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Effectiveness of In-Store Displays in a Virtual t&nvironment

ABSTRACT

This article examines the effectiveness of in-sthsplays (ISD) in an online grocery store
and concentrates on two main issues. First, consglthe more artificial and functional
virtual store environment, we examine whether anllBD produce a similar boost in sales as
they do in offline stores. Second, we examine theearating effect of display characteristics
by comparing the effects of different display typElse results show that (1) online ISD can
substantially increase brand sales and (2) ISDptesmpt competition through a first-order
and isolated position outperform ISD that atteropiiake the product stand out in the

shopping zone.
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In-store displays (ISD) are frequently used in liand-mortar (B&M) stores to bring
products to the attention of potential customeesefal studies have provided strong
empirical evidence that by drawing attention tocipeproducts, ISD can substantially
increase brand sales (Bemmaor and Mouchoux 19%r, Bloch, and Kumar 2001; East,
Eftichiadou, and Williamson 2003; McKinnon, Kelgnd Doyle 1981; Wilkinson, Mason,
and Paskoy 1982). With the same objective, displagsline grocery stores, such as
promotional signs or in-store ads that highlightafic products to stimulate their sales, are
gaining popularity (e.g., www.netgrocer.com, wwvaped.com, www.tesco.com; Appendix
A presents the displays used in this study). Ordioees can not only benefit from lower
costs and more flexibility with regard to ISD orithWeb site (e.g., they can change the
content with just a few mouse clicks), they alseehtihe opportunity to take advantage of
targeted, one-to-one marketing (e.g., displaysotoigted according to each customer’s prior
purchase history) (Bakos 2001; Zhang and Krishn#mg004).

Whether such ISD effectively increase brand salemline stores has not yet been
examined, nor is the answer clear in advance. ®wie hand, there are indications that
online shoppers may react differently to specifarketing mix instruments, such as price and
brand name, and that they are less likely to svteimds in response to marketing incentives
compared to offline shoppers (e.g., Andrews andi@uz004; Chu, Chintagunta, and
Cebollada 2008; Degeratu, Rangaswamy, and Wu 2@06¢che et al. 2005). On the other
hand, several studies demonstrate that online gnsgan be equally susceptible to the
influence of environmental in-store stimuli, aneittproduct attention may depend on online
merchandising instruments, such as shelf spaceasition (e.g., Breugelmans, Campo, and
Gijsbrechts 2007; Vrechopoulos et al. 2004). Thaeefit remains uncertain whether the

positive effects of ISD in a B&M store will also la¢tained in an online store.



In addition to the overall effectiveness of onli&®, we also know little about the
factors that determine their effectiveness. Betitgight into the moderating factors of ISD
could improve our understanding of how displaysknamd offer useful guidelines to retailers
and manufacturers for developing in-store markepilags (Grewal and Levy 2007). In this
research, we focus on the moderating effect ofl@ysgharacteristics and examine differences
in the effectiveness of display types that diffetheir attention- and competition-related
features. Some displays try to catch shopperstitie at the start of the shopping process
and preempt competition by taking up a first-ord®slated position; others focus on making
the product stand out on the shelf to influencepilnehase decisions of customers by
providing the right cue at the right time and platiee online environment—which
systematically records all marketing actions, idahg the type of display—offers an ideal
setting for determining which display strategy isstneffective.

To shed more light on these issues, we first téstther ISD stimulate brand sales in a
virtual shopping context by estimating a hierarahlirand market share and category sales
model using data from a large online grocery stioraddition, to gain insight into the most
effective display type with regard to increasingr sales, we examine differences across
three major online display types that serve distiigectives and differ on important
attention- and competition-related characteristicéine with traditional B&M
classifications, we distinguish between store ewggfirst screen), aisle, and shelf tag
displays. We use our estimated models to testigidfisance of the different display effects
and compare their magnitude across display typesdrease the external validity of the
results and test for potential category-specifieat, we also examine effects of ISD for ten
different fast moving consumer goods (FMCG) catesgor

Our results show that ISD can substantially inadasnd market share in online

stores, and that their effectiveness strongly dépem the display type. Online ISD that



preempt competition through a first-order and iwagoosition clearly outperform those that
target interested buyers in the shopping zone. &lyere find a high degree of consistency in
the results across the ten investigated FMCG categgdur study contributes to the
marketing and retailing literature in several wag& fill an important gap in the online
shopping literature by examining the online effestiess of an in-store marketing instrument
that is highly effective in offline settings butathhas received little attention thus far in online
research. We show that at least some online gratenypers are susceptible to influences
from the virtual store environment. In additiony o@search makes an important contribution
to the in-store marketing literature in generatkarifying and testing differential
effectiveness across display types that diffeheirtcharacteristics and strategy. The
advantages of preempting competition by being eartlie shopping process consistently
seem to dominate the possible advantages of taggeioppers at the specific time and place
they make their choices.

Identifying and understanding the overall effeatiess of online ISD, as well as the
impact of strategic display characteristics, ismicial importance for effective planning of
marketing actions—not just for manufacturers thasndecide on the mix of in-store
incentives but also for retailers that have to heilee a cost structure and allocation of
display space to different display types (Ailawatal. 2009). Our research thus provides
useful guidelines to optimize the use of online I&DPewal and Levy 2007, 2009).

In the next section, we discuss and derive projpositabout the overall effectiveness
of ISD in an online grocery shopping context, adl a® differences in effectiveness across
display types. Next, we describe the empiricaisgi®nd models we use to test our
propositions. After presenting the main results,end with a discussion of conclusions and

managerial implications, as well as interestingcdions for further research.



EFFECTIVENESS OF ONLINE ISD

Overall Effectiveness of 1SD in an Online Shopping Context

The main mechanism underlying effects of ISD cdesi§ an increase in visual
attention at the point of purchase (Chandon €@09). Displays highlight specific products,
such as by adding signals or marks (e.g., tagaygihg the presentation layout (e.g., special
storage method), or presenting the product infargit, often more isolated area of the shelf
or store (e.g., end-of-aisle displays). Accordimghte psychological and consumer behavior
literature, these changes in the store environmratct attention and stimulate exploratory
behavior (e.g., Babin and Darden 1995; DonovanRwskiter 1982). In addition, many
customers seem to interpret ISD as signals or aLlagiood deallnman, McAlister, and
Hoyer 1990). In low involvement, repeat buying attans, such as grocery purchases, these
cues tend to increase a displayed product’s puechiadbability, because customers do not
want to go through a complete search and evaluatiotedure but instead prefer to settle for
satisfying outcomes obtained with minimum efforogtdr and Maclnnis 2010). Whether ISD
have similar positive effects on product salesnhne stores thus depends on the extent to
which they attract customer attention and sigrgd@d deal, as well as the characteristics of
the online shopper segment, including its sengjtia environmental incentives and cues in a
more organized and “sterile” virtual store enviramn

We expect ISD to have similar attention-drawing amphaling effects in online as in
offline grocery stores for several reasons. Mo$hergrocery stores offer large assortments,
a wide variety of choice alternatives, and extemgiroduct and promotional information, so
online shoppers tend to confront a sense of infaonaverload similar to that faced by
B&M shoppers. Online ISD that highlight specifiogucts change the store environment and

thus may play an important role in attracting cogo attention and stimulating exploratory



behavior. In addition, online ISD may signal a galedl, just as in an offline store, which
reinforces the attention-catching effect.

