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Chapter 1 

Introduction 

 
 The grocery retail industry has changed enormously over the past decades 

and, in the United States and Europe alike, faces maturing markets and declining 

growth. With limited opportunities to grow ‘organically’ by opening outlets in new 

locations, retailers have been forced to rethink their business to maintain their 

competitive position (Gielens and Dekimpe 2001). In this dissertation, two recent 

phenomena are studied that are increasingly being used by retailers to increase their 

business: (i) store acquisitions and (ii) product diversification or channel blurring. 

The grocery retail industry, while at one time a relatively fragmented industry, is, 

therefore, moving into a more consolidated industry and competition between 

formats and channels is becoming increasingly intense (Ellickson 2011). Yet, these 

phenomena, while prominent in today’s retail environment, are relatively 

understudied in the academic literature and research thus left managers with little 

guidance on these subjects. 

 This dissertation aims to contribute to bridging this gap, and has two main 

objectives. The first objective is to shed more light on the way consumers respond to 

grocery acquisitions, and allocate their shopping trips among channels that slowly 

become indistinguishable. Second, building on these insights, it aims to provide 

guidelines to retailers seeking to grow their business along these two dimensions. In 

what follows, a more extensive review on the subject of grocery acquisitions and 

channel blurring is given, providing industry examples and shedding light on earlier 
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studies related to these phenomena. Next, we discuss the gaps that remain in the 

literature and the contribution of this dissertation to filling these gaps. This chapter 

ends with an overview of the specific studies and the research questions they 

address. 

1.1 Store Acquisitions 

 In most mature markets, land is protected by zoning regulations, and new 

retail sites are scarce (e.g., Datta and Sudhir 2013). Faced with cut-throat competition, 

some retailers downsized their network or left the market altogether. Incumbent 

retail firms took opportunity and expanded their network through acquisitions in an 

attempt to grow their business.  For example, the scarcity of retail sites in the 

Netherlands and the limited possibilities to open new outlets, led Albert Heijn to 

acquire 29 outlets of Konmar, thereby boosting the number of stores in their XL 

superstore network (Planet Retail 2006d). Similarly, in the United Kingdom, the 

acquisition of Somerfield by the Co-operative Group substantially increased Co-op’s 

store network, thereby “providing ‘rocket fuel’ for the group’s growth plans” (Planet 

Retail 2008b).  

 Not all acquisitions are successful, however. For example, in 2005, Sears and 

Kmart merged and announced plans to convert a total of 400 outlets to the Sears 

banner. When the remodeled stores failed to perform, these plans were cancelled. 

Eventually, some stores were even reconverted to Kmart (Planet Retail 2006b). In the 

Netherlands, sales of the recently acquired and transferred C1000 stores dropped 

substantially (Planet Retail 2013), and a survey among C1000-customers shows that 

they are willing to cover up to 10 kms to stay with the chain after transformation 

(Uwsupermarkt 2013). 
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Current Literature Gaps and Contribution of this Dissertation  

 This begs the question of how consumers’ shopping patterns are affected by 

such a (sudden) shift in the marketplace – do they stay loyal to the outlet (even 

though its banner changes), or do they (already) seek out a new chain/outlet? Most 

(industry) studies on mergers and acquisitions have largely ignored customer 

considerations (Accenture 2009). Moreover, the vast body of literature on consumer 

store choice has primarily studied the store choice decision in a more static setting – 

not considering how the process may be different in the current dynamic retail 

environment. Yet, recent studies are beginning to look into this topic. Haans and 

Gijsbrechts (2010) study how closure of a store affects customer shopping patterns of 

a multi-outlet retailer, and to what extent losses can be recovered by other outlets. 

Singh et al. (2006) and Vroegrijk et al. (2013) study the market entry of a (hard) 

discounter, and the way consumers reallocate their grocery purchases thereafter. 

Together, these studies provide some first insights into the way consumers respond 

to major disruptions.  

 In the case of a store acquisition, however, other factors may play a role as 

well. To start with, though consumers confronted with a store closure are forced to 

change their shopping patterns, those whose store is acquired remain able to visit it 

(be it with some changes). On a similar note, whereas store openings attract only new 

customers, retailers acquiring stores can benefit from an existing clientele. Therefore, 

consumers’ response to store acquisitions and thus, the success of the takeover, calls 

for a dedicated study. This dissertation aims to fill this gap. Specifically, in Chapter 2, 

it studies the extent to which previous consumers stay loyal to the acquired outlet 

(vs. the chain), the implications hereof for the acquiring retailer, and the extent to 

which such outlet loyalty depends on the positioning tiers of the chains involved. 
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Chapter 3 takes a closer look at the roll-out of a new chain across geographical 

markets after a large-scale acquisition. It explores the way consumers update their 

value beliefs when the old banner starts to disappear and the new banner enters its 

way into the market, and how this affects their shopping patterns.  

1.2 Channel Blurring and Promotion-Induced Competition 

 In search of new opportunities to grow their business, retailers not only 

expanded their store network, but also diversified their operations to non-traditional 

categories, thereby attempting to benefit from the trend in one-stop shopping. This 

practice – typically referred to as channel blurring – drastically changed the retail 

environment and retail firms that previously were associated with different product 

categories are now competing for the same customers (Luchs et al. 2014). For 

example, in the Netherlands, Albert Heijn rolled out dedicated non-food 

departments in its largest stores, selling items ranging from pajamas, personal care, 

beauty, and household items, to office supplies and kitchenware – some of these 

items added to the regular assortment, others offered on deal for a limited time only 

(Planet Retail 2011e). Warehouse stores and drugstore chains, such as HEMA and 

Kruidvat, on the other hand, are stocking their shelves with fresh produce and 

groceries, and stepped up their promotional activity in product categories where 

their assortments overlap.  

Current Literature Gaps and Contribution of this Dissertation  

 It is, however, not clear whether these promotional activities by supermarket 

and drugstore retailers in these overlapping categories are successful, or whether 

they just increase within-channel competition. Numerous papers studied the impact 

of feature ads, price cuts, and other promotion devices on category purchases at 

different channels. For instance, Bucklin and Lattin (1992) and Kumar and Leone 
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(1988) study the effect of promotions on store substitution in the supermarket 

channel, distinguishing between direct and indirect store switching; Ailawadi et al. 

(2006; 2007) study the extent of store substitution in the drug channel. Yet, in these 

papers, the supermarket and drugstore channel are studied in isolation – none of 

them considered the extent of store substitution across these channels. Luchs et al. 

(2014) is an exception, and considers the supermarket, drugstore, and other channels. 

The authors study the retail format and channel choice decision and the factors 

associated with the degree of multi-format and multi-channel shopping. They, 

however, do not study the effect of channel promotions (though increasingly being 

used in the battle between channels), nor do they explicitly compare substitution 

within the supermarket and drug channel with substitution across these channels. 

 To the extent that consumers’ shopping and purchasing behavior across these 

channels is different and that each channel occupies a unique position, the promotion 

effectiveness across these channels may, however, not be the same. Moreover, for the 

same reasons, it is not clear to what extent category sales from these promotions 

come at the expense of cross-channel or same-channel competitors. This dissertation 

aims to shed light on these topics. Specifically, in Chapter 4, we study promotion-

induced competition between the supermarket and drugstore channel. We examine 

(and compare) the within- and cross-channel promotion effects in categories where 

the channel assortments overlap, thereby responding to Ailawadi et al.’s (2009) call 

for more research on channel blurring and the reorientation of the promotional 

landscape. 

1.3 Outline of this Dissertation 

 This dissertation consists of three independent studies addressing the afore-

mentioned phenomena in the current retail landscape. Table 1.1 provides an 
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overview of the three studies and summarizes the objectives, modeling approach, 

setting, and data. Below, the three studies are described in more detail. 

 Chapter 2 – “Shopper Loyalty to Whom? Chain Versus Outlet Loyalty in the Context 

of Store Acquisitions” studies consumers’ reactions to store acquisitions and their 

impact on store performance. It posits that, when patronizing stores, consumers may 

not only exhibit loyalty to a retail chain, but also to a specific outlet. This distinction 

is important in a dynamic retail environment: if a store changes ownership, chain 

loyalty makes customers inclined to seek out another outlet of the former chain, 

whereas outlet loyalty enhances their stay rate after the takeover. In this chapter, we 

distinguish the two forms of loyalty conceptually, and discuss how both can be 

identified empirically, in a model of consumers’ reactions to store acquisitions. Using 

unique scanner panel data covering ±200 local markets and takeovers, we derive the 

extent to which consumers exhibit outlet loyalty, test how the positioning of the 

acquiring chain alters consumers’ adherence to the acquired outlet, after their 

encounter with the new banner, and investigate the implications thereof for the 

acquiring retailer. 

 Chapter 3 – “Hello Jumbo! The Spatio-Temporal Roll-Out and Consumer Adoption 

of a New Chain” – goes one step further and zooms in on the dynamics of consumer 

reactions to the roll-out of a new chain after a large-scale acquisition. In particular, 

we study how the geo-temporal pattern of store conversion, affects consumers’ store 

choice process and, hence, the performance of the acquiring firm. Our proposed 

model links patronage to the acquiring firm to (i) consumers’ changing value 

assessments of the old banner through lower operational standards (lower 

managerial commitment, more stock-outs, etc.) on the one hand, and (ii) consumer 

learning about the new banner through retailer communication and neighborhood 
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effects prior to opening (and actual experiences after opening) on the other. The 

empirical application considers the national roll-out of Jumbo, till then, a small, 

regional player, after its acquisition of the leading Dutch chain Super de Boer. The 

refit program took two years, and openings were supported by TV and POP 

advertising under the theme “Hello Jumbo!”. Our results show how the roll-out 

impacts traffic to converted and not-yet converted stores, and how a careful planning 

of the roll-out is critical to the success of an acquisition. 

 In Chapter 4 – “Shifting the Battle Ground: Channel Blurring and Promotion-

Induced Competition for Category Sales between Supermarkets and Drugstores” – the focus 

lies on across- rather than within-channel competition. Specifically, in this essay, we 

study promotion-induced competition between supermarkets and drugstores, 

resulting from increased channel blurring and category overlap between the two 

channels. Generalizing across data from six drug categories, we explore the relative 

effectiveness of supermarket and drugstore promotions, and the extent to which the 

promotional gains come at the expense of same- and different-channel competitors.  

 In Chapter 5, the concluding chapter, the main research findings will be 

summarized, along with their managerial implications and directions for further 

research. 
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Table 1.1: Objectives and research design of research-based chapters 

 Chapter 2 Chapter 3 Chapter 4 

Objective - Compare the degree of outlet versus  

chain loyalty in the context of grocery  

store acquisitions, and the extent to  

which outlet loyalty depends on the 

different positioning tiers involved in  

the acquisitions 

- Investigate the implications for the  

performance of the newly acquired  

outlets 

- Study how consumers revise their 

preferences for the old chain, and  

form their preferences for the new  

chain, after a large-scale acquisition 

- Evaluate alternative roll-out  

strategies 

 

- Compare the effectiveness of  

promotions across supermarket and 

drugstore channels 

- Compare the pattern of store  

substitution between supermarkets  

and drugstore chains from  

promotions 

 

    

Modeling  

approach 

Spatially aggregated (nested) logit  

choice model, accounting for the  

endogeneity in the outlet acquisitions 

Logit choice model with Bayesian  

updating, accounting for endogeneity  

in the timing and order of conversion 

Nested logit choice model 

    

Setting Takeover of Dutch retailer Laurus’  

two largest chains, Edah and Konmar 

Store roll-out of new Jumbo stores  

after its acquisition of Dutch retailer  

Super de Boer 

Channel blurring and competition  

between supermarkets and drugstore 

chains 

    

Data Household scanner panel data for ±200  

local markets and takeover stores 

Household scanner panel data for ±100  

local markets, combined with (semi- 

annual) survey data on store  

perceptions 

Household scanner panel data for six  

drug categories 

 

 



9 
 

Chapter 2 

Shopper Loyalty to Whom? Chain 

versus Outlet Loyalty in the Context 

of Store Acquisitions∗ 

 
 Over the last decade, the grocery retail industry has changed dramatically. 

The widespread focus on price has intensified competition and put increased 

pressure on retail margins (see, e.g., Van Heerde et al. 2008). Faced with this 

challenge, retailers have been forced to rethink and restructure their operations in 

order to preserve profitability and maintain their competitive position (Gielens and 

Dekimpe 2008). While some firms severely downsized their network of outlets, or 

even had to leave the market altogether, other retailers saw fit in expanding their 

operations and intensified their market coverage. This went along with major shifts 

in the retail landscape, in which many supermarket outlets changed owners (and 

banners).  

 For example, in 2007, organic grocer Whole Foods paid about $565 million to 

acquire 110 outlets of Wild Oats, which were converted to the Whole Foods banner. 

The acquisition nearly doubled Whole Foods’ presence, and reinforced competition 

with mainstream retailers (Planet Retail 2007). Likewise, in Canada, the grocery 

industry underwent radical changes following the acquisition of Zellers by Target in 

                                                 
* This chapter is based on Van Lin, Arjen and Els Gijsbrechts (2014), “Shopper Loyalty to Whom? 

Chain versus Outlet Loyalty in the Context of Store Acquisitons,” Journal of Marketing Research, 

forthcoming.  
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2011, for approximately $1.85 billion (in 2011). Conversion of the outlets to their new 

banner started in 2012 and will take two years; by 2014, close to 200 stores will have 

changed banners (Planet Retail 2011b). Other recent examples of acquisitions where 

stores are converted to the banner of the acquiring chain are provided in Table 2.1 – 

underscoring that such acquisitions are pervasive around the world and concern 

major market players, both in a role of acquired and acquiring firms.1 

 For these acquiring retailers, a key question is how much business will be 

generated by their newly adopted outlets. Apart from attracting new customers to 

the store after the takeover, they aim to retain customers that previously patronized 

the outlet as well. The latter will critically depend not only on the appeal of the new 

banner (relative to the old one) or on the outlet’s intrinsic (stable) characteristics (e.g., 

convenience of the location), but also on its customers’ (behavioral) loyalty, that is, 

their tendency to revisit the same outlet after the takeover. Past research has 

documented that consumers are persistent in their store choice, that is, have a higher 

probability of choosing a store that they have visited in the past (see, e.g., Rhee and 

Bell 2002). These previous measures of loyalty typically concerned adherence 

towards the chain (see, e.g., Van Heerde et al. 2008). Yet, some portion of customer 

loyalty may actually be loyalty to the outlet, independent of its affiliation with the 

chain. For instance, consumers may become familiar with the store environment over 

time, and derive benefits from the accumulation of knowledge specific to the location 

(Rhee and Bell 2002) or become loyal to the store personnel (Sirohi et al. 1998).  

 In the context of acquisitions, the distinction between chain and outlet loyalty 

is crucial. Customers who largely adhere to the chain will probably be lost after the  

                                                 
1 Note that we only consider acquisitions where outlets are converted to the banner of the acquiring 

company, as acquisitions that only involve a change in ownership are not likely to influence consumer 

store choice much. 
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Table 2.1: Overview of recent grocery takeovers (major firms)a 

Q Target (ISO country code) Buyer (country code) # outlets Price ($M) 

20041 Safeway (UK) Morrisons (UK) 479 5,350 

20043 Kmart (US) Sears (US)b 54 575 

20052 Spar (DE) Edeka (DE) 750-1500c undisclosed 

20053 A&P Canada (CA) Metro (CA) 234 1,395d 

20061 Albertons (US) SuperValu (US) among others ±2000e 14,500f (in total) 

20062 Carrefour (KR) E-Land (KR) 32 1,900 

20062 Edah (NL) EMTÉ (NL), Plus (NL) 276 320 

20062 Konmar (NL) Ahold (NL), Jumbo (NL) 44 170 

20062 Walmart (KR) Shinsegae (KR) 16 882 

20063 Walmart (DE) Metro (DE) 85 undisclosed 

20071 Wild Oats (US) Whole Foods (US)g 110 565 

20073 Carrefour (PT) Continente (PT) 12 905 

20081 Plus (CZ) Rewe (DE) 146 undisclosed 

20083 Somerfield (UK) The Co-operative (UK) 880 2,490 

20094 Super de Boer (NL) Jumbo (NL) 305 825 

20102 Netto (UK) Walmart (US) 193 1,125 

20103 Franklins (AU) IGA (AU) 85 180 

20104 Carrefour (TH) Big C (TH) 42 1,185 

20111 Zellers (CA) Target (US) 220 1,850 

20114 C1000 (NL) Jumbo (NL) 460 1,205 

20122 EKI (AR) Carrefour (FR) 129 undisclosed 

20124 Carrefour (CO) Cencosud (CL) 92 2,600 

20124 Carrefour (MY) Aeon (JP) 26 324 

20124 Real (PL, RO, UA, RU) Auchan (FR) 91 1,440 

20132 Norma (FR) Casino (FR) 38 undisclosed 

20132 Sweetbay, Reid’s (US)  Bi-Lo (US) 83 265h 

20133 Le Mutant (FR) Casino (FR) 47i undisclosed 

a Only acquisitions where stores were (eventually) converted to a banner of the buying company are included. 

b In 2005 the two companies merged and announced plans to convert a total of 400 outlets to the Sears banner. When the remodeled 

stores failed to perform, these plans were cancelled. Eventually, some stores were even reconverted to Kmart (Planet Retail 2006b). 

c Only stores larger than 600m2 were converted Edeka (750-1500 out of the ±2100 outlets), all other stores retained the Spar banner. 

d Next to 234 grocery stores this includes 74 pharmacies. 

e While some stores retained the old banner, some were converted to the (old) Lucky and Save Mart banner, among others. 

f Next to about 2000 grocery stores, this includes 906 (in-store) pharmacies and 107 gas stations. It excludes the acquisition of 702 (stand-

alone) pharmacies by CVS from Albertsons. 

g Soon after the acquisition, the Federal Trade Commission issued a complaint to block the purchase, being concerned about a loss of 

competition. In 2009, Whole Foods agreed to a settlement that involved the sale of 32 stores (Planet Retail 2009b).  

h Next to 83 stores of Sweetbay and Reid’s this includes the acquisition of 72 Harveys stores, which retain the Harveys banner. 

i In addition to the acquisition of 47 stores, Casino signed a brand licensing agreement for another 90 stores. 

