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Chapter 1

Introduction

Competition in the retail market of consumer packaged goods is an important and
fascinating research topic to both practitioners and scholars. It can be studied from
various angles, at various aggregation levels, and using various methods. The compe-
tition can be between brands, stores, and all the way up to retail chains. The market-
ing mix actions, for example price promotions, advertising campaigns, new product
launches etc., are widely used by managers to increase profits. One can study the
impact of marketing mix instruments on consumers or the impact on competitors.
The role the marketing mix plays in competition can be approached from the individ-
ual level using household panel data or survey data, or from the product level using
aggregated sales data. Given a specific topic and available data, researchers can use
theoretical model or empirical model or a combination of the both. All these research
efforts will help to improve our understanding of competition in the market and even-
tually contribute to management decision making. This dissertation chooses three
specific topics pertaining to competition in the retail market of consumer packaged
goods and the chosen research questions are introduced in the following section. To
answer the research questions two new models are employed. These are a Hierarchi-
cal Bayes Ordered Probit and a Hierarchical Bayes Market Share model, which will
be introduced in section 1.2. Our empirical findings will be summarised in section
1.3.
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1.1 Research questions

This dissertation investigates three research questions pertaining to competition in
the retail market of consumer packaged goods. Chapter 2 looks into how brands
react to each other’s price promotions in terms of own price promotion planning.
Chapter 3 zooms out and studies the competition between retail chains and the role
a retailer’s private labels play. Chapter 4 comes back to the classic retail forecasting
issue and investigates how to include competition information to improve brand sales
forecasts.

Price promotion is the most extensively used among all kinds of marketing actions
as it has a large immediate effect on sales. There is a rich literature on the consumer’s
response to promotions, but there are relatively few papers studying the reactions of
brands to the use of this powerful tool. Chapter 2 focuses on the use of one instru-
ment, namely price promotions, and the reactions with the same instrument across
many product categories. Retailers use promotional calendars to plan their future
promotion activities (Leeflang and Wittink, 2001). Bogomolova et al. (2017) finds
that manufacturers take competitors’ price promotions as the key determinant in
their own promotion planning, and they use intuition and untested assumptions as
inputs to their price-promotion decisions. As a result brand managers do not neces-
sarily wait till a competitor’s price promotion materialises before planning a reaction,
they may anticipate and react when they plan their promotional calendars. The use
of multi-category data allows us to look into how the brands’ market shares and price
levels and the category characteristics influence competitive reactions. Competitive
reactions are defined as reactions by one brand (the defender) with one or more
instruments to another brand’s (the attacker) actions (Horvath et al., 2005). The
literature has found asymmetric price and market share impact on the cross-price
effect (Blattberg and Wisniewski, 1989a; Sethuraman and Srinivasan, 2002; Horvath
and Fok, 2013), which states that price cuts of high-price/high-share brands have a
greater impact on low-price/low-share brands than the reverse. As a result, when
brand managers plan their competitive reactions, the relative price and/or market
share positioning play an important role. Competitive reactions are also likely to be
related to market environment, which can be described by product characteristics
and the competitive structure in the market, for example the average purchase quan-
tity of a category, the market concentration, and the number of brands in a market.
Therefore, on top of competitive reactions, we also study the moderation effects of
brand positioning and category characteristics. The chapter is co-authored with prof.

dr. Dennis Fok and both authors made significant contributions.
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Chapter 3 moves to a highly aggregated level to investigate the competition be-
tween retail chains and the role of their private label brands. In the last decades
private labels have become more and more prevalent across all fast-moving consumer-
goods categories. The increasing importance of private labels offers retailers a way
to differentiate themselves from their competitors. We propose a three dimensional
measure for the private-label positioning: breadth of the private-label program, price,
and assortment size. Using the definition of customer-based brand equity proposed
by Keller (1993), we define customer-based chain equity as the differential effect of
chain knowledge on customer responses to the marketing-mix activities of the chain.
To study the differential effect that can be attributed to the private-label program,
we first investigate how a retailer’s category specific market shares depend on price
changes by national brands and private labels. Then we examine the impact of the
private-label positioning on the baseline market shares and the price sensitivities. If a
certain private-label positioning strategy increases a retailer’s baseline share or makes
its market share less sensitive to price, we can say that this strategy contributes to
customer-based chain equity. This chapter is co-authored with prof. dr. Dennis Fok
and prof. dr. Philip Hans Franses. This chapter is mainly written by myself. Prof.
dr. Dennis Fok made significant contributions on modeling and structuring and Prof.
dr. Philip Hans Franses made valuable contributions on positioning of the paper and

wording.

Retail forecasting is relevant to both retailers and manufacturers. Forecasts give
an impression of what future sales patterns can look like, and it helps to understand
the competition between brands. When there are cross brand effects brand level
forecasts are relevant as this can facilitate organising promotions by brand (Fildes
et al., 2019). Chapter 4 aims to investigate how much value is added to traditional
sales forecasting models in marketing by using modern techniques like factor models,
Lasso, elastic net, random forests and boosting methods. Brand sales forecasts are of-
ten generated from econometric time series models (Hanssens et al., 2003), where the
well-known SCANPRO model (Wittink et al., 1988) is an illustrative example. Such
models usually include past sales and own marketing activities (current and past),
and frequently also variables concerning past competitor behaviour are included, at
least if one knows this competition. As retailers have the most complete information
regarding sales and promotions, we take a retailer’s point of view and address various
ways to include information on competitors. Our key conjecture is that in practice
it is often not known which brands are effectively the main competitive brands. One

may then resort to a couple of strategies. One option is to simply ignore competi-
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tion. This makes the model simple to analyse, as there is no need for the sometimes
cumbersome collection and preparation of data from competitors. A second strategy
is to spend effort in studying which are the most relevant competitive brands. The
third strategy, which is the one we will address in chapter 4, is to consider all other
possible brands as potential competitors that might be relevant for the forecasts of
the own brand sales. This approach is relevant if we do not know beforehand which
brands have predictive content, and in this case we can let the data help to decide
on this each time we make a forecast. This chapter is co-authored with prof. dr.
Dennis Fok and prof. dr. Philip Hans Franses. All three authors have significant
contributions to the the chapter.

Chapter 2 and 3 both study how certain effects change cross-sectionally, which
motivates the use of hierarchical models. Chapter 4 involves choosing the most
powerful predictors from a large variable set, therefore leads to the comparison of

various Big Data methods. The methodologies are introduced in the next section.

1.2 Methodologies

All the following three chapters are empirical studies using weekly supermarket scan-
ner data of consumer packaged goods. The Hierarchical Bayes Ordered Probit model
and Hierarchical Bayes Market Share model are new to the marketing literature and
thus are part of the contributions of the dissertation.

The Hierarchical Ordered Probit model is used in Chapter 2. It consists of two
layers: the first layer is an ordered probit model, which investigates the competi-
tive reactions in terms of no price cut, small price cut, and deep price cut in each
category; and the second layer is a linear model, which associates these promotion
interactions with brand specific prices and market shares and some category specific
characteristics.

The Hierarchical Market Share model is employed in Chapter 3. It consists of
two layers as well. The first layer is a market share attraction model describing
the retailers’ market shares in a specific category. The second layer associates chain
baseline market shares and price-sensitivities across all categories and chains with
private-label positioning variables and some other chain- and/or category-specific
characteristics.

In both Chapter 2 and 3 we take a Bayesian approach to simultaneously estimate
the parameters from the two layers of the models. The Markov chain Monte Carlo

(MCMC) simulation method is used to obtain posterior results.
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In Chapter 4 there is a benchmark model that uses only the focal brand’s own in-
formation, while the other models include competitive sales and marketing activities
in various ways. An Average Competitor Model (ACM) summarises all competitive
information by averages. Factor-augmented models incorporate all or some com-
petitive information by means of common factors. Lasso and elastic net models
shrink the coefficient estimates towards zero by adding a shrinkage penalty to the
sum of squared residuals that is to be minimised. Random forests average many tree
models obtained from bootstrapped samples. Boosting trees grow many small trees
sequentially and then average over all the tree models to deliver forecasts. We use
these methods to forecast sales of packaged goods one week ahead and compare their

predictive performance.

1.3 Results and implications

Through our empirical analyses, we try to answer the three research questions pro-
posed and find some interesting results.

First, we find that the competitive reactions can be partly explained by several
brand specific and category specific characteristics, which implies that brand man-
agers do take into account competition when planning their price promotions. If
a brand’s market share is 50% or larger (so the attacker’s share cannot be greater
than the defender’s), then its reaction intention increases monotonically with the
attacker’s market share. However, if the defender’s share is smaller than 50%, the
reaction intention reaches the maximum when the attacker has the equal share with
the defender then falls back with the increase of the attacker’s share. Thus a market
with two brands that each have half share is the most competitive. Also in cat-
egories that represent high budget share and highly concentrated, there are more
likely to have price retaliations. While in categories with more brands or more price
dispersion, there are less likely to have price competitive reactions.

Second, we did not find significant impact of private-label positioning factors
on chain and category specific baseline market shares. However the private-label
positioning does influence retail chain’s market share price sensitivities. We find that
a relatively lower priced private-label programme with larger assortment would be
the most effective in weakening the market share price sensitivity to national brands,
thus contribute to the chain differentiation.

Last but not least, when it comes to brand sales forecasting, the performance of

a benchmark model that only uses own brand information and season dummies can



14 CHAPTER 1. INTRODUCTION

be improved by incorporating competitors information in some way. Among all the
methods we test, the Lasso and elastic net are the safest to employ as they are better

than the benchmark for most of the brands. The random forest method has better

improvement for some of the brands.



Chapter 2

Immediate and Dynamic
Competitive Reactions to Price
Promotions

2.1 Introduction

Among all kinds of marketing actions, like price adjustments, advertising campaigns,
new product launches etc., price promotions (temporary price reduction) is the most
extensively used tool. Price promotions have an immediate effect on sales, although
often followed by some post-promotional dip. There is a rich literature on the con-
sumer’s response to promotions, e.g. Kopalle et al. (1999); Van Heerde et al. (2000);
Fok et al. (2006); Horvath and Fok (2013). Yet there are relatively much less pa-
pers that study competitive reactions (Reibstein and Wittink, 2005). However, as
formulated by Steenkamp et al. (2005) it is the sequence of marketing actions and
competitive reactions eventually determines the market structure and the perfor-
mance of the players in it.

In the literature, competitive reactions are usually defined as reactions by one
brand (the defender) with one or more instruments to another brand’s (the attacker)
actions (see, for example, Horvath et al., 2005). In other words competitors in a
market observe or anticipate on each other’s actions and the corresponding con-
sumer response. This study focuses on the use of one instrument, namely price
promotions, and the reactions with the same instrument across many product cate-
gories. The literature that deals with competitive reactions usually study the actual

price changes (e.g. Steenkamp et al. 2005; Leeflang and Wittink 2001). However the

15



16 CHAPTER 2. COMPETITIVE REACTIONS TO PRICE PROMOTIONS

actual price variation not only comes from price promotions but also from regular
price adjustments. And the latter is obviously due to different motivations and have
different market responses (Fok et al. 2006). To study the competitive reactions to
promotions, regular price changes need to be separated from price promotions. To
the best of our knowledge, the promotional competitive reactions across categories

has not been examined yet.

Research on competitive reactions uses a variety of approaches. To answer nor-
mative questions like how should competitors react or what is the optimal reaction
strategy, game-theoretic models have been used extensively (Ailawadi et al., 2005).
For instance, Naik et al. (2005) extend the Lanchester model to investigate marketing
mix planning in dynamic competitive markets. While studies that focus on empiri-
cal generalizations use econometric models to investigate reaction functions, that is,
how competitors actually react to each other’s attacks and the factors affecting the
observed reaction behaviour. For example, Steenkamp et al. (2005) perform a large-
scale empirical study using vector-autoregressive models with exogenous variables
(VARX models) and they find that competitive reactions tend to be mostly passive
(no reaction) and when a reaction occurs, it is usually with the same instrument,
and there are few reactions in the long run. Next to these two main streams of ap-
proaches, there are some exploratory studies. For example, Montgomery et al. (2005)
use interviews to get insight into whether or how managers incorporate competitor
behaviour in their decision making. Montgomery and colleagues find that when man-
agers make decisions on the timing of a price change or a product introduction, they
incorporate competitor behaviour into their own decision making, but they do not

attempt to predict future competitor reactions to their own moves.

Retailers use promotional calendars to plan their future promotion activities
(Leeflang and Wittink, 2001). The promotion calendar is a result of negotiation
between manufacturers and retailers and is planned over half year ahead (Guyt and
Gijsbrechts, 2014). It seems that this leaves no space for the brand managers of
manufacturers to react immediately if a competing brand promotes. However, the
process of making a promotional calendar incorporates competition already. Accord-
ing to Leeflang and Wittink (2001), the brand managers would consider both past
actions by competitors and expectations of future reactions during their promotion
planning. A most recent study (Bogomolova et al., 2017) also finds that manu-
facturers take competitors’ price promotions as the key determinant in their own
promotion planning, and they use intuition and untested assumptions as inputs to

their price-promotion decisions. As a result brand managers do not necessarily wait
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till a competing brand’s price promotion materialises then start to plan a reaction,
they may anticipate and react on the calendar. If this is true then the calendar
reactions should partly be explained by brands competition relationships. If there is
no anticipation in the formulation of promotion calendars, then there should be no

patterns exhibited in the calendar reactions.

This chapter aims to provide insights into the calendar price promotion inter-
action patterns in a retailing context. We have two assumptions here, the first is
that brands expect the competition from each other and reflect their expectations on
the promotion calendar. The second is that the brand initiating the promotions can
block the earliest possible slot on a retailer’s calendar, so that the following promo-
tions are reactions. Brands having price promotions planned closely on calendar do
have immediate and dynamic cross price promotion effects (Horvath and Fok, 2013).
The higher the cross effects, the more likely a brand intends to react competitively.
But the calendar reactions may not fully mirror the cross price promotion effects
for a variety of reasons. First, not only reaction intentions but also abilities, the
resources brand managers can employ, play a role in promotion planning. Second
the expectations can simply be wrong. Last but not lease the retailers also have a
say on the promotion planning and the retailers’ goals are in general different from
the manufacturers’ (Guyt and Gijsbrechts, 2014; Ailawadi et al., 2009). Hence we
expect much less calendar reactions than universally found cross price effects. The
data used in this chapter are weekly price promotions of fast-moving consumer goods
from 25 categories in a large supermarket chain. The goal of this study is to em-
pirically analyse the immediate and dynamic calendar competitive reactions to price
promotions. We explicitly consider the potential asymmetries in these reactions, and
the moderating effects of category characteristics on these reactions. Below, we will

clarify all important concepts that appear in this research goal.

Immediate and dynamic effects. In the retail context, prices are usually set at
a weekly frequency. The term “immediate effect” in this chapter therefore refers
to the effect of a current planned price promotion (at week ¢) on the occurrence
of competitive promotions in the next week (at week ¢ + 1). The term “dynamic
effect” refers to the effect of a current planned price promotion (at week t) on the
possible promotions in all the following weeks after the next week, that is, week
t+ 2, t+3,.... The patterns of immediate and dynamic reactions could be very
different across brands and across product categories. One brand may react quickly
(on calendar) to some brands’ promotion attacks while it may react relatively slow

to others, or even accommodate (give no reaction to) some attacks.
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Symmetry and asymmetry. The competitive reaction between two brands ¢ and j
is considered to be symmetric if the (immediate and/or dynamic) reactions of brand
j to the promotions of brand i are equal to the reactions the other way around. An
analogous concept is the asymmetric price and market share effect on the cross-price
effect (Blattberg and Wisniewski 1989a; Sethuraman and Srinivasan 2002; Horvath
and Fok 2013), which states that price cuts of high-price/high-share brands have
a greater impact on low-price/low-share brands than the reverse. Taking into ac-
count these asymmetric price and share effects, brand managers could base their
competitive reactions on their relative price and/or market share positioning. We
therefore consider prices and market shares as factors that may cause an asymmetry
in immediate and/or dynamic competitive reactions.

Category’s moderating effect. Competitive reactions are likely to be related to
the market environment. The market environment can be described by product
characteristics and characteristics of the competitive structure. Important product
characteristics may be the average purchase quantity and important descriptors of
the competitive environment may be market concentration or the number of brands

in the market.

We explicitly focus our analysis on reactions to price promotions. However, we
usually only observe the actual prices paid by the consumers. Not all changes in this
price level correspond to promotions. The actual price may change because of regular
price changes. Furthermore, as is common in this literature, we rely on prices that
are aggregated at the brand level. Dependent on the particular type of aggregation
the actual (aggregated) price may show some fluctuation that is independent of any
promotion. Next it is unlikely that competitors would react to very small changes
in the price of a particular brand. Therefore, we transform the actual price into an
ordinal price promotion index. We use the algorithm of Fok et al. (2006) to transform
the actual price into the regular price and a continuous price promotion index. This
price promotion index equals one if the actual price equals the regular price, a price
promotion index of .95 indicates a 5% price discount. Such an index is also used
by, for example, Macé and Neslin (2004) and Horvath et al. (2005). Regular price
changes are not reflected in the price promotion index. To get rid of the small,
for our purpose irrelevant, variation in the promotional index due to aggregation
issues, the regular price decomposition algorithm, or other minor price variation,
we next classify the promotional index in three ordered categories: no discount,
shallow discount, and deep discount. The threshold values used for this classification

are discussed in Section 2.4. Note that, in practice, when brand managers make
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promotional decisions, they also tend to make choices between no discount, small
discount, and big discount.

As we discretise the price promotions, the competitive reactions we study are also
in terms of the same ordinal levels: no reaction, reaction by shallow discount, and
reaction by a deep discount. Previous studies do not use such a discretisation. One
may argue that we reduce the available information by the discretisation. Of course
this is true. However, as argued above the discretisation allows us to focus on the
true competitive reactions without having to consider, and model, all other variation
in the (promotional) prices. If we would use the continuous promotion index as our
main dependent variable, any model will be forced to fit all the small variation which
actually may not be the brands’ promotional actions.

To explain the promotional reactions of each brand and to explain the differences
in competitive reactions across brands and across categories, we use a hierarchical
Bayes ordered probit (HB-OP) model. The model consists of two layers: the first
layer is an ordered probit model, which specifies the price reaction function; the
second associates the reactions with prices and market shares of the brands involved
as well as some category characteristics. Following Steenkamp et al. (2005) and Fok
et al. (2006), we assume that the category characteristics do not change over time. A
Bayesian method is used to estimate the parameters of the two layers simultaneously.
This method is more efficient than the two-step procedure that first estimates all
individual level models and collects the relevant coefficients (and standard errors),
next applies a linear model to these coefficients.