As online grocery shoppers display similar low ilwemment and time constraints as
B&M shoppers (Verhoef and Langerak 2001), they &halso experience the need to
simplify their decision process using choice hdiassor cues (Hoyer and Macinnis 2010).
The extent to which they rely on ISD as a choicti¢aor react to them also depends on their
sensitivity to store environment influences andrtivdlingness to change purchase plans.
Previous research distinguishes two groups of coessiwho differ in their self-regulation
tendency and sensitivity to environmental stimBklgin and Darden 1995). Action-oriented
consumers are guided more by intrinsic goals as&lpeone to emotional and environmental
influences. They are characterized by a strongetetecy to plan their behavior in advance
and follow these preformed intentions rather thaange their behavior in response to
environmental incentives (Babin and Darden 199&jteSoriented consumers instead are
more guided by social and emotional elements asgllikely to plan their behavior in
advance. They often act without prior justificati@ng., decide on the spot), engage in
exploratory behavior, and change their purchasesplareaction to environmental incentives
(Babin and Darden 1995).

An important question therefore is whether onlingcgry stores attract both types of
shoppers, as do offline stores, or mainly appealgpecific shopper segment. Because
shopping convenience and time savings are two @egrdages of online grocery stores, they
may especially appeal to shoppers with a mordarigin shopping attitude (Prud’homme and
Boyer 2005; Verhoef and Langerak 2001). Arnold Begnolds (2009) demonstrate that self-
regulation tendency relates to a consumer’s fooustititarian versus hedonic shopping

value, such that consumers who tend to plan moefudly and try to control environmental



influences are more oriented toward a utilitaribapping value. If online stores attract such
utilitarian consumers, ISD may have no or a weakierct on product sales in online stores.

Yet more recent evidence suggests that there ai@ger systematic differences
between on- and offline shopper profiles and tludih lyroups of shoppers comprise similar
subsegments (e.g., Chu et al. 2008; Ganesh édH0) 2This convergence may be a result of a
general increase in popularity of the online pusehehannel, which has been adopted by g
large part of the population (Kukar-Kinney, Ridgwaynd Monroe 2009; Konus, Verhoef,
and Neslin 2008). Simultaneously, online groceoyest have evolved from rudimentary,
functional sites with verbal product informationddimited in-store marketing stimuli (e.g.,
Degeratu et al. 2000) to stores with extensivealisiformation (e.g., product pictures), in-
store incentives (e.g., ISD), and experiential’dezd aimed at enhancing the hedonic
shopping experience (e.g., recipes, product préparaideos) (Childers et al. 2001; Laroche
et al. 2005). Previous research demonstrates dmgumers appreciate these hedonic online
features (Childers et al. 2001; Schroder and Zat2008), such that online stores attract a
substantial portion of hedonically oriented shopd&anesh et al. 2010; Konus et al. 2008).

Overall then, ISD may perform similar attentionetabg and signaling roles in online
as in offline grocery stores, and at least pathefonline grocery shoppers are sensitive to in-
store incentives. Therefore, we expect:
Proposition 1: Online I1SD have a positive effect on sales of the displayed product.
Differences in Effectiveness between In-Sore Display Types

In addition to the overall effectiveness of onli&®, we consider potential
moderating factors. Differences in display effeetigss across display types are well
recognized in commercial applications (e.g., wwsta@nemarketer.org, www.popai.com;
Lillenwall 2004; Spaeth 2004), but few academiccles systematically investigate the effect

of different display types. In both off- and onlis®res, different types can be distinguished



by their location in the store. The importanceawfdtion as a distinguishing moderating
characteristic of promotion effectiveness was sed9y Dréze and Hoch (1998) in their
study of cross-category promotion effects. For IBB&M stores, a classification based on
location distinguishes among entrance, end-of-agsid shelf displays (e.g., Tellis 1998).
Translated to an online context, a similar locatiased classification would consist of (i)
first screen, (ii) aisle, and (iii) shelf tag diap$, as we detail in Appendix A using graphical
examples.

The three locations correspond to different stamges that have distinct functions,
such as zones used for traveling (store and amtareces) and zones used more for shopping
(shelf area within the aisle) (e.g., East et ab®0.arson, Bradlow, and Fader 2005). The
display location relates closely to the order giegrance: First screen displays typically are
encountered first, followed by aisle and shelfd&plays. In addition, displays in traveling
and shopping zones differ in visibility (determineglsize and onscreen position) and amount
of exclusivity (number of simultaneously displayads). That is, first screen and aisle
displays tend to be larger and more exclusive mxatitheir isolated position, whereas shelf
tag displays are usually small and presented sametiusly with several other displays.
Finally, the displays also differ in whether thdfeo an immediate purchase opportunity or
not. First screen displays and shelf tags contéduabutton’ that customers can use to place
the featured stockkeeping unit (SKU) (i.e., a siietype, flavor, and/or package size of the
brand) immediately into their shopping basket. &displays, in contrast, do not offer a direct
buying option, but re-direct consumers after clickon the display to a list with all SKUs of
the featured brand.

As a result of these differences, the three typéSID may affect purchase behavior in
substantially different ways and serve distinogéding and competitive objectives. The major

objective of first screen displays is to preemphpetition from alternative offers (i.e., both



other products and displays) by intercepting custsbefore they even reach the shopping
zone and by offering an immediate purchase oppibytuBy eliciting a direct buying

reaction, they aim to exclude alternatives frometialuation process (primacy effect; Xu and
Hee-Woong 2008). Conversely, shelf tag displaygetacustomers who demonstrate their
interest in the product category (visit the prodrtategory page) and attempt to influence their
choice at the moment of the purchase decisionjdijlighting a specific product among the
many alternatives displayed in the same shopping.ZBoth preempting and targeting
objectives can be served by aisle displays. Theyrare exclusive than shelf tag displays,
because they offer a somewhat isolated (bordeestposition to feature a brand and re-
direct consumers to an exclusive list with the diaisKUs (preempting objective). At the
same time, they reach customers whose attenti@neiady focused on the category since they
are entering the shopping zone location (targetlvjgctive).

Which strategy is most effective—preempting contpmetior targeting interested
buyers—may depend on the consumer’s overall seitgito in-store incentives. As indicated
previously, we expect small or insignificant efeof ISD for utilitarian-oriented customers
who pay less attention to environmental cues aadeauctant to change their purchase plans
in response to in-store incentives. This tendenay aspecially reduce the effectiveness of
preemption oriented first screen displays, whiaate several disadvantages for utilitarian-
oriented customers. In particular, these displagg require a greater change in purchase
behavior, because customers encounter them beftaerey the shopping zone and their
attention may not be focused on making a purchasi#ei category yet. Moreover, these
displays do not allow for a direct and detailed panson of the displayed product with
alternative items in the assortment, which compdisahe evaluation and risks a loss in

utilitarian value (Arnold and Reynolds 2009; Delekio, Lakshmanan and Krihnan 2009).
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In contrast, customers with a hedonic shoppingual are more susceptible to
influences from the store environment and moreinglto engage in exploratory behavior
and adjust their purchase plans. Displays withemipting objective therefore may benefit
from appearing before the shopping zone with itisdigplay of all alternatives, because they
can trigger an immediate reaction by shoppers witlkeatailing further comparison with other
alternatives. The effectiveness of first screepldigs in attracting attention and influencing
purchase decisions may be reinforced by their tpecchase opportunity, greater visibility
and exclusivity advantages (see Appendix A). Intiast with aisle and shelf tag displays,
first screen displays are larger, appear at midestpositions, provide a direct buy button,
and face little or no competition with simultanelyudisplayed ads or products, which should
enhance their ability to attract attention andiesidirect response. Comparing shelf tag with
aisle displays, shelf tag displays have the adgentd being situated in the center of the
shopping zone but have the disadvantage of beimdjenmn size and plagued by more
advertising clutter (i.e., simultaneously displagbelf tags). Previous research indicates that
advertising clutter substantially reduces the ¢iffeaess of displays, especially when a high
degree of similarity marks the simultaneously digpd ads (e.g., product type, advertising
claims) (Anderson and Simester 2001; Cho and CRe64; Keller 1991).