Note: Country codes of the target firms refer to the country of the acquired operations; codes of the buyers refer to their home country.  

Source: compiled from Planet Retail. 
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change in banner (especially if some outlets of the chain remain open) (cf. 

Thorbjørnsen and Dahlén 2011). In contrast, customers with high loyalty to the outlet 

are likely to be retained. The two forms are, however, not clearly disentangled in 

previous literature, or not completely separated from persistence caused by stable 

(intrinsic) store characteristics (such as the convenience of the location) (Popkowski 

Leszczyc et al. 2000). The task is, indeed, challenging: in a static environment, it 

remains unclear whether a consumers’ tendency to repeatedly patronize a specific 

store is due to adherence to the chain, or to the specific outlet (irrespective of the 

banner’s characteristics). Changes in the marketplace, though, like a store opening, 

closure, or acquisition, may help to separate them out.  

 In this study, we propose an approach to disentangle both forms of loyalty in 

a dynamic retail setting involving store acquisitions. This will allow us to address 

our focal issue: store performance following an acquisition. Our specific research 

questions are threefold: First, to what extent can loyalty to a store be attributed to 

chain versus outlet loyalty? Second, for a takeover chain, what are the implications 

for the performance of the newly acquired outlets? Third, to what extent does outlet 

loyalty, and the ensuing performance of the outlet, depend on the chains involved in 

the acquisition? Specifically, does the degree of outlet loyalty depend on whether the 

acquiring chain holds a similar positioning as the original owner? 

 To answer these questions, we propose a store choice model that includes 

consumers’ structural state dependence on both previous chain and outlet choices, 

while controlling for stable (intrinsic) chain and outlet characteristics (such as 

distance), and correcting for endogeneity in the outlet acquisitions. We estimate this 

model on scanner panel data covering the weekly retail patronage for a national 

sample of households, who reside in over 200 Dutch local markets characterized by 
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multiple store takeovers of (and by) several retailers (positioned as either “service”, 

“value” or “(hard) discount”). Our data cover households’ store chain choices over a 

three year period, allowing us to trace their shopping behavior before and after the 

outlets’ change in banner in the wake of the acquisitions. We contribute to the 

literature conceptually, by discussing the sources of chain versus outlet loyalty, and 

the implications for store takeovers. While response to store openings (see, e.g., Singh 

et al. 2006) or closures (Haans and Gijsbrechts 2010) has been studied before, there is 

a dearth of research on reactions to store acquisitions. Empirically, we show to what 

extent (and in which cases) outlet loyalty drives store performance for the acquiring 

retailer – insights that retail managers can put to proper use.2 

 The text is organized as follows. In the next section, we briefly discuss the 

relevant literature, and present our conceptual framework. Subsequently, we 

motivate and develop the modeling approach. We then describe the data used in the 

empirical application. Next, we report the empirical results, and discuss their 

implications. We end with conclusions and directions for future research.  

2.1 Literature and Conceptual Framework 

Background Literature 

 Previous literature on store choice has convincingly shown that consumers 

have a tendency to revisit the same store – typically referred to as behavioral loyalty 

(e.g., Ailawadi et al. 2008), and operationalized as state dependence (e.g., Van Heerde 

et al. 2008). In their seminal article, Bell et al. (1998) describe the costs incurred by 

consumers in choosing stores, and find that a large segment of consumers perceive a 

                                                 
2 Similar questions have been studied before in different contexts. For instance, in a B-to-B context, 

Palmatier et al. (2007) disentangled salesperson-owned loyalty from loyalty to the selling firm. 

Verhoef and Donkers (2005) show how loyalty differs among acquisition channels of a financial-

services provider. 



Chapter 2: Chain versus Outlet Loyalty in the Context of Store Acquisitions 

14 
 

high cost of switching to another store (relative to its intrinsic characteristics, such as 

distance). Similarly, Rhee and Bell (2002) observe that consumers typically have a 

primary affiliation to a main store. Their empirical evidence suggests that state 

dependence is prevalent with almost 75% of the shoppers. Moreover, even if 

consumers systematically visit multiple stores to take advantage of some form of 

complementarity, a large majority appears to hold on to the same set of stores, with 

stay rates as high as 85% (Gijsbrechts et al. 2008). Other studies have found similar 

effects (see, e.g., Drèze and Vanhuele 2006). 

 While most literature typifies such inertia as some form of loyalty towards the 

chain (and/or towards the chain’s private label; see, e.g., Ailawadi et al. 2008), a 

portion of it may actually be outlet loyalty. Such a distinction is especially important 

in the case of store acquisitions, in which retailers aim to expand the customer base of 

their chain. However, whether this objective is achieved depends to a large extent on 

how many customers of the previous owner are retained. Consumers who are loyal 

to the chain may, after the change in banner, decide to switch to another store (if 

possible, from the same chain as the acquired outlet) (cf. Thorbjørnsen and Dahlén 

2011), whereas consumers with high loyalty to the outlet may stay, even when it has 

changed its banner and positioning. Hence, disentangling these two forms of loyalty 

is key to anticipating the store’s performance after the takeover.  

Conceptual Framework 

 Sources of inertia: stable intrinsic characteristics versus structural state 

dependence. Consumers can be inert in their choices for different reasons (see, e.g., 

Dubé et al. 2010; Samuelson and Zeckhauser 1988). Like most authors, we focus on 

behavioral loyalty and, like Dubé et al. (2010), distinguish between “spurious” and 

“structural” state dependence in our operationalization and discussion below. 
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Repeatedly making identical choices may simply be the result of (heterogeneous) 

preferences. This holds true if the choice alternatives exhibit stable ‘intrinsic’ 

characteristics or attributes, and if consumers value the attributes of one alternative 

more highly than the others – leading them to make the same choice over time. 

However, as indicated by Dubé et al. (2010), this (spurious) form of inertia is 

conceptually entirely different from structural state dependence, in which past 

choices directly influence consumers’ subsequent decisions. While we will explicitly 

accommodate the impact of the alternatives’ inherent characteristics, along with 

consumers’ heterogeneous preferences for these characteristics, it is such structural 

state dependence that is of primary interest to us here: the mere fact that an option 

was chosen in the past enhancing its likelihood of being selected again. Following 

extant choice literature (e.g., Seetharaman et al. 1999; Van Heerde et al. 2008), we will 

refer to such structural state dependence as “(true) loyalty” henceforth. 

 Several reasons may underlie such state dependence or loyalty. A first 

explanation relates to search costs. Consumers may be uncertain about the utility of 

choice alternatives which, given risk aversion, reduces their appeal. One way to 

reduce this uncertainty is to actively search for more information. However, 

information search may be slow and/or costly, and consumers may thus be unwilling 

to engage in search efforts for multiple (or all) available options (Samuelson and 

Zeckhauser 1988). Instead, they may stick to options they already have more 

information on. Second, loyalty may be the result of consumer learning. For some 

attributes, information can only be gained through experience (Nelson 1970). 

Choosing an option allows consumers to learn about its ‘true’ characteristics 

(Ackerberg 2003) and, having become less uncertain about the option, increases its 

valuation and propensity to be re-selected. Third, past choices may alter the utility 
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derived from an alternative, because of psychological switching costs or as a result of 

benefits generated by being familiar with the alternative (Dubé et al. 2010). 

 Unlike Dubé et al. (2010), our interest is not in distinguishing the different 

explanations of structural state dependence (search cost, learning, and psychological 

switching costs/familiarity) – which, in case of store choice, are often difficult to 

disentangle even conceptually.3 Rather, we intend to separate out what portion of 

loyalty in store choice stems from adherence to a particular chain, versus adherence 

to a specific outlet. The latter is particularly relevant after a store takeover: even after 

the outlet becomes part of a different chain, consumers may hold on to it. 

 Inertia in store choice. Figure 2.1 summarizes our conceptualization and 

serves as a guiding tool in our discussion. To start with, consumers may simply 

value the (stable, or intrinsic) attributes provided by the store. Following earlier work 

on store image and store choice (e.g., Sirohi et al. 1998; Steenkamp and Wedel 1991), 

these include product quality, service quality, pricing, store atmosphere, assortment, 

and distance. Some of these attributes may be common to the chain, like its product 

quality, service quality, general price level, overall store atmosphere, and assortment 

breadth (see also Fox et al. 2004). Together, they relate to what is usually referred to as 

the chain’s positioning tier – a typical distinction being that between “service” (high-

price, high-service), “value” (mid-service, mid-price) and “(hard) discount” (low-

service, low-price) (Ailawadi et al. 2008; and similar to Ellickson 2011 and Hansen 

and Singh 2009). Stable attributes may also be specific to the outlet, such as its 

  

                                                 
3 For instance, whereas price is typically considered a search attribute, consumers can only gather 

information about non-featured prices in brick-and-mortar stores by actually visiting (choosing) those 

stores (search vs. learning). Or: consumer learning about stores not only involves becoming 

knowledgeable about their true “experience” attributes such as merchandise quality, it also generates 

familiarity with the store layout, which increases shopping efficiency and hence utility (learning vs. 

familiarity). 
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Figure 2.1: Conceptual framework 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

a Operationalized as structural state dependence. 
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outlet, based on past visits. Loyalty to the chain can arise if consumers have gathered 

knowledge about its search attributes, such as its price or quality image (Fox and 

Hoch 2005; Urbany et al. 1996) or the presence of a private label (PL) (Corstjens and 

Lal 2000), while such information is more sparse or lacking for rival chains. Also, 

consumers may have come to learn about the chain’s assortment (Briesch et al. 2009) 

or true PL quality (Ailawadi et al. 2008), especially for hard discounters (consumers 

discovering the quality of the unknown hard-discounter PLs, and learning to trust 

their PL-dominated assortment, over time; Steenkamp and Kumar 2009). Moreover, 

benefits may arise from familiarity with the typical chain layout (a general ‘floor 

plan’ that is common across outlets) (Tang et al. 2001), and, given satisfactory 

experiences, consumers may have grown attached to the chain (De Wulf et al. 2001). 

Consumers may be unwilling to give up these benefits or to incur any psychological 

switching costs and, therefore, preferably seek out an outlet of their previously 

visited chain.  

 On the other hand, consumers may adhere to a specific outlet. This may follow, 

for example, from limited knowledge about the specific location or opening 

times/days of other stores. In addition, consumers may have learned about and/or 

become familiar with the specific outlet’s route, parking facilities, and layout – 

allowing for more efficient, routinely shopping (Bell et al. 1998; Inman et al. 2009). 

Or, they may have grown accustomed to the store’s personnel (Sirohi et al. 1998). 

These factors may make them reluctant to switch to other outlets, on which they lack 

such information and with which they are not familiar (Rhee and Bell 2002).  

 Stores choice after a takeover. These drivers will also be at play following a 

takeover. First, prior customers’ decision to revisit the store after reopening will 

depend on the intrinsic characteristics of the outlet (e.g., distance from home) and, 
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especially, the appeal of the new banner (vis-à-vis the old banner). Second, over and 

above the features of the converted store as such, loyalty will play a role. Customers 

with high loyalty to the acquired chain, have a higher tendency to defect, and to 

switch to another outlet (if possible, from the former banner). Customers who 

primarily adhered to the outlet, are more likely to ‘routinely’ stick to the location. 

Hence, unlike chain loyalty, outlet loyalty may ‘shield’ the acquiring chain against 

the loss of customers who find the former banner more appealing than the new 

banner. 

 However, even if outlet-loyal consumers revisit the store at first, they may still 

decide to renege after the actual new-chain encounter – depending on the (difference 

in) positioning of the chains involved (e.g., service, value, and (hard) discount). 

Stated differently, while the chain’s intrinsic characteristics (i.c. their positioning) will 

directly affect consumers’ propensity to visit the converted store as such, we expect 

them to also moderate the effect of outlet loyalty (i.e. the impact of a consumer’s 

prior experience with the outlet) – as indicated in the bottom-right of Figure 2.1. 

 For one, the (absolute) distance between the chains’ positioning tiers matters. 

Clearly, as the takeover-firm’s positioning is more remote from that of the acquired 

chain, certain outlet features, such as its in-store layout and store personnel, are 

likely to change more drastically as well. Coming across these changes, consumers 

may realize that their previous store knowledge has become less relevant (than they 

thought it would be), so that loyalty is likely to dwindle, and consumers may find it 

more worth their while to seek out other, unfamiliar, outlets after all (Rhee and Bell 

2002).  

 The extent to which this will affect outlet loyalty, though, may further depend 

on the direction of the positioning change, and this for two reasons. First, compared to 
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a transition to a lower positioning, conversions to more service-oriented banners 

typically go along with a more user-friendly store environment (Baker et al. 2002) 

and greater emphasis on interpersonal communication (De Wulf et al. 2001). For 

consumers who find the banner change more disruptive of their routine than 

expected (and who value this service), this can help to (partly) overcome the 

knowledge loss, and may lower the incentives to search. Second, even if consumers 

already anticipated the banner change prior to the store visit, they may be pleasantly 

surprised by a transition to a high-end store, because the store’s experience attributes 

(i.e. its in-store operations, appearance, and personnel-service) are likely to exceed 

what they are accustomed to (positive disconfirmation; see, e.g., Baker et al. 2002; 

Brady et al. 2002). This pleasant encounter may make up for the initial loss in 

familiarity or shopping efficiency, and it may also lower the incentives to search. 

 Taken together, even after controlling for the consumer’s intrinsic preference 

for the new banner, we expect that an encounter with a differently-positioned 

takeover-chain will reduce the tendency to revisit the outlet, because previous store 

knowledge turns out to be less relevant, and the incentives to search become higher. 

For transitions to higher-positioned chains, it is possible that such knowledge loss is 

(more than) offset by the pleasant and easy-to-shop-in service encounter, thus 

lowering the incentives to search. In the empirical analysis, we will explore the 

presence of this moderating effect. For acquisitions by chains with a similar 

positioning, no such effects are anticipated.4 

  

                                                 
4 We do not expect the positioning-difference to moderate chain loyalty. Because the takeover of a 

specific outlet, irrespective of its new positioning, does not affect the (former) chain characteristics, it 

does not interfere with any familiarity with that chain nor does it make any knowledge about that 

chain obsolete (e.g., its price image, private label quality). This was confirmed in an additional 

robustness check, in which we found no evidence of positioning moderating chain loyalty. 
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2.2 Model 

Modeling Approach 

 Our main interest is in modeling consumers’ store choice in the presence of 

retail acquisitions. However, in developing such a model, we need to account for the 

fact that the acquisition of a specific outlet by a given retailer (or its closure) may be 

endogenous. Indeed, apart from observable outlet or market characteristics (e.g., 

floor size of the outlet, degree of competition), local market (trading zone) features 

unobservable to the researcher may affect both the consumers’ propensity to visit an 

outlet of the acquiring chain, and that chain’s propensity to acquire an outlet, in that 

market. Differently stated, the (acquiring) retailer may be aware of characteristics 

that make consumers in a specific market like its chain, and primarily buy outlets in 

markets with such characteristics. This creates a link between the chain’s propensity 

to buy the outlet and consumers’ probability to hold onto it, which, if unaccounted 

for, may bias the loyalty estimates. To address this, we set up an integrated system of 

a consumer store choice model and retailer policy function that accommodates such 

common market ‘shocks’. 

Consumer Store Choice 

 In modeling consumers’ store choice, we start from the classical utility-

maximizing framework (e.g., Bell et al. 1998), in which consumers select the store 

that provides them with the highest indirect utility. As for the dynamics, one way of 

capturing consumer choice in turbulent environments would be to use a learning 

specification with strategic foresight (e.g., Erdem and Keane 1996). To clearly 

distinguish between chain and outlet loyalty and be able to compare our work with 

previous research, we do not opt for such a model below, but instead adopt separate 

‘classical’ state-dependence variables specific to the outlet and chain. Still, to 
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accommodate foresight and possible exploratory behavior – consumers anticipating 

the takeover and/or visiting the new store to discover whether there are 

improvements that would make future visits worthwhile – we will augment the 

model with dummies for these ‘disruptive’ effects around the closure and opening 

weeks. 