The remainder of this chapter is organised as follows. In Section 2.2, we review the
related literature and indicate the added value of this chapter relative to the current
literature. We discuss our expectations on the effects of moderating variables on
competitive reations in Section 2.3. In Section 2.4, we present the data. Section 2.5
covers the HB-OP model in detail. Next we present the empirical results in Section

2.6. Finally, we draw the conclusions and give some discussions in Section 2.7.

2.2 Literature

This chapter can be related to two research streams. Concerning the methodology
it relates to papers based on hierarchical Bayes (HB) models. Concerning the sub-
stantive content, it fits a series of papers that study competitive reactions to price
promotions.

We first consider the literature on hierarchical Bayes models (HB models) in
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marketing (e.g. Kim et al. 2002; Talukdar et al. 2002; Van Nierop et al. 2008; Fok
et al. 2006; Horvath and Fok 2013). All these papers use the hierarchical Bayesian
approach in constructing models, while the topics they deal with and the specific
models they employ are very different. Fok et al. (2006) put forth a hierarchical
Bayes error correction model to explain the differences in immediate and dynamic
effects of promotional prices and regular prices on sales. The first level in their model
consists of a vector autoregression that is rewritten in error correction format. The
second level correlates the immediate and dynamic effects with various brand-specific
and category-specific characteristics. Horvath and Fok (2013) extend this to include
cross-effects and competitive reactions. Kim et al. (2002) propose a demand model
which is constructed as a HB model to allow for household-specific utility parameters.
Talukdar et al. (2002) use the HB methodology to investigate new product diffusion
across products and countries and they find that the pooling approach leads to sub-
stantial improvements in prediction accuracy. Van Nierop et al. (2008) augment a
standard sales model that explains sales by marketing instruments with a second

layer that relates the effect parameters to shelf and SKU descriptors.

The current chapter is different from the above literature in the way that it
augments an ordered probit model with a second layer that relates immediate and
dynamic competitive reactions to brand-specific and category-specific variables. Just
like the other hierarchical Bayes models the HB-OP model ’shrinks’ the parameters
for individual brands, and it allows us to estimate the competitive reactions and the

factors that determine them simultaneously.

There is also a literature that explicitly deals with competitive reactions. Leeflang
and Wittink (1992) use (log-)linear models to study competitive responses to price
and non-price promotions with scanner data on seven brands in one category. They
found that competitors are more likely to react with the same than with a different
marketing instrument and that reactions have a decreasing probability of occurring
as the time lag increases. Leeflang and Wittink (1996) specify the normative criterion
that managers should only react to other brands’ marketing activities if those activ-
ities have nonzero effects on their own market shares. Based on this rule, they find
that overreaction occurs more often than underreaction. In another paper, Leeflang
and Wittink (2001) try to explain competitive reaction effects using cross- and own-
demand elasticities. They find that the greater the cross-brand elasticity, the greater
the corresponding reaction elasticity; the greater the own-brand elasticity, the smaller
the corresponding reaction elasticity. Next to the works of Leeflang and Wittink, a
series of studies (Horvath et al. 2005; Srinivasan et al. 2000; Steenkamp et al. 2005;
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Horvath and Fok 2013) use vector-autoregressive models with exogenous variables
(VARX) to investigate competitive reactions (using price promotions and/or ad-
vertising) and consumer responses (through sales or market shares) simultaneously.
Horvath et al. (2005) find that the inclusion/exclusion of competitive reactions has a
large impact on the estimated effects of marketing actions on brand sales. Srinivasan
et al. (2000) find that a negative price shock results in a strong competitive reaction
and this in turn leads to a persistent reduction both in price and promotion prices.
On the other hand, Steenkamp et al. (2005) find that the most dominant form of
competitive response is no reaction, and when a reaction does occur, it is usually

with the same instrument.

Our study differs from the above papers in three important aspects. First we
focus on price promotions instead of considering all price variation. A change in
actual price may come from two different pricing decisions: price discounting and
regular price changes (Fok et al., 2006). Naturally the regular price change is not
a promotional action and thus needs to be separated from discounting. Next the
price, or promotional index, may contain other variation next to true promotions.
For example, due to some data aggregation. Second, our estimation methodology is
more efficient as we do not rely on a two step procedure. Third, we consider factors
that explain the competitive reactions across brands in many different categories.
The latter is also done by Steenkamp et al. (2005). However, in our work we consider
a larger set of moderating variables. For example, we consider brand prices, category
budget share, number of brands and price dispersion in a category. We also consider
a possibly asymmetric effect of the distance in market share and price between two
brands. All the moderation variables we consider will be thoroughly discussed in the

following paragraphs.

Leeflang and Wittink (2001) have shown a positive correlation between cross-
price effects and competitive reaction effects. The asymmetry in cross-price effects
has already been shown in Blattberg and Wisniewski (1989a). So we expect a similar
asymmetric pattern in competitive reaction effects. This expectation is also based
on the fact that managers take into account consumer’s responses when they make
decisions on competitive reactions (Leeflang and Wittink, 2001). Following this rea-
soning, the factors that influence the cross- and own-price effects should also (partly)
explain cross-brand competitive reactions. More specifically, we consider market
shares, brand prices, and several category characteristics as potential factors that
may affect the intensity of competitive reactions. Below, we will discuss these factors

one by one.
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2.3 Moderating factors

In this section we discuss our expectations on a number of factors that are likely
to affect competitive reaction. We categorize the factors into being market share

related, price related, and product category characteristic related.

Market share factors

We expect that the reaction intensity between two brands depends on their market
shares. According to Steenkamp et al. (2005), the promotions of a high-share brand
are more easily noticed and are therefore considered to be more threatening. High-
share brands are thus more likely to receive reactions from other brands. Sethuraman
and Srinivasan (2002) analytically and empirically show that the cross-price effect
of high-share brands on the market share of low-share brands is smaller than the
reverse. The intuitive explanation is that a low-share brand has more loyal consumers
as they target a niche market. Therefore if the purpose of a reaction is to maintain a
brand’s current share, a low-share brand is less likely to react to a high-share brand’s
attack than the reverse. In addition, brands with a low market share often have less
resources to respond to price promotion attacks by high-share brands. That being
said, the competition reactions received by high-share brands are mostly from brands
that fall into the same high-share group. This expectation is in line with the finding
of Horvath and Fok (2013) that large brands have bigger cross promotion effects on

each other than small brands.

Steenkamp et al. (2005) also show that the share difference between the attacker
and the defender moderates the competitive reactions. But they don’t disentangle the
neighborhood effect (of the share distance) from the asymmetric effect (of whether
the attacker’s share is greater the defender). However, we expect this neighborhood
effect to be asymmetric, that is, the market share distance may be most important
if the attacker has the highest market share. This asymmetric neighborhood effect
has not been considered in the literature on competitive reactions. We expect that
the greater the share asymmetry in favor of the attacker, the smaller the probability
of a reaction. Furthermore, a two-brand market with equal shares is considered to
be more competitive than a market where two brands’ shares are far apart (Raju,
1992). Thus the share distance between the attacker and the defender is expected to

have a negative effect on the reaction likelihood.
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Price factors

We are also interested in the effect of prices on competitive reaction. Many existing
studies associate cross-price effects with price levels. Sethuraman et al. (1999) and
Horvath and Fok (2013) empirically demonstrate that brands that are priced close to
each other, have larger cross-price effects than brands that are priced far apart. The
argument is that brands within the same price tier can more easily be substituted
(Russel, 1992) and they compete for the same group of consumers. Therefore, we
expect the reaction intensity to be higher for brands that are close in price. Many
studies (e.g. Blattberg and Wisniewski 1989a, Sethuraman et al. 1999, Horvath and
Fok, 2013) have found that a price promotion by a higher-priced brand affects the
market share or sales of a lower-priced brand more so than the reverse, which is known
as asymmetric price effect. Based on the positive correlation between competitive
reactions and cross-price elasticities that was found by Leeflang and Wittink (2001),
we expect a lower-priced brand to be more likely to react to the attacks from a
higher-priced brand than the reverse. Analogous to the effect of market share of the
attacker, we also expect when the higher-priced is the attacker, its promotions are
more likely to be noticed and perceived to be a threat, thus more likely to encounter

reactions.

Category characteristics

Budget share. Brands in categories that represent a large share of the consumer’s
shopping budget are expected to be more likely to react to competitor’s promotions.
This expectation is based on Macé and Neslin (2004) who indicate that products that
take a larger share of the budget are associated with more stockpiling and a larger
post-promotional dip when they are on sale. Fok et al. (2006) also empirically show
that categories with a high budget share tend to have a larger immediate promotion
price elasticity. Because consumers are sure to spend a large part of their budget
on products of such a category, they are more willing to stockpile. Thus in such a
category, when one brand is on sale, consumers would like to give up buying other
brands and even other categories to stockpile the discounted product. The direct
cross-brand price promotional effect in such categories is relatively large compared
to categories of lower budget share, consequently managers are expected to be more
likely to react.

Number of brands in a category. The competitive intensity in a market is partly
captured by the number of brands in the category. However, the expected sign of

the effect of the number of brands on competitive reactions is not clear. On the
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one hand, a large number of brands implies that each brand has a number of close
substitutes available within the product category. Due to the presence of a large
number of very similar brands, brand switching effects will dominate sales changes
(Raju, 1992). The brand switching effects may trigger more competitive reactions
between brands. On the other hand, Sethuraman et al. (1999) find stronger cross-
price effect when there are less competing brands. The reason could be that in a
category with less brands, each brand has a relatively high market share and brand

managers have higher margins, so they are more likely to react.

Market Concentration. Market concentration captures another dimension of com-
petitive intensity in a product category. A high market concentration implies that
a small set of brands is dominant in the category, while a low market concentration
implies that the market shares of the brands are close to each other and no one is
dominant. If one brand or a set of brands is dominant because of its unique posi-
tioning in a category, these brands are less exposed to brand switching effect, thus
the competition in such a category is less intense (Raju, 1992). Steenkamp et al.
(2005) also find that in a concentrated market manufacturers tend to perform less
price cuts to maintain their high margins. Hence a high market concentration implies
less intensive competition, suggesting a negative moderating effect for competitive
reactions. On the other hand, Horvath and Fok (2013) find that in highly concen-
trated markets there are greater cross-price effets, therefore more likely to lead to
price retaliation. Overall we keep the expectation of the sign of the moderating effect

of market concentration open.

Product differentiation. The product differentiation measures how different the
products in a category are. It is expected to have a negative moderating effect
on competitive reactions. Differentiation makes brands less exposed to competitor’s
actions (Narasimhan et al., 1996). The empirical results of Fok et al. (2006) also show
that categories with a large price dispersion have smaller price promotion effects.
If brand A and brand B are very different, they attract consumers with different
preferences. Even when brand A has a price cut, the consumers who prefer brand B
are not very likely to change their preferences and choose brand A. So managers are
less likely to react to other brands’ promotion in a market with very differentiated

products.
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2.4 Data

The data are also studied in Srinivasan et al. (2004) and Fok et al. (2006). The dataset
covers 25 product categories' from a large supermarket chain in the Chicago area,
Dominick’s Finer Foods. It contains weekly data over the period from September
1989 until May 1997. The data are aggregated from SKU level to brand level using
static weights. See Fok et al. (2006) for more details. Each category contains four
brands: brands 1-3 represent the three major brands in the category and 4 is the
“rest”. We treat brand 4 as a real brand as is commonly done (see for example, Fok
et al., 2006).

The changes in a brand’s actual price series come from different sources: price
promotions, regular price changes, and the aggregation process from SKU to brand
level. Given our research questions, we focus on promotional price changes. Reactions
to regular price changes may be completely different and they are therefore beyond
the scope of this chapter. The original data contains only the actual price. Fok et al.
(2006) smooth the actual price series using cubic splines with asymmetric weights
to decompose the actual price series into regular and promotional prices. The size
of a promotion is then measured by a promotion index, which equals the ratio of
the actual price and the regular price. So a lower promotion index means a deeper
discount. As shown in Figure 2.1, price goes up and down sometimes due to regular
price adjustments, but the promotion index can never be larger than one by definition.

To focus on true price promotions, we study three competitive reaction levels:
“no discount”, “shallow discount”, and “deep discount”.We convert the continuous
promotion index into a three-level ordinal promotion index, see Figure 2.2. The two
cutoffs are set at 0.95 and 0.9 and are the same across all brands in all categories?.
The cutoff of 0.95 is widely used to recode promotional price into zero-one promotion
dummies (e.g. Fok et al. (2006) and Raju (1992)). Indeed, when the promotion
index is larger than 0.95, the difference between actual and regular prices is really
small, and it may not even come from a real discount but from the aggregation or
decomposition processes. The cutoff 0.9 is to distinguish between shallow and deep

discounts. We choose 0.9 such that the incidence of deep discount is the lowest for

IThe 25 categories are: bottled juice, cereals, cheese, cookies, crackers, canned soup, dish deter-
gent, “front-end” candies (i.e., those displayed by the checkout registers), frozen diners, frozen juice,
fabric softener, laundry detergents, oatmeal, paper towels, refrigerated juice, soft drinks, shampoos,
snack crackers, toothbrushes, canned tuna, toothpaste, and bathroom tissue.

2For the shallow discount cutoff, we also tried alternative thresholds (0.94 and 0.97). It made
no dramatic change in the histogram of price-promotion index. We also tried a 0.8 for the deep
discount cutoff, but there are some brands who have never done such “big” promotions. To ensure
each brand has three levels in promotion, we choose 0.9 for the cutoff.
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Figure 2.1: Price Series and Promotion Index of a Brand in Fabric Softeners
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Figure 2.2: Recoding of Promotion Index into Three Promotional Levels
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most brands. Because naturally a deep discount does not happen very often and
is a special (strong) promotion. The ordinal promotion variable captures the most
important variation in the promotion index. It is not affected by the small variations

that may not come from promotions.

2.5 Hierarchical Bayes Ordered Probit model

The HB-OP model we employ consists of two layers: the first layer is an ordered
probit model, which investigates the immediate and dynamic competitive interactions
in each category; and the second is a linear model, which associates these promotion
interactions with brand specific prices and market shares and some category specific
characteristics. The following two subsections will address these two layers one by

one.

2.5.1 The first layer of HB-OP model: immediate and dy-

namic competitive reactions

The first layer of the HB-OP model explains the ordinal price promotion index (de-
noted by PPI) for each brand. The variable PPI takes the values: no discount (0),
shallow discount (1), and deep discount (2). This layer of the model assumes that

managers make discount decisions based on some unobservable discount intention
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(denoted by y*), the higher this intention, the more likely that managers will take
(big) actions. The ordered probit model is specified for each of the four brands in all
25 categories, so there are 100 of such models in total. In a category (denoted by sub-
script ¢), each brand acts as both an attacker and a defender. The price-promotion
index of the defender (denoted by subscript j) is treated as the dependent variable
and the (lagged) price-promotion indexes of the attackers (denoted by subscript 7)
are used as explanatory variables. We include the lagged price promotion indexes
as explanatory variables to study the immediate and dynamic calendar reactions as
discussed in the introduction section. However the ordered price-promotion index
cannot be used as explanatory variables directly, so we code it into a price promo-
tion dummy variable PPD, which equals to 1 if there is either a shallow or a deep
discount, otherwise it is 0.> We include K lagged terms of these promotion dum-
mies. We also include K lagged sales volumes (denoted by S) of the defender. The
lagged own sales and own promotion dummies together capture the defender’s own

promotion planning strategy, on which we will not focus.

To control for possible seasonality and holiday effects in promotions, we include
seasonal dummies (denoted by SD) and holiday dummies (denoted by HD) as ex-
planatory variables. There are 13 seasonal dummies, each covering four consecutive
weeks, and 10 dummies for special holidays (Lent, Easter, Memorial Day, July 4th,
Labor Day, Thanksgiving, the week following Thanksgiving, Halloween, Christmas
and Superbowl). Based on individual ordered probit models, we select those seasonal
dummies and holiday dummies with significant effects (at 0.05 level) and include them
in the HB-OP model.

In sum, the explanatory variables we used in this layer consist of lagged price
promotion dummies of all brands (including the attackers and the defender itself)
in category ¢, lagged sales volumes of the defender, seasonal dummies, and holiday

dummies, that is,

3We also experimented with another dummy called DeepPPD, which equals to 1 if there is a
deep discount, otherwise is zero, and include both PPD and DeepPPD as explanatory variables
in the ordered probit model in our pre-analysis. The results show that the proportion of significant
competitive effects decreased compared with the model not including DeepPPD. Given the fact
that we want to explain the variation in competitive reactions, a lower proportion of significant
competitive reactions would make it harder to be explained so we exclude the variable DeepPPD.
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K K
Yjer = Qojet Z 0jePPDjc i) + Z Z BrijePPDjc ik
k=1 k=1 iZj
K 13 10

+ Z Akjchc,t—k: + Z VsjcSDs,t + Z /f’fhchDh,t + Eje,ts (21)
k=1 s=2 h=1

0 if =00 <yjer < Mije
PPIljce =91 if yije < Yjey < Y2je (2.2)
2 if v2je < Yjeqp S H00

where the subscript ¢ denotes a particular week and the error term €., ~ N(0,1).
In (2.2) v1c and 72 are unobserved thresholds that transfer the intention Yj.¢ into
actual decisions PPI;.:, where vij. < Y25 Here we set threshold ;. to zero so
that the constant term agj. and the other threshold 7s;. are both identified. In
(2.1), PPDjc 4k and PPD;._ denote k week lagged price promotion dummies of
the defender j and the attacker i (i # j) in category c¢. We set the number of lags
(K) based on a pre-analysis using the ordered probit model for every brand in each
category. The Schwarz Information Criterion (SIC) shows that K = 2 is the best
choice for most brands*. So we choose to set K = 2 in the HB-OP model. Finally,
Sjc,i—k denotes the k week lagged sales volume of the defender.

Coeflicients a1j. and agj. measure the own effect of brand j’s prior promotions
on present decisions. These two « parameters capture the fact that a brand’s current
action is partly based on its prior actions. A positive o means that if there is no
promotion during the last two weeks, then the likelihood of no promotion now is high.
The other way around, a negative o means that if there is no promotion during the
last two weeks the likelihood of a present promotion is high. The two a parameters
can have opposite signs. Coefficient 31;;. measures the effect of brand i’s attacks on
brand j’s decisions, we call this the immediate effect. While coeflicient 32;;. measures
the effect of brand i’s attacks two weeks ago on brand j’s current actions, we call
this the dynamic effect. Actually the “total” dynamic effect of brand i’s actions at
week ¢ — 2 on brand j’s decision-making at week t is more than fs;j., because the
immediate reaction effect is partly carried over to week ¢ through the parameter o .
For the discussion in this chapter we will ignore the carry over effect and focus on

the “true” competitive reaction effect through B1;;. and Ba;j.. Positive B1;5c or Baije

4Only for brand 1 in frozen dinners category, SIC indicates that K = 3 is the best.
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would be the evidence of competitive reactions.