In line with these considerations, we expect Bigeen displays to have the strongest
and shelf tag displays the weakest effect on psehahavior of hedonic shoppers. Aisle
displays take an intermediate position, with vigypand exclusivity advantages over shelf
tags but a preemption disadvantage compared wéhsicreen displays. Overall, we expect
the effect of all display types to be small or gmsficant for utilitarian shoppers but expect
important differences between display types fordmed shoppers. Because recent evidence

indicates that both types of shoppers visit ondjraxery stores, we propose:
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Proposition 2: First screen displays have a greater positive effect on the sales of the
displayed product than do aisle and shelf tag displays.
Proposition 3: Aisle displays have a greater positive effect on the sales of the displayed

product than do shelf tag displays.

DATA AND MODELS
Data
We obtained market share and category sales astagmmajor European online
grocery store for 120 weeks and across ten difterategories. When an online order gets
placed, professional shoppers (pickers) fill thgeorfrom an independent warehouse; the
retailer then delivers the order to the place arttletime specified by the consumer. The
online assortment is comparable to that of B&M a$an the same service area and comprises
both food and nonfood categories. For the same,stategories, and time period, we obtain
detailed information about online ISD and promodalactions. The first screen, aisle, and
shelf tag displays are renewed on the first of e@aohth. In Table 1, we provide an overview
of the different displays for the ten FMCG categsyiwhich reveals substantial variation in
the display types, category penetration, and pwelfrequency (as captured by the category’s
position based on sales).
<insert Table 1>
Brand Sales Model

We use an indirect approach to model effects of d8rand sales, in which we

specify the sales of brand b at timeSalgs,, ) as the product of category sales iCaiSales
) and the market share of brand b at timew,( ) (e.9., Hanssens, Parsons, and Schultz 2001,
Leeflang et al. 2000):

Sales,, =CatSales xms,; . (1)

12



This indirect approach can distinguish betweerdtegory expansion effects, such as
when customers who did not plan to buy a producalm reaction to ISD (captured by

CatSales, ), and (ii) brand switching effects, such as whastamers who planned to purchase
in the category buy a different brand in reactiotSD (captured byns, ;). For in-store

marketing instruments such as ISD that mainly ett@#tention but do not provide a real value
advantage, category expansion effects should bk araasignificant (Bell, Chiang, and
Padmanabhan 1999). Categories marked by impulsbgses (e.g., candy) may constitute an
exception, but such categories are not includemiimdata set. By distinguishing between
category expansion and brand switching effectsfiltee out the effect of ISD on unplanned
purchases and investigate differences in effectssadisplay types for customers who
planned to purchase the category. We offer an asref the symbols and model variables
in Table 2.
<insert Table 2>

Market Share Model

To examine the effect of ISD on brand market shasegstimate an attraction-based
market share model. In our empirical setting, anast other (online) grocery stores, some
display types are defined at the brand level (alsplay), whereas others involve the SKU
level (first screen and shelf tag displays). Tham@fwe use a two-stage hierarchical market
share model that can include different predictorades, defined at the brand and SKU level.
Specifically, we use the extended nested multinblogat (ENMNL) model proposed by
Foekens, Leeflang, and Wittink (1997). For reasafngarsimony and in view of the limited
number of observations per display type and SKUdweot include cross-competitive
effects of ISD (i.e., extended rather than fullyegxded NMNL model; Foekens et al. 1997).

Because the traditional attraction model is nestete hierarchical one, we can also

formally test for violations of the independencearaélevant alternatives assumption in the
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competition patterns between SKUs of different dsafiFoekens et al. 1997). In line with the
layout of the Web site and the marketing mix strateve apply a brand—SKU hierarchy to
estimate the effects of different display typethatappropriate level: brand level for aisle
displays but SKU level for the other two displapég. Our robustness checks, discussed in

more detail subsequently, support this hierarctmer&fore, we define the market share of

SKUs (1, ..., S) of brand b (1, ..., B) at timenig,,; ) as:

MSy = MS, X MSy,, 2)

wherem, is the market share of brand b at time t, amg, is the market share of SKU s

within brand b at time t. The market share of thedr (SKU) level in our nested model can

be formalized as:

Ao

me,t =5 (3)
izﬂ: A\b,t
where
As\b,t = eXp[O'S + zﬁm Xm,sbt]
- (4)

In addition to a SKU-specific interceptr(), we include marketing mix effects<(,,, )

measured at the SKU level, such tt,ﬁ?,{ is a parameter that captures the effect of the

marketing mix variable n(1, ..., M) on the (conditional) market share and the supstri
indicates the lower level effect.

We include a first screen display variable and prbom-specific shelf tag variables.
Because the latter are used exclusively as promstgnals, shelf tag effectiveness may
depend on the type of promotion announced. For#aison, we include promotion-specific
shelf tag variables in our model. From our datawetidentify four promotional activities:

price cuts, loyalty points, free offers, and premipromotions. Not all promotional shelf tag
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variables get incorporated into each model spetibo, because some categories only used a
subset during our observation period. Furthermeesdo not include price variables, because
product prices remained largely the same duringthey period (e.g., in the butter category,
the regular prices of 10 of 22 SKUs [45.5%] were same throughout the observation

period, and the regular prices of the remainingk®s changed at approximately the same
moment; ice= 7.08 with s.e. =.22). Thus, the effect of thie@wariables could not be
distinguished from the SKU-specific intercepts.

The market share of the higher (brand) level inrmsted model can be written as:

m, = BAb,t
XA
= ©))
where:
A =eXpl, + Y B Yoy, + L= 0)IVy, ] (6)
m, =1 )

We again include the brand-specific intercept)(and add the marketing mix variables of
brand b, defined at the brand lev¥,(,, ), where 3, is a parameter that reflects the effect of

marketing mix variable g(1, ..., M,) on brand market share and the subscript u sfands
the higher (upper) level effect.

Because aisle displays are defined at the brard, lexe include an aisle display
variable in Equation 6 but not in Equation 4. Idliéidn, although the first screen display
offers a direct purchase opportunity to buy theuesd SKU and for that reason especially
affects the purchase probability of this SKU (lowaarel, Equation 4), we also include a first
screen display variable at the brand level (hidéesl, Equation 6) to capture additional
attention-steering effects for the brand as a wHateng so allows us to capture potential

spillover or ‘halo’ effects that may result fromatering one SKU to the brand as a whole,
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above and beyond the increase that comes fromeilgbtened SKU attractiveness and which
is incorporated through the inclusive value (sdevee When customers do not immediately
react to the first screen display by clicking oa buy button, seeing one of the brand’s SKUs
on the shelf later on may trigger a recognitiomeen a ‘good deal’ reaction, and in this way
increase the attractiveness of non-featured SKulseo§ame brand. Shelf tag displays are less
likely to generate additional effects at the brénel beyond SKU-specific effects since they
are shown at the low-level SKU list page only, andhat page, attempt to highlight the
featured SKU and reduce competition from other Sikbshe shelf. Therefore, they only
appear at the lower level (Equation 4), not athtigier level (Equation 6), of the market share
model. The robustness checks, explained in mosgél digter, confirm our model choices.

The effect of changes in SKU attractiveness onallvbrand attractiveness is captured
by the inclusive value for brand b, defined as:

S M,
Ivb,t = IO{ZeprS + ZIBI'T] meb't]J . (7)
m=1

s=1
The inclusive value variable is the log of the sofinthe attractions of all SKUs belonging to
brand b. The inclusive value increases when an B&bnging to brand b becomes more

attractive as the result of a display (significaasitive effect of,Bm resulting from a change

in Xm,sp,¢)- The term(1 - o) indicates the impact of the total attractivendsthe set of SKUs
of brand b on the brand’s market share, varies datvd and 1 (Foekens et al. 1997), and
determines to what extent an increase in SKU diveatess (generated by a display)
translates into an increase in overall brand dttr@gess.
Category Sales Model

As we indicated previously, we do not expect IShdve substantial category

expansion effects. Yet to be complete and captueeatl brand sales effects fully, we
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estimate a multiplicative category sales modedtSales ; t = 1,...,T) that takes the

following form:

M H
Catsales, =" [] e’ CatSales Joos H exln 8)
m=1 =

where D,, are seasonal dummids,(1, ..., H) is an index for holiday and special dven
periods (summer, Easter, Christmas/New Year, amitenm), CatSales, ; is a lagged effect
of sales to capture carryover effects, akg, captures the effects of marketing mix variables

at the category level (first screen, aisle, andlujpur promotion-specific shelf tag display

variables, if relevant)a,,d,,, 9 ,,,cs: Xy, @re parameters to be estimated.