  Utility. Consistent with our conceptualization, utility is determined by 

attributes related to the outlet and the chain to which it is affiliated. On the basis of 

our earlier reasoning, and as indicated in Figure 2.1, we separate out the impact of 

intrinsic chain and outlet characteristics on the one hand, from structural state 

dependence on the other, and also include a set of other factors specific to the 

(special) disruptive case of an acquisition: 
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where   ( )  
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 is the utility of household   (residing in some local geographical market 

 , which we further characterize below) for outlet   affiliated with chain   at trip  , 

 ̃ ( )  
 ( )

 is the deterministic component, and   ( )  
 ( )

 is an error term.   ( )  
 ( )

 is a chain-

specific scale factor, modeled as a function of (i) a vector of three dummy variables 

reflecting the positioning tier of the chain to which the outlet is affiliated at the time 

of the household’s trip (with parameter vector   ) and (ii) a vector of chain dummies, 

      ( )  
 ( )

, capturing chain-specific differences compared to the positioning-baseline 

(with parameter vector   ). Together, these two terms represent the baseline intrinsic 
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appeal of the chain the outlet belongs to at trip   (e.g., its product and service quality, 

overall atmosphere, and assortment breadth; Sirohi et al. 1998; Steenkamp and Wedel 

1991).                   ( )  
 ( )

  includes other chain-specific intrinsic characteristics that 

we observe over time, i.c. the chain’s price index, and captures (weekly) deviations 

compared to the baseline intrinsic appeal of the chain.                    ( )  
 ( )

 is a 

vector of outlet-specific intrinsic characteristics and includes the distance to the outlet 

and its assortment depth. Next,               ( )  
 ( )

 is a vector with dummies for the 

acquired (and also for a closed or opened) outlet in, respectively, the week before 

closure and the week of (re)opening. These dummies accommodate that, in the 

disruptive case of a store acquisition, consumers may (abandon or) visit the outlet for 

reasons other than (lack of) intrinsic appeal or loyalty (e.g., (anticipated) massive 

stock-outs in the last week before closure, curiosity in the first opening week).   
  are 

draws from a normal distribution with mean 0 and variance   
 , reflecting some 

unobserved ‘fit’ of the chain with the market (as explained in detail below).  

 Similar to those commonly adopted in previous literature (e.g., Dubé et al. 

2010; Seetharaman et al. 1999; Van Heerde et al. 2008), our measures of loyalty, 

          ( )  
 ( )

 and            ( )  
 ( )

, are operationalized as state-dependence dummies 

based on lagged choices. Two points are worth noting, though. First, for the chain 

(outlet) loyalty dummy to equal one, it suffices that the consumer visited the chain 

(outlet) at least once in the course of the previous week in which s/he went shopping 

– even if that was not the most recent trip. This way, we allow for multiple store 

shopping or ‘divided loyalty’, that is, consumers systematically alternating visits 

between a subset of chains and/or outlets (Gijsbrechts et al. 2008). Second, given that 

outlets are typically (briefly) closed for renovation after an acquisition, our measure 

of outlet loyalty refers to the last week in which the outlet was open, and consumers 
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had the possibility to visit it. Figure 2.2 provides an illustrative example of the 

operationalization of our loyalty variables. Finally,    
 (    )  

 ( )
 is a vector of dummies 

reflecting the change in positioning for the acquired outlet (e.g., from value to 

service, from value to (hard) discount). It interacts with our outlet loyalty measure in 

the second week after reopening (to test whether consumers remain loyal after 

experiencing the new positioning). Note that the main effect of positioning is taken 

up by the dummies in the specification of the chain-specific scale factors: changes in 

positioning are reflected in the different values of these dummies after a takeover. 

For more details on the variables see Table 2.2, Panel A. 

 To account for unobserved household differences (and thus separate 

preference heterogeneity or spurious state dependence from structural state 

dependence), we model   ( )  
 ( )

 (the scale parameter of the chain the outlet is affiliated 

to at the household’s trip, a function of positioning and chain dummies),   ,   ,   , 

  , and   as normally distributed random coefficients.   , the parameter of the 

moderation effect, is kept fixed, as heterogeneity in the valuation of the involved 

chains and in outlet loyalty is already separately accounted for. 

 Linking utility to store choice. Given that consumers choose among outlets 

that, in turn, are affiliated to specific chains, the most straightforward approach to 

linking utility to store choice would be the nested logit model. One obstacle to a 

straightforward application of the nested model, however, is that most scanner panel 

data only reveal chain choices, and not the specific outlet selected by the household 

(González-Benito 2002; for a similar observation, see Fox et al. 2007).5 Previous 

research (e.g., Ailawadi et al. 2008; Fox et al. 2004; 2007; Van Heerde et al. 2008), has 

                                                 
5 In cases where outlet-specific information is provided (e.g., Bell et al. 1998; Bronnenberg et al. 2008), 

this information is often incomplete and limited to a subset of markets, chains and outlets. We provide 

an overview of the characteristics of the most commonly used data in Appendix 2.A. 
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Figure 2.2: Operationalization of the measure for outlet loyalty: stylized example 

A: Non-outlet-loyal consumer 

 

  

last week  

before closure 

first week  

after reopening 

second week 

after reopening 
closure 

week 37 week 38 week 40 week 41 week 42 week 43 week 44 

           ( )  

 ( )
 =  

. . . 1 1 n/a n/a n/a n/a 1 1 1 1 1 1 

last week  

before closure 

first week  

after reopening 

second week 

after reopening 
closure 

week 38 week 39 week 40 week 41 week 42 week 43 week 45 

B: Outlet-loyal consumer 

           ( )  

 ( ) =  

. . 0 0 n/a n/a n/a n/a 0 0 1 

 

1 1 

Note:        = visit,        = no visit (other outlet visited). 

Interpretation: The horizontal axis represents time: for each consumer, we only consider ‘shopping’ weeks, that is, weeks in which an actual 

trip was made. In Panel A, the consumer has not visited the acquired outlet prior to the closure, such that the measure for outlet loyalty takes 

the value of 0 in the first week after its reopening. Note that because state dependence refers to the last shopping week (instead of the last 

trip), the measure of outlet loyalty takes the value of 1 (in week 43) even though the consumer visited another outlet on a later trip in week 

42 (with the measure of outlet loyalty for that other outlet also being equal to 1 in week 43). 

 In Panel B, a different consumer has visited the acquired outlet in the last week before its closure. Hence, the measure for outlet 

loyalty takes the value of 1 in the first week after its reopening.  
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Table 2.2: Operationalization of variables 

A: Consumer store choice model 

Variable Operationalization 

Intrinsic characteristics 

      ( )  
 ( )

 vector including a dummy variable for each positioning (service, value, or (hard) discount), which is 1 if chain  

   (to which outlet   is affiliated at household  ’s trip t) belongs to that positioning tier; 0 otherwise 

        ( )  
 ( )

 vector including a dummy variable for each chain  , which is 1 if outlet   is affiliated to chain   at household  

  ’s trip t; 0 otherwise 

                    ( )  

 ( )
 price index of chain   at trip   

                     ( )  
 ( )

 vector including:  - distance from household   to outlet   (in kms); and 

  - assortment depth of outlet   at trip   

Loyalty: main effects 

             ( )  

 ( )
 lagged choice (by week) for the chain, which is 1 if household   visited chain   in the previous week a trip was  

 made; 0 otherwise  

             ( )  

 ( )
 lagged choice (by week) for the outlet, which is 1 if household   visited outlet   in the previous week a trip was  

 made (and the outlet was available); 0 otherwise 

Loyalty: moderators 

     
 (    )  

 ( )
 vector including a dummy variable for each of the transitions (e.g., from value to service, from value to (hard)  

 discount) which is 1 if outlet   (acquired from chain   by chain   ) underwent the specific transition,  

 on household  ’s second week with a grocery visit after its reopening; 0 otherwise  

Other (acquisition-related) factors 

                ( )  

 ( )
 vector including: - a dummy variable for the last week before closure, which is 1 if: trip   is in the last week  

   before outlet   closes in which household   makes a trip; 0 otherwise 

   - a dummy variable for the first week after (re)opening, which is 1 if trip   is in the first  

   week after opening of outlet   in which household   makes a trip; 0 otherwise 

 

B: Retailer policy function 

Variable Operationalizationa 

              vector including a dummy variable for each chain   , which is 1 if the firm is chain   ; 0 otherwise 

    (    )
  vector including a dummy variable for each of the transitions (e.g., from value to service, from value to (hard)  

 discount) which is 1 if acquisition of outlet   (belonging to chain  ) by chain    would imply that  

 transition; 0 othe                              rwise 

           (  )
  floor size of outlet   

          ( )
  previous performance of outlet  , measured by its ACV/floor size, relative to its former chain  ’s average 

             (  )
  vector including: - socio-demographic variables: 

   - # households in the local market   of outlet   

   - avg. household size in the local market   of outlet   

   - avg. net income in the local market   of outlet   

   - population density (# residents per km2) in the local market   of outlet   

  - # different competing chains for chain    in the local market   of outlet   

  - floor size share for chain    in the local market   of outlet   (and its squared term) 

a Variables relate to the week the outlet was opened (or closed), unless stated otherwise. 
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circumvented this problem by assuming that consumers always visit the nearest 

outlet of the chain (thereby dropping outlet choice as a decision to be modeled). This 

assumption may not hold in reality, however, and is particularly problematic for the 

context we are interested in (a robustness check testing such a model is discussed in 

the results section). Consider, for example, a consumer who continues to shop at a 

specific chain, after the nearest outlet is acquired by a competing retailer. Under the 

nearest-outlet assumption, the consumer must have switched outlets (now visiting a 

remaining, more remote, outlet of the chain). In reality, however, s/he may have 

patronized that more remote outlet all along and simply continues to visit it. So, 

whereas the nearest-outlet assumption would lead us to believe that the consumer 

switched outlets, he may actually have stayed loyal to his previous (more remote) 

outlet. 

 To avoid this assumption, while preserving the possibility to estimate our 

model on (standard) available data, we use the marginal (chain) probabilities of the 

traditional nested logit model in the estimation (instead of the unconditional outlet 

probabilities) – an approach referred to in the transportation literature as the 

“spatially aggregated logit”-approach (Ferguson and Kanaroglou 1995). This 

approach relies on the idea that by selecting a disaggregate option (an outlet) with 

the highest utility, a decision maker indirectly selects an aggregate alternative (a 

chain). The error term follows a generalized extreme value-distribution. The chain 

probabilities are then given by (Train 2009): 
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where     
 ( )

 is the inclusive value of the chain (and   is a nesting parameter), which 

can be seen as the maximum utility of its affiliated outlets. For a detailed description 

of the model and its underlying intuition, see Appendix 2.B.  

Endogeneity 

 As indicated earlier, it is possible that unobserved market characteristics 

influence both the probability that a local outlet is taken over by a specific chain, and 

the preference of local market consumers for that chain. To accommodate this 

potential endogeneity in the outlet acquisitions, we complete our specification with a 

‘companion’ model: a parsimonious retailer policy function. This function specifies, 

for each outlet that is ‘for sale’, which retailer or ‘candidate-acquiring chain’ it is 

likely to be sold to – including an outside option (in which the outlet is closed). 

Specifically, we adopt a multinomial logit model, in which an outlet is assumed to be 

sold to the firm for which it has the highest attractiveness (and to which it is the most 

appealing), or closed. Importantly, this companion model allows for unobserved 

(market- and chain-specific) common shocks with the store choice model (see 

Andrews and Ebbes 2013 for a discussion) – taking up local market features that 

affect a chain’s propensity to acquire an outlet, and consumers’ propensity to visit an 

outlet of that chain, in that market. In line with Orth (2012) and Zhu and Singh 

(2009), we let attractiveness be a function of chain, outlet, and market characteristics 

– including the difference in positioning between the selling and candidate-acquiring 

chain, and the outlet’s previous performance: 
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   ̃ (    )

    (    )
           (    )
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             ( )
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where   (    )
  is the attractiveness of acquiring outlet   from chain   (the selling 

chain) to chain    (a candidate-acquiring chain),     , in market   (the trading 

zone of the outlet – a bounded region around the acquired outlet, operationalized in 

the data section),  ̃ (    )
  is the deterministic component,   (    )

  is an error term.     

are a set of constants for the candidate-acquiring chains and     (    )
  is a vector of 

dummies for the different transitions in positioning (e.g., from value to service, from 

value to (hard) discount).            (  )
  is the outlet’s floor size and           ( )

  is its 

previous performance relative to its former chain’s average.              (  )
  is a 

vector with socio-demographic variables, the number of competing chains in the 

market (for the candidate-acquiring chain), and the candidate-acquiring chain’s floor-

size share in the market. Note that floor-size share is a measure used by competition 

regulators to gauge antitrust concerns: a high surface share (i.e. over 50%) signaling 

that restrictions are imminent (see, e.g., Ratliff 2009). To flexibly capture this effect, 

we also include the square of this variable. More details are given in Table 2.2, Panel 

B. 

    
 , the unobserved fit between the candidate-acquiring chain and the local 

market, enters both the household’s utility and the outlet’s attractiveness (as a 

common ‘shock’), so as to alleviate endogeneity bias. We assume that    
  is normally 

distributed with mean 0, and a variance estimated as a separate parameter. As to the 

other coefficients, for variables that are constant across the candidate-acquiring 

chains such as the outlet’s floor size, chain-specific parameters are added. For 

previous performance, no chain-specific parameters are used, as it is likely that all 

chains are (equally) interested in better performing outlets. Its parameter should, 

therefore, be interpreted as the odds of the outlet being acquired versus closed. 
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   (  ) is the ‘attractiveness’ of the outside option (closure), and is normalized 

to: 

  (  )   ̃ (  )    (  )      (  ). (4) 

 We assume the errors to be Gumbel distributed, to obtain the well-known logit 

model.  

Identification  

 For identification purposes, we select one chain as reference. We further (i) set 

the coefficient of one of the positioning dummies to zero, and (ii) among chains of 

each positioning, set the coefficient of one chain to zero (from which other chains can 

then deviate through their chain constants). Identification of the common chain-

market shocks, stems from observing retailers taking over outlets in local markets 

where consumers have an above-average preference for their chain, and vice-versa. 

The identification of chain versus outlet loyalty arises from consumers’ responses to 

store dynamics, in particular, store acquisitions and closures (in a static environment, 

it remains unclear whether the tendency to repeatedly patronize a store is due to 

loyalty to the chain, or to the specific outlet). Consumers who, even after accounting 

for (the change in) intrinsic characteristics, switch chains following an acquisition or 

a closure, provide evidence of outlet loyalty. Consumers who keep shopping at the 

former chain, even though the intrinsic characteristics would predict otherwise, show 

evidence of chain loyalty. Appendix 2.C provides an extensive discussion on the 

identification of both forms of loyalty: it indicates how both can be disentangled in 

an ‘ideal’ experiment, and how valid proxies can be generated using the data 

typically available to researchers (i.e. without observing outlet-level choices). 
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Estimation  

 We simultaneously estimate the consumer store choice model and the retailer 

policy function using simulated maximum likelihood. Our estimations are based on 

100 sets of shuffled Halton draws (Train 2009) for the household-level parameters, 

each combined with 100 shuffled Halton draws for the unobserved common market 

shocks in the households’ utilities and the retailers’ attractiveness functions. Since we 

do not observe the specific outlet visited and, hence, cannot operationalize our 

measure for outlet loyalty directly, we use an iterative estimation algorithm to 

sample outlet choice from the model. Our algorithm is comparable to a Monte Carlo 

EM algorithm (Wei and Tanner 1990), and consists of an expectation (E) step, in 

which we draw outlet choice from its probability distribution, and a maximization 

(M) step, that updates the parameters using these draws (for another application of 

an EM algorithm, see, e.g., Anupindi et al. 1998). Checks on additional survey data 

and extensive simulations on synthetic data show that our procedure is able to 

recover outlet choices and parameters well. More details on the algorithm and its 

performance are given in Appendix 2.D. The likelihood function is provided in 

Appendix 2.E. 

2.3 Data 

Background 

 In our empirical application, we consider the Dutch grocery retail market, 

which is characterized by multiple takeovers. Following years of poor performance, 

Laurus (owner of the Edah, Konmar, and Super de Boer chains), till then the second 

largest retailer in the Netherlands, announced on January 31, 2006, that it would sell 

its two largest supermarket chains Edah and Konmar (Planet Retail 2006a). Intense 

price pressure from Albert Heijn (see also Van Heerde et al. 2008) and the 
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unsuccessful integration of its three chains cut into profits, restricting financial scope, 

and forcing the sale of its key business assets (±300 outlets). Most outlets of Edah 

were acquired by EMTÉ and Plus, and most Konmar outlets by Albert Heijn and 

Jumbo for a total of $485 million, remaining stores also being sold to other 

incumbents (including the hard discounters Aldi and Lidl), or closed (Planet Retail 

2006c). Some of these retailers, in turn, had to sell some of their other stores to 

comply with the rules of the Netherlands Competition Authority (Planet Retail 

2006e). As such, also outlets from players other than Edah and Konmar changed 

owners in the wake of the acquisition. Store conversion (gradually) started halfway 

2006, and typically implied a store refurbishment (change in signage, store 

equipment) and a change in marketing mix (price level, assortment). Such renovation 

usually lasted two weeks, during which the outlet was closed. Figure 2.3 shows that, 

by the end of 2007, the Dutch retail landscape had changed substantially: the number 

of outlets of the acquired chains rapidly decreased, while that of (most) other chains 

increased. 