2.5.2 The second layer of the HB-OP model: explaining com-

petitive reactions

In the second layer of the HB-OP model we stack all immediate reaction effects B14j¢
(each brand has 3 competitors in the same category, so in total we have 3 x 4 x
25 = 300 reaction effects) and explain the variation in it by brand and category
characteristics. We do the same thing with the dynamic reaction effect 52;;.. The
model thus examines the cross-sectional determinants of immediate and dynamic
competitive reactions. Specifically, it correlates the reaction effects to the attacker’s
price and market share, the distance and asymmetry relative to the attacker, and the
share and price of the defender, additionally there are some category characteristic

variables. This part of the model reads,

Brije = 6o+ 01Pic+ 02| Pic — Pjc| + 03| Pic — Pjc|I(P;e > Pjc)
+04M S + 05| MS;c — MSc| + 0| MSic — MSje|I(MS;c > MSj.)
+Z07 4+ mije (2.3)
B2ije = 0o+ 01Pic + 02| Pic — Pjc| 4 03| Pjc — Pjc|I(Pic > Pjc)

+04MS;. + 55|MSic — MSch + 66|M5ic — MS]'CH(MSic > MS]'C()'ZA)
+Z.07 + Maije »

where again subscripts ¢, j, and ¢ denote attacker, defender, and category respec-
tively. P;. denotes the time-average regular price of attacker ¢ in category c. |Pi.—P;j.|
denotes the absolute value of the price distance. I(P;. > Pj.) is an indicator func-
tion, which equals to one if the average regular price of brand i is larger than that
of brand j and zero otherwise®. |P;j. — Pj.|I(P;. > Pj.) is included to measure
the price asymmetry between the attacker and the defender. For the time-average
market share (M S;.) we have similar components. Z. is a M-dimensional vector
containing the category characteristics we discussed in Section 2.3. Finally the error
terms (M14jc, N2ijc)’ follows a multivariate normal distribution with mean zero and
covariance matrix .

In general, positive coefficients in (2.3) and (2.4) mean a strengthening moderating

effect on competitive reactions, that is an increase in the likelihood of a competitive

5There are no P;. = Pj. cases in the data.
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reaction.

2.5.3 Measurement of the category characteristics.

The budget share of a category is measured by the average total expenditures (Fok
et al., 2006) (scaled down by 1,000,000) in the category over time, that is

1 T. 4
BSC == ? Z Z SictPict 5 (25)

€ t=1i=1

where T is the total number of weeks (observations) for category c.

In the original data there is no information regarding the number of brands in
each category, so we proxy it with the market share of the remainders other than the
top three leading brands. It is measured by the time average share of “brand” 4, that
is

T,
1 - S4ct
MSie=7 ) (=) (2.6)
I tz=:1 21::1 Sict

Market concentration in category c is measured by Z?zl MS;.logM S;. (Raju,
1992), which is large for highly concentrated markets.

To calculate the price dispersion in category ¢ (PD,.), the average regular price

in category ¢, P, is first calculated as

1 c
Pc = 4 Z Pict . (27)

T,
€ t=1i=1

Next we compare the highest regular price with the lowest regular price in a category
(Fok et al., 2006)

_ Xy [mazi(Pier) = ming(Pier)]

PD,
T.P.

(2.8)

2.5.4 Estimation methodology

We use a Bayesian approach to simultaneously estimate the parameters in (2.1),
(2.2), (2.3) and (2.4). We use the Markov chain Monte Carlo (MCMC) simulation
method to obtain posterior results. The Gibbs sampling method (Geman and Geman,
1984) with data augmentation (Tanner and Wong, 1987) is applied. Thus the latent
variables y7.;, B1ije and fBaijc are sampled alongside the model parameters. The

Bayesian analysis is based on uninformative priors for the model parameters, except
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for imposing an inverted Wishart prior on the ¥ parameter to improve convergence
of the MCMC sampler, see Appendix A for more details on the MCMC methodology.

2.6 Results

Our posterior results are based on 200,000 draws, of which we use the first 100,000
as burn-in. To remove auto-correlation in the chain, we save every 20th draw (so
obtain 5000 draws) to compute posterior results. The estimation procedure is imple-
mented in R and we use package Bayesian Output Analysis (BOA) (Smith, 2007a)
for convergence tests. The Geweke test and the Heidelberger and Welch stationarity

tests both show that the Markov chain has converged.

2.6.1 Immediate and dynamic reactions

The distribution of the posterior means of the immediate and dynamic reactions
to price promotion attacks is presented in Figure 2.3. These histograms show the
posterior means of the competitive effects across all brands and categories (so 300
posterior means in each histogram). As can be seen in the figure, the dispersion in
the dynamic reactions is slightly smaller than that in the immediate reactions.
Most of the posterior means are positive, although many are close to zero. The
mean immediate effect (0.053) and the mean dynamic effect (0.038) over all brands
are also positive. However when using the 90% highest posterior density (HPD)
intervals, only 32 immediate reaction coefficients out of 300 are significantly positive
and for dynamic reactions the proportion is 11 to 300. There are no significantly
negative competitive reactions. This finding is consistent with our expectation that
calendar price retaliation does exist but not happen universally. According to our
discussion in the introduction section, this could partly due to the fact that the price
promotions are usually planned in advance based on brand managers’ experiences
and anticipations, which do not always reflect the competition reality. Overall, the
immediate effect tends to be a bit larger than the dynamic effect. The posterior
probability that the magnitude of the immediate effect is larger than that of the
dynamic effect is 0.541. This implies that if possible brands tend to react sooner
than later in promotion planning. Finally, the posterior correlation between the
unexplained parts of the immediate and the dynamic reactions is 0.230 (computed
from the estimation results for ¥, the covariance matrix of the error terms in the

2nd layer). This correlation reflects some consistencies in a brand’s reaction strategy
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Figure 2.3: Histogram of Posterior Means of Competitive Reactions for all 100 Brands
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over time. It also partly explains the similarity in the distribution of the immediate

and the dynamic effects.

2.6.2 Moderating factors of immediate and dynamic compet-

itive reactions

The second layer of our HB-OP model studies the effect of moderating factors on
immediate and dynamic competitive reactions. We calculate the posterior mean of
the percentage of explained variance of the reaction effects. For the immediate effect,
we explain 32.9% of the variance, and for the dynamic effect, we explain 22.0%. This
implies that there are some patterns in the calendar reactions that do reflect the
promotion competition between brands. Table 2.1 presents the posterior means and
posterior standard deviations of the parameters in the second layer of our model
(i.e. equation (2.3) and (2.4)). These results describe the moderating factors on the
competitive reactions.

From the estimates for immediate reactions, we find that the larger the market
share of the attacker, the more likely the defender will react. This is consistent with
our expectation and Steenkamp et al. (2005), which indicate that a more powerful

brand initiating a price promotion should expect more aggressive reactions by other



Table 2.1: Posterior Means of the Effects of Brand and Category Characteristics on Immediate and Dynamic Reactions

Characteristic Immediate Reactions Dynamic Reactions
Intercept 280 (.128) 132 (.126)
Brand Share Market Share of the Attacker .300  (.160) * -.002  (.161)
Distance in Share .006  (.092) -.060  (.091)
Share Asymmetry -.350  (.184) * .014  (.183)
Brand Price Price of the Attacker .003  (.005) .005  (.005)
Distance in Price -.009 (.018) -.034 (.018) *
Price Asymmetry -.001  (.020) .012  (.020)
Category Characteristics Budget Share 139 (.056)  ** .013  (.055)
Share of Brand 4 -.167  (.078)  ** .008  (.076)
Market Concentration 150 (.090) * .045  (.089)
Price Dispersion -.131  (.077) * -.0740 (.076)

CHAPTER 2. COMPETITIVE REACTIONS TO PRICE PROMOTIONS

34

Notes: Posterior standard deviations are in brackets.
* and ** = zero not contained in 90% and 95% HPD interval respectively.
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Figure 2.4: Moderating Effect of Market Share on Immediate Reactions
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brands in the category when controlling for all other factors. Next we find that if the
attacker’s share is greater than the defender, the likelihood that the defender reacts
will decrease with the increase of the attacker’s share. The total market share effect
is graphically presented in Figure 2.4, where the horizontal axis represents the market
share of attacker, the vertical axis represents the total market share effect (the sum
of the effects of the three market share terms in (2.3)), and each line represents a
certain market share of the defender.

As can be seen in Figure 2.4 that if the defender’s market share is 0.5 or larger
(so the attacker’s share cannot be greater than the defender’s share), then the total
market share effect increases monotonically with the attacker’s market share. How-
ever, if the defender’s share is smaller than 0.5, the total market share effect reaches
the maximum when the attacker has the equal share with the defender then falls
back with the increase of the attacker’s share. Thus a market with two brands that
each have half share is the most competitive.

All three brand price factors have no significant moderating effect on immediate
competitive reactions, which reveals that managers may not take these price factors
into account when they make immediate reaction decisions.

All four category characteristic variables have a significant moderating effect on

immediate reactions. First, consistent with our expectation, in categories that rep-
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Table 2.2: Market Shares and Prices of the brands in Category Beer and Oat Meal

Category Brand 1 2 3 4
Beer Market Share (%) 446 96 3.0 428
Price ($,/100z) 473 484 477 475

Oat Meal Market Share (%) 68.8 11.7 11.7 7.7
Price ($/1002) 021 023 014 0.20

resent a larger budget share, brands are more likely to react to each other’s attacks
compared with brands in categories that account for a smaller budget share. Sec-
ond, with the increase of number of brands in a category, the competitive reactions
become less intense. This captures the fact that brands have a low ability to react
in a market with many players, i.e. brand managers operate under a lower margin
so are less able to react. Third, in highly concentrated categories there are more in-
tense price retaliations, which implies a more competitive market. This implies that
the higher cross price effects in a more concentrated market are captured by brand
managers and build up their reaction intention. Moreover the dominant brands in
such a market do have more resources to implement price retaliations. Finally, just
as we have expected, in a category with differentiated products, the likelihood of the
occurrence of competitive reactions is lower than in a category with relatively similar
products.

For the moderating factors of dynamic competitive reactions, as can be seen in
Table 2.1, among all ten moderating factors, only one factor, namely distance in price,
has a marginally significant effect on dynamic competitive reactions. The negative
moderating effect of distance in price on dynamic reactions implies that two brands
who are close in price are more likely to compete with each other than two brands
who are far apart in price levels. One reason for the few number of significant effects
could be that the ratio of significant moderating effects out of all dynamic effects
is very low (lower than the ratio for immediate effects), and the magnitude of the
dynamic effect is too small. So there may be insufficient variation in it to examine
the corresponding moderating factors. Another possible reason is that the dynamic
effect itself is not affected by most of the moderating factors we discussed in this

study. In any case this finding calls for further research.

2.6.3 Posterior promotion probabilities

To illustrate the effect sizes of the moderating variables, we calculate the posterior

promotion probabilities for some brands (brand 1 and 2 in the beer category and
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Table 2.3: Posterior Mean Promotion Probabilities of Brand 1 in Category Beer

Brand 1’s Promotion Probabilities
under Different Scenarios

None

Promoting brand
Brand 2 Brand 3 Brand 4

Scenario 1 (Baseline)
Scenario 2
Scenario 3
Scenario 4

Scenario 5 (Expected Probabilities)

.442

507
494
.802
.650

474
464
779
613

479
451
770
.604

Table 2.4: Posterior Promotion Probabilities of Brand 2 in Category Beer

Brand 2’s Promotion Probabilities

Promoting brand

under Different Scenarios None Brand 1 Brand3 Brand 4
Scenario 1 (Baseline) .385 - - -
Scenario 2 - 413 435 411
Scenario 3 - 438 424 413
Scenario 4 - .480 .466 454
Scenario 5 (Expected Probabilities) - 454 442 .430

Table 2.5: Posterior Promotion Probabilities of Brand 1 in Category Oat Meal

Brand 1’s Promotion Probabilities
under Different Scenarios

None

Promoting brand
Brand 2 Brand 3 Brand 4

Scenario 1 (Baseline)
Scenario 2
Scenario 3
Scenario 4

Scenario 5 (Expected Probabilities)

157

185
.168
.360
204

195
.161
351
198

176
178
331
205
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brand 1 in the oat meal category) under different promotional scenarios in a non-
holiday week in the baseline season. The market shares and price levels of all the
brands in the two categories are presented in Table 2.2. We study five scenarios in
total. In each scenario we look at the promotion probability at time t. The scenarios

differ on the weeks prior to ¢.

e Scenario 1 (Baseline): no own or competitive promotions in the past two weeks.

Scenario 2: a competitor promotes at ¢ — 1 and no prior own promotion.

Scenario 3: a competitor promotes at ¢ — 2 and no prior own promotion.

e Scenario 4: a competitor promotes at ¢ — 2 and there is own promotion at ¢ — 1.

Scenario 5: a competitor promotes at ¢t — 2, no assumption for own promotion

at t — 1 (uses expected promotion probabilities).

The posterior probabilities for the first four scenarios are relatively easy to obtain
given a set of parameter draws from the posterior distribution. For each draw the
promotional probability for scenario 5 can be obtained from the corresponding prob-
abilities under scenarios 2, 3, and 4. Denoting the [-th draw of the promotional
probability under scenario 2, 3 and 4 by pél), pg), and pg) respectively, we obtain the
[-th draw for scenario 5 as pél)pg) +(1- pg))pgl).

As shown in Table 2.3, 2.4, and 2.5, in general, after a competitor promotes, a
brand is more likely to promote given no prior own promotion. The likelihood of a
promotion decreases a little bit one week later, but is still higher than the baseline
level. While if there is an own promotion in the previous week, the brand’s promotion
likelihood will increase considerably. Comparing the two categories, promotions are
more likely in the beer category compared to oat meal. Below we consider the
reactions in more detail.

We first look at the immediate reactions. Table 2.3 shows that the focal brand,
brand 1, is more likely to react to the attacks from brand 2 than from brand 3
(0.507 > 0.474). Brand 2’s attack increases brand 1’s promotion probability by 6.5
percentage points, from 0.442 to 0.507, twice as large as the effect size of Brand 3’s
promotion. This can be explained partly by the fact that the market share of brand
2 (9.6%) is larger than that of brand 3 (3.0%) and that the both attackers’ shares
are smaller than the defender’s share (44.6%). In other words this is a reflection of
the attacker’s share effect. The contrast with the results in Table 2.3 and 2.4 gives

a good example of the market share asymmetry effect, which states that the effect
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of market shares on reactions also depends on whether the attacker’s share is larger
than the defender’s. Table 2.4 shows that brand 3’s promotion increases the focal
brand’s (brand 2) promotion probability by 5 percentage points, from 0.385 to 0.435,
almost twice as the effect size of brand 1’s promotion. Although the market share
of brand 1 is larger brand 3, when the share of the attacker, brand 1 here, is much
larger than that of the defender, the reaction likelihood decreases with the absolute
share difference, ceteris paribus.

The effect of price distances on dynamic reactions can be clearly seen in the oat
meal category. In Table 2.2 we can see that the price of brand 2 ($0.23/100z) is
closer to brand 1 ($0.21/100z) than brand 3’s price ($0.14/100z). Table 2.5 shows
that brand 2’s promotion increases brand 1’s expected dynamic reaction probability
by about 5 percentage points, from 0.157 to 0.204, which is larger than the effect of
brand 3’s promotions (from 0.157 to 0.198). Thus we expect that dynamic reactions

of the defender to brand 2 are more likely to happen than to brand 3, ceteris paribus.

2.7 Conclusions

In this study, we proposed a HB-OP model to study the immediate and dynamic
calendar competitive reactions to price promotions. The first layer of the model ex-
amines the immediate and dynamic calendar reactions; the second layer relates the
immediate and dynamic calendar reactions to brand and category level characteris-
tics. Our main contributions to the literature on competitive reactions are: (1) we
focus on ordinal price promotions instead of all price variation, this variable ignores
changes in regular price and is less affected by measurement error, aggregation, and
decomposition issues; (2) the HB approach allows us estimate the parameters of the
two layers simultaneously, which is more efficient than a two-step approach; (3) we
allow more flexibilities in the specification of the moderating variables on competitive
reactions.

We applied the model to weekly promotions for 100 brands from 25 product
categories and estimate the model parameters using MCMC. Our results show that
the calendar reaction to price promotion attacks does exist but to a limited extent.
There are important competitive reactions in the market. In general the defenders
are more likely to react sooner than later on calendar.

We find that the immediate calendar competitive reactions can be explained by
several brand specific and category specific characteristics, which implies that brand

managers do take into account competition when plan their price promotions. The
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moderating effect of the attacker’s market share and a category’s budget share are
consistent with the findings in prior literature. Our new findings are that share dis-
tance mainly matters when the attacker’s share is larger than the defender’s, and that
the number of brands and product differentiation both negatively moderate the com-
petition in a category. Also there are more price retaliations in highly concentrated
markets.

For the dynamic calendar competitive reactions, we only find one significant mod-
erating factor, that is price distance. Consistent with our expectation, the closer two
brands’ prices are, the more likely they react to each other’s attacks. The few number
of effects may due to the small variation in the dynamic effects or the difficulty in
finding appropriate moderating factors.

For future research, there are several interesting topics. First, when making pro-
motional decisions, brands first decide whether they will promote and next they will
decide the extent of promotion. So one could try to use a Tobit model to fit the
promotional data: the first part (a binary Logit/probit model) explains whether
there is a promotion, and the second part (a linear model) explains the extent of
promotion. Second, we do not take into account the relation between manufactur-
ers and retailers. One could investigate this relation by studying the competitive
interactions between store brands and national brands. Third, one could study the
non-calendar competitive reactions across brands and categories when appropriate
data sets become available . Finally, we focus on price promotions in this chap-
ter while it would be interesting to study multi-competitive reactions to non-price

promotions and advertising.



Chapter 3

Retailer’s Chain Equity and

Private-Label Positioning

3.1 Introduction

In the last decades private labels have become more and more prevalent across all
fast-moving consumer-goods categories. Many retail stores have introduced private-
label brands and in many product categories these brands offer a variety of products.
In almost all categories and retail stores we see that one or two private labels compete
with the national brands. As a result, private-label products continue to rise globally
with a value share growth rate of 16.7% (Nielsen, 2019). The private labels accounted
for more than 30% of grocery sales in Europe and is catching up in the US during
the last recession and have reached a share of around 20% (Seenivasan et al., 2016).
The increasing importance of private labels offers retailers a way to differentiate from
their competitors. In this chapter we focus on this aspect of private labels, that is,
the impact of private labels on the competition between retailers by using a two-level
market share model to study how a retailer’s private label positioning influence its
chain equity.