RESULTS
Estimation Results of Market Share Model
To estimate the hierarchical market share modeljseea sequential estimation

procedure: After estimating the parameters fromaiqn 4, we calculate the inclusive value

IV, from Equation 7 and estimate the parameters frqoatton 6, given the values ¥,

(Foekens et al. 1997). We provide the estimatisaltge in Table 3. For the lower (SKU) level
model (Panel B), we report the number of insigatfit; positive, and negative coefficiends (
=.05). For the higher (brand) level model (Panglwe report the parameter estimates with
their significance levels. We also include, fortbtgvels of the hierarchical market share
model, the Stouffer combined tésihich provides an overall test of the parameters

(Rosenthal 1991; Wolf 1986). The combined testpraxluce statistical generalizations with

% The Stouffer test, or method of adding Zs (statiaermal values), starts by finding correspondisdgat one-
tailedp-levels for each of the estimations or categokiésen effects are in the same (expected) directian,
corresponding Zs have the same sign; the sigrerdiffthe results are in the opposite directione Hs then are
summed and divided by the square root of the numbists combined (i.e., number of estimations or
categories). This new Z follows a standard nornttitbution and corresponds to thevalue that the combined
results could have occurred under the corresponditidiypothesis (Gijsbrechts, Campo, and Goos26A8).
In addition to the Stouffer test, we compute a Wicembined test, which produces the same results.

17



respect to the combined evidence resulting fronthallestimations and categories (Wolf
1986). In addition, we enhance the combined tedtsam effect size index for each variable
that offers insights into the strength of the rielaghip, i.e., the degree to which the
phenomenon occurs in the population (Wolf 1986).fiké convert the t-value for each
variable to an effect size index d and take theameeof effect sizes {to represent the mean
effect size across all estimations and categov&sf(1986). As a robustness check, we rerun
the tests with the Pearson product moment coroglatas a common metric and find the
same results. Cohen (1977) provides the followigejines for the effect size: small when d
=.2, medium when d = .5, and large when d = .&r@l\; Table 3 shows that for most
categories there is a reasonable-good fit (basedeoresidual sum of squares and corrected
total) for the lower level of the market share megdand a good fit for the higher level of the
market share models.
<insert Table 3>

For first screen displays, we find very strong,ipres effects at the lower level of the
hierarchical market share model (Panel B, Tablé3)2 of 18 lower-level estimations in
which a first screen display is present, the effepositive and significant, and in none of the
cases do we find a significant negative effect. &bcategories, at least one of the lower-level
models produces a significant and positive effectlie first screen display variable. The
Stouffer combined test indicates that the null higpsis of no significant first screen display
effect common to each of the estimations shoulejeeted (p<.01), and the mean effect size
(.58) points to a medium effect. The results atitigher level of the hierarchical model
(Panel A, Table 3) demonstrate that these SKU-leffetts lead to a significant increase in
the brand’s market share in each of the examineduyat categories. The parameter of the
inclusive value is significant for all categoriesiferal water at .10; all other categories at

.01) with values within the 0 and 1 range (we réfioro; Stouffer tesp < .01, and large
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effect size = 1.12). In addition, for several catégs (beer and toilet paper at 1%, drinking
yoghurt at 10%), the general (non—SKU-specifigtfacreen display variable included at the
higher level of the market share model also hagrafieant positive effect on the market
share of the brand (Panel A, Table 3: Stoyffer.01; yet with a small mean effect size across
categories of .23 and high standard deviation ®firdicating that there is substantial
variation in effectiveness across categories). @liyghese results indicate that first screen
displays substantially improve brand market share&ch of the examined product
categories. The small number of higher-level brapekific effects suggests that there are
limited or no spillover effects of SKU-based fisstreen displays on the brand as a whole.
Yet, because of the significant inclusive valueetf first screen displays affect the brand’s
position through the increased attractivenessefehatured SKU which makes the brand
more attractive compared to competing brands amitisnway steals sales from these
competing brands. In addition, the differences leetwthe lower-level, SKU-specific effects
show that the effectiveness of first screen displagy strongly depend on the attractiveness
of the featured SKU.

An aisle display, in contrast, does not appeamiarove brand market share in all
categories. We find a significant, positive effexconly four of the ten categories (mineral
water, cola, drinking yoghurt, margarine) at thghlair level of the hierarchical market share
model (Panel A, Table 3). This finding also is eefkd in the results of the Stouffer test,
which indicate that aisle displays produce a pesijtsignificant effect on brand market share
(p < .01) but with a small mean effect size (.20) eattier large standard deviation (.33).

Finally, as expected, the effect of shelf tag digplon the lower level of the
hierarchical market share model differs substdgtéddpending on the type of promotion
(Panel B, Table 3). We find no effects for priceéscor free promotions (Stouffer tgst- .10),

but loyalty points and premium promotions have iggnt effects on the market share of an
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SKU of a specific brand (Stouffer tgsk .01). Yet, the number of significant coefficient
across estimations remains small, which is refteoiehe small mean effect sizes and
relatively large standard deviations of the Stautiést (.14, s.e. = .25 for loyalty points; .10,
s.e. = .27 for premium promotions).

To obtain a better insight into the magnitude ef dverall brand market share effects
of different display types, we derive the perceatalgange in brand market share generated
by a display via quasi-elasticities (see Appendix3Bnce shelf tags have a very limited effect
on brand market share, we focus on the other talaly types. Figures 1 and 2 provide a
visual representation of the display effects basethe formulae in Appendix B. Figure 1
depicts the percentage change in brand market shased by a display, as a function of the
brand’s initial market sharen(, .) which is varied from .01 to 1. Using Equationi}Bin
Appendix B, we display the percentage change indraarket share generated by a first
screen display in Figure 1a. The parameter valaed to derive the functions are displayed

below Figure 1. We use the lowest and highest gabfi¢he estimated response parameters (

Bes, andBs, ), and fix the value of the featured SKU’siatitmarket sharen, ;) and the

inclusive value coefficients) at .5. In the same way and using the lowest agitelst values

of the estimated aisle display response paramgf&ys,, ), Equation (B.2) in Appendix B
leads to the function displayed in Figure 1b angtwas the percentage change in brand
market share generated by an aisle display. F@presents the percentage change in brand
market share caused by a first screen displayf@scéion of the featured SKU'’s initial

market shar¢mg, ) which is varied from .01 to 1. We again use Eque(®.1), the lowest

and highest values of the estimated response pteest{f-s, angB., ) and fixed values for

the initial brand market shareif, ;) and inclusive value coefficient) equal to .5, to derive

the graphs.

<insert Figure 1 and 2>
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A comparison of the graphs in Figure 1 clearly aomd that first screen displays
(Figure 1a) are more effective than aisle disp(&ygure 1b) over the whole range of the
initial brand market share. The difference in difemess is largest for brands with a
relatively low initial market share and declines lrmains substantial for higher levels of the
initial brand market share. The results in Figudetonstrate that the effectiveness of first
screen displays depends on the attractivenes® dé#ttiured SKU. First screen displays for
highly attractive SKUs (large initial market shagenerate a much stronger increase in the
brand’s market share than do those for less atteaSKUSs.