Sources 

 We combine data from three sources: First, we obtained data from IRI and 

Ondernemers Pers Nederland on the locations (geocodes) and floor sizes (in square 

meters) for all Dutch grocery outlets over a three year period (2005-2007). We use 

these data to locate all acquisitions. Next to takeovers, these data also reveal outlet 

closures (and openings). Second, we obtained household scanner panel data from 

GfK, across the same period. The panel consists of approximately 4,000-6,000 

members. The data comprise the households’ location (geocodes) and their purchase 

records at all Dutch retailers. Appendix 2.F provides a detailed description of the 

data set. 
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Figure 2.3: # outlets of all major Dutch chains (2005-2007) 

 

 

 

 

 

 

 

 

 

 

 

 

 

Sample 

 The local markets in which the store takeovers occur, form the setting of our 

study (cf. Cleeren, Verboven, Dekimpe, and Gielens 2010). For each outlet involved 

in an acquisition, we define its trading zone as a 5-km radius area around the outlet 

(similar to Singh et al. 2006 and Vroegrijk et al. 2013). The local market then 

comprises the households living in that trading zone, and the stores accessible to 

(considered by) these households. Given the high store density (on average: 20.4 

outlets within a 5-km radius), we assume that households only consider outlets 

within a 5-km radius from their home.  
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Our analysis includes 10 of the largest Dutch chains, which are positioned as 

either “service”, “value” or “(hard) discount” (as defined by GfK) and, together, 

represent more than 75% of Dutch grocery sales. In our sample, we include 

households who: (i) remain in the panel across the entire 3-year period, (ii) visit the 

10 chains in 80% or more of their store visits, and (iii) visit a chain with an outlet 

within 5 km in 80% or more of their store visits (thereby excluding 1.8% of the 

remaining households).6 Given these criteria, our final sample consists of 917 

households, in 237 local markets (facing a total of 239 acquisitions). We split them 

into an estimation sample of 700 households and a validation sample of 217 

households. 84 of these 217 households reside in (20) markets that are only covered 

in the validation sample (and therefore constitute holdout markets); the remaining 

133 households are households from markets we also use in our estimation sample. 

 Table 2.3 provides details on the acquisitions in our final sample. 193 of the 

outlets were initially affiliated to either Edah or Konmar; the remaining cases involve 

a takeover of a store affiliated to another chain. Of the acquisitions in our sample, 93 

involve chains with a similar positioning, 35 are transitions from service to value, 73 

are transitions from value to service, and 38 are transitions to a hard-discount chain 

(of which 11 transitions from service and 27 from value). With the last outlet being 

converted at the end of 2007 (and some of the acquisitions being only ‘partial’ – the 

retailer selling off only a subset of his outlets), 70.4% of the households had access to 

one or more remaining outlets of the acquired chain (within 5 km) in the week after 

closure. Appendix 2.G provides some more details on the local markets involved in 

the acquisitions (e.g., household socio-demographics, outlet competition). 

                                                 
6 Though the remaining visits do not enter our estimation sample (over households, 0.6% of the trips 

on average), we do use these trips to set up our measures of state dependence (see also Geyskens et al. 

2010). 
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Table 2.3: Sample characteristics 

By 

Of 

SERVICE  VALUE  
(HARD)  

DISCOUNT 
 

TOTAL 

AH Konmar Plus SdB  C1000 Edah EMTÉ Jumbo  Aldi Lidl  

SERVICE 

AH - 0 1 0  1 0 0 1  1 1  5 

Konmar 20 - 0 1  5 0 0 12  0 0  38 

Plus 0 0 - 0  0 0 1 0  0 0  1 

SdB 1 0 3 -  0 3 0 12  3 6  28 

 26  35  11  72 

               

VALUE 

C1000 2 0 0 0  - 0 4 0  1 4  11 

Edah 4 1 62 4  4 - 47 11  7 15  155 

EMTÉ 0 0 0 0  0 0 - 0  0 0  0 

Jumbo 0 0 0 0  0 0 1 -  0 0  1 

 73  67  27  167 

        

TOTAL 
27 1 66 5  10 3 53 36  12 26  

239 
99  102  38  

Note: In capitals the positioning of the chain, as defined by GfK. In our sample period, no outlet of a (hard) discount chain was acquired, 

and therefore, these rows are not displayed. 

Interpretation: Each row (column) gives the number of outlets acquired of (by) a specific chain, by (of) each of the other chains. The 

subtotals give the number of outlets acquired by (of) chains with a particular positioning, of (by) chains with a particular positioning. 

The totals give the number of outlets acquired by (of) a specific chain, and the number of outlets acquired by (of) chains with a particular 

positioning. For example: the third row shows the number of outlets acquired of Albert Heijn, by each of the other chains; the second 

column shows the number of outlet acquired by Albert Heijn, of each of the other chains. 

 

Variables 

 We measure price by a procedure similar to Fox et al. (2004) and Van Heerde 

et al. (2008): we index weekly category prices derived from the entire panel data set 

(relative to the average category price over all chains under study) to allow for 

meaningful comparison across product categories, and weigh these indices by the 

category’s share of purchases in an initialization period (week 27 till week 53 of 
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2004).7 To compute the Euclidean distance (in kms) between the household and all 

supermarkets, we combine the outlets’ and households’ geocodes. Our data further 

include the floor size of the outlet in square meters (as a proxy for assortment depth8; 

see also Ailawadi et al. 2008; Van Heerde et al. 2008).9 Other chain attributes 

discussed in our conceptualization, specifically, product quality, service quality, 

overall store atmosphere, and assortment breadth, are taken up by the chain’s scale 

parameter. 

 Table 2.4 shows descriptives for the 10 chains per year. These clearly reflect 

the acquisition pattern: the mean distance to the nearest outlet of the acquired chains 

(Edah and Konmar) increases, whereas distance to (most) other chains decreases. 

Other descriptives (price and floor size) show no marked changes following the 

acquisition. For completeness, the table also includes PL share. These figures are in 

line with Ailawadi et al. (2008) and clearly show the differences in assortment 

between chains in different positioning tiers.  

  

                                                 
7 Because panel-based category prices for Edah and Konmar were less reliable during the last six 

months of operation (due to decreases in store visits), we estimated the demand models using 

alternative price imputations for these sub-periods and chains: (i) keeping the same category price 

relative to all other chains as before, or, (ii) using the mean of the chain over 2005 and 2006. The 

estimation results remained virtually unaffected. 
8 For some outlets we have data on their actual assortment depth (number of SKUs) in the course of 

2005-2006. Regressing this assortment depth against the outlets’ floor size and chain dummy 

(capturing the chain’s base assortment depth) yields an R2 of .842, indicating that the variables in our 

model constitute a good proxy. 
9 Price endogeneity is not a problem here, because we use chain-level (national) prices. We note that 

these reflect outlet-level prices well: as confirmed by industry experts, pricing decisions by Dutch 

retailers are centralized at the chain (national) level, and leave little room for local adjustments. Floor 

size is likely to be exogenous too, because it is not under the control of the retailer and can hardly be 

modified when taking over an existing store, due to strict zoning regulations by the local 

governments.   
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Table 2.4: Descriptives of the 10 chains per year 

Chain 
Distance (kms)a  Price index  Floor size (m2)/1,000b  PL share (%) 

2005 2006 2007  2005 2006 2007  2005 2006 2007  2005 2006 2007 

SERVICE 

AH 1.462 1.458 1.424  1.201 1.196 1.172  1.236 1.240 1.296  35.2 37.4 39.3 

Konmar 11.725 20.270 86.804  1.152 1.187 1.174  2.533 2.540 2.448  14.6 14.9 13.7 

Plus 5.276 5.191 3.975  1.152 1.150 1.132  0.864 0.887 0.97  16.4 18.7 20.3 

SdB 2.830 2.979 3.035  1.160 1.180 1.171  0.965 0.972 0.986  21.8 24.8 25.2 

                

VALUE 

C1000 2.036 2.059 2.108  1.023 1.025 1.041  0.979 0.993 1.043  19.5 20.4 22.5 

Edah 2.650 2.798 15.167  1.029 1.057 1.046  1.049 1.041 0.973  29.5 29.8 30.2 

EMTÉ 53.330 51.453 29.237  1.106 1.113 1.129  1.050 1.075 1.152  11.1 13.2 15.4 

Jumbo 11.453 9.338 6.850  1.080 1.054 1.061  1.069 1.227 1.406  14.5 16.1 17.6 

                

(HARD) DISCOUNT 

Aldi 2.459 2.411 2.303  0.644 0.634 0.648  0.509 0.520 0.534  91.1 91.3 91.3 

Lidl 4.239 3.726 3.057  0.660 0.657 0.671  0.671 0.678 0.699  79.9 79.9 80.1 

a Average distance to nearest outlet of the chain (over all households in our sample). 

b Average over all outlets in our sample (acquired and non-acquired). 

Note: In capitals the positioning of the chain, as defined by GfK. 

 

2.4 Results 

Models 

 We consider three models for the ‘demand’ side: (i) a ‘traditional’ model that  

 (next to the intrinsic characteristics) only includes the measure for chain loyalty and 

serves as a benchmark (BM); (ii) an extended model (EXM) that augments the 

traditional model with our measure for outlet loyalty; and (iii) a full model (FM) that 

includes measures for both forms of loyalty next to the three moderators linking the 

degree of outlet loyalty to differences in positioning between the acquired and 

acquiring chain, and a set of other variables specific to the acquisition: a dummy for 

the last week prior to, and the first week following, the outlet takeover. Table 2.5 

summarizes the model features and reports the in-sample fit statistics for all three  
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Table 2.5: Model features and fit 

 Model  System 

BM EXM FM FM*d 

FEATURES      

Outlet loyalty X     

Moderators X X    

Other (acquisition-related) factors X X    

Endogeneity correction X X X   

      

FIT      

Estimation sample      

  # observations 287,833 287,833 287,833  287,833 

  Simulated log-likelihood -287,898 -287,785 -287,747  -285,479 

  # parameters 27 29 36  37 

  AIC 575,851 575,628 575,566  571,083 

  BIC 576,136 575,934 575,947  571,749 

Validation sample (households)a      

  # observations 53,883 53,883 53,883  53,883 

  Simulated log-likelihood -54,441 -51,647 -51,634  -50,353 

  Hit rate (%)b 62.3 63.2 63.3  61.7e 

Validation sample (local markets)c      

  # observations 33,308 33,308 33,308  33,308 

  Simulated log-likelihood -33,902 -33,103 -33,102  -32,721 

  Hit rate (%) 61.3 62.4 62.5  56.7e 

a ‘New’ households from local markets also used in the estimation sample. 

b Choice probabilities are computed using the posterior household estimates (Train 2009). 

c Households from 20 local markets completely covered in the validation sample. 

d For ease of comparison, the fit measures are based on the ‘demand-side’ part. 

e Prediction is worse for the model correcting for endogeneity. Ebbes et al. (2011) show, however, that, in endogenous validation 

samples, this is the norm (see the electronic companion to Ebbes et al. 2011 for a discussion on holdout sample validation in the case of 

discrete choice). 

 

models, along with their predictive validity in the holdout samples. The table shows 

that accommodating outlet loyalty increases model fit, both in and out of sample 

(higher simulated log-likelihood, lower AIC and BIC, and higher hit rate).10 Including 

                                                 
10 To rule out that large part of the improvement comes from adding the closure- and opening-week 

dummies, we also estimated a model that included the measure for outlet loyalty and these week 

dummies, but not the positioning moderators. We find that model to be worse than FM, a significant 

part of the improvement between models EXM and FM thus being due to the moderators. 
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the acquisition-specific variables leads to a further fit improvement (for 6 out of 7 fit 

measures). The fact that this improvement is smaller is not surprising, given that the 

added variables only ‘pop up’ in weeks around the acquisitions. We therefore use 

specification FM as part of our integrated consumer store choice and retailer policy 

function system: model FM*. 

 For completeness, Table 2.5 also reports the (demand-side) fit statistics based 

on the parameters of this integrated model. Comparing models FM and FM*, we 

observe an improvement in in-sample fit, while the out-of-sample prediction is 

slightly worse (a common observation in endogenous holdout samples; see Ebbes et 

al. 2011). More importantly, however, the estimate of the standard deviation of the 

chain-market draws is statistically significant, showing the importance of 

accommodating endogeneity of the outlet acquisitions. Comparing the parameters of 

FM and FM*, we find that these unobserved factors indeed affect our loyalty 

estimates: without correcting for endogeneity, chain loyalty is significantly 

overestimated, and outlet loyalty is slightly underestimated. 

Consumer Store Choice 

 Table 2.6, Panel A, reports the estimates for the demand-side part of model 

FM*.  

 Intrinsic characteristics. The estimates of the chain-specific scale factors show 

that, after accounting for chain price differences, service chains (with Albert Heijn 

being the reference chain) are preferred over value and discount chains. The 

coefficients of distance, price, and floor size have the expected sign and are 

statistically significant. This implies that stores located in greater proximity, with  

lower prices, and deeper assortments (as measured by floor size) are more likely to 

be visited. 
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Table 2.6: Parameter estimates (model FM*) 

A: Consumer store choice model 

Measure Symbol 

Estimate 

Population mean 
Std. deviation 

Positioning Chain 

Intrinsic characteristics (chain)     

  SERVICE 

  AH                  0a 0a - 

  Konmar           ;           0a -0.660*** 0.948*** 

  Plus            ;        0a -0.787*** 1.415*** 

  SdB           ;        0a -0.488*** 1.589*** 

  VALUE 

  C1000         ;          -0.417*** 0a 1.165*** 

  Edah         ;         -0.417*** -0.327*** 1.031*** 

  EMTÉ         ;         -0.417*** 0.610*** 0.923*** 

  Jumbo         ;          -0.417*** 0.225*** 1.531*** 

  (HARD) DISCOUNT 

  Aldi            ;         -0.653*** -0.248*** 0.671*** 

  Lidl            ;         -0.653*** 0a 0.530*** 

     

Measure Symbol 
Estimate 

Population mean Std. deviation 

  Price index          -1.768*** 2.551*** 

Intrinsic characteristics (outlet)    

  Distance             -1.056*** 0.595*** 

  Floor size/1,000               0.272*** 0.117*** 

Loyalty: main effects    

  Chain loyalty    0.664*** 0.325*** 

  Outlet loyalty    0.301*** 0.328*** 

Loyalty: moderators    

  Outlet loyalty*transition service→value                  -0.164 - 

  Outlet loyalty*transition value→service                  0.604** - 

  Outlet loyalty*transition s/v→discount                 -0.619* - 

Other (acquisition-related) factors    

  Closure          -0.457*** 0.063 

  Opening          0.467*** 0.067 

Nesting parameter   0.884*** - 

    

Measure Symbol Estimate 

Chain-market draws (std. deviation)    0.190*** 

a Fixed to 0 for identification purposes. 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided).  
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Table 2.6 (continued) 

B: Retailer policy function 

Measure Symbol Estimate 

Chain characteristics   

  SERVICE   

  AH     -7.781*** 

  Konmar         -10.374*** 

  Plus       -2.696*** 

  SdB      -5.688*** 

  VALUE   

  C1000        -4.853*** 

  Edah       -1.212 

  EMTÉ       -0.857 

  Jumbo        -3.004*** 

  (HARD) DISCOUNT   

  Aldi       -1.501 

  Lidl       -0.107 

Positioning differences   

  Transition service→value                -0.818*** 

  Transition value→service                2.024*** 

Floor size   

  Floor size/1,000 (AH)       4.400*** 

  Floor size/1,000 (Aldi)         0.597 

  Floor size/1,000 (C1000)          3.042*** 

  Floor size/1,000 (Edah)         1.840 

  Floor size/1,000 (EMTÉ)          1.691*** 

  Floor size/1,000 (Jumbo)          2.815*** 

  Floor size/1,000 (Konmar)           4.687*** 

  Floor size/1,000 (Lidl)         -0.116 

  Floor size/1,000 (Plus)         1.706*** 

  Floor size/1,000 (SdB)        2.137** 

Previous performance    0.846** 

Market characteristics   

  # different competing chains                          -0.418*** 

  Floor size share                   2.277 

  Floor size share2                    -4.861 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). In the final model, we decided to remove the 

“service/value→discount” dummy from our model, as it was highly collinear with the chain dummies for the two discount chains. We 

also decided to remove the socio-demographic variables, because they ended up contributing very little to model fit, but almost 

exponentially increased computation time (the variables are not chain specific, and hence had chain-specific parameters). 
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 Other (acquisition-related) factors. The estimate of the “closure” dummy is 

negative and statistically significant. This means that in the week prior to closure, 

shoppers (previous customers and non-customers alike) have a lower propensity to 

select the outlet, possibly because they expect multiple stock-outs or less careful store 

management just before the closure. Conversely, the “opening” dummy has a  

significant positive coefficient, implying that consumers have a higher probability to 

visit the outlet in the week after (re)opening; presumably out of curiosity or as a 

result of extensive communication upon its opening. 