Using the definition of customer-based brand equity proposed by Keller (1993),
we define customer-based chain equity as the differential effect of chain knowledge on
customer responses to the marketing-mix activities of the chain. As the number of
chains operate in one region is relatively small while there are many categories in each
chain, and a retailer may position its private labels differently across categories, we

will study category specific chain equity. To study the differential effect that can be
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attributed to the private-label program, we first investigate how retailer’s category-
specific market share depends on price changes by national brands and private labels.
Next, we examine the impact of the private-label positioning on the baseline market
share and the price sensitivities, both are category-specific. If a certain private-label
positioning strategy increases a retailer’s baseline share or makes its market share less
sensitive to price, we can conclude that this strategy contributes to customer-based
chain equity.

There are two main reasons for retailers to introduce and support the growth
of private labels. The first one is profitability. Retailers usually have higher retail
margins on private labels than on national brands. Moreover, they use private la-
bels as a negotiation leverage with national-brand manufacturers (Ailawadi et al.,
2008). Such a strategy brings direct profit gains to retailers. Empirical studies that
support this notion include Ailawadi and Harlam (2004) and Pauwels and Srinivasan
(2004). The second reason for retailers to carry private labels is differentiation. A
well-positioned private label can differentiate a retailer from its competitors because
private labels are exclusively available in the own stores. Indeed, Corstjens and Lal
(2000) argued that alternative retailer strategies for differentiation, such as, increased
service, extended opening hours, lower prices, and broader assortments, are less ef-
fective as competitors can easily copy these strategies. This is different for private
labels. Private-label programs will in fact create an even larger differentiation when
more retailers introduce private labels. The positioning strategies adopted by retail-
ers will likely be different, and this amplifies the differentiating effect of the private
labels. At the household level, Seenivasan et al. (2016) find a monotonic, positive
impact of private label loyalty on consumer store loyalty, and Ailawadi et al. (2008)
and Koschate-Fischer et al. (2014) find this impact is an inverted U shape. While at
the aggregate level, to what extent the differentiation created by the private labels
contributes to the customer-based chain equity for the retailer!, remains open to
discussion. In this chapter we aim to contribute to this issue by analysing a large
dataset on retailer market shares and information on private labels, across categories
and retailers.

We measure a retailer’s private-label positioning from the following three aspects.
First, we consider the breadth of the private label program, which is defined as the
number of categories in which a retailer carries a private label. Second, we consider
the relative price of the private label, that is, how much lower is the private label’s

price relative to the national brands in the same category. This measure reflects the

n this chapter we use the term chain and retailer interchangeably. In our dataset a chain or
retailer has more than one store.
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price positioning of the private label. Finally, we use the assortment size, that is, the

amount of product variants a private label has in a specific category.

We choose to study consumer response at an aggregate level using the retailer’s
market shares. As compared with household-level data, store-level data are less
vulnerable to sample representativeness issues (Bucklin and Gupta, 1999). They can
also be obtained across several retailers (Sriram et al., 2007), which does not hold
for household-level data because households usually do not visit all retailers. We
opt for market shares instead of sales as market shares nullify shocks and market
developments that affect all retailers simultaneously. Furthermore, market shares
allow for a clear focus on competitive structures. This makes market shares very
suitable as the unit of analysis. The data we use are extracted from the IRI Academic
Data Set (Bronnenberg et al., 2008). More specifically, we use weekly transaction
data from four main grocery chains across 21 categories in a US metropolitan area
(one of the 50 IRI markets) covering 261 weeks. As the data do not follow immediately
from the provided data format, we spent ample time to carefully compile the data for
our subsequent analysis. To evaluate the private-label positioning of various chains,
we choose the product categories in which all four retailers carry private labels and

discard those categories in which the private label sales are zero for many weeks.

For our exploratory analysis, we introduce a two-level hierarchical market share
model to analyse the data. The first level is a market share attraction model, which
is usually used to study brand shares, but here we use it to investigate chain shares
within each product category. We incorporate a second level to measure the impact
of the private-label positioning on baseline market shares, national-brand price sen-
sitivity, and private-label price sensitivity. In this second level we also control for
various chain and category characteristics. A Bayesian method is used to jointly

estimate the parameters in the two levels of the model.

The outline of this chapter is as follows. In Section 3.2 we review the relevant
literature, where some prior studies allow us to form expectations on the size and sign
of certain effects. These expectations are presented in Section 3.3 together with our
conceptual framework, which is useful for the subsequent data analysis. In Section
3.4 we discuss our data, propose our empirical methodology, and we give further
information on the estimation procedure. We relegate technical details to Appendix
B. In Section 3.5 we present our empirical results. Section 3.6 concludes this chapter
with various recommendations for retailers. In this section we also provide limitations

of our study and suggest a few further research topics.
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3.2 Literature

The literature contains studies that correlate private-label use to store loyalty at the
individual consumer level. Some studies find a positive correlation between private-
label use and store loyalty. As to the causal direction, there are major differences in
the focus of different studies. For example, Ailawadi et al. (2001) focus on the causal
effect of store loyalty on private-label usage. They use perceptual data to measure
store loyalty and private-label usage and find the two constructs to be positively
related. Their explanation is that store-loyal consumers trust their chosen store,
become familiar with its private labels, and therefore become more likely to use these
private labels (see also Richardson et al. 1994). Bonfrer and Chintagunta (2004) also
empirically find that store loyalty increases private-label choice probabilities at the
individual consumer level. On the other hand, Corstjens and Lal (2000) focus on the
reverse, that is, the private label’s ability to build store loyalty. They put forward
an analytical model to show that, under certain conditions, a high-quality private
label can generate store loyalty and enhance profitability. They empirically show
that store loyalty (measured by the share of a household’s expenditures) positively
depends on private-label penetration at the household level. Seenivasan et al. (2016)
also discover a monotonic positive relationship between private label loyalty and store
loyalty.

Nevertheless, there is other empirical evidence that private-label use is not neces-
sarily positively correlated with store loyalty. Richardson (1997) finds that private-
label users may actually be loyal to private-label products in general and not to the
specific brand of a particular retailer. This implies that consumers may not differ-
entiate between different retailers’ private labels. Thus there will be no differential
effect of private labels that would lead to increased retailer market shares. Moreover,
Ailawadi et al. (2008) find that there is a nonlinear relationship between private-label
use (measured by a household’s private-label share) and store loyalty (measured by
share-of-wallet). Private-label use and store loyalty both affect each other and both
effects have an inverted-U shape. Koschate-Fischer et al. (2014) obtain similar re-
sults.

The above mixed findings can perhaps be explained by differences in the private-
label positioning. When a retailer uses low-price low-quality private labels to capture
the price-sensitive segment in the market, the private-label users may be especially
attracted by the low prices and may not be loyal to any retailer. In contrast, a quality
or premium private label strategy can build up store loyalty because consumers may

link the chain’s image with the quality private labels they offer.
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Our study differs from the prior literature in three important aspects. First, we
explicitly focus on retail competition and study the market share at the chain level
using a hierarchical market share model. Second, we develop a systematic measure-
ment of the retailer’s private-label positioning across categories. We will elaborate
on this measurement in Section 3.3.1. Third, we investigate the contribution of the
private label to chain equity by studying the differential effect of the private-label’s

positioning strategy.

3.3 Conceptual Framework and Expectations

The expectations pertaining to the impact of price on the retailer’s market share
are quite straightforward. The retailer’s market share will be negatively influenced
by own price and positively influenced by competitor’s price and lagged own price
(due to stockpiling). This will hold for the price of the national brands as well as for
the price of the private label. We distinguish between national-brand and private-
label price changes to see how the market shares are affected by each. For example, a
negative private-label price effect implies that a decrease in private-label price not just
attracts consumers from national brands within the chain, but actually contributes
to the chain’s market share. The magnitude of the price effects may depend on the
private-label positioning and retailer and market characteristics. In the following
subsections we will mainly discuss the impact of private-label positioning and other
control variables on baseline chain shares and on own national-brand and private-

label price sensitivities.

3.3.1 Private-label positioning variables

The prior literature (Sayman et al. 2002; Meza and Sudhir 2010) defines the private-
label positioning as how different or similar a private label is compared to a specific
national brand within the same market. We aim to compare a retailer’s private-label
positioning across categories and retailers. To this end we need a more detailed

description of the positioning. Below we develop a three-dimensional measure.

Breadth of private-label program When retailers extend their private-label
programs across a larger number of categories, they make their private-label concept
more salient to consumers. On the one hand, this signals effort and commitment
to the program (Dhar and Hoch, 1997). Thus, a broad private-label program is

expected to increase a chain’s baseline share and make the chain share less sensitive
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to private-label price changes. On the other hand, a very salient private-label concept
emphasises price and in turn may make the retailer’s share actually more sensitive
to private-label and national-brand price. The breadth of the private-label program

is a retailer-specific factor and therefore does not distinguish between categories.

Private-label price positioning A low-price private-label strategy emphasises
the price competition between retailers, and thus makes a retailer’s share more sen-
sitive to private-label price changes. At the same time, a low-price private label may
attract more price-sensitive consumers who actually visit the stores of a chain for
the cheap private-label products. Therefore a low-priced private label may increase a
retailer’s baseline share. The segment of consumers who only buy the low-price prod-
ucts may not be affected by national-brand price promotions as even the discounted
national-brand products may still be considered as too expensive. The private-label
price positioning is specific to a certain product category. The price gap between
national brands and private labels may vary substantially across categories because
of the different market characteristics of each category (Meza and Sudhir, 2010).
To disentangle the differences across categories from the overall retailer’s position-
ing, we measure the national brand-private label price differential relative to average

category price, or in other words the relative price gap of the private label.

Private-label assortment size Having a large number of products in the private-
label’s assortment is an indication of the retailer’s effort to create differentiation in
its private label and to satisfy various consumer needs. Consumers are more likely to
find what they need in a larger assortment (Kahn, 1998). Thus we expect that a large-
private label assortment contributes to a chain’s baseline share. The differentiation
created by a large number of private-label products may also make consumers less
sensitive to private-label prices. With a large assortment size, the private label can
attract more consumers from the national brand and thus make the market share less
sensitive to national-brand price. The assortment size varies across categories. To
disentangle category differences from chain positioning, we measure the assortment

size relative to the average category level.

3.3.2 Chain/category-specific control variables

We also consider variables to control for the impact of other chain characteristics.

These variables are chain- and category-specific, including overall assortment size,
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overall price level, and promotion intensity. Similar as for private-label price and

assortment size, we measure all these variables relative to the average category level.

Chain/category assortment size Retailers offer different assortment sizes across
categories. On the one hand, consumers have heterogeneous preferences and variety-
seeking tendencies, a wider assortment size would meet the diverse needs of consumers
better and thus increase market share (Kahn, 1998). While on the other hand too
many choices would increase a consumer’s cognitive effort. If consumers feel over-
whelmed and choose to buy nothing, a too large assortment could be detrimental to
market share (Gourville and Soman, 2005). We will allow for such a nonlinear effect
by including a quadratic form of assortment size in our model to capture the possible

decrease in the marginal effect.

Chain/category price level The average price level of all brands within a cate-
gory reflects the overall price positioning of a retailer. A relatively high price posi-
tioning may be due to the high service the retailer provides or to an assortment with
more quality national brands. Better service may contribute to a retailer’s baseline
share, while more expensive products may do the contrary. In either case, the retailer
aims to meet the special service or quality needs of part of the consumer population.
These consumers are usually less price sensitive. Thus the total market share is ex-
pected to be less sensitive to both national-brand and private-label prices when the

category price level is high.

Chain/category promotion intensity Frequent price promotional activities can
build store traffic (Dhar and Hoch, 1997), and thus may contribute to a chain’s base-
line market share. On the other hand, intensive promotions lead to price-conscious
consumers (Fok et al., 2006), therefore intensive promotions are expected to make

market share more price sensitive.

3.3.3 Category-specific control variables

Finally we consider category-specific variables to control for market-level differences
across categories. These variables are by definition the same across retailers, so they
cannot have an impact on a chain’s baseline market share. They may affect chain

share price sensitivities.
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Category sales High category dollar sales reflects either a high general price level
or that large quantities are purchased (Fok et al., 2006). In both cases the category
takes up a relatively large part of the consumer’s budget. When such a product is
on promotion, consumers are likely to accelerate their purchase or to stockpile the
product in order to take advantage of the price deal (Macé and Neslin, 2004). Thus

the chain share of such categories is expected to be more sensitive to price changes.

Category private-label development In some categories private labels have
larger overall shares than in others. The differences in private-label penetration are
mainly determined by differences in category characteristics (Dhar and Hoch, 1997).
For example, in categories like paper towels and milk, private labels usually have high
penetration; while in categories like shampoo and frozen pizza, private label share
is relatively low. The private-label development is a good indicator for category
characteristics. In categories with a higher penetration, chain share is expected to
be more sensitive to private-label price. In categories with a lower penetration, chain

share is expected to be more sensitive to national-brand price.

Category number of brands Categories with many national brands may either
be very competitive or very differentiated. If the category is highly competitive, con-
sumers are expected to be price sensitive. However, if the market is very differentiated

consumers may be price insensitive.

To summarise the above we list all variables and their expected signs in Table 3.1.
As the signs of price effects are usually negative, a negative moderating effect on price
effects means that the price sensitivity is strengthened and a positive moderating

effect decreases price sensitivity.

3.4 Methodology

In this section we first discuss our data set and next we present our hierarchical

market share model.

3.4.1 Data

The data are part of the IRI Academic Data Set (Bronnenberg et al., 2008). We
spent quite some time to compile the original scanner data, chain and store informa-

tion, and product information files into a format that fits our research needs. We use
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weekly transaction data from four main grocery chains in a US city area (one of the
50 IRI markets) spanned over 261 weeks from October 2001 to October 2006.2 The
sales of the four chains cover around 90% of the total sales of all grocery chains in the
data set in this area. Among the 30 product categories on which the data set pro-
vides information, there are 21 categories for which the four retailers have continuous
non-zero private label sales. For the remaining 9 categories®, retailers either do not
sell private labels or they witness many continuous zero sales for their private labels.
We label these 9 categories as “PL-weak” categories. The data of the 9 “PL-weak”
categories will only be used for calculating the breadth of a chain’s private-label pro-
gram. The other 21 categories, used to calibrate our hierarchical market share model,
are: blades, coffee, cold cereal, diapers, facial tissue, frozen dinners/entrees, frozen
pizza, household cleaners, hot dog, margarine/butter, mayonnaise, milk, mustard &
ketchup, paper towels, peanut butter, salty snacks, shampoo, spaghetti/Italian sauce,
sugar substitutes, toilet tissue, and toothbrushes.* The market shares are aggregated
to the chain level. For each category, we sum the store weekly volume sales to get
the chain weekly volume sales, which are then used to obtain chain weekly market
shares. We use volume sales instead of dollar sales to calculate shares as we want to
focus on explaining the market shares by the chains (private-label) positioning. Part
of the positioning is the choice of the overall price level. As the price positioning is
used as an explanatory variable in the second-level model, we choose to use a share

measure that is independent of prices.

3.4.2 Hierarchical market share model

Our hierarchical model consists of two layers. The first layer is a market share

attraction model describing the retailers’ market shares in a specific category (see Fok

2We have chains 1, 2, 3, 4. But due to some unique characteristics of chain 4, part of the data
of chain 4 are showing up under another chain name, for example chain 5 for some weeks. We sum
the sales of chain 4 and chain 5 to get the “real” sales of chain 4 and take the larger assortment size
among the two chains as the “real” assortment of chain 4. We get reasonable data series from this
aggregation for most categories except for blades, diapers, shampoo, and toothbrush. These four
categories witness a sudden surge in sales and assortment size during the weeks when data show
up under chain 5. To control the effect of the data aliasing we include a dummy variable for all
the categories. The dummy equals one for those weeks where part of the data of chain 4 shows up
under chain 5, and zero elsewhere.

3These categories are beer, carbonated beverages, cigarettes, deodorant, laundry detergent, ra-
zors, soup, toothpaste, and yogurt.

4 Among the 21 categories, sugar substitutes, household cleaners, and shampoo have zero private
label sales entries during the initial period of the data set. This may be caused by private label
entry before the start of the data set. To have a “clean” data set with mature private labels, we
removed the first few observations with zero private label sales. For sugar substitutes, we removed
the first 40 observations; for household cleaners and shampoo we removed the first 10.
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et al., 2002 for a review and full discussion of the market share attraction model). The
second layer associates chain baseline market shares and price-sensitivities across all
categories and chains with private-label positioning variables and some other chain-

and/or category-specific characteristics.

First layer: market share attraction model For each product category we
specify a market share attraction model. Let MS, ., denote the market share of
chain ¢ (i = 1,..., I, ) in category ¢ (¢ = 1,..., C,) in week ¢, where I is the total
number of chains in the market and C gives the number of categories. This market
share is assumed to equal the attraction of the chain in the category in week ¢ (A4; ;)
divided by the sum of the attraction of all chains in the same category in week t,

that is,
Ai,c,t

I
Zj:l Ajet

The attraction in turn is associated with marketing-mix variables, lagged marketing-

MS; et = fori=1,..., I. (3.1)

mix variables, and lagged market shares. We use the following variables: F' denotes
feature, measured by the percentage of volume sales associated with a product on
feature; D denotes display, measured by the percentage of volume sales that are
on display; NBP and PLP denote national-brand price and private-label price,
respectively, measured by dollar sales divided by volume sales; and ST denotes the
number of stores open for a particular chain in a particular week. The ST variable is
included to control for the store availability of a chain. The attraction specification

reads as

I

Ajer=exp | pie+ Z (Bs.j,i,cFjet + BajieDijet) + €ict
=1

I
11 (NBPJ%;?’”CPLPfi;Q’"’CST;;*"’*CNBPﬁ”foPLPﬁ;ZZ’fMSﬁ;i’i’{) , (3.2)
j=1
where the error term (1 ¢4, ..., €1,¢,¢)’ follows a normal distribution with mean zero
and I x I covariance matrix A.. The constant p; . represents the baseline attraction
of chain 7 in category c, which is the attraction level of a chain corrected for all the
explanatory variables in (3.2). The attractions are monotonically related to baseline
market shares. A large p; . means a large baseline attraction and consequently a
high baseline market share. Hereafter we will use the term “baseline market share”

to refer to p; .. The By ;.. (k = 1, 2, 3, 4) parameters represent the effect of
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marketing instrument £ of chain j on the attraction of chain i, v, ;. represents the
effect of number of stores of chain j, and the a, ;i (p = 1, 2, 3) parameters represent
the effect of lagged variables.