We also run simulations based on the actual maugetnvironment to obtain
estimates of brand market share increases redizéite display actions in our data set. For
each observed display action, we computed (i) ahechsted brand market share with the
display and (ii) the forecasted brand market stfamewould have been obtained without a
display. The ratio of (i) to (ii) provides an inditon of the actual display effect. In line with
Figure 1, the simulation results indicate thatagarage, the percentage increase in brand
market share caused by a first screen display dgeer 16.65%, max = 106.3%, min = .68%)
is substantially larger than that caused by arm aisplay (average = 5.95%, max = 33.7%,
min = .44%). As an illustration for the link betwethe figures and the simulation, we focus
on the minimum increase in brand market share tiagutom an aisle display (.68%), which
was observed for a brand (coca cola) with a vegi mitial market share (around 95%), and
a rather low responsiveness parameter for the disgbéay (Table 3). Looking at Figure 1b,
the percentage increase is indeed low and aro@%d & we found in our simulations.
Estimation Results of Category Sales Model

For the category sales model, we report the paemsstimates and their significance
level, the Stouffer test, and the mean effect siZEable 4. Overall, Table 4 shows that the

model fit is acceptable, especially for the moegjfrently purchased product categories.
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<insert Table 4>

For almost all categories, we observe a positigeicant effect of the lagged sales
variable and negative significant effects for thasonal dummy variables. As expected, we
find no or very small effects of ISD on categoriesathere are no significant positive effects
of first screen displays, aisle displays have $icgmt positive effects for four categories only,
and the majority of shelf tag displays are not sicgmnt. The only significant effects emerge
for loyalty points, which again can be attributedhe effect of the specific promotion type
rather than a shelf tag display effect.
Effects of ISD on Brand Sales

Because of the weak or insignificant effects atddiegory sales level, the overall
effects of ISD on brand sales mainly depend onrtheket share effects (Equation 1). We
find strong evidence in support of Propositiondam that online ISD have a positive effect
on brand sales. The results also provide suppoRHgposition 2. First screen displays clearly
outperform aisle and shelf tag displays. To talkepbsitive effects of the aisle display
variable on category sales into account, we reamarsimulations on the overall brand sales
level. The results are very similar to those oladifor the brand market share model. The
average increase in brand sales caused by fietsclisplays is greater than the average
increase in brand sales caused by aisle displangs.SEreen displays also have a stronger
effect on brand sales than do shelf tag displaysupport of Proposition 3, aisle displays
outperform shelf tag displays in the majority ofea. Shelf tag effects appear significant for a
limited number of cases and promotion types onhe &ffect appears to depend
predominantly on the type of promotion rather th@npresence of a tag announcing one.
Robustness Checks

To verify the validity of our findings, we condustveral robustness checks for the

category sales and market share models. In thgargtsales model, we estimate several
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alternative model specifications, but none of thresult in significantly better estimation
results. We also test for first-order autocorrelatusing the Durbin-Watson test. For the
market share model, we estimate alternative spatidins of the hierarchical attraction

model, replacing the brand—SKU hierarchy with &s&KU or flavor—SKU hierarchy. In
addition, instead of estimating a general inclusigkie effect (Equation 7), we estimate
models with nest-specific inclusive value effe¥ige also rerun the models with an overall
instead of promotion-specific shelf tag variabléjat captures simply the announcement of a
promotion. For none of these checks does the faligity or model fit improve.

For the operationalization of the promotion varéswe use the amount of price
reductions and loyalty points for price cut anddlby point promotions and a dummy variable
for the other two promotion types (see Table 2alige previous research has noted that
consumers are sensitive to the (monetary) val@epsbmotion (DelVecchio, Krishnan, and
Smith 2007). Robustness checks indicate that uBingmy variables for the price cut and
loyalty point promotion variables or using a momgtzalue expression for the free promotion
variable reduces model fit. We further verified thmice of including the displays at the
different levels of the market share model, by addihelf tag variables at the higher level of
the market share model and SKU-specific aisle disphriables at the lower level of the
market share model. Although there are few reasmegpect an additional brand-level ‘halo’
effect for shelf tag variables, a plausible exaaptould be that a shelf layout by brand
stimulates proximity effects in the advantage afi-figatured adjacent SKUs of the same
brand (Breugelmans et al. 2007). Similarly, theeere reasons to expect important
differential effects of aisle displays at the SKdyél. Robustness checks indeed reveal the
nonexistence of shelf tag effects at the higheglleand SKU-specific aisle display effects at
the lower level. Finally, adding lagged versionsgha promotion-specific shelf tag variables

in our model, as a means to capture possible dyneffacts, does not result in estimation
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improvements. Previous researchers have indichgdiyynamic promotion effects are
relatively hard to capture (Chan, Narasimhan, amahg 2008), and this difficulty may
become even more pertinent with the aggregateeafusur data and less stable shopping

pattern of online buyers.

CONCLUSIONS AND DIRECTIONS FOR FURTHER RESEARCH

The objectives of this research were twofold. Finst wanted to examine whether in-
store displays (ISD), which represent highly effiexand frequently used in-store marketing
instruments for B&M stores, can be used effectitelgtimulate brand sales in online stores.
Second, we wanted to investigate the moderatiregetif display characteristics by
comparing the effectiveness of three major dispjags that pursue different objectives and
effects. To derive propositions on the effectiveneisISD in online stores and on the
differences in effectiveness across display typesperform a theoretical analysis of the
mechanisms underlying observed display effectsaditicle possible impact of the virtual
store environment. Next, to test these propositioresestimate a hierarchical brand market
share and category sales model that incorporateftbet of three display types that differ in
their attention- and competition-related featui¥e. examine the effects for ten different
FMCG categories which increases the external \tglafiour results and provides insight into
potential differences in display effects acrosegaties.
Overall Effectiveness of ISD in an Online Shopping Context

Previous studies in traditional grocery settingsidestrate that ISD can be a very
effective instrument to increase brand sales. @sults confirm that ISD also have positive
effects on brand sales in online grocery storeseiging an increase in brand sales of up to
106%. In contrast with previous claims that onkb@res attract only convenience-oriented

shoppers that are less sensitive to in-store magketstruments, our findings demonstrate
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that ISD can influence online buying behavior amat bnline shoppers may be susceptible to
in-store incentives. Online retailers and manufiestimay therefore benefit from introducing
incentives and decision cues (e.g., ISD) that dvalne shoppers’ attention to specific
products and thus alter their behavior.

Comparing brand and category level effects, itearcthat the brand switching effect
dominates the category sales effect. Online IS l@asignificant positive effect in a much
larger number of product categories at the braratKet share) level than at the category
sales level. In addition, when significant, the magle of the category sales effect is in most
cases quite limited compared to the boost in braatket share ISD appear to produce.
Online retailers and manufacturers should therafeaéze that ISD tend to change online
shoppers’ brand choice rather than their categaiglence decision. Previous research has
shown that, also in a B&M setting, in-store meratiaimg efforts especially affect brand
choice decisions, and to a lesser extent primanyaael (cf. Bell, Chiang, and Padmanabhan,
1999). Whether the magnitude and composition obtiime display effects observed in our
study are comparable to those obtained in B&M staalifficult to assess, due to the lack of
a clear benchmark (i.e., no meta-analysis of dysefects has been published) and
uncontrolled differences in the research settiegs. (store characteristics, examined
categories, and brands).

Differences in Effectiveness between In-Sore Display Types

Not all display types are equally effectiveincreasing brand sales. As we expected,
displays that mainly serve a preempting objectgperform those with a targeting objective.
The average increase in brand market share foisireen displays is more than twice as
large as that for aisle displays, and we obsemtaally no significant effects for shelf tag
displays. The preemption advantage of first scoBgplays becomes even more pronounced

when attractive SKUs are featured on the first paggh a boost in the market share of up to
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106%. This leads to two important conclusions far planning of online display actions.
First, the results demonstrate that the advantaigiesituring a product first, with no or
limited competition from other brands in the catggonore than compensates for the possible
disadvantages of a less functional position inttieeling zone of the online store. Second,
selecting the right items to feature can deterrttieesuccess of the preemption strategy, in
that a much stronger effect results from the dispfamore attractive SKUs. This implication
is consistent with previous findings in the adweni literature that indicate that more
appealing and familiar products attract customgnéion more easily (e.g., Keller 1991).

