of corresponding net effects.

Tuna
Table 7.7 86% 91% 88% 67% 81% 73%

90% 90% 105% 103% 87% 81%
100% 100% 100% 100% 100% 100%
95% 93% 99% 83% 99% 97%
101% 104% 104% 123% 100% 103%
91% 91% 96% 111% 88% 82%
88% 88% 100% 113% 87% 82%

Table 7.8 100% 116% 104% 203% 96% 105%
100% 109% 103% 14% 98% 104%
100% 100% 100% 100% 100% 100%
97% 97% 102% 88% 100% 99%
100% 97% 97% 57% 100% 101%
100% 110% 97% 75% 97% 105%
97% 104% 95% 38% 98% 105%

Shampoo
Table 7.10 100% 58% 108% 55% 118% 139%

100% 110% 100% 99% 95% 98%
100% 100% 100% 100% 100% 100%
98% 100% 99% 100% 99% 104%
103% 111% 101% 103% 99% 96%
100% 100% 100% 97% 97% 95%
101% 112% 100% 100% 95% 95%

Table 7.11 123% 81% 113% 111% 114% 130%
95% 103% 100% 99% 97% 98%
100% 100% 100% 100% 100% 100%
99% 100% 100% 99% 99% 101%
97% 104% 100% 100% 100% 99%
100% 100% 100% 99% 99% 98%
96% 104% 100% 99% 98% 98%
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7.6 Conclusions and discussion

We have developed and estimated a simultaneous dynamic system of demand
equations and competitive reaction functions. The SVAR models we employ are
specifically designed to supplement sample based information with managerial
judgment and/or marketing theory. We use these models to estimate immediate
and cumulative effects of supported and non-supported price discounts. The
temporary price cuts affect the demand for three brands in each of two product
categories. The models accommodate not only traditional competitive reaction
effects but also own- and cross-brand sales feedback effects and internal decision
rules. The results provide substantively useful insights into the dynamics of
demand and reaction functions.
The marketing literature includes VARX models applied to aggregate or

market-level data. This chapter is the first in marketing to apply VARX to
pooled store-level data so as to obtain more efficient parameter estimates and
to account for some heterogeneity between the stores. We also provide new
insights regarding the roles of competitive reaction and sales feedback effects
by comparing net dynamic effects under different scenarios.
We find for both tuna and shampoo that the sales effect is greater for sup-

ported than for non-supported price cuts. However, for tuna the cumulative
effects are greater than the immediate effects while the reverse is true for sham-
poo. Also, for shampoo there is very little difference between the net effects
across the scenarios. That is, the impact of setting either the competitive reac-
tion effects or sales feedback effects to zero is very small, consistent with what
one would expect for brands with unique market positions. By contrast, the
net effects for the tuna brands differ strongly between the scenarios, and it is
noteworthy that the role of cross-brand sales feedback effects is greater than
the role of traditional competitive reaction effects.
It is also noteworthy that the immediate sales effect for supported discounts

is typically twice the sales increase for non-supported discounts (the ratio is
closer to 4 : 1 for shampoo brand 2). For scenarios with internal decision
rules (Tables 7.7 and 7.10), we find that this ratio on average is reduced for
both gross and net effects. The average difference in incremental sales between
supported and non-supported discounts is greatest for tuna in the net effects
but greatest for shampoo in the immediate effects.
The innovations in this chapter are that we: (1) apply time series model-

ing to pooled store-level data; (2) compare these results with those based on
aggregate (market-level) data, (3) use impulse response functions on levels to
overcome difficulties inherent in the use of elasticities; (4) show that cumulative
effects can be larger or smaller than immediate effects; (5) show the relevance
of sales feedback and competitive reaction effects; and (6) find that the role of
dynamics differs greatly between the two product categories.
We leave for further research several important issues. One is the determi-

nation of statistical uncertainty associated with the cumulative sales increases
estimated for alternative scenarios. Not surprisingly, the variation in estimated
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effects between brands tends to be greater for cumulative than for immediate
effects but it is unclear how much of this variation is due to statistical uncer-
tainty. It will also be useful to explore the benefit of accommodating additional
heterogeneity between the stores. One possibility is to apply a model that ac-
counts for both observed and unobserved heterogeneity.
Another point is that although we argue that the approach of pooling and

the RCM s provide opportunities to consider a general model where (strong)
exogeneity is tested and not imposed a priori we do not consider feature, dis-
play, and feature and display variables as endogenous in our model. This is
because they are indicator variables and hence, these variables require differ-
ent modeling. The competitive reaction equations of these variables should be
build using the approach of Beck et al. (1998) and Beck et al. (2001).