To estimate the parameters, we take one chain as the benchmark and linearize the
model. By taking chain I as the base chain and calculating the difference between

the natural logarithm of MS; .+ and M Sy .+, we get
lOg M‘S’i,c,t - 1Og MSI,c,t = Mi,c — Mi,c

I
+ Z(ﬂs,j,i,ch,c,t + BajieDyjer + B1jiclog NBP;
=1

+ B2,j,i,c log PLPj .t + 7j,i,c108 STy et + &1 j4,clog NBPj 41

+ a2 jiclog PLPjct1 + 634108 MSjct—1) + Nict s
(3.3)

for i =1,..., I —1. The linearization shows that only the parameter differences fi; . =
Mie = Bles Prie = Priic = Brgle Viie = Vide = Vider Opjic = Opjic — Opjle
are identified. The error term in (3.3) becomes 7;c; = €ict — €1,ct- Given the
assumption on the errors in the attraction specification, (7 ¢ty ..., N1.ct)’ follows a

normal distribution with mean zero and (I — 1) x (I — 1) covariance matrix %..°

Model selection The market share attraction knows many restricted forms, and
many more extensive specifications. For example, more lags of prices and sales may be
used or lags of the other variables may also be considered. To arrive at the attraction
specification in (3.2) we started from a “full model” with two period lags of feature,
display, price, and market share. Next, Likelihood Ratio test are performed for each
category on the number of lags for each model component. Combining the test results
from all the categories, we obtain the specification in (3.2), that is no lag of feature
or display, one lag of price, and one lag of market share.

Next, we further test the models for other restrictions. Well-known restrictions
are: restricted competition, where the marketing instrument of chain 7 is assumed to
not influence chain j, and restricted effects, where on top of the restricted competition
assumption the impact of a marketing instrument on the attraction is assumed to

be constant across chains (see Fok et al. 2002). We tested these assumptions for the

5Given no restrictions on A, the covariance of (e1,c,t5 -+ €1,¢,¢)’, there are no restrictions on X,

either. The relationship between X, and A, is given by . = LA.L’, where L = (11_1; —iy_1) with
I;_1 an identity matrix and i;f_; a unity vector.



3.4. METHODOLOGY 53

price components using F-tests. It turns out that for most categories we cannot reject
the null hypotheses that a chain’s attraction is only influenced by its own national-

brand and private-label price®

. Note that although the price competition effect on
attraction is restricted, a chain’s market share is still influenced by all other chain’s
prices because the denominator in (3.1) is a sum of all chain’s attractions. Given this

assumption, we obtain as the final first-level model”

lOg MSi,c,t - 1Og MSI,c,t = Mi,c — Hi,c
I

+ > (BsjicFiet+ PajieDjes
=1

+ Yj,i,c 10g STy et + a3 j i log MSj e 1)

+ B1,i,c log NBP; . — B1,1,. 1o0g NBPr ¢

+ B2,i,clog PLP; .t — Ba.1,clog PLPr 4

+ o, logNBP; 41— a1,1,.log NBPr o1

+ag;clogPLP; ¢t 1 —oag g clog PLPr ey 1+ Nict -
(3.4)

Note that we can now identify all the parameters that relate to the price effects. The

baseline market share parameters fi; . are however still not identified separately.

Second layer: explaining baseline market share and market share price
sensitivity In the second layer of the model we relate the baseline market shares

and the price effects to a set of moderating variables. The second layer consists of

6 Among all the 21 categories, only 1 category, namely peanut butter, rejects the restricted
competition assumption on national-brand price; 7, namely frozen pizza, household cleaners, milk,
peanut butter, spaghetti/Italian sauce, sugar substitutes, and toothbrushes reject the restricted
competition assumption on private-label price ; 7, namely blades, diapers, hot dog, mayonnaise,
mustard & ketchup, peanut butter, and toothbrushes, reject the competition restriction on lag
national-brand price; 2, namely peanut butter and toilet tissue, reject the competition restriction
on lag private-label price. There is only one category, peanut butter, that rejects all the restrictions
on national-brand price, private-label price, lag national-brand price, and lag private-label price.

"Due to the earlier mentioned data problem with chain 4, we include the dummy variable Dum;
mentioned in footnote 2 in equation (3.4) when we estimate the model. Dum: equals to one for
those weeks when part of the data of chain 4 shows up under chain 5. Dum; is not shown in the
equation.
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three linear equations:

Hie = X;L,i,caﬂ + fu,i,c (35)

Brie = X;?,i,cal + &1 (3.6)

52,2',6 = Xlli,i,c92 + f?,i,c (37)

for i =1,2,...,I and where (£, &1c, &2,5,c)" 18 normally distributed with mean

zero and a 3 x 3 covariance matrix 2. As listed in Table 3.1, we explain the baseline
market share of chain ¢ in category ¢ (i) by three private-label positioning factors
(Breadth of program, Relative price gap of private label, and Private label assortment
size) and three chain and category control factors (Chain assortment size, General

price level, and Promotion intensity).

In the market share attraction model only the differences fi; . = p;,c — pir,c are
identified. However, (3.5) specifies a model for ;.. Implicitly, (3.5) implies that
fie = (Xpie — Xpu1,e)0u + &ujiie — &u1,e- This shows that 6, is identified as long as
the matrix formed by the differences of X, ; . — X, 1. has full rank. This implies
that for the baseline market shares we should not include a constant in (3.5). The
advantage of the specification in (3.5) is that the parameters have a straightforward
interpretation and that we obtain a natural correlation structure for the random

shocks in p; ..

summarising, X, ; . consists of six explanatory variables with no intercept. The
explanatory variables for national-brand price sensitivities (81 ;) and private-label
price sensitivities (82 ; ) are the same, denoted by Xz ; ., and include the six explana-
tory variables in X, ; ., a constant and three category control variables (Category

size, Category private label development, and Number of brands).

In a related paper, Datta et al. (2017) use market share model to study sales-based
brand equities and raise endogeneity issue as they allow the intercepts to change over
time. They control for endogeneity by including quarterly dummies and Gaussian
copulas. In our market share model, we include lagged marketing mix variables and
lagged market shares of the focal retailer and all the competitors to account for
the effects of possible strategic marketing mix adjustments over time. Our baseline
market shares and effects of marketing-mix variables are all time invariant, therefore

the endogeneity issue of Datta et al. (2017) is not present here.
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3.4.3 Variables in the second level of the model

In this subsection we give the details of the definitions of all explanatory variables
in the second layer of the model. All these variables are standardized, that is, they

have mean zero and unit variance, such that we can easily compare the effect sizes.

The Breadth of a private-label program is measured by the number of cat-
egories in which a retailer carries a private label. All four chains carry private labels
in the 21 categories we use to estimate our model parameters. In the 9 “PL-weak”
categories there are cases where a retailer introduced a private label in a category
within the time span of the data set or even cancelled the private label some weeks
after the introduction. For each chain each category, we calculate the ratio of num-
ber of weeks with positive private label sales and total number of weeks. This ratio
equals 1 for the 21 categories we use to estimate our model and is smaller than 1 for
the 9 “PL-weak” categories. Then we sum the ratios across all the 30 categories for

each chain.

The relative price gap of a private label is obtained by comparing the prices.

For the private label of chain 4 in category ¢ we use

NBP,, — PLP;.

PLPriceGap;. = NBP )

(3.8)
where the private-label price of chain ¢ in category ¢ (PLP;.) is the average price

over time defined by
T

1 $salesPL;.t
PLP;,, = — _— 3.9
T Z volsalesP L.t (3.9)

A similar calculation is used for the average national-brand price (NBP;.). In Figure
3.1 we present a graphical summary of this variable. There is a large variance in the
level of private label price gap across the 21 categories. This variance largely comes
from category differences. We therefore subtract category average from PLPriceGap
to get a chain’s private-label positioning relative to the average category level, that
is,
1
RPLPriceGap;. = PLPriceGap;. — Vi Z PLPriceGap;e. (3.10)
i=1
The private-label assortment positioning is quantified by the average num-
ber of UPCs (Universal Product Code) a private label has in a category over time
(referred to as PLassor; ). Figure 3.2 shows the assortment size across categories

and chains. To disentangle the category difference from chain positioning, we com-
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Figure 3.1: Relative price gap of private label — How much cheaper is the private
label relative to the national brand
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pute

PL ic
RPLassori. = 5 assor —-1. (3.11)
+3L_, PLassor;.

We measure the private label assortment positioning by the percentage that a chain’s

private label’s assortment is larger or smaller than the average category level.

Figure 3.2: private label Assortment Size
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To obtain the chain/category assortment size we first calculate the average
number of UPCs that chain 4 has in category ¢ over time: assor;.. Next we compare
assori. to the category average value over all retailers and measure the relative
percentages to get the chain’s assortment positioning: Rassor;..

The chain/category price positioning is operationalized as follows. The price
of chain ¢ in category ¢, Pj., is measured by the average dollar sales divided by average
volume sales. Next we calculate the percentage a chain’s price in a category is higher
or lower than the average category level to get the chain’s price positioning: rP;..

The original data contains an indicator for price promotions. The indicator equals
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one when the price cut is larger than 5%. We use this indicator to calculate the
percentage of volume sales that are sold on promotion and use it as a proxy for
chain/category promotion intensity. Again we subtract the average category
level to get a relative measure.

Finally, the category size is measured by the sum of the average weekly dollar
sales over all chains in a category. The category private label development
variable is measured by the average of the weekly private label volume shares over all
chains in a category. To count the number of brands we use the UPC descriptors
at L5 level in the original data. This variable equals the average number of brands

sold in a category.

3.4.4 Estimation

A Bayesian approach is applied to simultaneously estimate the parameters in the two
layers of the model, that is, all the parameters in (3.4), (3.5), (3.6), and (3.7). We use
the Gibbs sampler (Geman and Geman, 1984) with data augmentation (Tanner and
Wong, 1987) to perform the Markov Chain Monte Carlo (MCMC) simulation and
to obtain posterior results. We use uninformative priors for all parameters. Starting
values for the chain are based on the results of a frequentist two-step estimation (that
is first estimate the market share models for all categories, then stack all t; ¢, 51,4 ,¢,
Ba,ic fori=1,.., I and c=1,..., C, respectively and estimate three linear models).

Details of the Bayesian estimation procedure are presented in Appendix B.

3.5 Empirical results

We obtained 150,000 draws from the Markov chain and discarded the first 50,000
draws as a burn-in period. Of the remaining draws we save each 20th draw to remove
auto-correlation in the chain. Our posterior results are thus based on 5,000 draws.
The simulation procedure is implemented in R. The Geweke test (Geweke, 1992)
and the Heidelberger and Welch stationarity tests (Heidelberger and Welch, 1983)
in the Bayesian output analysis (boa) package (Smith, 2007b) show that the Markov
chain has converged. We have compared the results of this simultaneous estimation
procedure with the two-step frequentist estimation. Our estimates are mostly in
line with this conventional two-step approach, but are in general more efficient.The
standard errors are smaller due to the simultaneous treatment of both levels of the
model. As a result we have more significant national-brand price coefficients and

private-label price coefficients. From the two-step approach, we get 78 significant
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national-brand price coefficients and 46 significant private-label price coefficients.

From the Bayesian approach, we get 80 and 51 significant coefficients, respectively.

3.5.1 Results for first-layer: baseline market shares and price

sensitivities

We summarise the estimates for the first-layer parameters in Figure 3.3. The distri-
bution of the posterior means of the baseline market share is presented in the upper
left plot in Figure 3.3. The plot shows the posterior means of the constants in the
first-layer across all chains and categories (u;.). As expected the constants are all
spread around zero. This matches equation (3.5) where the expected value of p; . is
restricted to be zero because a constant is not included in the matrix of explanatory
variables. Note again that the mean of ; . is not identified as only the differences of
i c matter for market shares. Chains with a positive baseline chain share parameter
will be more attractive than the other chains after controlling for price, marketing-
mix variables, and number of stores. Our posterior results show that there are only a
few significant non-zero constants, 8% of all the constants, 7 out of 84, are significant,
that is, zero is not contained in the 95% HPD interval. More specifically, chain 4
has larger baseline shares in five categories: blades, diapers, mayonnaise, mustard
& ketchup, and shampoo. The other three chains have constants close to zero in
almost all categories, except for chain 1 in toilet tissue and chain 2 in salt snacks and
mustard & ketchup. In these cases the baseline shares are significantly smaller. This
implies that most market share differences across chains are explained by price and
other marketing-mix instruments.

Figure 3.3 also shows the histograms of the posterior means for the national-
brand and private-label price sensitivities, see the upper middle and upper right plot,
respectively. As can be seen in the figure, almost all price effects are negative, which
means market shares are negatively associated with both national-brand and private-
label prices, just as expected. The dispersion in the national-brand price sensitivities
is larger than that in the private-label price sensitivities. There are more significant
national-brand price effects (80 out of 84 or 95%) than significant private-label price
effects (51 out of 84 or 61%). The mean national-brand price effect (-1.11) is stronger
than the mean private-label price effect (-0.19). Overall, the posterior probability
that the national-brand price effect is stronger than that of the private label is 0.80.
This implies that the market shares are more sensitive to national-brand prices than
to private-label prices. In other words, price promotions in national brands are most

effective in increasing the chain’s market share.
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Figure 3.3: Histograms and Scatter Plots
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The bottom panel of Figure 3.3 shows scatter plots which present the possible
correlations between the posterior means for the baseline shares and the two price
sensitivities. As shown in the graphs, there is no obvious correlation between baseline
market share and the two price effects (lower left and middle plots). There is a
significant negative correlation (-0.39) between the two price effects (lower right plot),
and this means that when a private-label price has a large impact on share, the
national-brand prices tend to have a small influence on share. The source of this
correlation will become clearer when we observe the results from the second-layer of
the model.

3.5.2 Results from second-layer: private-label positioning ef-

fects and other moderating effects

The second layer of our model captures the effect of the positioning of the private
label and other chain- and/or category-characteristics on baseline market shares and
share price sensitivities. The posterior results are presented in Table 3.2, where
the three columns give the moderating effects on the three dependent variables. As
the moderators are standardized, we can see that the most important factor that
affects baseline market share is chain/category assortment size, while the factor that
influences price sensitivity the most is category private label share.

First of all, we did not find significant impact of private-label positioning factors
on chain baseline market shares. Although for some categories, for example blades
and diapers, the chain (chain 4) that offers the cheapest private-labels has larger
baseline market shares, a statistically significant correlation between positioning and
market share cannot be established. The private-label price position of chain 4 in
blades and diapers may well contribute to their larger baseline market shares, but the
relationship cannot be statistically generalised to other chains and other categories.
The only factor that has significant impact on baseline market share is chain/category
assortment size. Retailers who have a larger assortment than the average category
level have a larger baseline share in the category. This is consistent with the finding of
many studies, see for example Bayus and Putsis (1999) and Kahn (1998). Although
the coeflicient of the square of assortment size is negative, it is not significant.

The private-label positioning variables do have an impact on price sensitivities.
First, the breadth of a private-label program has a negative influence on the private-
label price sensitivity (see coefficient -0.040 in the last column of Table 3.2). This
implies that the market share of a chain with a broad private-label program is actu-

ally more sensitive to its own private-label price than a chain with a narrow program.
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Table 3.2: Posterior Means of the Moderating Effects on Chain Share and Price Coefficients

Effects on
Moderators Baseline National Brand Private Label
Market Share Price Coefficient Price Coefficient
Intercept -1.119 (0.044) ***  -0.190 (0.018) ***

- Private Label [PL] Positioning Factors
Breadth of PL Program

Relative Price Gap of PL

PL Assortment Size

-0.119 (0.113)
-0.096 (0.097)
-0.020 (0.135)

- Chain- and Category-specific Control Factors

Chain/Category Assortment Size
Chain/Category Assortment Size squared
Chain/Category Price level
Chain/Category Promotion Intensity

- Category-specific Control Factors
Category Sales

Category PL Development
Category Number of Brands

Posterior Mean of % explained

0.370 (0.125) ***
-0.143 (0.096)
-0.073 (0.098)
0.128 (0.105)

28.1%

-0.057 (0.041)
0.063 (0.034) *
0.098 (0.046) **

-0.038 (0.046
0.008 (0.029)
0.083 (0.036) **
-0.031 (0.039)

-0.069 (0.050)
0.266 (0.045) ***
0.100 (0.047) **

58.0%

-0.040 (0.018) **
0.016 (0.014)
0.010 (0.019)

-0.002 (0.018)
-0.003 (.0.12)
0.052 (0.014) *¥*
-0.037 (0.018) **

0.043 (0.020) **
-0.223 (0.018) ***
-0.033 (0.020) *

86.7%

Notes: Posterior standard deviations are in parentheses.
*ak k*and * = zero not contained in 99%, 95%, and 90% HPD intervals, respectively.
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By carrying private labels in categories where other retailers do not sell a private la-
bel, categories like for example beer, carbonated beverages, and deodorant, a retailer
apparently makes its private label concept more salient to consumers. Given that
private-label prices are usually lower than national-brand prices, a more salient pri-
vate label concept emphasises the importance of price, and therefore makes a chain’s
share more sensitive to private-label price. On the other hand, a retailer facing more
price-sensitive consumers may choose to sell private-labels in broader categories in

the first place. So this negative correlation arises from a mutual causation.

Secondly, for the price positioning of the private label, we find that it has a positive
effect (0.063, moderately significant, in the 3rd column of Table 3.2) on national-
brand price sensitivity. This means that when the price gap between a private label
and national brands is large, the impact of national-brand price changes on market
shares tends to be smaller than when the price gap is small. A reason for this is
that the low-price private label strategy increases the proportion of consumers in
store who are price-sensitive. For example, suppose that one retailer’s private label
is 20% cheaper than its national brands, and that another retailer’s private label is
40% cheaper. Even when there is a 20% discount, the latter national brands are still
more expensive than the private label. So price-sensitive consumers may still stick
to the private label. They are therefore less likely to be affected by national-brand

price changes.

Third, we find that the larger the private label assortment size, the less sensitive
the chain’s share is to its own national-brand price (0.098). When there are more
choices for the private label, it is more likely that consumers will find a certain private
label item that fits their preferences. These consumers would be less sensitive to

national-brand prices.

Besides the private-label positioning effects, we do have some other interesting
findings on the chain- and category-specific control variables. First, a chain with high
average category price level is less sensitive to both national-brand and private-label
prices (see coefficients 0.083 and 0.052 in the 3rd and last column of Table 3.2). This
is consistent with our expectation that a chain with high general price has less price
sensitive consumers. Second, more promotions make the market share more sensitive
to private-label price (-0.037 in the last column of Table 3.2), while they have no

significant impact on sensitivity to national-brand prices.

In addition, we find some significant category-specific control variables. First, just
as we expected, the market share in categories with high private label share is more

sensitive to private-label price and less sensitive to national-brand price compared to
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the market share in categories with low private label share (see the coefficients 0.266
and -0.223 at the bottom panel of Table 3.2). This is the main source of the negative
correlation between national-brand and private-label price effects reported in Section
3.5.1. In categories with high sales, market share is less sensitive to private-label
price (0.043). Finally, in categories with more national brands, market share is less
sensitive to national-brand price and more sensitive to private-label price, although
the latter effect is just moderately significant (0.100 and -0.033). This implies that
more national brands create differentiation among the national brands, while they

bring more competition for private labels.