Aisle displays only have significant effects onrmtanarket share in about half of the
examined product categories and, when signifiganol/ide a smaller increase in brand
market share than do first screen displays. Inwitke our expectations however, aisle
displays clearly outperform shelf tag displaysdahancing brand sales. Both ISD are located
in or near the shopping zone, and thus serve attaggobjective, but the difference in
effectiveness stems from the entrance positionsté displays and the higher degree of
advertising clutter for shelf tag displays. Aisisglays appear in somewhat isolated, border-
screen positions preceding the SKU list while stedfdisplays get dispersed all over the
online shelf, often in competition with a severtier shelf tags that make similar
promotional claims, which increases the risk fdutgid attention effects.
Category Differencesin | SD Effects

We find a high degree of consistency in the resadtess product categories. In each
category, the market share effects of ISD appedotoinate category sales effects. In
addition, we find very similar differences in effeeness across display types, with
significant and much stronger first screen dis@#gcts in each of the examined categories.
The main differences across categories are thewsbateinexpected positive category sales

effects of aisle displays in some of them. A cldsek at the online grocery store’s
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organization reveals that this differentiation specially evident when the category pages
contain close substitute categories, such thadidpays may stimulate cross-category
substitution. To test these cross-category efi@atsdetermine whether category switching is
a reason for the increase in category sales wenahsge need more information about the
substitution possibilities and sales level of ottegegories.
Managerial Implications

This research has important implications for bomuofacturers and retailers, the
implementation of ISD depending both on manufactiiacentives to initiate them and
retailers’ willingness to implement them (Ailawaatial. 2009). Manufacturers can use our
results to identify the differences between anewheinants of successful display types when
planning their in-store marketing mix actions. Huvantages of preempting competition by
appearing early in the shopping process dominat@dssible advantages of targeting buyers
at the time and place they make their choicesetiding which display to use, manufacturers
should take the risk of advertising clutter inte@ant and strive to gain more isolated,
exclusive display positions. For retailers, thessults provide useful guidelines for
determining the cost structure of the display s managing their display space allocations
when collaborating with manufacturers. In addititrgugh retailers may be tempted to
increase the number of shelf tag displays availablee same space, the resulting decrease in
effectiveness could backfire, in the form of mantfigers’ reduced willingness to pay for the
display. Moreover, because of the dominance oftgavitching over category sales effects,
retailers should be aware that they can benefit impsharging the individual brand for the
opportunity to steal share or by pushing one of then private label brands to do so, as ISD
tend to have a weak effect on category sales.ditiad, it may be interesting to explore
possible cross-category substitution effects, aafhgfor those categories that are positioned

in the neighborhood of close substitute categarethe website.
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Limitations and Avenues for Further Research

Although our study provides interesting new insgginto the effectiveness of ISD in
an online grocery shopping context and the diffeesrin effectiveness across display types, it
also has important limitations and points to seMietaresting areas for additional research. A
first limitation concerns the aggregate level ddlgeis and lack of information about
individual-level differences in display reactiokairther research should shed more light on
these issues by, for example, estimating purcheséance, purchase quantity, and brand
choice models at the individual level. An analydisndividual differences in display
responses also might provide useful guideline®fine retailers and help them assess
customization opportunities (Zhang and Krishnam@@®4). In addition, to clarify the black
box that remains between display incentives an@Wehal reactions, researchers could
obtain insight into intermediate outcomes by meaguself-regulation and related consumer
characteristics explicitly through a survey or expental analysis, or by using eye-tracking
or clickstream data to examine individual attentionSD.

Second, the validity of our findings receives supf@m the consistency across ten
FMCG categories, yet an analysis of a more exterss#t of categories that differ on other
important characteristics should test for and arpatential differences in display
effectiveness across categories. Our data set ceesgood and nonfood items and categories
that differ in purchase frequency, but it mainlycentrates on staple products (i.e., no
impulse products, specialties, or perishables).r€kalts at the category sales level further
indicate that an analysis of cross-category effeatdd provide useful additional insights and
a more complete view of online display effects,uese it would allow to explicitly
investigate the impact of ISD on the category safeglated, substitute, or complementary
categories. Similarly, replicating the study in #rey online retail setting would be an

interesting area for further research.
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Third, to obtain a more accurate assessment ai@display effects and derive better
guidelines to support decisions on ISD, the moddlanalysis could be extended to
incorporate dynamic effects and interaction efféetsveen display types. These model
extensions might provide useful additional insigimsl guidelines to support display
frequency, timing, and display mix decisions.

Fourth, the results regarding the brand salestsffgfconline ISD should be integrated
with information on display costs to assess thefifability. Such analyses in an online
context may provide useful additional insights thvatld help retailers and manufacturers to
improve their in-store marketing plans. Online 18&ts may differ substantially from offline
display costs, due to the higher flexibility in istwal store environment; an online store
experiences minimal costs to change or replaceal®Dno costs for creating physical
displays. An investigation of the profitability asgecific advantages of online ISD also
would offer interesting insights into customizatmpportunities of online ISD (Zhang and
Wedel 2009). Because our results confirm that hatisplay types are equally effective,
manufacturers need to trade off differences inscast effectiveness across the display types.
Additional research could provide useful insiglitstipport these decisions by examining
profitability differences across display types aelhting them to product characteristics, such

as the number of available brands or SKUs per baaddthe attractiveness of flagship SKUs.
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Table 1: Category Overview and Descriptors of ISD

Category Position Number Number First Aisle Shelf Tag Display

based on of Brands of SKUs  Screen  Display”  Price Cuts Loyalty Free Premium

Sales in the in the Display” Points’ Promotions Promotions
Category Category

Mineral water 1 8 26 7.7% (1) 23.0% (3) 23.0% (6 3.8% (1) 87.5% (11) 30.0% (3)
Cola 3 3 27 34.6% (6) 19.2% (2) 38.5% (10) 3@ 53.5% (6) 50.8% (10)
Sparkling water 8 8 23 11.5% (2) 11.5% (3) 4239 3.8% (1) 74.2% (11) 21.7% (4)
Beer 9 3 18 19.2% (4) 19.2% (3) 46.2% (11) 7(2% 93.3% (11) 36.7% (7)
Toilet paper 10 3 17 53.8% (7) 7.7% (2) 50.0%) (1 11.5% (4) 66.7% (8) n.r.
Fabric softener 24 7 34 19.2% (3) 7.7% (3) 38(23) 11.5% (4) n.r. 3.3% (1)
Drinking yoghurt 26 4 17 7.7% (2) 7.7% (2) 7.3 n.r. n.r. n.r.
Shower soap 37 9 49 23.0% (4) 11.5% (3) 30.8% (7) 11.5% (4) 86.7% (10) n.r.
Margarine 43 13 36 15.4% (2) 7.7% (2) 38.5% (9) .5%(3) n.r. n.r.
Butter 45 6 22 15.4% (3) 7.7% (2) 23.0% (4) 11(2% n.r. 10.8% (2)

Notes: Example interpretation for mineral waterisTéategory is the top selling category for theranbktore and contains on average eight brand2@&r8KUs. In 7.7% of
the observation period, at least one SKU was predhbly a first screen display; only one SKU receisadh a display. Aisle displays were present du@i@go of the
observation period, and three brands were promeittdan aisle display. Price cuts and loyalty psiotcur for 23% and 3.8% in our observation peréou six and one
SKUs, respectively. Free promotions were omnipresaras much as 87.5% in our observation peribdeast one SKU in the category offered customersrtain amount
for free. Premium promotions occurred 30% of theetiand for three SKUs.r. = not relevant (the category did not use ttoertion type during our observation period).
" SKU (stockkeeping unit) represents a specific pebtlpe, flavor, and/or package size of a givembra

" Percentage of months in the observation periodahe&SKU in the category was announced by a feste display or accompanied with a price cut, ltgyaoint, free
of'fer or premium promotion (number of SKUs promibteth a first screen, price cut, loyalty poingdror premium promotion display).