 Loyalty: main effects. The estimates for chain and (the main effect of) outlet 

loyalty are positive and statistically significant, indicating that chains and outlets 

visited in the previous week (in which they were available, and a trip was made) 

have a higher probability to be patronized. This confirms that after an acquisition by 

a similarly-positioned chain, consumers are more likely to remain customers at the outlet 

than would be dictated by its intrinsic characteristics and affinity with the acquiring chain 

alone. While the mean estimate for chain loyalty is higher than for outlet loyalty 

(0.664, compared to 0.301, p < .01; s.e. of the difference obtained using the well-

known delta method), the standard deviations of the mixing distributions point to 

strong heterogeneity in state dependence for chains and for outlets (0.325 and 0.328, 

respectively). We revisit these effects in the implications section. 

 Loyalty: moderators. The moderator estimates show how a takeover by a 

differently-positioned chain affects a customer’s likelihood to return to the outlet, 

controlling for the customer’s intrinsic preference for the new banner. The estimate 

for the interaction of our measure of outlet loyalty with “service→value” is not 

significant. This means that, after their first experience with the new (lower) 

positioning, consumers are as likely to stay with the outlet, as in the case of a 
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transition to a similarly-positioned chain. The estimate for the interaction with 

“value→service” is positive and significant – implying that the tendency to revisit 

the acquired outlet is higher after confrontation with the upgrade in positioning. 

Finally, the estimate for the interaction with “service/value→discount” is negative 

and (be it marginally) significant, confirming that after their first outlet visit 

following the takeover, prior customers are more likely to turn away in the event of a 

transition to a discounter. In the implications section, we provide more detail on the 

magnitude of these effects. 

Retailer Policy Function 

 Table 2.6, Panel B, reports the estimates of the retailer policy function, which is 

part of model FM*. This policy function models, for each outlet that is ‘for sale’, the 

retailer it is likely to be sold to (including a closure option), and this as a function of 

the attractiveness of the outlet to the candidate-acquirer. The chain constants reflect 

the baseline attractiveness of the outlet to the candidate-acquiring chains, after 

accounting for all other variables (showing that, for example, the outlets ‘for sale’ 

have a relatively low baseline attractiveness to Albert Heijn). Turning to the 

explanatory variables we find that, as expected, outlets with a better performance 

record are more likely to be acquired (than closed). Larger outlets (in terms of floor 

size), also, are more likely to be taken over. Not surprisingly, they are especially 

attractive to chains that themselves operate larger outlets (see also Table 2.4) – which 

can then implement a standard ‘floor plan’ consistent with their other outlets. In 

general, retailers are less likely to acquire outlets from a higher-positioned chain, and 

more inclined to buy outlets from a lower-positioned chain than from a chain with 

similar positioning. As for the market characteristics, the estimate for the square of 

floor-size share has the expected (negative) sign, but is not significant. The coefficient 
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of the number of competing firms, finally, is negative and significant, indicating that 

‘attractiveness’ is smaller in high-competition markets.  

Robustness Checks 

 We conduct four sets of robustness checks. First, we compare the performance 

of our store choice model against a model in which we simply assume that the 

nearest (available) outlet is visited. The fit of this alternative model is clearly worse. 

Second, we test the sensitivity of our estimates to alternative operationalizations of 

the loyalty measures: (i) a “last-month” measure and (ii) a Guadagni and Little-type 

loyalty measure (Bronnenberg and Vanhonacker 1996). Like before, we obtain 

significant effects for both chain and outlet loyalty (while the remaining coefficients 

remain substantively unaffected). However, estimation of the store choice model 

with these alternative loyalty measures reveals to be very expensive computationally, 

prohibiting us from using such measures in the complete demand and supply 

system. Third, to ascertain that our coefficients of structural state dependence 

capture (long-term) loyalty and not some temporary exploratory choice behavior 

beyond the week of opening, we replace the opening-week dummy by an opening-

month dummy. Its estimate, however, is insignificant, and the other model 

coefficients remain largely unaffected – showing that such exploratory behavior 

occurs right after the store acquisition, and that our state-dependence parameters 

pertain to loyalty beyond these curiosity effects. Finally, to test the stability of our 

estimates, we re-estimate our store choice model on a subsample of households 

visiting the chain in the week prior to the acquisition of one of its outlets (who are 

likely to switch). The results show the same pattern: we find a significant effect for 

both outlet and chain loyalty, with outlet loyalty being significantly lower after a 

takeover by a hard discounter – corroborating the robustness of the findings. 
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2.5 Implications 

 The results above underscore that outlet loyalty is a significant driver of store 

choice, a finding that may play out positively in case of a takeover. Yet, the estimates 

also point to substantial household heterogeneity, and to a strong moderating effect 

of chain positioning. To get a better feel for the prevalence and importance of outlet 

loyalty and its implications for the acquiring retailer, we use the estimates as inputs 

for further analyses below.  

Segmenting (and Profiling) Households: Chain versus Outlet Loyal? 

 To identify what portion of households is outlet loyal, and to explore the link 

with chain loyalty, we compute the posterior distribution of the chain- and outlet-

loyalty parameters for each household (see Train 2009 for more details). More 

specifically, we compute the one-sided (95%) posterior confidence interval, and 

check whether it includes zero (in which case the consumer is said not to be loyal), or 

not (in which case the consumer exhibits loyalty). Figure 2.4 displays the spread of 

the posterior means across households. Overall, we find that virtually all shoppers 

(99.9%) exhibit some type of loyalty. Of these households, 18.1% is loyal to a chain 

(but not outlet), 2.0% is loyal to an outlet (but not chain), and 79.7% show loyalty to 

both (see Table 2.7, Panel A).  

 Among the latter, 79.0% are more chain than outlet loyal, and 20.2% show 

stronger adherence to a particular outlet than chain (the remaining 0.8% showing no 

significant difference). To explore what drives these differences, we calculate the 

ratio of the households’ posterior outlet-loyalty estimate to their posterior chain-

loyalty estimate, and link it to three types of characteristics: (i) the household’s socio-

demographics (household size, income, and age of housewife), (ii) its grocery 

purchasing patterns as revealed in the panel data (avg. monthly spending, PL share-  
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Figure 2.4: Distribution of posterior means of loyalty estimates  

A: Chain loyalty 

 

 

 

 

 

 

 

 

B: Outlet loyalty 
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Table 2.7: Segmenting and profiling households: chain vs. outlet loyalty 

A: Segmenting households 

Outlet loyal (%) 
Chain loyal (%) 

Yes No 

Yes 79.7 2.0 

No 18.1 0.1 

Note: We segment consumers based on the one-sided (95%) posterior confidence interval of the two loyalty measures (Train 2009). If it 

includes zero (or is negative) the consumer is said not to be loyal, if it does not include zero (and is positive) the consumer exhibits 

loyalty. The percentages do not add up to 100 because of rounding. 

 

B: Profiling households 

Measure Estimate Measure Estimate 

Constant 0.170** Socio-demographics  

Grocery purchasing patterns    Housewife age 3.735E-04 

  Intershopping time (days) 0.016**   Household size -0.002 

  Monthly total spending (avg.)/1,000 0.004***   Household net income/1,000 0.100 

  PL share (avg.) -0.181** Opportunity costs  

  Proportion trips on weekends 0.133**   # outlets/diff. chains (in 5-km radius) 0.052** 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Using the ratio of outlet loyalty vs. chain loyalty ratio 

as the dependent variable, we (i) only consider households for who the posterior mean of chain and outlet loyalty is positive, (ii) use 

quantile regression, which is more robust to non-normality of the error distribution (Koenker 2005), and (iii) use the inverse of the 

standard deviation of the ratio of the posterior draws as weights. 

 

of-basket, inter-shopping time in days, and % of shopping trips on weekends) and 

(iii) its local market environment (number of available outlets and chains). To 

accommodate the uncertainty in the dependent variable, we use the inverse of the 

posterior standard deviation as weights in the regressions (see Steenkamp et al. 2005 

for a similar approach). The VIFs are all well below 2, and the condition indices show 

no sign of serious multicollinearity. Table 2.7, Panel B, reveals an interesting pattern 

of results. Note that a positive (negative) sign represents an increase (decrease) in 

outlet loyalty compared to chain loyalty. 
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 Overall, we find that whether consumers adhere (more) to the outlet or the 

chain, is largely driven by purchase factors, and not (so much) by socio-

demographics or opportunity costs (local market variables). High grocery spending 

goes along with adherence to a specific outlet – suggesting a need for simplified, 

routinely shopping behavior (McGoldrick and Andre 1997). ‘General’ PL proneness 

is associated with more chain loyalty (than outlet loyalty). This makes intuitive sense, 

given that PL-shoppers may develop some preference for specific store brands 

(Ailawadi et al. 2008). As expected, households with larger inter-shopping time and 

whose shopping is concentrated in the weekends are relatively more outlet than 

chain loyal – presumably these are time-constrained households, for whom search 

costs are high and routinely visits to the same outlet convenient (Popkowski 

Leszczyc and Timmermans 1997). Finally, somewhat surprisingly, households in 

markets with a larger ratio of outlets to chains are relatively less chain loyal, possibly 

because searching out different chains is less costly in such a ‘transparent’ market. In 

all, these results suggest that chain and outlet loyalty, though they often co-occur, are 

not the same constructs, and are related to different factors. 

Location, Location, Location… Loyalty versus Distance? 

 To gauge the magnitude of the loyalty effects, we express them relative to the 

disutility of travel (typically considered as the primary driver of store choice; see, 

e.g., Bell et al. 1998). For outlet loyalty, our key measure of interest, we compute how 

much closer an acquired outlet has to be located to the consumer, to preserve the 

same level of utility if the consumer is not outlet loyal. This can simply be obtained 

by dividing the negative of the (posterior) estimate of outlet loyalty, by the 

(posterior) estimate of distance. For comparison purposes, we calculate a related 

metric for chain loyalty: the distance a chain-loyal consumer is willing to cover to 
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stay with the chain after the acquisition of one of its outlets, to end up with the same 

level of utility as a consumer that is not chain loyal. Figure 2.5 displays the 

distribution of both distance equivalents across the sample of households. For outlet  

loyalty, the mean value (std. deviation) is 0.353 km (1.293 km); for chain loyalty, the 

mean value (std. deviation) is 0.630 km (1.460 km).11 Comparing these values to the 

mean distance households in our (estimation) sample travel to their chosen outlet 

(1.246 km), we find that not only chain loyalty, but also outlet loyalty is very 

important, and equivalent to reducing the typical outlet distance by almost one-third.  

Store Acquisitions versus Openings: Are there Benefits from a Previous Customer 

Base? 

 A key question for the acquiring chain is what benefits it can reap from outlet 

loyalty. Specifically, given the observed levels of outlet loyalty, how much is there to 

be gained from taking over an existing store with a clientele in place? To shed light 

on this issue, we compare store traffic predicted by our model, for the scenario where 

(i) a retailer takes over an existing store (with a prior customer base), and (ii) the 

retailer opens a ‘new’ outlet (with no previous customers, but otherwise comparable 

characteristics). In doing so, we simulate choices in a hypothetical market, which 

allows us to rule out any confounding effects and separate out the mere effect of 

having an existing clientele: in both scenarios, we calculate the traffic generated by 

the outlet under the exact same conditions (and thus, compare the takeover to a new 

outlet that would be opened at the same location), the only difference being whether 

some households visited the outlet before (note that the opening-week effect applies  

  

                                                 
11 Note that for some households the distance equivalent is negative. The reason is that for these 

households the posterior estimate of outlet (chain) loyalty is negative (or the posterior estimate of 

distance is positive), possibly because they engage in extreme cherry picking (visiting different stores 

to explore their offers) or visit a store close to work (yet distant from home). 
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Figure 2.5: Distribution of the distance equivalents of state dependence 

A: Chain loyalty 

 

 

 

 

 

 

 

 

B: Outlet loyalty 

 

 

 

 

 

 

 

 

 

 

 

 

Note: For a small number of households, the posterior estimate of distance is close to zero, and hence, the ratio grows large. For our 

graphs, we considered only the values within [-5,5] kms (97.9% and 99.4% of all cases, for respectively chain and outlet loyalty), the 

furthest distance we consider households to travel to the outlet of their choice. For presentation purposes (i.e. to provide a clearer picture 

of the remaining distribution), we further removed 5 outliers (2 for the chain-loyalty distance equivalent and 3 for the outlet-loyalty 

distance equivalent) within [-5,-1) kms from our graphs.  

Interpretation: In panel A, the horizontal axis represents the distance a chain-loyal consumer is willing to cover to stay with the chain, so 

as to end up with the same level of utility as a non-chain-loyal consumer. In panel B, the horizontal axis represents the distance an outlet 

has to be closer to the consumer if the consumer was not outlet loyal, to yield the same level of utility as to a consumer that is outlet 

loyal. 
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to both acquired and newly-opened outlets). The trading zone is a circular area 

around the focal outlet, with a 5-km radius, and consists of 10,000 households located 

randomly across the area, each of whom gets a draw from the estimated mixing 

distributions. Competing stores take random positions in a 10-km radius around the 

focal outlet (note that with a trading zone of 5 km, outlets within 10 km could be 

considered competitors) and are assigned a draw from the chain-market distribution. 

Our starting point is the acquisition by a similarly-positioned chain (both positioned 

as service). To get a feel for the impact of competition, we consider different settings, 

depending on (i) the intensity of competition (low, medium, or high), and (ii) 

whether an outlet of the former chain remains accessible after the store opens up 

(whether or not an outlet of the takeover chain was already in place does not affect 

the traffic gain over a newly-opened outlet). In the simulation, 100 draws are used to 

infer choices. 

 Table 2.8, Panel A, shows the percentage difference in store traffic for the case 

of a store acquisition compared to the case of a new outlet opening, for these 

different settings. We observe that, in the average setting, taking over a store with a 

customer base in place leads to a ‘net’ increase in traffic of 8.0% – an increase that is 

statistically significant. Since this figure is obtained after controlling for the new 

banner’s intrinsic appeal, these are extra customers that would not have visited the 

takeover-outlet if they had not been outlet loyal. This is a substantial increase in an 

industry where every customer is fought for. The results also show that, while the 

traffic lift is consistently present across the different scenarios, its magnitude varies 

across the different competitive settings. As Table 2.8, Panel A shows, increases are 

higher for settings where no outlet of the acquired chain remains (in which case 

chain-loyal consumers are not able to switch to another outlet of the acquired chain)   
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Table 2.8: Store performance: store acquisitions vs. openings  

A: % difference in store traffic for store acquisitions vs. new store openings 

Competitive intensity 
Outlet remains 

Yes No 

Low (30 competing outlets) 9.4*** 9.6*** 

Medium (45) 8.0*** 8.5*** 

High (60) 7.3*** 7.9*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained using 100 

draws of the means and standard deviations of the mixing distributions (Train 2009). 

Interpretation: Each cell gives the percentage difference in store traffic (after (re)opening) for a store acquisition vs. a store opening. 

B: % point difference in customer retention (after the first encounter) for 

acquisitions by a differently-positioned chain 

Transition to  
% retention 

total {low, high preference} 

% pts. difference in retention compared to  

takeovers with similar positioning (43.6%) 

Hard-discount chain 33.8 {25.6 37.7} -9.8*** 

More upscale chain 56.4 {46.6, 61.0} +12.8*** 

Note: The figures pertain to the average setting, with an outlet of the acquired chain still present after the takeover (the results for other 

market settings are virtually the same, and therefore not reported). 

Interpretation: for the two different transitions in positioning, the second column gives the percentage of (first-week) customers 

retained, overall and, in curly brackets, for customers with below- and above-median preference for the acquiring chain. The third 

column gives the percentage-point difference in retention for the case of an acquisition by a hard discounter, or a more upscale chain, 

compared to an acquisition by a similarly-positioned chain (for which the retention rate is 43.6%). 

 

and where competitive intensity is low. In such settings, the net traffic gain easily 

goes up to almost 10% (while it remains at 7.3% in settings with above-average 

competition and the acquired chain still present). As a robustness check, we redid the 

simulations in another local market, and found the same pattern of results (traffic 

gains somewhat lower, but still substantial, and ranging from 5.9% to 7.5%).

 Given that the outlet’s previous customer base increases store traffic after 

reopening, the question remains what part of the clientele will be retained after their 

first confrontation with the new chain. Our estimates already showed this to depend 

on the difference in positioning between the old and the new banner. To assess the 
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size of this effect, we compute customer retention for the case of an acquisition by a 

similarly-positioned chain, and compare this to a takeover by a more upscale, or a 

hard-discount chain (for which the moderating effects are statistically significant). 

Table 2.8, Panel B reports the percentage point difference in retention for the different 

transitions in positioning. Overall, we find that customer retention following the 

reopening is substantially and significantly higher for a transition to a higher-

positioned chain (56.4% vs. 43.6% for takeovers by a similarly-positioned chain – a 

12.8% point increase). Conversely, retention is significantly lower for a transition to a 

hard discounter (9.8% points down, thereby nullifying the initial loyalty advantage). 

So, though consumers already incorporated the new banner-characteristics in their 

decision to revisit the converted store, actual confrontation with the differently-

positioned chain alters their propensity to return by up to 13% points, on average. 