3.6 Conclusion and Discussion

Private labels play an important role in a retailer’s strategy. The interaction between
private labels and national brands has been investigated in many studies, while the
impact of private labels on the competition between retailers at the aggregate level
has not been studied before. We studied whether private labels can differentiate a
retailer from its competitors and thus can contribute to chain equity. To this end
we investigated the impact of retailer’s positioning of private labels across categories
on their category-specific market shares and market share price sensitivities via a
hierarchical market share model.

The results of our analysis show that the first level of our market share model
fits quite well. Most variations in the chain and category specific market shares can
be explained by the explanatory variables. Besides, we find that the market shares
are more likely to be affected by national-brand prices than by private-label prices.
Moreover, the effect size of national-brand price is stronger than that of private-label
price. So generally speaking price promotions in national brands are most effective
in increasing the chain’s market share.

In the hierarchical part of our model we link the baseline market shares and the
price sensitivities to the retailer’s private-label positioning strategy. Retailers can
position their private label in terms of price, assortment size, and the number of
categories that carry the private label. Across retailers and categories there tends
to be a large variation in this positioning. We did not find significant impact of
private-label positioning factors on chain baseline market shares. Although for some
categories, for example blades and diapers, the chain (chain 4) that offers the cheapest
(relative to national-brands in the chain) private-labels also has the largest baseline

market shares in the two categories, a statistically significant correlation between
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positioning and market share cannot be established. The private-label price position
of chain 4 in blades and diapers may well contribute to their larger baseline market
shares in the markets, but the relationship cannot be statistically generalised to other
chains and other categories in our dataset. Instead, the total category assortment
size contributes to a retailer’s baseline market share positively. So retailers could
increase their own attractiveness by enlarging the overall category assortment size.
For the marginal effect of assortment size, we find a negative but not significant effect
of squared assortment size. Given our data limitations, whether there is a decreasing
marginal effect of assortment therefore remains ambiguous. We have to leave the

determination of the optimal assortment size to further research.

How a retailer positions its private label does have an impact on the price sensi-
tivities. First, by carrying a private label in a broad number of categories, retailers
actually emphasise the price concept. This makes their market shares more price
sensitive. On the other hand, a retailer facing more price-sensitive consumers may
choose to sell private-labels in broader categories in the first place. So this negative
correlation arises from a mutual causation. Second, the cheaper the private labels
compared to the national brands, the less sensitive the chain’s market share is to
national-brand prices. If a retailer sells a very cheap private label, we expect that its
national-brand promotions become less effective in gaining market share. Third, the
larger the private label assortment size, the less sensitive is the chain’s share to its
own national-brand prices. If a retailer has large private label assortment compared
to its competitors, we expect that increasing national-brand price has less impact on
market share, and that national-brand promotions become less effective in stealing

away market share from competitors.

In conclusion of the private-label positioning effect on chain and category spe-
cific equity, a relatively lower priced private-label programme with larger assortment
would be the most effective in weakening the market share price sensitivity to national

brands, thus contribute to the chain differentiation.

Besides the private-label positioning effects, we also have some other interesting
findings. First, a chain with high average category price level is less sensitive to
both national-brand and private-label prices. Second, more promotions make the
market share more sensitive to private-label price, while such promotions have no
significant impact on the sensitivity to national-brand prices. Third, the market share
in categories with high private label share is more sensitive to private-label price and
less sensitive to national-brand price compared to the market share in categories with

a low private label share. Fourth, in categories with high sales levels, market share is
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less sensitive to private-label price. Finally, in categories with more national brands,
market share is less sensitive to national-brand price and more sensitive to private-
label price, which implies that more national brands create differentiation across the
national brands, while they bring more competition for private labels.

Our research has some limitations, which suggest several avenues for future re-
search. First, some chain and category factors are not constant in the medium or
long term. For example, the assortment size could vary over time or from season to
season. Our modeling setup however requires us to treat them as constant during
the five year period of our data set. The impact of changes in the assortment size
on the competition between retailers is an interesting issue for the future. Second,
our results are bounded to one U.S. grocery market. How the private-label posi-
tioning influences the competition among retailers can also be studied in European
markets, where private labels seem to play a more important role. Third, one retailer
could have multiple private-label brands across categories, usually a cheap label and
a quality label. Due to our data limitations, we have no information about multiple
private labels. If a retailer has multiple private labels, then what we have studied
is the impact of the average positioning of the private labels. The roles that multi-
ple private labels have in the competition between retailers remains another future

research direction.



Chapter 4

Forecasting own brand sales:

Does incorporating competition
help?

4.1 Introduction

Forecasts of brand sales are relevant to both retailers and manufacturers. Fore-
casts give an impression of what future sales patterns can look like, and it helps to
understand the competition between brands. This can facilitate the brand level or-
ganisation for the retailers and help the manufacturers to gear changes in the future
marketing mix.

Brand sales forecasts are often generated from econometric time series models
(Hanssens et al., 2003), where the well-known SCANPRO model (Wittink et al.,
1988) is an illustrative example. Such models usually include past sales and own
marketing activities (current and past), but frequently also variables concerning past
competitor behaviour are included, at least if one knows this competition. Such
variables can substantially improve the predictive performance. As retailers have
the most complete information regarding to sales and promotions, in this chapter we
take a retailer’s point of view and address various ways to include information on
competitors for the prediction of within-store brand sales.

Our key conjecture is that in practice it is often not known which brands are

effectively the main competitive brands. One may then resort to a couple of strate-
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gies. One option is to simply ignore competition. This makes the model simple to
analyse, as there is no need for the sometimes cumbersome collection and prepa-
ration of data from competitors. A second strategy is to spend effort in studying
which are the most relevant competitive brands. Data can be obtained, for example,
by interviewing consumers or by analysing cross-promotion information. The latter
approach can be rather successful, see Moon et al. (2007), Blattberg and Wisniewski
(1989b), Sethuraman et al. (1999), and Sethuraman and Srinivasan (2002), among

others.

The third strategy, which we will address in the present chapter, is to consider all
other possible brands as potential competitors that might be relevant for the forecasts
of the own brand. This approach is relevant if we do not know beforehand which
brands have predictive content, and in this case we can let the data help to decide

on this each time we make a forecast.

Naturally, this third strategy challenges the usual regression based forecast method-
ology. Common categories in FMCG markets can easily involve more than ten brands.
When a typical SCANPRO-based regression model includes current and past sales
as well as current and past marketing mix, then that amount of brands leads to the
inclusion of more than one hundred variables. In this chapter, we wish to address
the question whether agnostically including all other brands and using modern data

science technologies would lead to better forecasts of one’s own brand sales.

A simple way to summarise competitor variables is to take weighted averages
across all competitors, where the weights can be obtained from the brands’ market
shares. This method dramatically reduces the number of additional variables to be
included in the forecast model. Other methods to exploit the rich information on
competitors in a more refined way include dimension reduction methods like Principal
Components Analysis (PCA), shrinkage methods like the Least Absolute Shrinkage
and Selection Operator (Lasso) and elastic-net, and tree-based methods like random
forest and boosting. We will use a range of these methods and compare them against

a simple benchmark model that does not include any competitive information.

The dimension reduction idea to extract a small number of factors for use in
prediction has been widely used in forecasting macro-economic time series like pro-
duction and inflation, starting with the seminal work of Stock and Watson (1999;
2002). Our modeling strategy includes various specification options, including vari-
able selection, variable grouping, the choice of the estimation window, the choice of
the number of factors and of the lag structure in the sales model. The shrinkage

methods shrink the estimated coefficients towards zero compared to the least squares
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estimates (James et al., 2013). Among different types of shrinkage methods the
Lasso shrinks the coefficients of unimportant predictors exactly to zero and therefore
performs variable selection. These shrinkage methods have recently gained popular-
ity in forecasting sales (Ma et al., 2016; Sagaert et al., 2018) and macro-economic
time series (Li and Chen, 2014; Medeiros and Vasconcelos, 2016; Smeekes and Wi-
jler, 2018) due to their superior forecasting performances in a high-dimensional data
environment.

Different from all linear (and log-linear) models, tree-based models segment data
into groups using a decision tree format. Both random forest and the boosting tree
method combine a large number of trees to generate usually more accurate forecasts
than a single tree does. These tree-based methods are suitable to analysing complex
non-linear relationships as they do not impose a particular structure on the data.

Our empirical test of the different methods concerns weekly data for brands in
31 categories, where we have a total of 169 brands. Our main conclusion, where
we summarise across all cases and settings, is that although the own-brand-only
benchmark model performs reasonably well, forecast accuracy can be improved for
most brands using a certain way of including competitive information. Among all
the methods we tested, the random forest method and the two shrinkage methods,
that is, the Lasso and the elastic net, show the best forecast performance in terms of
accuracy.

The outline of the chapter is as follows. In Section 4.2, we describe methods to
include large amounts of competitor variables, where we only focus on those methods
that have shown to be most reliable in the available literature. In Section 4.3, we
discuss the data that we use for our illustrations and we provide the details of our
empirical methodology. Section 4.4 contains the forecast results comparison and

section 4.5 draws the conclusion and discusses some potential future research areas.

4.2 Methods and models

In this section we discuss various ways of forecasting sales. We start with a straight-
forward linear time series model for log sales that will serve as the benchmark. Next
we introduce models that account for competitive effects in different ways. Each of
these models includes competition by summarising or selecting from all the competing
brands in some way.

To forecast the sales at time t one period ahead, that is, for time ¢+ 1, we use the

available past information up to time ¢ as well as the marketing efforts of all brands
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at time ¢ + 1. This forecasting situation is relevant for retailers, as in general they
have full information on all (in-store) marketing efforts in the forecasted period.

In forecasting sales, both recursive expanding window and rolling window ap-
proach are popular. The former approach expands the estimation window period by
period, when one more period of data is included, we re-run all the necessary pro-
cedures that result in the final out-of-sample forecast. The procedures vary across
methods, may include variable selection, decomposition, determining the number of
factors and the number of lags, choosing the tuning parameters, re-estimating the
coefficients, and finally predicting with the updated coefficients. The rolling window
approach, on the other hand, fixes the length of the estimation window, shifts the
window forward by period, and re-run the forecasting steps each shift. The rolling
window approach is more suitable for varying coefficient situations, while the ex-
panding window is better for constant coefficient situations. We will implement both

in our forecasting procedure and see which one is better for our extensive dataset.

4.2.1 Benchmark model

In the benchmark model we only use information of the focal brand.This model is
an autoregressive model of order L with explanatory variables written as ARX(L)
for the sales of the brand (in logarithms). As explanatory variables we take seasonal
dummies and the own marketing efforts. There are 13 seasonal dummies, each covers
four consecutive weeks. Denoting the sales of the focal brand at time ¢t by s, the

one-period-ahead forecasting model for sales after the natural log transformation is

L

In(s;1) =+ M{ 1B+ D+ Z’n Insgp1g + €41, (4.1)
=1

where My is a vector of marketing instruments and D;,; is a vector of seasonal
dummies, both for time ¢ + 1. In general M;;; will contain the brand’s price (in
natural logarithms) and display and feature variables. By including lagged sales, the
model captures dynamic effects like stockpiling and purchase inertia. The number of

lags L is chosen by minimising the Bayesian information criterion (BIC).

4.2.2 Average competitor model (ACM)

One very parsimonious way to include information of all competing brands is to
summarise these competing brands in a few variables. In the average competitor

model, we summarise this information by taking a weighted average of all competitive
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marketing variables (denoted by M;f). The weights are given by the current market
shares in week t, which vary per week. The competitive sales are also summarised by
taking their weighted average (denoted by §¢). These average competitive variables
capture possible cross effects on sales. The average competitor model with L lags for

own sales and @) lags for averaged competitor sales reads as

L Q

I(sp41) = @+ M B+Dpppt Y (s )+ M B4y 758 g)+errt-
=1 q=1
(4.2)

4.2.3 Principal component regression

The average competitor model summarises the competition by taking a market-share
weighted average. Another weighting scheme is obtained by principle component
analysis (PCA), where the weights are chosen to maximise the retained variance
and can be used to find the “optimal” linear combination(s) of competitive variables.
The “optimal” here means that the constructed linear combinations explain as much
variance as possible of the competitive variables using a less number of components
- usually much less than the number of original predictors. The obtained principal
components can be added to the benchmark model to obtain a model that accounts
for competition. We label this model as the Principal Components Regression (PCR)
model. The number of components can be set to a fixed number or chosen data-
drivenly.

Forecasting by means of principal components has proven to be very effective in
macroeconomics, see for example the review chapters in Stock and Watson (2006)
and Stock and Watson (2012). In our setting, the competitor information is first
summarised by a number of principal components, and then these components and
their lags together with the variables in the benchmark model are used to forecast
sales of the focal brand.

Let N; be a K-dimensional vector of competitive variables consisting of the infor-
mation that is available at time ¢ on all competitors for the variables price (in natural
logarithms), display, feature, and sales (in natural logarithms). In our retailing set-
ting, when at time ¢t we forecast In(s;11), the prices and promotion variables at ¢ + 1
are already known, whereas sales are of course not yet known for time ¢t+1. Therefore,
N; consists of mixed information for time ¢ (sales) and ¢ + 1 (price and promotion).

If the start of the observation period is denoted by ¢ = 1, the competitor information
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that is available at time ¢ is collected in the ¢ x K matrix N = ( Ny, ..., Ny,
where each column (variable) of N is standardized to have mean zero and variance
one. The leading r principal components (with r < k) of this matrix are collected in
the ¢ x r matrix F = (F,..., F;)’, where F} is the vector of r principal components

at time ¢. The principle component regression (PCR) is now given by

L G

I(sp1) = a+ M/ B+ Dip+ Y uln(sip) + Y Fl Mg+ e (43)
=1 g=0

In our retailing application, the competitive variables can be classified into four
groups: prices, feature variables, display variables, and sales. To exploit this grouped
variable structure, we can also perform PCA separately per group. Grouped PCA
has the advantage of yielding meaningful factors like a competitive price factor and a
competitive sales factor. These factors and their lags can then be used in the forecast
equation (4.3), and we label this method as Grouped PCR.

4.2.4 Forecast-oriented factor construction

The PCA factors capture maximal variance of the predictor variables irrespective
of the target variable that is to be forecasted. It may help to construct the factors
in a way that reflects the final forecasting objective. Possible options are to select
predictors according to their relation with the target variable or to derive factor
weights from the correlation of the predictors with the target variable.

We consider two variable selection methods, known as “hard” and “soft” thresh-
olding as introduced by Bai and Ng (2008), to which we refer for technical details.
These selection methods provide a ranking of the predictor variables according to
their importance in predicting the target variable. The principal components are
then constructed from the subset of variables that are found to be most important in
this sense. The resulting (subset) principal components are then used in the forecast

equation (4.3).

4.2.4.1 Hard thresholding

In hard thresholding, the importance of the k-th predictor variable NNy ; is assessed
by means of its t-value in the following regression equation, which controls for the

predictors of the benchmark model
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L

In(se41) = @+ My B+ Dipyp+ Y wiln(sipat) + NiaBf + erpn, (4.4)
=1

where Nj ; denotes the information at time ¢ of the k-th predictor variable, that is,
the sales in period t or the price or promotion activity in period ¢ + 1 of a specific
competitor. This regression is applied for each of the variables kK = 1,..., K sepa-
rately, and the variables are ranked according to their absolute ¢-value. A potential
drawback is that this method may select similar variables, as each predictor is eval-
uated separately without considering the other predictors. While this disadvantage

does not exist in the soft thresholding method, which we introduce next.

4.2.4.2 Soft thresholding

The soft thresholding method selects variables sequentially such that each next vari-
able adds most information for the target variable after controlling for the previously
selected variables. The soft thresholding method (Bai and Ng, 2008) selects variables
using least-angle regression (LARS) (Efron et al., 2004) and determines the optimal
number of variables using an information criterion, such as the BIC. After the sub-
set Me¢ is selected, the forecasting procedure is exactly the same as above, that is r
factors are extracted using PCA and these factors are used in (4.3).

LARS is a forward stepwise regression proposed by Efron et al. (2004). At the
first step it selects the variable that correlates most with the target variable. Next
the coefficient of the first selected variable is set to zero. Starting from zero, the
coefficient of the variable is moved towards its least squares value. This way the
correlation between the variable and the residual moves towards zero. When the
correlation between the variable and the residual equals the correlation between the
residual and a second variable, this second variable is added to the “active set”. In
this second step, the coefficients of the two variables are moved together in a way
that their correlations with the evolving residual are tied and moved towards zero.
As soon as a third variable “catches up” in terms of the correlation with the residual,
the third variable enters the set. The whole process stops when all the variables are
included in the model and at this point we get the common least squares fit. We use
LARS on the residuals of the benchmark equation (4.1) of regressing the focal brand
sales on its own marketing instruments and own lagged sales. This leads to a ranking
of all the competitor variables and then the actual number of selected variables is
determined by the BIC.
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4.2.5 Shrinkage methods

Different from information summarising methods, shrinkage methods fit a model
that contains all the J predictor variables but impose a penalty term onto the least
squares estimation to constrain the size of the coefficient estimates, therefore shrink
the estimated values towards zero. The shrinkage penalty term can take different
forms, the most commonly used are L1 norm (the Lasso), L2 norm (ridge regression),
and a linear combination of both L1 and L2 norm (the elastic net). As the ridge
estimation shrinks all the coefficients towards zero proportionally, it will not exclude
any predictor. We would like to select important predicting variables especially from
all the competitors and therefore we will use the Lasso and the elastic net methods

in the chapter.
The Lasso regression proposed by Tibshirani (1996) has become very popular

over the last decades for the purpose of dealing with high dimensional data, that is
the number of variables is relatively large to the number of observations. By adding
L1 norm penalty to the sum of squared errors, the Lasso shrinks the coefficients of
unimportant variables exactly to zero, and therefore performs variable selection. Our

regression model now can be written concisely as

J
In (St+1) =+ Z ﬂjxjt + €t+1, (45)

j=1

where x4, j = 1, ..., J represents all the J candidate predictors from the forecasted
brand and all the competing brands, together with the seasonal dummies. The
information available at time ¢ includes own and competitors’ sales at ¢ and their
lags, own and competitors’ price and promotion variables at ¢t + 1, and seasonal

dummies at ¢ + 1.

The penalised least squares estimate is obtained by minimising

2

T J J
Z 1nst+1 - — Zﬁjl‘jt + )\Z ‘ ,Bj | . (46)
j=1

t=1 j=1

Here the tuning parameter A is to adjust how strong the penalty is. A very large A\ will
generate all zero estimates. The parameter X is usually chosen via cross-validation,
which is a data driven method that tries to minimise out-of-sample squared prediction

€rTrors.