- Percentage of months in the observation periodathaisle display promoted all SKUs of a branchad¢ategory (number of brands promoted with aw aisiplay).
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Table 2: Variables in the Market Share and Cate§atgs Mode

Brand Market Share

Brand Sales

Sales,, = CatSales xms,,
Category Sales

mssb,t = msb,t % mss\b,t

with M, , = market share of brand b at time t, amfg“ot = market share of SKU s within brand b at time t

Market share of theigher (brand) level

A
B
2 A
=

M,
A),t = exp[ab + Zﬁmquub,t + (l_ J)Ivbt]
m,=1

m, =

, where

Link with lower level
S M,

lVb,t = IO Zexpps + Zﬁm meb.I]J
s=1 m=1

Inclusive value for brand b at time t (based on the
parameters of the lower level market share model)

Variables (Yﬁhbt):

Aislg = Dummy variable equal to 1 if there is an aisle

display for brand b at time t
FS,; = Dummy variable equal to 1 if there is a first

screen display for brand b at time t

M H
CatSales, = e™ [[] e’ CatSales = n P
m=: e

with CatSales = Weekly category sales (expressed
in€),t=1,...,T
Market share ofower (SKU) level

CatSales_, = Lagged category sales
D,, = Seasonal dummies, with h = index

holidayand special event periods (1, ...,

Variables(Xm0:

FS = Dummy variable equal toif there is a first

screenin the category at time
Aise, = Dummy variable equal to 1there is an

aisle display in the category at tin
pC, = Total amount of price cuts ine category at

time t
LP = Total number of loyalty points in tt

. category at time
brand b attime t _ FP=Dummy variable equal to 1there is a
FP,, = Dummy variable equal to 1 if SKU s of brand promotion in the form of buy x, get y for free’

b receives a promotion in the form of ‘buy x, gdoy  the category at time
free’ at time t PP = Dummy variable equal to 1there is a

PR, = Dummy variable equal to 1 if SKU s of brand promotion in he form of a gift in the category at
b receives a gift at time t time t

ms\b,t - SAHb't
ZA\b,t
i=1

M,
As\b,t = exp[as + Zﬁm Xm,sbt]
m =1

Variables (xmsm)_:
FS,, = Dummy variable equal to 1 if SKU s of brand

b is announced on the first screen at time t
PC,, = The amount of price reduction for SKU s of

, Where

brand b at time t
LR, , = The number of loyalty points for SKU s of
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Table 3: Estimation Results for the Hierarchicalrkéa Share Model

Min. water Cola Spar. water Beer Toilet pap.  Fabdft. Drink yogh  Shower soap Marg. Butter
A: Higher (brand) level of the market share model: Estimated coefficients
First screen display .033 .043 -.042 162 .338" -.498 183 118 -.071 -.012
Stouffer: 7. =3.15915" ; d=.23
Aisle display .105™ .106" .090 -.082 -.060 -.131 229 -.002 311 .053
Stouffer: Z_ = 2.804759 " ; d:=.20
Inclusive value (16) .106 958" 547" 464" 103" 758" 659" 829" 191" .858"
Stouffer: 7, =14.6267 ; d:=1.12
Model fit .960 .990 .935 .905 .352 .545 .969 673 .832 .908
B: Lower (SKU) level of the market share model: Number of positive significant, insignificant, and negative significant parameters
First screen display
Positive, significant (5%) 1 1 1 2 2 1 1 1 1 1
Not significant 0 2 1 1 0 0 1 1 0 0
Negative, significant (5%) 0 0 0 0 0 0 0 0 0 0
Stouffer: z_=11.47828 " ; d:=.58
Shelf tag display — price cut
Positive, significant (5%) 0 0 1 0 0 1 0 0 1 0
Not significant 3 0 3 2 1 3 1 3 2 2
Negative, significant (5%) 0 2 0 1 0 0 0 0 0 0
Stouffer: Z,=0.81382 d=.03
Shelf tag display — loyalty point
Positive, significant (5%) 0 0 0 0 0 0 n.r. 1 0 1
Not significant 1 1 1 2 1 2 1 1 0
Negative, significant (5%) 0 0 0 0 0 0 0 0 1
Stouffer: 7_=3.716902 " ; d.=.14
Shelf tag display — free
Positive, significant (5%) 2 0 0 0 1 n.r. n.r. 0 n.r n.r
Not significant 4 0 3 1 1 1
Negative, significant (5%) 1 1 1 2 0 1
Stouffer: Z.=-0.61198; d=.12
Shelf tag display — premium
Positive, significant (5%) 0 0 1 1 n.r. 0 n.r. n.r. n.r. 0
Not significant 3 2 2 1 1 2
Negative, significant (5%) 0 0 0 0 0 0
Stouffer: z_=1.71210"; d=.10
Model fit® (min-max) .621-.995 .431-939 .263-.796  .260-.536230-.981 .254-.762 .375-.740 .216-.677 .186-.821 12-911

Notes: Constants have been omitted from the t&hieSignificant at 1% level. ** Significant at 5%elvel. * Significant at 10% level; n.r. = not relexa
2R2 = 1- (Residual sum of Squares) / (Corrected 8Li8guares)
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Table 4: Estimation Results for the Category Sikledel

Min. water Cola Spar. water Beer Toilet pap. Fabaft. Drink yogh ~ Shower soap Marg. Butter
First screen display -.083 -.018 .049 -.035 .065 -.065 .035 -012  -.147 .007
Stouffer: Z.=-0.8278; d=-.04
Aisle display 247" 122 251 .208™ -.014 -.086 145 .000 -.045 -.045
Stouffer: z_ = 2.827266 ; d=.16
Shelf tag display — price cut .066 -.125 -.133 -.068 -.049 .064 -.096 .028 .210 234
Stouffer: Z, =0.33655¢ d=.01
Shelf tag display — loyalty point 168 .037 -.069 .267 266" 172 n.r. .168 266" 255"
Stouffer: z_ =5,23498." ; d.=.34
Shelf tag display — free -.034 .003 -.102 -.057 .093 n.r. n.r. -.050 n.r. n.r.
Stouffer: Z. = 059959; d.=-.18
Shelf tag display — premium .008 .165* -.052 2207 n.r. .023 n.r. n.r. n.r. -327
Stouffer: Z, =1,203543 d=.10
Lagged category sales .339” 165 269" .260” .042 .066 Ad4 .084 387 504"
Stouffer: z_ =10,09258 " ; d=.56
Summer -.294" -.319" -.132 -.042 -.467 -.432" -.328" -.303" -.184" -137
Stouffer: z_ =-10.2938 " ; d=-.60
Eastern -.126 -.084 -.088 -.196 -.150 -.207 -.265" -18% -.060 -.067
Stouffer: Z_ =-4.73409 " ; d;=-.32
New Year/Christmas -.248" -.384" -346" -241" -.356" -.309" -.067 -131 -.092 -155
Stouffer: z_ =-10.10¢" ; di=-.55
Mid Term -.146 -.073 -117 -.102 -.300” -178 -.054 -.009 -.035 -.086
Stouffer: 7, =-4.40800" ; di=-.28
Adjusted R? 481 297 .368 .358 464 .286 544 .143 31.4 .596

Notes: Constants have been omitted from the table.