The differences are virtually the same across the different competitive settings (and 

hence, not reported). To gauge the heterogeneity in the response to different-

positioning takeovers, we further break down this retention for customers that have 

a low versus high preference for the acquiring chain and its positioning (based on a 

median split). We find that after encounter with a more upscale takeover-chain, 

retention becomes even more pronounced among consumers who prefer such chains 

in the first place (61.0% vs. 56.4% on average, see Table 2.8, Panel B). Similarly, for 

transitions to a hard discounter, retention is higher for consumers with above-

median discounter-preferences (37.7% vs. 33.8% overall). So, even though the outlet 

completely changed, customers who value these changes are more likely to still hold 

onto it – a finding that makes intuitive sense.  
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2.6 Discussion 

 In this paper, we investigate consumers’ store choice in the face of a takeover 

and, more specifically, the role of store loyalty therein. We argue that consumers may 

not only be loyal to the former (acquired) chain – which would more easily make 

them switch away from the outlet after the takeover; they may also exhibit loyalty to 

the particular outlet – which increases the likelihood that they will be retained as 

customers by the new owner. We discuss the drivers of the two forms of loyalty, and 

reflect on how the positioning of the acquiring chain may alter consumers’ adherence 

to the acquired outlet, after their encounter with the new banner. We propose a 

methodology to test this framework, which we apply to households’ store choices in 

over 200 local markets in the Netherlands, characterized by multiple store takeovers. 

Findings 

 Outlet loyalty is widespread. Our posterior estimates reveal that, after 

accounting for the changes in intrinsic characteristics, the larger part of the 

households exhibit some degree of behavioral loyalty towards a previously visited 

outlet, over and above their tendency to revisit the same chain. Exploratory analyses 

suggest that, among these households, infrequent shoppers with trips concentrated 

in the weekends, and shoppers with high spending, are relatively more outlet than 

chain loyal; while the opposite holds for more PL-prone households. Moreover, 

outlet loyalty is important: it plays a far from negligible role in store choice relative to 

the convenience of its location. Our findings suggest that, on average, the effect of 

outlet loyalty is equivalent to a ±30% reduction in travel distance.  

 This outlet loyalty affects performance after a takeover. Even if other outlets of 

the original owner remain accessible within a reasonable distance, traffic gains are 

substantial. Controlling for the (change in) the store’s ‘inherent’ features (e.g., its 
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convenient location, appealing (new) banner), we find that a significant portion are 

‘extra’ customers that would not have visited the reopened store, if it were not for 

their previously built-up knowledge of the outlet. Interestingly, these benefits of 

outlet loyalty depend on the positioning of the acquiring chain. If the acquiring chain 

belongs to a more upscale tier than the previous outlet-banner, the tendency to 

return to the outlet is stronger than if the chain holds a similar (or lower) positioning, 

possibly because search is not worth the effort. Conversely, if the acquiring chain is 

positioned as hard discount, the benefits of outlet loyalty disappear: even if 

consumers already anticipated a difference in intrinsic characteristics, they are more 

likely to switch away after their first encounter with the new banner. It seems that 

experiencing the drastically different store as unfamiliar and/or unsatisfactory makes 

them willing to give up on the outlet, and search for a replacement worth their while. 

Managerial Implications 

 These results offer guidance for retail managers seeking to expand their 

operations. First, our results show that, by taking over an existing store (rather than 

opening up a new one), retailers can capitalize on the outlet loyalty of its former 

clientele, thereby enjoying ‘net’ store traffic lifts of up to almost 10%. These increases 

are substantial and economically meaningful, in an industry where retailers struggle 

for every consumer (Ailawadi et al. 2014). While we find the effects of outlet loyalty 

to be pervasive, we also document in which settings they are more sizable. Former 

store-customers are more of an asset in settings where competition is not overly high, 

and no other outlet of the acquired chain remains. Retailers can put these insights to 

use in their store selections. 

 Second, we show which retailers benefit most from the acquired store’s 

installed customer base and, in particular, are most able to retain those prior 
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customers after their actual encounter with the new banner. Our results indicate that, 

especially high-end retailers that acquire outlets of a value-oriented chain, will reap 

the advantages of previous customers’ outlet loyalty. In sharp contrast with this, we 

find that chains positioned as hard discount do not have an incentive to seek out 

stores with a currently outlet-loyal clientele. This is in line with observed practice: the 

hard-discount chains Aldi and Lidl grow mostly organically, that is, by opening up 

new stores rather than by acquiring existing ones (Planet Retail 2003). 

 Third, our estimates point to important traffic disruptions in the week prior to 

the store closure – a phenomenon also documented in the industry press, where it is 

attributed to stock-outs and service deficiencies in anticipation of the closure (e.g., 

Distrifood 2006). Our assessment above took these disruptions as given. However, as 

they are usually already under the control of the takeover firm (who typically takes 

ownership before the conversion), managing them may further shape the benefits of 

taking over an installed customer base. To explore this, we recalculated the 

difference between the ‘existing vs. new outlet’-scenarios, absent these disruptions. 

We find that if the takeover-store is not ‘well-kept’ prior to closure, this alienates part 

of its customers and reduces the traffic advantage (with the estimate of the “closure” 

dummy set to zero, the benefits of taking over an existing store would be 10.0% 

instead of 9.6%, in the below-average competition setting with the acquired chain no 

longer present). This suggests that acquiring firms have an interest in preventing 

customers from reneging, for example, by already taking control of operations prior 

to the refurbishment. 

 From a more general perspective, our findings may help retail firms gauge 

their base of ‘truly’ loyal customers. In a static setting, consumers’ repeated visits to 

the same store (as recorded in survey or panel data) are often interpreted as chain 
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loyalty. Our analysis, which benefits from ‘natural’ variation in store ownership, 

shows that such behavior is in part due to outlet loyalty. Hence, our results caution 

retailers not to overstate their clientele’s loyalty. 

Limitations and Further Research 

 Our study has several limitations that raise new research questions. First, an 

interesting question is whether closure for refurbishment impacts outlet loyalty. This 

might be so for two reasons. For one, if the outlet is closed for a longer period, 

consumers may need to rely more on other stores, and gain more knowledge 

about/grow more loyal to those stores (cf. Brüggen et al. 2011). Moreover, closure 

time may directly impact outlet loyalty: knowledge about the outlet may be less 

relevant as transition time increases (cf. Seetharaman et al. 1999), and consumers may 

expect the outlet to become quite different (i.e. the benefits from experience and 

familiarity to be lost). Further exploration suggests that, indeed, the average number 

of chains visited per week during the closure period (by previous customers) is lower 

for short (≤ 11 days) than for medium (11 < days ≤ 18) and long transitions (> 18 days) 

(0.905, compared to 1.879 and 2.048 chains, respectively). In an additional model, we 

also tested for a direct moderating effect of closure time on outlet loyalty, but found 

it to be insignificant, possibly because about 80% of the acquired outlets in our 

sample reopen within four weeks (which may be too short to lose experience built up 

with the outlet). Future research could further address this issue.  

 Second, consistent with our interest in takeover-store performance, we 

focused on behavioral loyalty (as opposed to attitudinal loyalty), that is, consumers’ 

revealed tendency to revisit the outlet (or chain). While we distinguished the sources 

of loyalty conceptually, we did not unravel them empirically. Our results tentatively 

suggest that (i) search cost plays a role (even after controlling for differences in 
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intrinsic chain appeal, consumers remain more loyal to service-oriented banners with 

helpful personnel and clear in-store signage, possibly lowering the incentives to 

search for a replacement outlet) and that (ii) store knowledge is important 

(completely unfamiliar hard-discount stores being abandoned after the first 

experience). Further research could address the relative importance of these different 

sources, as well as the outlet attributes most conducive to such loyalty. 

 Third, chain loyalty may also be partly driven by loyalty card membership, 

which we did not separately account for. Such an effect, however, is unlikely to occur 

in our setting, as most loyalty programs in the Dutch supermarket industry offer 

immediate discounts (as opposed to saving rewards) and hence do not create 

substantial switching costs (Leenheer et al. 2007). Further data exploration confirms 

this: linking GfK data on panelists’ loyalty card membership to their posterior 

estimates of (chain and outlet) loyalty reveals no significant relationship. Future 

research could test to what extent reward programs affect chain versus outlet loyalty.  

 Fourth, while our sample included changes of ownership between service and 

value chains, and from such ‘traditional’ supermarkets to hard discounters, we did 

not observe acquisitions of hard-discount stores. It would be interesting to check 

whether our results also pertain to such a setting. 

 Finally, though we controlled for some form of forward-looking behavior (i.e. 

consumers’ anticipation of closures, exploration of the new store) through the closure 

and opening week dummies, a more formal way would be to use a (Bayesian) 

learning model with strategic foresight (e.g., Erdem and Keane 1996). Though 

combination of such a model with our already two-layered estimation approach (one 

layer to simulate unobserved outlet choices, one layer to accommodate endogeneity) 
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was not feasible, the future advent of outlet-specific data might render such an 

approach tractable, and interesting to pursue. 

  



Chapter 2: Chain versus Outlet Loyalty in the Context of Store Acquisitions 

60 
 

Appendix 2.A Availability of Outlet-Level Panel Data 

 Most panel data that provide outlet-specific information are limited in the 

markets, chains, and outlets they cover. First, the panel data collected by IRI only 

contain a subset of stores that agreed to deliver shopper data to IRI, and do not 

include Walmart (and some other stores). The separate “scankey” panel (now, the 

combined IRI-Nielsen panel12), only collects the chain visited, not the specific outlet. 

We acknowledge that, before the merger (in 2010), these data were being collected. 

However, even then, the information was incomplete: less than half of the 

transactions were (correctly) tied to a specific outlet (Michael J. Kruger, EVP, R&D, 

and CQO, Consumer and Shopper Marketing at IRI, personal communication, 

November 19, 2011). Moreover, the panel data set in the “IRI Academic Data Set” 

(described by Bronnenberg et al. 2008) only holds household data for two markets; 

for the other 45 markets, store-level data are provided only.  

 Second, the “Nielsen Homescan Consumer Panel” released by the Chicago 

Booth’s Kilts Center for Marketing, provides for each trip, the first three digits of the 

store’s ZIP code (see: http://research.chicagobooth.edu/nielsen/datasets/consumer-

panel-data.aspx). Such an area is as large as, for example, Salt Lake City, where about 

4 Walmart Supercenters are located (all sharing the 3-digit ZIP code 841).13 Moreover, 

Walmart’s store database shows that the 3-digit ZIP code of 94.1% of the 

Supercenters is the same as that of at least one other Supercenter (avg. 5.5 outlets). 

Hence, these data are not clear about the specific store visited.  

                                                 
12 The National Consumer Panel (the combined IRI-Nielsen panel) started beginning 2010 as a joint 

venture between IRI and Nielsen, in which they share their panel of households (see: 

http://www.ncppanel.com). 
13 The first digit of a ZIP code represents a group of US states and the second and third represent a 

region in that group (or in some cases, a large city). The fourth and fifth digit represent an area or a 

village/town (see: http://www.usps.com/faqs/ziplookup-faqs.htm). For 3-digit boundary maps see: 

http://maps.huge.info/zip3.htm. 
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 Third, though Europanel provides outlet indications in its UK data set for the 

six largest chains (Schiraldi et al. 2012), such information is not available in other 

countries (such as Belgium, Germany, France, and the Netherlands), which only 

specify the chain visited, and not the specific location (Bernadette van Ewijk, 

Executive Program & Member Services at AiMark/GfK, personal communication, 

November 29, 2011).  

Appendix 2.B Spatially Aggregated Logit 

Background  

 The “spatially aggregated logit”-approach was originally proposed by 

Ferguson and Kanaroglou (1995) and is used in a variety of disciplines, including 

marketing (González-Benito 2002), environmental studies (Ferguson and Kanaroglou 

1998), and economics (Haener et al. 2004). It is designed for spatial choice among 

aggregate destinations, while allowing for utility variability within these aggregates. 

To this end, the model specifies the utility of the aggregate destination as a function 

of an inclusive value, made up of the utility of disaggregate entities within that 

destination (see below). The “spatially aggregated logit”-approach, therefore, 

actually comes down to estimating the ‘upper-level’ of a traditional nested logit 

specification.  

This approach is particularly suited for our purposes, in that (i) we observe 

choices of the aggregate entity (in our case: chain) but not of the underlying 

disaggregate entities (outlets), while (ii) we know that the utility of the aggregate 

entity depends on disaggregate features (such as, e.g., distance and floor size of its 

outlets - which we observe, or state dependence – which we infer). Instead of using 

chain averages, or relying on some assumption as to which disaggregate alternative 

is chosen (e.g., the nearest outlet of a chain), the model allows utility to be specified 
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at the disaggregate level (the outlet level) – the choice level perceived by the decision 

maker (but not the researcher).  

Model  

 In the spatially aggregated model, the chain’s perceived utility equals the 

perceived maximum utility across all of its affiliated outlets: 

    
 ( )

    
     

  ( )  
 ( )

  (2.A1) 

where   ( )  
 ( )

 is the utility of household   (in local market  ) for outlet   affiliated 
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 is Gumbel distributed, 

leading to the traditional nested logit model. The allocation of variance between the 

two random components is determined by a nesting parameter  . The parameter   

can be interpreted as a measure of the degree of independence in unobserved utility 

among all outlets affiliated to a particular chain (with higher levels meaning more 

independence). The (marginal) chain probabilities are then given by (Train 2009): 
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Multiplication of the chain and the conditional outlet probabilities gives the 

unconditional outlet probabilities.  

 Equations (2.A2)-(2.A3) are identical to a nested logit specification. The 

difference with a traditional nested logit setting is that the “spatially aggregated 

logit”-approach uses only the marginal (chain) probabilities in (2.A2) (see also 

Appendix 2.E, where we give the likelihood function of the integrated system of 

store choice and the retailer policy function). (Note that our algorithm used to infer 

outlet loyalty, as described in Appendix 2.D, uses the conditional outlet 

probabilities.) Taken together, while the “spatially aggregated logit”-approach allows 

utility to be specified at the outlet level (like the nested logit model), and thus allows 

for outlet-level measures, estimation only requires chain-level choices, using the chain 

probabilities (which are a function of the affiliated outlets’ utilities). 

Appendix 2.C Identification of Chain versus Outlet Loyalty 

 Identification of outlet loyalty versus chain loyalty follows from consumers’ 

responses to store dynamics, that is, store acquisitions, closures, and also openings.  

Identification Based on Store Takeovers 

 In an ‘ideal’ world, the distinction of chain versus outlet loyalty would follow 

from an experiment, in which a random subset of stores, holding different 

positionings, would change banners at different points in time. Comparison of 

consumers’ switching patterns following these changes, against those of a set of 

comparable control stores that did not change banners, would then allow us to assess 

chain versus outlet loyalty. 

 Consider a highly stylized example, with one test and one control market. 

Each market has four outlets of the same size, in identical geographical positions. In 

the control market, two outlets (outlet 1 and outlet 2) belong to chain A, and two 



Chapter 2: Chain versus Outlet Loyalty in the Context of Store Acquisitions 

64 
 

outlets (outlet 3 and 4) belong to chain B, and the ‘baseline’ switching patterns 

between periods are given in Table 2.A1, Panel A. In this table, the diagonal 

(italicized) entries refer to outlet loyalty, and the underlined entries are consistent 

with chain loyalty (note that, because each chain has several outlets, consumers can 

switch outlets and still be chain loyal). In the test market, the same setting applies in 

the pre-treatment period (t). In the post-treatment period (t+1), outlet 1 is taken over 

by chain B (from chain A), resulting in the switching patterns in Table 2.A1, Panel B. 

In that table, the diagonal entry for outlet 1 only retains outlet-loyal consumers. 

Chain-loyal consumers no longer appear in that cell, but would now have switched 

to outlet 4 (the remaining outlet of chain A). Comparing the switching patterns from 

t to t+1 for the test and control market would then allow to assess the degree of chain 

versus outlet loyalty: (i) chain-loyalty-only implying that the complete diagonal of 

outlet 1 would shift to outlet 4, (ii) outlet-loyalty-only implying that the change in 

ownership of outlet 1 is irrelevant, and the switching rate identical across the test and 

control markets. Of course, in reality, markets differ with respect to the 

characteristics of their inhabitants and presence and location of retail chains. Hence, 

the chains and outlets’ intrinsic characteristics (such as the chains’ positioning, and 

the outlets’ floor size) may differ, as well as the households’ preferences for these 

characteristics. Moreover, the chains’ marketing mix may change over time. In the 

ideal experiment, this could be accommodated through a random assignment of the 

‘treatment’ (i.c. the outlet takeover by a different chain) across markets/outlets and 

time periods. 

 Obviously, our setting is not ‘ideal’, and assessing the extent of chain and 

outlet loyalty in a natural environment presents a number of challenges.14 A first set  

                                                 
14 We thank an anonymous JMR reviewer for pointing this out.  



Chapter 2: Chain versus Outlet Loyalty in the Context of Store Acquisitions 

65 
 

Table 2.A1: Hypothetical switching patterns 

A: Control market 

To (t+1) 

From (t) 

Outlet(Chain) 

1(A) 2(B) 3(B) 4(A) 

1(A)             1(A)→2(B)  1(A)→3(B)  1(A)→4(A) 

2(B)  2(B)→1(A)             2(B)→3(B)  2(B)→4(A) 
3(B)  3(B)→1(A)  3(B)→2(B)             3(B)→4(A) 

4(A)  4(A)→1(A)  4(A)→2(B)  4(A)→3(B)            

Note: In both panels, cell entries indicate the fraction of households visiting the row outlet in t, who switch to the column outlet in t+1. 