The Lasso is useful to identify which competitor(s) and what type of promotion(s)
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are important in forecasting the focal brand sales. However, when there are highly
correlated predictors, the Lasso will randomly choose one from the correlated group.
The elastic net solves this problem by adding L2 penalty to (4.6).

Zou and Hastie (2005) proposed the elastic net regression that minimises

2
J

T J
S s —a=> Bz | +AY(v]B8 [+ —7)55). (4.7)

t=1 j=1 j=1

This is a compromise of the Lasso and the ridge regression and can encourage group-
ing of highly correlated predictors. Both tuning parameters A and « here can be done
via cross-validation. The details of how to do cross-validation can be found in James
et al. (2013).

4.2.6 Tree-based models

Unlike traditional regression analysis, tree-based methods impose no specific struc-
ture on the data. Instead, they use a series of splitting rules to form decision trees.
In the end the data will be partitioned into different groups and for every observa-
tion that falls in the same group, the group mean or mode of the dependent variable
would be its predicted value. Regression tree analysis uses a procedure called re-
cursive binary splitting to construct the rules. Starting from the top of the tree,
that is, all the observations are in one group, the method considers all the predictors
and all the possible values of each predictor as the cutpoint to split the data into
two groups. The selected split is the one that minimises the residual sum of squares
(RSS). The same process repeats for each of the two partitioned groups to split the
data further. The binary splitting continues until a pre-specified stopping criterion is
satisfied. The final groups produced are called terminal nodes. We refer to Breiman
et al. (1984) for more details.

Regression trees are easy to interpret as it mimics human decision-making process.
In addition, it is good at picking up the nonlinearity in the data and potential complex
interactions between independent variables. For instance, the effect of own price on
sales may be not (log) linear but there is a cut point in price, below which it will
lead to a boom in sales. According to James et al. (2013), one major problem with
trees is their instability due to the high variance, that is, small changes in the data
can produce very different splits, therefore the output tree can be highly divergent
or unstable. So their prediction accuracy is typically not as good as traditional

regression methods. However methods like bagging, random forest and boosting
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generate multiple trees and aggregate the outcomes to make predictions. These

methods reduce the variance significantly and hence improve accuracy.

4.2.6.1 Random forests

The random forest method is proposed by Breiman (2001) on the basis of bagging
(Breiman, 1996). Bagging first bootstraps (sample with replacement) from data and
generates multiple bootstrapped samples, then fits a tree to each of the samples, and
finally averages the predictions of all the decision trees. Random forest is different
from bagging on the part of building trees. Instead of including all the predictors for
growing each tree, the random forest method randomly chooses a subset from all the
predictors for consideration at each split in a tree. This way it can avoid generating
very similar trees as does the bagging method and consequently reduces the correla-
tion between them. Averaging many uncorrelated trees reduces the variance further
compared to averaging many correlated ones (Hastie et al., 2001). For the detailed

procedure of random forest see Appendix C.1.

4.2.6.2 Boosting

Boosting is a method that can be applied to many statistical methods, here we use
it on decision trees. Instead of fitting one large tree to the data set, boosting grows
many small trees sequentially in a way that each tree is grown using the residuals
from a previous tree. Then the new decision tree is multiplied with a shrinkage
parameter and then added into the fitted function to update the residuals. This
approach allows us to gradually fit the data and slowly improve the fitted function
in areas where it does not fit well. The procedure is described more specifically in
Appendix C.2.

Different from bagging and random forest, which construct relatively big trees
for each bootstrap sample, boosting fits a small tree each time. This means that the
number of splits of each tree takes a small value. According to James et al. (2013)
one to four splits often work well. There are three meta-parameters to choose here,
and these are the shrinkage parameter, the number of splits, and the total number
of trees. We will run trial regressions to choose among the different combinations.

A summary of all the models is presented in Table 4.1. Since PCR, Hard thresh-
olding, and Soft thresholding use two ways to determine the number of factors in-

cluded, there are actually 13 methods in total that we consider for our data.
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4.3 Data

We apply the forecasting methods in Section 4.2 on data of one store gathered from
the Information Resources Inc. (IRI) data set (Bronnenberg et al., 2008), which
contains information of 31 consumer product categories' spanning over five years.
The store we use is randomly chosen from medium-sized ones, having five years data,
having at least two brands in each category, and having sufficient variation in price.
Some of the IRI categories are defined in a broad way and thus contain different
types of products. We split these broad categories into narrower ones and for each
category we aggregate stock keeping units (SKUs) data to the brand level by weights.
For a more detailed explanation of how the data is compiled we refer to Horvath and
Fok (2013). Finally, we have 31 product categories and 169 brands and the number
of brands in each category varies from 2 to 10.

To choose between the recursive expanding window and the rolling window ap-
proach in forecasting, we estimate the benchmark model, the ACM and all the factor
models using both methods and compare the forecasting accuracies. For the recur-
sive window estimation we started from using data over the first 108 weeks, among
which the first 4 weeks are used to obtain the lags of sales up to 4 periods thus not
used in the parameter estimation. The parameters are obtained from data over 104
weeks? and are then used to forecast the sales of one week ahead, that is week 109.
Then the real data of week 109 are included in the sample and we re-estimate the
model. The new parameters are in turn used to forecast the sales of week 110. This
window expanding re-estimation process continues till the sales of the last week of
the five year period is forecasted. For the rolling window forecast we estimate the
models each time over a window of 104 weeks and forecast one week ahead. All the
forecasted natural logarithms of sales are added by one-half of the mean squared pre-
diction error and then exponentiated back into sales units (Ma et al., 2016; Cooper

et al., 1999).

Due to the fact that there are some brands whose display and feature variables

IThe categories are: beer, blades, carbonated beverages, cigarettes, coffee, cold cereal, deodor-
ant, diapers, facial tissue, frozen dinners/entrees, frozen pizza, household cleaners, hot dog, laundry
detergent, margarine/butter, mayonnaise, milk, mustard & ketchup, paper towels, peanut butter,
razors, salty snacks, shampoo, soup, spaghetti/Italian sauce, sugar substitutes, toilet tissue, tooth-
brushes, toothpaste, and yogurt. We exclude category photo from the original data set.

2To choose the window width we tried the width of 1.5 years, 2 years, and 2.5 years in rolling
window forecasts for all the 169 bands across 31 categories. The results show that there are much
more brands performing better with 2 year window width than with 1.5 year window width (103
brands out of 169). While the number of brands performing better with 2.5 year window width
compared with 2 year window width is not significant (87 out of 169). Therefore we choose 2 years
as our rolling window width and as our starting window width of the recursive forecasting.
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may not have enough variation in an estimation window, this may cause a problem
for least squares based method including the shrinkage methods. We set a threshold
of at least five distinct values for a display/feature variable to be included in an
estimation. But this is not necessary for tree-based methods. So for the random
forest and boosting methods, we include all the display/feature variables for all the
estimation windows. Having few or even no variation will not influence the estimation

process.

4.4 Forecasting procedure and accuracy evaluation

4.4.1 Forecasting accuracy evaluation

Forecasting accuracy is measured by Root Mean Squared Error (RMSE), Mean Ab-
solute Error (MAE), and Mean Absolute Percentage Error (MAPE), defined as

1 N2
RMSE = th:(yt —9), (4.8)
MAE*lZ\ — (4.9)
=T a Yt — Yt :
and

1 |yt - ?Jt|
MAPE = =y =221 4.10
T Et: " (4.10)

where T is the number of the out-of-sample forecasts. A smaller RMSE, MAE, or
MAPE means a more accurate forecast. Here RMSE and MAE are used to select
models. MAPE is useful to compare cross categories and understand how much the
forecasts relatively deviate from the real values as it is not scale dependent.
To compare how much better or worse a competing model is relative to the bench-
mark , we use relative MAE (RelMAE)
M AEce™p

R@lMAE = W’ (411)

which measures the MAE of the competing model relative to the benchmark model,
a value smaller than 1 means an improvement of the forecast accuracy.

To compare all the models on their overall performance, Davydenko and Fildes
(2013) proposed a measure called Average Relative MAE (ARMAE), which can be
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obtained from

N
ARMAE“™ = (]]
b=1

MAEC™ 1
MAE{:E"C}") A (412)

This measures the MAE of the competing model relative to the benchmark model for
each brand b and then takes a geometric mean over all the N brands. Similar to Rel-
MAE, an ARMAE value smaller than 1 means an improvement over the benchmark

model.

4.4.2 Forecasting procedure and selection of meta-parameters

All our models involve lagged predictors, for model (1) it is lagged own sales, for
model (2) it is lagged own sales and lagged average competitor sales, and for model
(3) it is lagged own sales and lagged factors. We include up to four lags for all the
lagged variables and the actual number of lags is determined by the BIC for each
model. Note that model (2) and (3) both have more than one lagged variable, and in
this case the optimal number of lags of different variables within the same model can
be different. Shrinkage methods and tree-based models will select useful predictors
from all the candidates no matter whether they are lagged variables or not. So there
is no need to use a information criterion for them.

For all the models that involve factors, except for Grouped PCR, we tried two
ways of determining the number of factors, one is fixing the number at two and
another is including up to four factors, and then choosing the number with best
predictive performance. In the latter data-driven method, we forecast for models
with either 1, 2, 3, or 4 factors respectively and then choose the number of factors
resulting in the smallest RMSE over the most recent 26 weeks (half year) within
each estimation window. Next, once the number of factors is decided, the model
with the optimal number of factor lags (chosen by BIC) is used for one-week-ahead
out-of-sample prediction.

The implementation of the shrinkage methods involves choosing optimal tuning
parameters. For both Lasso regression and elastic net, the tuning parameter A is
determined by five-fold cross-validation. Firstly, the data in the estimation window
is randomly divided into five parts. Then we leave one part out and obtain results
for a grid of 100 A-values using the remaining four parts. Next we forecast over the
left out part. This process continues until we obtain the “out-of-sample” forecasts for
all the five parts. Then the RMSE over the whole estimation window is calculated
and the A that results in the smallest RMSE is chosen. Finally the chosen A is used
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in fitting on the whole estimation window and forecasting one week ahead out of
the estimation window. Strictly speaking, cross-validation on time series data is not
correct because the temporal dependencies are interrupted when the data is randomly
divided into parts. But it is still widely used as a heuristic, for example see Li and
Chen (2014) and Ma et al. (2016). The tuning parameters v in elastic net regression
can be chosen data-drivenly as well, but to limit the number of models needed to be
considered, we set v = 0.5.

We implemented random forest using the randomForests package in R. As the
number of bootstrapped samples B will not cause overfitting, we choose a value of
B that is large enough for the prediction error to settle down. Our trial estimation
results from 31 brands, one from each category, show that the errors have settled
down when B is larger than 100. In our final estimation we set B equal to 500.

We applied boosting tree model using the ghm package in R. As the number of
trees Bneeds to be large enough for the errors to converge but not too large to overfit,
we run a trial regression on one beer brand. We try four different numbers of split,
and for each number of split, two different shrinkage parameters, so in total eight
different combinations. An optimal combination in terms of convergence speed and
out-of-sample RMSE is then chosen to for forecasting sales of all the brands. The
details of this process can be found in Appendix C.3.

4.5 Results

For the benchmark model, the ACM, and all the factor models, we perform both
expanding window and rolling window estimation and compare the forecast accura-
cies (measured with RMSE). The results from 169 brands show that the expanding
window procedure is better for the majority of the brands. The number of brands
for which expanding window estimation performs better varies from 107 (the bench-
mark model) to 132 (the ACM). This may due to the fact that in general there is no
structural break in our data span. Hence increasing the number of observations im-
proves the accuracy. All the results presented hereafter are therefore from expanding
window estimations.

Since MAPE is not scale dependent, the MAPE values can be compared across
categories and brands, which will give us an idea about how accurate the forecasts
from different models are. Table 4.2 presents the comparison results with the left
panel showing the mean, median, and the standard deviation of the MAPE values,

the right panel showing the number of brands whose MAPEs are smaller than 0.1, 0.2,
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and 0.3 respectively. It can be seen that the random forest achieves the best result
in terms of lowest mean, median, and standard deviation and the highest number of
brands whose MAPE is smaller than 20% and 30%. Our benchmark forecasts made
without competitor information have MAPE smaller than 30% for 135 (that is about
80%) of the brands. The median and the mean of the MAPEs are 18.9% and 24.1%
respectively. The boxplot of the MAPESs from all the models are shown in Figure 4.1.
It can been seen that the errors of random forest are the least dispersed. We also
find that the outliers of all the models highly (but not completely) overlap, which
means that some brand sales are just more difficult to forecast than others.

Next we compare the RMSEs and MAEs of all methods for each brand and present
the results in Table 4.3. The first panel of the table shows the number of brands each
method performs the best in terms of achieving the lowest RMSE or MAE among all
the models. The second panel presents the number of brands for which each method
performs better than the benchmark. Finally the third panel shows the time cost
in terms of minutes used to estimate the model and to forecast all the 169 brands.
As can be seen in the table, the benchmark model only excels in 7 or 6 cases, which
means that for all the other 162/163 brands, forecast accuracy can be improved
by incorporating competition in some way. From the first panel we can see that the
random forest model takes the lead with the most number of brands showing the best
performance, 33 measured with RMSE and 45 with MAE. The elastic net comes the
second with 23 (RMSE) and 27 (MAE) best performances. The Hard thresholding
with optimal number of factors follows behind with 20 (RMSE) and 17 (MAE) best
performances. However if we compare all the models with the benchmark, then the
elastic net takes the lead with improved forecast accuracy for 117 (RMSE) and 130
(MAE) brands. The Lasso is nearly as good as the elastic net. This implies that
in general, the Lasso and elastic net can improve forecasts over the benchmark for
majority of the brands. The random forest method does not show such general good
performance, however for some of the brands where that the other models do not
perform well, random forest can improve forecast accuracy substantially. It can also
be seen in the table that for models involving factors, the method using an optimal
number of factors in general performs better than the one using fixed number of
factors. It is also worth mentioning that the ACM delivers quite good forecasts given

how straightforward the idea (just averaging the competitors variables) behind it is.

From the results we conclude that the Lasso, elastic net and the random forest are
all good options to incorporate competition information to improve forecast accuracy.

The former two shrinkage methods perform better than the benchmark for most of
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Figure 4.1: Boxplot of Mean Absolute Percentage Errors (MAPESs)
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the brands. The computation burden, measured in minutes used, of the shrinkage
methods is comparable to that of the factor models, however their performances are
better than the latter. As to the random forest , when it captures the underlying non-
linearity and interactions right, it can provide the most accurate forecasts. But the
computation time is much longer than the shrinkage models. Nevertheless, nowadays
parallel computing is easily available so the computation burden is not necessarily a
problem.

To compare the three best performing models even further, that is, the Lasso,
elastic net, and the random forest, we present the boxplot of their ReIMAEs in
Figure 4.2. Despite that the Lasso has one outlier “mayo3”?, together with elastic
net, it shows improvement (values smaller than 1) for the most brands, although
the magnitude of the improvements are less compare to the random forest model,
the deterioration is less as well. It means that the two shrinkage methods are the
safest method to incorporate all the competition variables for forecasting sales here,
although they are not always the best.

We have 31 product categories and each category has different characteristics
and competition environments. To look into the model performances within each
category, we calculate the ARMAE (average relative MAE, see (4.12)) of the best
three competing models relative to the benchmark and present the results in Table
4.4. The lowest ARMAE of each row is printed in bold and a value smaller than
1 means that the method is better than the benchmark on average in the category.
It can be seen that the random forest performs the best in most of the categories
and particularly well in cigarettes, mayonaise, and razors, where the improvements
over the benchmark are much larger than those of the Lasso and elastic net. While
in categories like beer, cold cereal, hotdog, paper towel, soup, and toilet tissue, the
random forest performs no better than the benchmark model.

From all the results shown in Tables 4.2, 4.3 and 4.4 we can say that the Lasso
and elastic net outperform all the competing models for most brands. If one wants
to choose a method that can utilise the competitors information to improve sales
forecasting performance, then the two shrinkage methods are the best choice. These
methods are particularly good at picking up useful predictors from a large amount
of variables. For this reason, they can identify what types of promotion from which

competing brand affect the focal brand’s sales the most. However, for products that

3The outlier value comes from an extremely high sales forecast at the early stage of the forecasting
process. Even when we exclude the variables with less than five distinct values, there are still cases
when a predictor’s value is within a certain range in the estimation window, but the value of the
predictor at the prediction week is far out of the this range. This situation can be ruled out by
increasing the length of the estimation window.
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Table 4.3: Number of brands each method achieving lowest or lower than the benchmark RMSE/MAE

Model Number of brands of each Number of brands of each Total time cost
model performs BEST model performs BETTER in minutes
among all the models than benchmark

RMSE MAE RMSE MAE
Benchmark 7 6 - - 5
ACM 12 12 97 88 16
PCR 2 factors 8 4 79 80 20
PCR optimal 18 17 94 92 61
Hard 2 factors 7 4 82 81 28
Hard optimal 20 17 93 91 67
Soft 2 factors 6 3 88 83 52
Soft optimal 9 9 82 84 92
Grouped PCR 1 0 69 60 18
Lasso 17 13 115 130 30
Elastic net 23 27 117 130 30
Random Forest 33 45 89 108 276
Boosting 8 12 79 91 2651
Total 169 169 169 169 -

Note: The figures printed in bold show the best results in the column.
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Figure 4.2: Boxplot of Relative Mean Absolute Errors (MAES)
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do not promote much, for example razors, as we only include variables that have
at least 5 distinct values?, the valuable promotion information is excluded from the
model at the early stage of forecasting. This information enters the model only when
it has accumulated enough variation. However tree models do not require variables
to have enough variation so they can include this type of information from the very
beginning to contribute to forecasting. This is probably why the random forest model
shows the least dispersed errors. On top of that, the random forest model mimics
the process of aggregating much of people’s decision making processes. For example,
if a brand is on price promotion, some people would buy it straight away, some
would like to see whether another brand they like is on promotion and some may
also consider whether and how much they have already bought in the previous weeks.
So the random forest can capture some underlying nonlinearities that linear models

can hardly detect.

4.6 Conclusion and discussion

This study investigated whether incorporating competing brands information helps
to improve sales forecasts. If yes, then how much value is added to the benchmark
forecast model that excludes competitor variables? Furthermore, we compared dif-
ferent techniques of including competitors’ sales and marketing activities.