*** Significant at 1% level. ** Significant at 5%elvel. * Significant at 10% level; n.r. = not relexa
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Figure 1: Percentage Changes in Brand Market SPawmeed by First Screen and Aisle
Displays, with Different Levels of Initial Brand Meet Sharé™

Percentage change in brand market share (first screen
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20‘; lower level - high
(o]
0% — Upper level - high,
0,01 0,10 0,20 0,30 0,40 0,50 0,60 0,70 0,80 0,90 1,00 lower level - low
Initial brand market share
(a) Percentage change in brand market share chysefirst screen display
Percentage change in brand market share (aisle display)
40%

——

Low

High

(b) Percentage change in brand market share chysadaisle display

® Figures based on Equation B.1 (panel a) and Emu#ti2 in Appendix B (panel b), using parameters as
specified below.

Initial market shareg First screen display Incl. Aisle
Brand SKU Upper Lower | value | display
Mp,¢ MSy, lgFS,u :BFS,I 6 :BAideu
Figure la
Upper level low, lower level high| [.01,1] 5 .183 1.619 5 n.r.
Upper level low, lower level low | [.01,1] 5 .183 .280 5 n.r.
Upper level high, lower level high [.01,1] 5 .338 1.619 5 n.r.
Upper level high, lower level low| [.01,1] 5 .338 .280 5 n.r.
Figure 1b
Low [.01,1] 5 n.r. n.r. n.r. .105
High [.01,1] 5 n.r. n.r. n.r. 311

P The actual initial market share of brands thaeinesd

a display ranges between about 1% and 95%.
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Figure 2: Percentage Changes in Brand Market SPameed by First Screen Displays, with
Different Levels of Featured SKU's Initial Markeh&e®”

Percentage change in brand market share (first screen
display)
60% —— Upper level - low,
50% M lower level - high
40% / —<— Upper level - low,
30% //vs lower level - low
0,
20% >‘<//./ —x— Upper level - high,
10% = lower level - high
0%
% Upper level - high,
001 01 02 03 04 05 06 07 08 09 1 lower level - low
Initial SKU market share
® Figures based on Equation B.1 in Appendix B, ugiagameters as specified below.
Initial market sharg First screen display Inclusive
Brand SKU Upper value
Lower
Mp,t msy, Bes. Brs) z
er level low, lower level hi . .01, . . .
Upper level | I level high 5 01,1 183 1.619 5
Upper level low, lower level low 5 [.01,1] .183 .280 5
Upper level high, lower level high 5 [.01,1] .338 1.619 5
Upper level high, lower level low .5 [.01,1] .338 .280 5

P The actual initial market share of an SKU thaereed a display ranges between about 10% and 64%.
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Appendix A: Visual Representation of Different OwiDisplay Types

o N onnesiop. [ @I g
R i i E Home | Contactecrons | rivary | Weajwe? | FAQ | Leveringsiondes
Home  Contadsercns  Pwacy | Weanwe? | FAD  Lavernguondes i

Online shop

= 1 2 1
Home | Cortartesrons | Privecy | Wemnwe? | FAQ | iseeengarordes
= = =

e-mailadres
h e-mailadres

Password
Passward " password search a praduct
soerclinndi ] R— I B tonence » tiene > Zeep - bagsctuin » Toetzeep =
By thnsme - Tl ‘ ) —
B [ Save password = s [T Sove paciword CATEGORY
o HOTHISS @ Departrnent 1
= Department 1 @ Department 2
& Department 1 Categol
= Department 2 (Em | ottty gory :ontjcr e
#Dspariment 3 | .
; iRt - “Dapartment 3 ——— Y Shoppingbasket
% Department 4 PRODUCT DESORIPTION FRODUCTDESCRIFTION Y Bhvos skt g Shelf 1 PRODLCT DESCRPTON TR
+Dagartmen: L \Shopping lusket sl €2 ]2 K
“ Dagartinont & s W Degartment & T W e
=Dagariment [ jam = & Degartment B ;
s oon i camtea S Dopatt ¥ shata ¢ i
= Category 2 .ﬂ O s & Catemory | Shelf 4 & Catoory2
3 = O = Category 2 sheir1
Ehit | Shelf 2
Look il Shelf 3
Stetts st S s W
Stat s shen s ezssi]s
Category 3 FRODUCT DESCRIFT PRODLICT DEBCRIFTION et coo St Oatennn g — = £eE
ODUCT DESCRIFTION JUCT DESCRIFTI bt h
+Catsqoryd Category 3 b om @ Category 4 PRODLICT DESCRPTON cosl 12 Wl
2 Caleqory 5 Gy e i * Category 4 Category 5 a0 : v R [y weom
¥ ) | I ——— fFe oo
Category & €6 csion toul €000 * Calegory & Deavery toe =000 IRl PRODUCT DESCRPTION :
Dspariment 8 cwre o e, e e gl Getegory i o0  Dapartment 8 Lt es ] W
* Dagsitmant 3 P N & Dagartment 8 e P epsimeti, _.
# Dapariment 10 D] D ® Department § epattment 2 €210 ]2 W
® Dagartimant 11 @ Department 10 Department 11
& Dagarlment 12 & Depariment 11 Department 12
= Dagartmont 13 & Dapatmant 12 Department 13
= Dapartment 14 § Depatment 13 opatment 14
% Dagartment 15 & Dapatment 14 e partment PRODUCT DESCRIPTION e,
% Dogatiman 5 # Dapariment 15 Deperrert 15 — e2asl ]38
% Dapanment @ Dapurtmint 18  Departmen
i Dkt & bepanment 1B FROBLCTESCRPTH consi]s R
# Daparlment 19 bl & bevatment 1 Qo

# Dopartment 19

ISD First screen display Aisle display Shelf tagpdhy

Location Store department page Category page SHKU li

Sequence High-level page Mid-level page Low-leae
Functionality Traveling zone Traveling/Shopping zone Shoppingezon
Visibility Mid-screen / Medium to large size Bordecreen / Medium to large size Mid-screen / Smaé s
Exclusivity No displays for competitive brands Nismlays for competitive brands Several displaysctumpetitive brands

Purchase Immediate Delayed (directed to brand page) Immediat
opportunity
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Appendix B: Quasi-Elasticities

We use the percentage change in brand market chased by ISD as an approximate
measure of ISD elasticities, because first scre&) and aisle (Aisle) displays are included as
dummy variables in our model. Based on Equatiorn’s @« derive the percentage change in

brand b’s market share at time\tr,, ,) caused by a first screen display as:

am, s = T (FS, =) -m, [(FS,, =0) (mo,t\(FSD,t :1)}

m,,|(FS,, =0) m,,[(FS,, =0)

extl@- ) *log[(t-m,, ) + my,, * exp(5;s,)] j
@-m) +m,,*[exdl(Bes,) + A~ 0) *logl-my, )+ my, *expBs )l ) T g g

= [exp(ﬂps,u)

and the percentage change in brand b’s market shéiree t caused by an aisle display as:

|(Aide,, =1) - m,, Aislet—O Alde, =1
am A m,|(Aisle, )_ m,|(Aisle, m,,|(Aisle,, =1)
, m),t‘(AIS|eb,t =0) ‘(AISIem - O)
:(exp(ﬂ- . 1 J_l (B.2)
Aisle,u a- mot) + exp(ﬁme,u) * M, |
where

my,, . = market share of brand b at time t;
msy, = market share of SKU s of brand b at time t;

FS,, = first screen dummy variable equal to 1 if thera ffirst screen display for brand b at
time t and O otherwise;

Aidg, = aisle display dummy variable equal to 1 if thisran aisle display for brand b at
time t and O otherwise;

B:s,, = response parameter for the first screen dummighderin the higher (upper, brand)
level of the hierarchical market share model;

Bcs, = response parameter for the first screen dummigharin the lower (SKU) level of the
hierarchical market share model,

Brseu= response parameter for the aisle display dummiglvie in the higher (upper, brand)
level of the hierarchical market share model; and

1-0) = response parameter for the inclusive value éeia
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