The diagonal (italicized) entries refer to outlet loyalty; the underlined entries refer to chain loyalty; and the shaded entry is the focal 

outlet. If we only observe chain choices, we observe the quantities  1(A)→1(A)+ 1(A)→4(A)+ 4(A)→1(A)+ 4(A)→4(A) (the switching rate from 

chain A to chain A),  1(A)→2(B)+ 1(A)→3(B)+ 4(A)→2(B)+ 4(A)→3(B) (the switching rate from chain A to chain B), 

 2(B)→2(B)+ 2(B)→3(B)+ 3(B)→2(B)+ 3(B)→3(B) (the switching rate from chain B to chain B), and  2(B)→1(A)+ 2(B)→4(A)+ 3(B)→1(A)+ 3(B)→4(A) (the 

switching rate from chain B to chain A). 

 

B: Test market 

To (t+1) 

From (t) 

Outlet(Chain) 

1(B) 2(B) 3(B) 4(A) 

1(A)             1(A)→2(B)  1(A)→3(B)  1(A)→4(A) 

2(B)  2(B)→1(B)             2(B)→3(B)  2(B)→4(A) 
3(B)  3(B)→1(B)  3(B)→2(B)             3(B)→4(A) 

4(A)  4(A)→1(B)  4(A)→2(B)  4(A)→3(B)            

Note: If we only observe chain choices, we observe the quantities  1(A)→4(A)+ 4(A)→4(A) (the switching rate from chain A to chain A), 

 1(A)→1(B)+ 1(A)→2(B)+ 1(A)→3(B)+ 4(A)→1(B)+ 4(A)→2(B)+ 4(A)→3(B) (the switching rate from chain A to chain B), 

 2(B)→1(B)+ 2(B)→2(B)+ 2(B)→3(B)+ 3(B)→1(B)+ 3(B)→2(B)+ 3(B)→3(B) (the switching rate from chain B to chain B), and  2(B)→4(A)+ 3(B)→4(A) (the 

switching rate from chain B to chain A).  

Interpretation: Comparison of both tables gives a measure of chain-loyal and outlet-loyal customers. For instance, if the difference 

between the switching rates from outlet 1 to outlet 1 (the focal outlet) in the test market and the control market is 0, its customers are 

outlet loyal, but not chain loyal. If the difference between the switching rate from outlet 1 to outlet 4 in the test market and the switching 

rate from outlet 1 to outlet 4 in the control market minus the switching rate between outlet 1 and outlet 1 in the control market is 0, its 

customer are chain loyal, but not outlet loyal. 
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of challenges relate to the ‘randomization’ of the ‘treatments’ – or, rather, the lack 

thereof. A second challenge follows from the typical characteristics of scanner panel 

data, which reveal chain, but not outlet choices. We comment on those two points in 

turn. 

Non-Random Treatments 

 Three issues need to be considered here. First, can we rule out the impact of 

market-specific confounds (i.e. can we safely compare consumer reactions in markets 

where a takeover did/did not occur)? Second, are our takeovers ‘representative’ or 

confined to specific (combinations of) of chains only? Third, can we avoid 

confounding between reactions to store takeovers, and other concurrent (period-

specific) events? 

 As for the first point, the local markets included in our data set (that we use in 

the empirical application) cover a broad range of different settings; in which some 

outlets are involved in a takeover already early on, and others only in a later period 

(see also Appendix 2.G where we provide details on the local markets involved in the 

acquisitions, and the competition of outlets therein). This large number of diverse 

markets, though not perfectly randomized, enhances our ability to control for chain-, 

outlet-, and market-specific factors. Specifically, because we observe (i) consumers’ 

chain patronage across multiple markets and periods, as well as (ii) local and 

temporal characteristics that may drive patronage differences across these markets, 

we can include these characteristics as controls in our model and separate out their 

effect. Second, as described in the data section in the main text, our store takeovers 

involve different chains, either in the position of acquiring or acquired chains. 

Moreover, in our model, we accommodate the moderating effect of differences in 

chain positioning on outlet loyalty – thereby further alleviating generalizability 
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concerns. Finally, as for the third point, it is important to note that the observed store 

conversions occur at different points in time, throughout our observation period, 

such that we have quite some ‘natural’ variation in the absolute time-occurrence of 

the treatments (takeovers). 

 In brief, the richness and diversity of the data set allows us to separate out the 

‘treatment effects’ from confounds, and to document these effects for different 

takeover settings. 

Unobserved Outlet Choices 

 A second, key, challenge is that the data typically available to researchers 

include only chain choices, but not outlet choices. This also holds in our setting. Still, 

because of the richness of our data in other respects, our observed consumer 

responses to store dynamics can generate valid proxies of chain and outlet loyalty. 

 To clarify this, let us go back to the stylized example discussed above. Our 

problem is that, in Table 2.A1, we do not observe the switching patterns for 

individual outlets (cell entries in the table). Instead, we only observe the chain 

marginals, that is: the number of households staying with a chain (A or B), or 

switching between chains (from A to B, or vice versa), when moving from period t to 

period t+1 (before vs. after the outlet conversion). However, with a rich enough data 

set and number of market configurations, the chain marginals still allow us to infer 

the degree of chain versus outlet loyalty. Specifically, in the stylized example 

discussed above: if consumers were completely chain loyal, the chain marginals 

would not be altered by the outlet change. Conversely, if consumers were completely 

outlet loyal, outlet 1-customers would now shift from the marginal of chain A to that 

of chain B. Shifts between these two extremes would then be indicative of the relative 

importance of chain versus outlet loyalty. There are two conditions, however, to 
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allow for such an inference. First, to gauge the degree of outlet loyalty, we need a 

proper comparison standard. That is, we need to gauge the intrinsic, baseline, appeal 

of outlet 1, to distinguish between (i) consumers visiting the outlet because they 

value the appeal of the new banner, and (ii) consumers that shift to chain B in the 

extreme case of outlet loyalty only. Second, we need market configurations in which 

consumers have access to both the acquiring and the acquired chain before and after 

the outlet takeover, such that we observe marginals for both chains in the pre- and 

post-period. 

 Fortunately, our data are sufficiently rich to deal with these issues. For one, 

even though we do not know outlet-specific choices, we do have access to individual-

outlet characteristics for each chain (i.e. their exact location and their floor size) – next 

to the chains’ positioning and marketing mix levels, across a multitude of markets 

and periods. As such, we can estimate the impact of these variables on the chain-

outlets’ intrinsic appeal. An important consideration is that we do have markets in 

which chains have only a single outlet, in which the chain choice also reveals which 

specific outlet was patronized (virtually all households face at least one chain for 

which only one outlet is accessible, at some point). This helps us identify the 

importance of (chain- versus outlet-specific) characteristics as drivers of store 

patronage, and allows us to gauge the intrinsic appeal of specific stores. 

In addition, we also have multiple markets where consumers have access to 

outlets of the acquired and takeover chain, before and after a specific outlet in that 

market is converted. Specifically, our data show that households can choose among a 

large number of outlets (and chains), within a reasonable distance (on average, 

within a 5-km radius, 20.4 outlets), and that households often face more than one 

outlet of a given chain (conditional on facing the chain, 3.0 outlets, on average). Our 
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data also show that, before after an acquisition, the vast majority of households 

(81.4%) have access to an already-existing outlet of the takeover chain (located within 

5 km). Likewise, after an acquisition, a large part of the households (70.4%) have 

access to a remaining outlet of the acquired chain (located within 5 km) in the week 

after closure, providing the necessary market structure for identification. In the spirit 

of our example above, observing consumers who do not switch to the acquiring 

chain after reopening (even though that would be expected based on its intrinsic 

characteristics), then provides evidence of chain loyalty. Instead, observing 

consumers switching to the acquiring chain, over and above what would be expected 

based on the (change in) intrinsic benefits, is then indicative of outlet loyalty, but not 

chain loyalty. Hence, consumer reactions in the face of store acquisitions allow us to 

distinguish between the two types of loyalty, even without observing outlet-level 

choices. 

Other Sources of Identification 

 Not only takeovers, but also outlet closures, may help to infer chain versus 

outlet loyalty. Our data contain several outlet closures (253 in total), including 

settings where an outlet of a chain is closed, but other outlets of that same chain 

remain accessible (about 91.1% of the households that face an outlet closure, had 

access to one or more remaining outlets, located within 5 km). In such settings, 

consumers who repeatedly visit the chain prior to the store closure, but stop doing so 

after the closure (even though the intrinsic characteristics of the available stores 

would predict otherwise), show evidence of outlet loyalty, but not chain loyalty. In 

contrast, consumers who continue to visit the chain, exhibit chain loyalty, but not 

outlet loyalty. 
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 Store openings may, under specific conditions, help to further separate out 

chain and outlet loyalty. If, after controlling for differences in the outlets’ intrinsic 

characteristics (like floor size and distance to consumers), outlet acquisitions by a 

chain in a market where it is not yet present (i.e. by a chain that has no other outlet 

within a 10-km radius15), attract far more customers than new openings by that same 

chain (in otherwise comparable markets), this is indicative of outlet loyalty (note that, 

for first-time openings or acquisitions, we can clearly assign chain visits to the 

opened or acquired store). However, given that the number of first-time openings by 

a chain is quite limited (18 cases only, out of the 183 store openings), this is not the 

main source of identification in our data – such identification mostly stemming from 

acquisitions and closures in markets with multiple (chain) outlets, as discussed 

above. 

Appendix 2.D Estimation Algorithm and Model Performance 

Estimation Algorithm 

 Our estimation algorithm is comparable to a Monte Carlo EM algorithm (Wei 

and Tanner 1990), and consists of two steps: 

 Step 1: Expectation (E). In the E-step, we compute, for each household, 

for each trip, for the first week, the conditional outlet probabilities (conditional 

on the chosen chain), using the observed data and the starting values (or 

current estimates for the parameters). Next, we take (100) multinomial draws 

from their probability distribution to infer choices, and use these choices as 

input for our measure of outlet loyalty. We repeat this process for all trips 

(and weeks), going forward in time. 

                                                 
15 Using a trading zone of 5 km (cf. Singh et al. 2006 and Vroegrijk et al. 2013), outlets within 10 km are 

(in theory) alternatives (for households living on the border of the trading zone). 
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 Step 2: Maximization (M). In the M-step, we perform simulated 

maximum likelihood estimation, using the updated outlet-loyalty variable.  

 We iterate the two steps until convergence.16 Note that we use the same 

random numbers in each iteration of our algorithm.  

Initial Conditions 

 For first week of our sample, we randomly pick an outlet for each of the chains 

visited in the previous week, for which the last-outlet variable is then set to 1. Since, 

for any given chain, we do this for as many trips as were actually made by the 

household to the chain in this (previous) week, this implies that the last-outlet 

dummy may equal 1 for several outlets of the same chain. We also test an alternative 

initialization procedure: setting our last-visit dummy equal to the nearest (available) 

outlets (rather than a randomly selected outlet) of the chains chosen in the previous 

week; estimation results were similar. 

Model Performance 

 We test the performance of our algorithm, in particular the outlet-inference 

procedure, in two ways. First, we use additional survey data on shopping behavior 

to shed light on the validity of the predicted outlet choices. Second, we use synthetic 

data to document the quality of the parameter recovery.  

 Survey data. For a subset of households, we have some indications on their 

outlet selection, based on a survey administered by GfK among (a subsample of) its 

panel members. Specifically, for households who participated in this survey, we 

know the distance to their preferred chain, in five large intervals: < 1 km, 1 ≤ km < 3, 

                                                 
16 Note that given an appropriate number of draws, the Hessian can be obtained by using standard 

methods (Caffo et al. 2005). Our estimation employs 100 draws, which is well in line with other 

studies modeling individual choice (typically, about 30-125 random draws are used; see, e.g., Niedrich 

et al. 2009; Sridhar et al. 2012; Train 2009). 
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3 ≤ km < 5, 5 ≤ km < 10, and ≥ 10 km.17 Unfortunately, these data are partial (we only 

know which outlet of the preferred chain is considered, and not these of the other 

chains) and rough (the responses are not trip-specific and, in many markets, several 

outlets of the same chain remain within a specified distance interval such that the 

response does not reveal the exact outlet). Still, they do allow for some exploratory 

check on predicted outlet choice: in local markets where store density is low, we can 

match the survey response to a specific store outlet. As such, among the households 

in the estimation sample, we can identify the chosen outlet (based on their reported 

distance to the preferred chain) in about 27.7% of the trips. To test our model, we 

compute the hit rate for these trips, at the outlet level. We find the hit rate to be 76.5% 

across all trips, and almost equally high (72.9%) in cases where more than one outlet 

of the chosen chain is available. We also consider the validation households and the 

households in the validation markets, for whom the survey sheds light on outlet 

choice in respectively 27.8% and 30.8% of the trips. Here, we obtain hit rates of 77.8% 

and 68.3%, respectively, across all trips; and of 73.0% and 67.6%, respectively, in 

cases with more than one outlet of the chosen chain available. These figures are quite 

satisfactory, and well in line with previous studies modeling store choice (see, e.g., 

Briesch et al. 2009).  

 Simulation experiment. To further test the performance of the algorithm, we 

conduct a series of simulations. In the simulations, we generate data and choices (at 

the outlet level) for 700 households, for 312 trips (2 trips per week, for 3 years) – thus 

reflecting the size of our actual estimation sample. To ensure that our synthetic data 

mimic the real-life setting, the choice sets (available outlets and distances) and the 

                                                 
17 Note that only about 3% of the households report the distance to their preferred chain to be higher 

than 5 km, supporting our assumption that households only consider outlets within a 5-km radius. 
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marketing mix data are sampled from the actual data set (see also Andrews et al. 

2008). Next, we aggregate choices to the chain level for estimation. In the estimation, 

we consider two models: (i) a model that, next to the intrinsic characteristics, 

includes chain and outlet loyalty, imputed using our algorithm (model I in Table 

2.A2 below); and (ii) the same specification, but in which the actual outlet choices are 

used to setup the measure of outlet loyalty (model II in Table 2.A2). Comparing the 

results of these two models will allow us to gauge the effect of our outlet-inference 

procedure on the recovery of the true parameters and model prediction. 

 In generating the data, we consider five cases for the ‘true’ loyalty parameters. 

Specifically, we use, for the mean of the normal mixing distribution of chain ( ̅ ) 

respectively outlet loyalty ( ̅ ): (i) a ‘traditionally’ assumed setting in which 

consumers exhibit chain, but not outlet loyalty: 1.00 and 0.00; (ii) 0.75 and 0.25; and 

(iii) 0.50 and 0.50; and two extreme cases in which state dependence is (almost) 

exclusively attributed to the outlet: (iv) 0.25 and 0.75; and (v) 0.00 and 1.00. In all 

cases, the standard deviation of the normal mixing distribution is set at one-fourth of 

the mean (which is closely in line with Andrews et al. 2002; Andrews et al. 2008). 

 We assess the parameter recovery using three different metrics (see also Table 

2.A2). To start with, we examine the signs and significance levels of the means of the 

mixing distribution of all coefficients, and the population means of chain and outlet 

loyalty. We find that, for both models, the signs are recovered 100% correctly, for all 

different values of the true parameters (not reported). Significance is recovered 

correctly as well: chain and outlet loyalty are significant in all cases where the true 

parameters are indeed different from zero, and vice versa – except for the most 

extreme combination of parameter values (0.00 and 1.00, for chain and outlet loyalty, 

respectively), in which case the effect of chain loyalty is overestimated.  
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Table 2.A2: Model performance 

 
Model 

I II 

FEATURES    

Outlet loyalty (imputed)  X 

Outlet loyalty (actual) X  

    

RECOVERY 

 ̅   ̅  %significance(all)a %significance(loyalty) %significance(all) %significance(loyalty) 

1.00 0.00 100 100 93 50 

0.75 0.25 100 100 100 100 

0.50 0.50 100 100 100 100 

0.25 0.75 100 100 100 100 

0.00 1.00 93 50 93 50 

    

 ̅   ̅  RMSE(all) RMSE(loyalty) RMSE(all) RMSE(loyalty) 

1.00 0.00 0.382 0.159 0.391 0.147 

0.75 0.25 0.381 0.156 0.380 0.138 

0.50 0.50 0.381 0.200 0.384 0.129 

0.25 0.75 0.392 0.286 0.379 0.148 

0.00 1.00 0.436 0.469 0.393 0.187 

    

PREDICTION 

 ̅   ̅  Hit rate (%)b,c Hit rate (%) 

1.00 0.00 57.152 57.143 

0.75 0.25 55.856 55.922 

0.50 0.50 54.980 55.079 

0.25 0.75 54.088 54.299 

0.00 1.00 53.571 53.742 

a Total percentage of estimates that is statistically significant (at < .05), or is not significant, of the parameters that are, respectively are 

not, different from zero.  

b Choice probabilities are computed using the posterior household estimates (Train 2009). 

c Since different data is generated for each row, the hit rates of model I and model II can only be compared row-wise. 
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 Second, we compute, for both models, for all different values of the true 

parameters, (i) the root mean squared error (RMSE) between the true and the 

estimated household parameters across all coefficients (see also Andrews et al. 2002, 

among others), and (ii) the RMSE between the true and the estimated household 

parameters of chain and outlet loyalty. Table 2.A2 shows that our estimation 

algorithm (model I) recovers the true parameters, including the loyalty parameters, 

quite well; with parameter recovery below or on par with model II (where actual 

outlet choices were used to setup outlet loyalty). Only for the two most extreme 

combinations of parameter values (0.25 and 0.75, and 0.00 and 1.00, for chain and 

outlet loyalty, respectively), the RMSE of the parameter estimates obtained using our 

algorithm is higher compared to model II (chain loyalty overestimated). However, 

even then, it is still below or on par with other simulation studies: that is, in Andrews 

et al. (2002) the RMSE ranges between 0.414 and 0.686 (for a comparable model); in 

Andrews et al. (2008), the RMSE ranges between 0.597 and 0.974 (for a comparable 

model).  