The Average Competitor Model summarises all competitive information by weighted
averages; Principal Component Regression (PCR) model summarises all competitive
information by a number of factors and uses these factors and their lagged terms
to forecast sales. The methods involve Hard and Soft thresholding constructing fac-
tors on a subset of variables that are selected by the hard and soft thresholding
rule respectively. The method called Grouped PCR summarises the four variable
groups, namely price, feature, display, and sales, with one factor for each group and
uses these factors and their lags for forecasting. Among these methods, PCR model,
Hard thresholding and Soft thresholding require choosing the number of factors. For
these three models we experiment with a fixed number of factors (2 factors) and with
choosing an optimal number based on past forecasting performance. We perform one
week out-of-sample forecasts on 169 brands from 31 product categories. The results
show that the data-driven method outperformed the fixed number of factors for all

three models.

4As we aggregate the data to brand level, so the feature and display variables are measured in
percentage of volume sold that is on promotion instead of dummies.
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The Lasso and elastic net put a constraint to the coefficients such that the most
influential predictors will be selected. Random forest and the boosting method are
based on tree models, which are suitable to fit complex nonlinearity in the data and
are like human decision making processes.

Our forecasting results show that the benchmark model can be improved in its
forecast accuracy, measured with RMSE, MAE, MAPE, and ReIMAE, by incorpo-
rating competitive information for 162 brands out of the total 169. Among different
alternative models the Lasso, elastic net and random forest show the best forecasting
performance. For most brands, the Lasso and the elastic net are better than the
benchmark and they are a safe choice in terms of forecast accuracy. Random forest
on the other hand can improve the forecast accuracy substantially for some of the
brands, especially when the other methods do not perform well. One possible ex-
planation is that for those brands which are not often promoted, the two shrinkage
methods and all the other linear models do not use the very infrequent promotion
information well. On the other hand, the random forest method performs really well
for these type of brands.

One could imagine if the shrinkage methods can incorporate infrequent promotion
information wisely, then their forecast accuracy will improve considerately. A possible
way to solve this is to include these variables regardless of their limited variation, but
set an upper bound for insanely high forecasted sales, for example ten times previous
mean sales. However the choosing of the bound can be tricky. Another way is to
form a committee of the three best performing models: the Lasso, elastic net, and
random forest, and find a way to take use of the advantages of each of them. We will

leave these issues for future research.
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Table 4.4: The models forecasting accuracy ARMAE in categories
Lasso Elastic net Random forest

beer 0.994 0.989 1.117

blades 1.025 1.021 0.973

carbbev 0.945 0.938 0.932
carbbevSelect2 1.008 0.977 0.968
cigets 0.914 0.921 0.795

coffee 0.875 0.880 0.947

coldcer 0.976 0.974 1.004

deod 0.938 0.942 0.973

diapers 0.911 0.916 0.849

factiss 0.924 0.931 0.885

fzdinent 0.842 0.837 0.797
fzdinentSelect2 0.918 0.908 0.885
fzpizza 0.945 0.947 0.917
hhclean 0.958 0.961 0.899
hotdog 1.006 1.002 1.111

laundet 0.915 0.906 0.949
margbutrSelect2 0.931 0.935 0.952
mayo 2.959 1.504 0.674

mustketc  0.888 0.895 0.926
mustketcSelect2 0.942 0.936 0.879
paptowl 0.994 0.993 1.076
peanbutr 0.957 0.954 0.895
Tazors 0.777 0.772 0.618

saltsnck 0.979 0.970 0.994

shamp 0.929 0.929 0.899

soup 0.957 0.955 1.035

spagsauc  0.955 0.965 0.971
sugarsub  0.935 0.937 0.968
toitisu 0.964 0.961 1.019

toothbr 0.938 0.942 0.920
toothpa 0.929 0.932 0.929
Overall 0.962 0.949 0.941
Number of categories 8 7 17

a model has best
performance on
average




Appendix A

Bayes Estimation of the
Hierarchical Bayes Ordered
Probit model

In this appendix we use the following notation:

e J is the number of brands in each category,

C' is the total number of categories,

e Tj. is the number of observations (after discarding the first two observations as we

use two lags in the OP model) for the individual OP model of brand j in category c,

Pj. is the number of explanatory variables (including the intercept) given in (2.1)
(first layer of the HB-OP model),

e [ is the number of explanatory variables (including the intercept) given in (2.3) and
(2.4) (second layer of the HB-OP model).

To analyse the HB-OP model, we need to rewrite it in a more compact form. We first

consider brand j in category c¢ and rewrite (2.1) in matrix notation as

Yie = XjeCje +Eje (A1)
Qje

= ( Xoje Xije Xoje )| Buje | teje (A.2)
B2je

91
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where €. ~ N(0,1), I is a T dimensional identity matrix, yj. is a Tj. dimensional vector.
Xje = (Xoje, Xije, X2jc) is a Tje by Pj. matrix with one column of ones and Pj. — 1
columns of explanatory variables. Xojc, X1jc, and Xgj. are three matrices containing the
explanatory variables corresponding to the three coefficient vectors ajc, Bijc, and Bajc.
Cie = (e, Bljer Bbje)' is a Pj. dimensional coefficient vector, ajc is a vector containing
coefficients agjec, Q1jc, Q2jc, Ajey A2jey Vajey -y V1sje, Hijey -5 P10je 0 (2.1), Brje and Baje
are two J — 1 dimensional vectors containing the competitive response coeflicients 1. and
Baije, t = 1,...J, (i # j).
The model in (2.2) can be rewritten as

0 if—oco<yj <0
Yier = 1 if0 < yly < Yoje ; (A.3)
2 ifygie < Yjer < 400

for t =1,...,Tj. and where yj.; is an element of vector y7..
Finally, (2.3) and (2.4) can be rewritten as

Vec( Bije, [Baje ) NN(vec( 2,00, 76 ) 2®1J_1) , (A.4)

where Zj. is a J — 1 by L matrix containing an intercept and the L — 1 explanatory

variables given in (2.3) and (2.4), 6 and ¢ are two L-dimensional coefficient vectors, ¥

is a 2-dimensional covariance matrix, and I;_; is a J — 1 dimensional identity matrix.
The complete data likelihood function p(yjct, Yjet, Bijes Boje| Qje, V2je, 8, 6, 3) is pro-

portional to

J
]‘ * / *
TT{ex (= 050 = X3e6s . — 550

j=1

el

H
o

(I(yjst S O)I(yjct = 0) + I(O < y;ct S 72jc)l(yjct = 1) + I(y;ct > ’YQjC)I(yjct = 2)) X
1

exp (—%Vec ((Buje = Z3c0), (Baje — Z;ed)) (£ @ L1—1)~" vee ((Buje — Zich), (Bzje — ch5)))

-
Il

= ®1.1_1|*1/2} , (A.5)

where I(+) is an indicator function, which equals to one if the condition within the brackets
is true, otherwise zero. We use uninformative priors for the model parameters, except for

imposing an inverted Wishart prior on the ¥ parameter.
o Sampling yj.

The full conditional posterior distribution of ., is a truncated normal distribution, where

the truncation points are conditional on the value of y;jc;. The distribution can be written
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as
N(l’}cthCa 1)I(y;ct < 0) ifyjee =0
p(y;Ct| Yjet, Cjc’ V2je 0,9, O-f’ 03) X N(w;ctgjcv 1)1(0 < y;ct < ’YQjC) inyCt =1 )
N(l’}cthCa 1)I(y;ct > Yajc) ifyjer =2
(A.6)

where x;m is the t-th row of Xj.. To sample from the truncated normal distribution effi-
ciently we use the inverse cumulative distribution function (CDF) technique. For example,
to simulate yj.; from N(z.;{jc, 1) truncated by (yijc, 25¢c), we first generate u from U|0, 1],

then solve 7., from

q)(y;ct - mgctgjc) - q)(’yle - x;'cthC) (A 7)

u=F y*':c = 3
Wret) = G age 2 Cre) — D(raje — ThosCre)

where F(yj.:) is the CDF of y7.;, and get

Yier = F 1 (1) = 50 Get @ (u (P(v250 — TherCie) — P(Y1je — Tjerlie)) + @(vije — TerCle)) -
(A8)

o Sampling (jc

We define A = P!, such that PP’ = X ®1I and P is a lower diagonal matrix. We then left
multiply vec ( Bije,  Ba2jc ) with matrix A such that

A-Vec( Bije, Baje )NN(A~vec( Z;e0, 76 ) 1) . (A.9)

So (A.2) together with (A.9) can be rewritten as

* aJC
Yje Xoje Xije Xoje “
= e | +¢ie, A.10
( Avvee ( Z;h, Zed ) ) ( 0 A P 7 (A.10)
ﬁ2jc

where 7. ~ N(0, I). If we set

.
Yje Xoje Xije Xoje

Vje = dW,e = Al
’ <A.Vec(zjco, ch(s)>an ’ <0 A ) (&.11)

then we get
‘/jc = chgjc + ch . (A12)

Thus it can be easily be seen that the full conditional posterior distribution of (;.equals

p(Cjcly;ctv Yjct, V2jc, 9’ 6? 0%7 0’%) X N((WJ{CWJC)ile{C‘/ij (W]{Cch)il) . (A.13)
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o Sampling vy2jc

From (A.3) we can see that 7. is greater than all yj., whose corresponding y;.:value
equals 1 and smaller than all y}.; whose corresponding y;.: equals 2 for all ¢. Thus the full
conditional posterior distribution of 72;. follows a uniform distribution with lower bound

max: (Yjet| Yjer = 1), and upper bound ming(yet| yjet = 2).
o Sampling 6 and ¢

We stack all J - C elements of 81;c and Ba2jc, (j =1,...,J, ¢c=1,...,C) and rewrite (A.4)

into matrix notation as

(60 82 )=2(0 6)+(m m ). (A.14)
Thus the full conditional posterior distribution of vec (6, §)

p (vec (0’ 6) |y;ct, Yjets Y2jc, <j67 0‘%7 0‘%) X N(vec ((Z/Z)71Z/ﬁ17 (Z/Z)ilzlﬁQ) 7E®(Z,Z)71) :
(A.15)

o Sampling 3

Y is the covariance matrix of the error term in (A.14). To improve convergence we im-
pose an inverted Wishart prior on the ¥ parameter with scale parameter K1/ and de-
grees of freedom K2 . Here we set K; to 0.1 and K2 to 5 such that the influence of the
prior on the posterior distribution is marginal (for a discussion, see Hobert and Casella
1996). X can be sampled from an inverted Wishart distribution with scale parameter
((B1B2) — Z(06)) ((B1 B2) — Z(06)) + K11 and (J — 1) - J - C + Ko degrees of freedom.



Appendix B

Bayes Estimation of the
Hierarchical Bayes Market

Share model

In this appendix we present the details of our MCMC sampler for the hierarchical
market share model. We first rewrite the model and next present the sampling steps

for all parameters.

Recall that we denote the number of chains by I, the number of categories by C,
and the number of observations for category c¢ by T,.. The market share attraction
model for category ¢ at time ¢ contains (I — 1) linear equations for log relative market
shares (see Equation 3.4). We write the system of equations for category ¢ at time ¢

as
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IOgMSLc,t - 1OgMSI,c,t H1,c /81,1,0
log M Syt —log M Sy ¢ H2,c . B1,2,c
. =J . +Jdiag(logNBP, ;) +
log Mslfl,c,t - logMSI,c,t KIc Bl,l,c
B2,1,c
. B2,2,c e
Jdiag(logPLP. ;) , + (Ir—1 @ vec(F. 1, Det,10g ST t,1og MSc 11)")Bet
62,1,0
Qaq.1,c Q2 1,c M,c,t
. a1.2.c . Q2.2 c 72,c,t
Jdiag(logNBP, ;_1) . + Jdiag(logPLP. ;1) i + i ,
Q. 1,c Q2 .c NI,c,t
(B.1)

where, for example, NBPF,; denotes the I x 1 vector of the national brand prices,

diag(z) gives a diagonal matrix with the elements of x along the diagonal, and

1 -1
1 -1
J = ) , (B.2)
1 -1
such that, for example,
log NBP; ., —log NBPr

log NBPs ¢ —log NBPr .+
Jdiag(logNBP,. ;) = ] .

log NBPr_1,.: —logNBPr
(B.3)

By grouping all explanatory variables in X, and all parameters in b., we summarise

this equation as

Ye,t = Xc,tbc + Ne,t- (B4)
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Finally, we stack all observations over time to obtain y. = X b, + 1., where y. =
(yé717 e ayé’T)/ and Ne = (né,la o vnfz’T)/ ~ N(OaITC @ Zc)

For the same category, we stack the I elements 1 ¢, 51,i,c, and B2 ¢, and rewrite
the second layer of the model (3.5), (3.6), (3.7) as

VEC(,U,m ﬂl,cv ﬁZ,c) ~ N (VGC (X,u,cg,u7 Xﬁ,calv Xﬁ,c02)7 Q & 11)7 (B5)

Where X,u,c = (X;L,l,m e aX;L,I,c)/ and Xg,c = (X&LC, e 7Xﬁ,I,C)/'

Sampling b,

Define A, = P! such that P.P! = Iy, ® % and left multiply (B.4) by A. such that

Aye ~ N (Acchm ITU(Ifl)) : (B.6)

Furthermore define B = Q! such that QQ’ = Q®&I; and left multiply vec(pic, B1.c, B2.c)
by B such that

BVEC(/J,@ ﬁl,cy ﬂgyc) ~ N(BVGC (XH709H7 Xﬁ,cgla XIB’CQQ), 13[) . (B?)

Equation (B.6) together with (B.7) can now be rewritten as V, = W,b. + n}, where
ne ~ N(0, I),

Acye A X,
Vc - ) and WC = * (BS)
Bvec (X,,00,, Xp,c01, Xp,cb2) B 0

The full conditional posterior distribution of b, therefore is N (W/W.) ' W/Ve, (WW.)™1).

c

Sampling 3.

Then the full conditional posterior distribution of . is Inverted Wishart with T,

degrees of freedom, and scale parameter

TC

Se = (Weur — Xebe) (Yer — Xebe) - (B.9)

t=1
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Sampling 0,, 0, and 0,

/
We rewrite (B.5) for category ¢ as M, = Z.0 + &, where &. = ( e §l.e0 e ) ~
Xpe

/
N(07 Q®II)a M. = ( Néaﬂi,caﬂé,c ) y Le = XB,c , and 0 =
X5

!
( 0,,, 01, 05 ) . The full conditional posterior distribution of 6 therefore is

<ZZ’Q ®1;)Z ZZ’Q @ 1) M, ZZ’Q ®1;)Z)" )

(B.10)

Sampling

Given all b., ¥, for ¢ = 1,...,C and 6, the posterior distribution of  follows
an inverted Wishart distribution with IC degrees of freedom and scale parameter

I C ’ / / / ’
D im1 Doem Cic€i e Where €;c = (Hie — X, ; Opy Briie — X b1, Boie — Xp 4 b2)



Appendix C

Some Data-mining Methods

C.1 Random forest

The random forest procedure is described as following:
1. Bootstrap number B of subsamples from the data.

2. For each bootstrapped sample, construct a big tree using recursive binary split,
at each split consider only a random sample of p predictors from the total J

predictors, where p &~ v/J.

3. Average over all B trees to obtain the out-of-sample prediction
1,
sip1 = fa) = Ebz_;fb(fﬂt)» (C.1)

where f stands for the tree function, f° is the b-th tree generated from the b-th
bootstrapped sample.

C.2 Boosting tree

The procedure of boosting tree is described as following, where the fitted function is

denoted by f , and B is the total number of trees generated sequentially:

1. Set starting fitted values to be zero, f(x) = 0, so the starting residuals are the

target variable r; = In s; for all ¢ in the estimation set.
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2. For b =1,2,..., B, fit a tree fb with d splits to the estimation set that uses

residuals r as target variable.

3. Update f with f + A fb, where A, the shrinkage parameter, is a very small

number and so A fb is a shrunken version of fb obtained in step 2.
4. Update residuals r; with r; — )\fb(xt).

5. After number B of trees are generated, average over all the models

B
Ins = f(z) = > Af(a). (C.2)
b=1

For the tree based methods, it is not necessary to use the natural logarithm of sales.
But to be consistent with all the other models, we still use the natural logarithm

form.

C.3 Choosing meta-parameters of boosting tree

We try shrinkage parameter A = 0.01 and 0.001, the number of splits of each tree or
interaction depth d = 1 to 4. So there eight different models. The trial results from
the eight models show that for A = 0.01, the out-of-sample RMSE settled after 1000
to 2000 iterations depending on the d value, while for A = 0.001, the error has not
settled yet after 5000 trees. So we choose A = 0.01 to save time of computation. The
trial results also show that when interaction depth d = 3, which means the model
allows up to 3-way interactions, the out-of-sample RMSE is the lowest compared to
d =1, 2, and 4. Therefore we use d = 3 and A = 0.01 for all the brands sales
forecasts. To avoid overfit due to too large number of iterations B, we set B = 2500
such that the errors have converged and then use five-fold cross-validation in each

estimation window to choose optimal B.
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Concurrentie in het schap

Samenvatting

In dit proefschrift wordt de concurrentie op de retailmarkt voor verpakte consumptie-
goederen vanuit verschillende invalshoeken onderzocht. In hoofdstuk 2 wordt bekeken
hoe merken reageren op elkaars prijspromoties, waarbij de nadruk ligt op de asym-
metrische reacties tussen merken met verschillende marktaandelen en prijsniveaus.
Hiervoor wordt gebruikgemaakt van een Bayesiaans hiérarchisch geordend probit-
model (Hierarchical Bayes Ordered Probit model, HB-OP) om de modererende fac-
toren op reacties te bestuderen. De resultaten tonen aan dat de intenties van de
reactie worden beinvloed door het relatieve marktaandeel van een merk, samen met
enkele categoriespecifieke kenmerken. In hoofdstuk 3 wordt de competitie tussen re-
tailketens en de rol van hun private label-merken onderzocht. We stellen een Bayesi-
aans hiérarchisch marktaandeelmodel (Hierarchical Bayes Market Share, HB-MS)
voor om te onderzoeken hoe het marktaandeel van een detailhandelaar afhankelijk
is van prijsveranderingen van landelijke merken en private labels. Ook wordt hier-
mee onderzocht hoe het basismarktaandeel en de prijsgevoeligheid worden beinvloed
door de positionering van private labels. Hoofdstuk 4 gaat over de vergelijking van
traditionele omzetprognosemodellen met moderne technieken zoals factormodellen,
Lasso, elastic net, random forests en boosting-methoden. We beschouwen alle mogeli-
jke merken als potentiéle concurrentie die mogelijk van nut is voor de verkoopprog-
noses van een bepaald merk. Deze aanpak is relevant wanneer we niet op voorhand
weten welke merken een voorspellende waarde hebben, en in dit geval kunnen we de
gegevens steeds laten meewegen bij het maken van een prognose. De nauwkeurigheid
van de prognose van verschillende modellen wordt vergeleken voor een groot aantal

merken.
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