 Finally, to assess prediction accuracy (see, e.g., Andrews et al. 2008), we 

compute, for both models, the hit rate. The results, displayed in Table 2.A2, show 

that model I does almost as well as model II (the difference in hit rate never exceeds 

0.3% points). In all, these results strengthen our confidence in the model outcomes, 

and indicate that the inferences from our algorithm work very well.  

Appendix 2.E Likelihood Function 

 Let   be the set of parameters of the consumer store choice model, let   be the 

set of parameters of the retailer policy function, and let    be the set of common-

market shocks. Parameter estimates are obtained by maximizing the joint likelihood 

of the store choice model and the retailer policy function. Using simulated maximum 
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likelihood, the corresponding simulated log-likelihood function takes the following 

form (Hess and Train 2011):  
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where     
 ( )

 is the household’s marginal chain-choice probability, and   (    )
  is the 

probability of chain    acquiring outlet   from chain  , in market   (and   (  )
  is the 

probability of closure).     
 ( )

 is a dummy variable that equals 1 if household   

chooses chain  , and 0 otherwise, and   (    )
  is a dummy variable that equals 1 if 

the outlet is acquired by chain   , and 0 otherwise (and   (  )
  is a dummy variable 

that equals 1 if the outlet is closed, and 0 otherwise). The simulation uses   (100) sets 

of draws for the household-specific parameters and to set up the measure of outlet 

loyalty, each combined with   (100) sets of draws for the unobserved common chain-

market shocks in the households’ utilities and the retailers’ attractiveness functions 

(see Hess and Train 2011 for a similar setup). 

Appendix 2.F Description of the Data Set 

 Our data set is compiled from three sources: outlet data from IRI and from 

OPN (Ondernemers Pers Nederland), and household scanner panel data from GfK. 

Outlet Data 

 We obtained outlet data from IRI for the period 2005-2006, and from OPN for 

the year 2007. These data specify: (i) the exact location (geocode) of a specific outlet, 

(ii) the chain to which it is affiliated, (iii) its status (‘in operation’ or (temporarily) 

closed), and (iv) the floor size of the outlet (in square meters). In 2005 and 2006, these 

data were measured on a weekly basis; the data that we obtained for the year 2007 
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were measured on a quarterly basis. These data are used to identify outlet openings, 

closures, or conversions to another chain in the context of an acquisition, based on 

changes in outlets’ affiliations and statuses. For example, an outlet that is affiliated to 

a specific chain until a specific week, and thereafter is affiliated to another chain, is 

marked as acquired; an outlet that is closed and for which the affiliation does not 

change is marked as closed. In the case of acquisitions identified in the quarterly 

data, the exact date (week) of closure (for conversion) and reopening is searched for 

in the trade press or the local newspaper using the LexisNexis database.  

 The chains are positioned as either “service”, “value”, or “(hard) discount”. 

This classification is defined by GfK, based on the chain’s score on a variety of 

measures: its low prices, the attractiveness of its promotions, its cleanliness, its fresh 

food section, its assortment, and the quality of its products.18 GfK uses these 

measures to position supermarkets in a map along two dimensions: ‘service’ (a 

summated score of “cleanliness”, appealing “fresh food section”, “assortment” and 

“quality”) and ‘cheapness’ (a composite of the “price” and “promotion-

attractiveness” survey items). Chains situated in the bottom right of the map (i.e. that 

have relatively high scores on service, and relatively low scores on cheapness) are 

classified into the “service” tier, while chains in the upper left (i.e. cheap, low service) 

corner belong to the “(hard) discount” tier. Chains that balance these dimensions 

belong to the “value” tier. See Van Heerde et al. (2008) for an example of such a 

positioning map. 

  

                                                 
18 These measures are collected by GfK using a survey among its panel members, through store 

intercept interviews. 
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Household Scanner Panel Data 

 The household scanner panel data are obtained from GfK. The panel consists 

of 4000-6000 households (representing a stratified national sample) who scan all their 

purchases at all Dutch retailers at home, and send the data electronically to GfK. The 

data specify, for each trip that is made, (i) the specific chain visited and (ii) the exact 

purchase records at this chain (items and quantities bought, and prices paid). For 

each household, we also have data on their exact home location (geocode) and a set 

of background characteristics (e.g., socio-demographics). 

 The household scanner panel data and the outlet data are combined to 

construct the choice sets. Specifically, for each household and outlet, we can calculate 

the distance between the household’s home and the outlet’s location, based on their 

geocodes (i.e. their exact latitude and longitude). The choice set of a household then 

consists of all outlets within a 5 km radius from its home, that are ‘in operation’ at the 

time of the trip.19 It thus (typically) comprises multiple outlets of a chain. When an 

outlet is ‘acquired’, its affiliation changes (and thus, the chain’s scale parameter in the 

utility function, along with the other explanatory variables); when an outlet is 

(temporarily) closed (for conversion, or for another reason), it is (temporarily) 

removed from the choice set; and when an outlet is opened, it is added to the choice 

set. Hence, the households’ choice sets are updated over time. 

 The explanatory variables are constructed based on these data as described in 

the text and in Table 2.2. 

 

 

                                                 
19 We note that whether outlets in the choice set are actually visited by a household, will further 

depend on their specific distance from the household’s home, which also enters the utility function in 

the model. 
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Appendix 2.G Characteristics of the Local Markets 

 Table 2.A3 lists some details on the local markets involved in the takeover 

spree (and the competition of outlets therein), as well as on retail locations in the 

Dutch market as a whole. It shows that (i) the markets in which a takeover is 

observed, exhibit wide variation on a number of characteristics – confirming that 

they are not confined to a specific location type, and (ii) the characteristics of the 

takeover markets by and large match those of other locations where grocery chains 

are present, indicating that they are quite representative for the Dutch retail scene. 

The only exception is that most acquisitions took place in locations provided for by a 

larger number of chains (and outlets). This is not surprising, as it was fierce 

competition that led the retailers to sell their outlets in the first place. 

 

Table 2.A3: Characteristics of the local markets and competition 

Characteristica 

Acquired outlets  All retail locations 

Avg. (std. dev.)  Avg. (std. dev.) 

# households 3,853.7 (1,644.4)  3,710.8 (1,790.0) 

Household size (avg.) 2.2 (0.3)  2.3 (0.3) 

Net income (in 1,000€s) (avg.) 29.3 (3.6)  29.2 (3.7) 

Population density (# residents per km2) 1,431.5 (1,313.8)  1,358.6 (1,368.4) 

# diff. comp. chains in 10-km radiusb 7.0 (1.4)***  6.3 (1.5)*** 

# comp. outlets in 10-km radius 44.4 (30.4)*  40.7 (30.4)* 

a Variables are measured at the 4-digit postal code level (# households and household size) or the municipality level (net income and 

population density), unless stated otherwise. For ease of comparison, we use/compute the measures for (the first week of) 2005.  

b With a trading zone of 5 km, outlets within 10 km are (in theory) competitors. 

Note: Within a row, means followed by an asterisk are statistically significantly different (*** < .01, ** < .05, * < .10; two-sided).  
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Chapter 3 

Hello Jumbo! The Spatio-Temporal 

Roll-Out and Consumer Adoption of 

a New Chain∗ 

 
 Recent years have been characterized by a shakeout in the grocery retailing 

landscape. Where some retailers could not handle the cut-throat competition, others 

took advantage to expand their network of operations through acquisitions. 

Examples abound, like the acquisition of the Canadian retailer Zellers by Target, the 

US-based retailer Wild Oats by Whole Foods, the Netto stores in the UK by Walmart-

owned Asda, or the Dutch chain Super de Boer by Jumbo. Other recent examples are 

provided in Table 3.1. These include foreign, but also national acquisitions – retail 

chains taking over rival stores to intensify their presence in their home country 

where retail sites are typically scarce – and involve major retailers both in the role of 

acquired and acquiring chains.   

 Whether national or cross-border, retail acquisitions typically involve major 

investments of money and effort, extending over multiple years after the sale is 

concluded (EFMI 2011; Planet Retail 2011d). Indeed, following the acquisition, the 

acquired stores will have to be converted to the new banner and, in the case of a  

  

                                                 
* This chapter is based on joint work with Els Gijsbrechts. 
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Table 3.1: Overview of recent grocery takeovers (major firms)a 

Q Target (ISO country code) Buyer (country code) # outlets Price ($M) Length (years) 

20041 Safeway (UK) Morrisons (UK) 479 5,350 ±1.5 

20043 Kmart (US) Sears (US)b 54 575 <1 

20052 Spar (DE) Edeka (DE) 750-1500c undisclosed ±1 

20053 A&P Canada (CA) Metro (CA) 234 1,395d ±1 

20061 Albertons (US) SuperValu (US) a.o. ±2000e 14,500f (in total) ?g 

20062 Carrefour (KR) E-Land (KR) 32 1,900 <1 

20062 Edah (NL) EMTÉ (NL), Plus (NL) 276 320 ±1.5 

20062 Konmar (NL) Ahold (NL), Jumbo (NL) 44 170 ±1 

20062 Walmart (KR) Shinsegae (KR) 16 882 <1 

20063 Walmart (DE) Metro (DE) 85 undisclosed ±1 

20071 Wild Oats (US) Whole Foods (US)h 110 565 ±3 

20073 Carrefour (PT) Continente (PT) 12 905 <1 

20081 Plus (CZ) Rewe (DE) 146 undisclosed <1 

20083 Somerfield (UK) The Co-operative (UK) 880 2,490 ±2.5 

20094 Super de Boer (NL) Jumbo (NL) 305 825 ±2.5 

20102 Netto (UK) Walmart (US) 193 1,125 <1 

20103 Franklins (AU) IGA (AU) 85 180 ±2.5 

20104 Carrefour (TH) Big C (TH) 42 1,185 <1 

20111 Zellers (CA) Target (US) 220 1,850 ±3 (planned) 

20114 C1000 (NL) Jumbo (NL) 460 1,205 ±3 (planned) 

20122 EKI (AR) Carrefour (FR) 129 undisclosed <1 

20124 Carrefour (CO) Cencosud (CL) 92 2,600 ±1 

20124 Carrefour (MY) Aeon (JP) 26 324 ±1 (planned) 

20124 Real (PL, RO, UA, RU) Auchan (FR) 91 1,440 ±2 (planned) 

20132 Norma (FR) Casino (FR) 38 undisclosed <1 

20132 Sweetbay, Reid’s (US)  Bi-Lo (US) 83 265i in progress 

20133 Le Mutant (FR) Casino (FR) 47j undisclosed in progress 

a Only acquisitions where stores were (eventually) converted to a banner of the buying company are included. 

b In 2005 the two companies merged and announced plans to convert a total of 400 outlets to the Sears banner. When the remodeled 

stores failed to perform, these plans were cancelled. Eventually, some stores were even reconverted to Kmart (Planet Retail 2006b). 

c Only stores larger than 600m2 were converted Edeka (750-1500 out of the ±2100 outlets), all other stores retained the Spar banner. 

d Next to 234 grocery stores this includes 74 pharmacies. 

e While some stores retained the old banner, some were converted to the (old) Lucky and Save Mart banner, among others. 

f Next to about 2000 grocery stores, this includes 906 (in-store) pharmacies and 107 gas stations. It excludes the acquisition of 702 (stand-

alone) pharmacies by CVS from Albertsons. 

g Following the acquisition several stores (and banners) were sold to other retailers, many of which did not disclose their plans. 

h Soon after the acquisition, the Federal Trade Commission issued a complaint to block the purchase, being concerned about a loss of 

competition. In 2009, Whole Foods agreed to a settlement that involved the sale of 32 stores (Planet Retail 2009b).  

i Next to 83 stores of Sweetbay and Reid’s this includes the acquisition of 72 Harveys stores, which retain the Harveys banner. 

j In addition to the acquisition of 47 stores, Casino signed a brand licensing agreement for another 90 stores. 

Note: Country codes of the target firms refer to the country of the acquired operations; codes of the buyers refer to their home country.  

Source: compiled from Planet Retail. 
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large-scale refit program, this physical roll-out of the new banner often takes time.1 

Conversion is typically done a few outlets at a time, with the old banner in place for 

quite a while (typically about one to three years; see also Table 1). Consider the 

expansion of Target into Canada. In 2011, Target acquired the Canadian retailer 

Zellers for approximately $1.85 billion. Conversion of the outlets to the Target banner 

started in 2012 and will take about two years; by 2014, close to 200 stores will have 

changed banners (Planet Retail 2011b).  

 On top of the investments involved, the conversion operation – when to 

convert which stores – requires a careful planning. As indicated by Gielens and 

Dekimpe (2001), retail acquisitions are ‘risky business’, with higher post-entry failure 

than greenfield expansions. This is especially true if the acquirer has a ‘fixed format’ 

that is new to market, and that it uniformly applies to the acquired outlets. The 

acquiring chain then faces a dual challenge. On the one hand, it will need to ‘educate’ 

consumers to accept, and switch to, the new banner (Kumar 1997). This may not 

happen overnight, consumers requiring some time to familiarize with the new 

banner before breaking away from their previous store patronage patterns (e.g., 

Haans and Gijsbrechts 2010; Rhee and Bell 2002). Therefore, stores converted to the 

new banner at a later point in time, may find it easier to haul in customers. The 

reason is that by the time the store opens up, customers in its trading zone may 

already be aware of it through retailer communications, and may have heard about it 

from other customers in neighboring markets, increasing their familiarity.  On the 

other hand, a lengthy refit program comes at a risk: as a report by Accenture (2009) 

points out, the retailer will have to ensure that managers of not-yet converted stores, 

                                                 
1 In some situations, retail store acquisitions only involve a change in ownership, without store 

conversion. In what follows, we focus only on acquisitions where outlets are converted to the banner 

of the new firm. 
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still operating under the old banner, maintain their operational standards. Indeed, 

though the acquiring retailer has strong incentives to keep investing in the old 

banner, examples show that management commitment sometimes deteriorates and 

stock-outs are increasingly common (e.g., FoodPersonality 2011; Planet Retail 2001). 

Customers (noticing these changes) may renege to rival stores, particularly in 

markets with appealing competing outlets.2 In sum, a careful balancing of these pros 

and cons is called for, and, as such, the temporal and spatial roll-out is critical to the 

success of the acquisition.  

 With this in mind, we seek to understand how a large-scale acquisition and its 

roll-out affect the consumers’ store choice process and, hence, the performance of the 

acquiring chain. Our research questions are threefold: First, following the acquisition 

by a new banner, how do consumers revise their preferences for the old (acquired) 

chain, and form their preferences for the new chain? Second, what role do previously 

converted outlets, in other, neighboring markets, play in preference formation? 

Third, based on these insights, how would alternative roll-out strategies impact store 

choice and store traffic? More specifically, what are the effects of the 

timing/geographical order of store conversions?3 

 To answer these questions, we develop a model of consumer store choice in 

the context of a large-scale acquisition. In this model, consumers update their 

perceptions of both the incumbent stores and the new banner, through a Bayesian 

                                                 
2 Even if it decides not to invest in the old banner, its customers/employees may see the acquisition as 

a sign that the firm is willing to make an investment (in the sense that ‘any news is good news’; Berger 

et al. 2010), and may continue to visit the chain (see also below). The model that we develop is flexible 

and allows for any case. 
3 In the current context, timing refers to the timing relative to other conversions (i.e. early versus late 

in the refit program), whereas geographical order refers to the sequence of conversion across 

geographical markets. In the paper, we take the length of the refit program as given, taking into 

account the supply-side restrictions of refurbishing all acquired stores. Timing and order are therefore 

analogous. 
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learning mechanism (e.g., Erdem and Keane 1996; Roberts and Urban 1988). To 

capture possible changes in store value in the course of the refit program on the part 

of the old chain, we allow for a time-varying signal mean. We further incorporate 

prior exposure to earlier converted stores, as early signals of the new banner’s 

attributes. Finally, our model also corrects for possible endogeneity in the 

timing/order of store conversions by the new chain. 

 Our empirical application focuses on the acquisition of Dutch retailer Super de 

Boer by Jumbo Supermarkten halfway 2009. Jumbo, an Every Day Low Pricing 

(EDLP) retailer, and till then a small, regional, player, was a significant departure 

from Super de Boer (a HiLo retailer) and, for that matter, from most other chains in 

the Netherlands. Conversion of more than 100 outlets took about two years and was 

done one to three outlets at a time, the Super de Boer banner remaining in place up 

until the time of outlet refurbishment by Jumbo. (POP) advertising under the theme 

“Hello Jumbo!” informed consumers about new (or planned) store openings. Our 

data cover households’ store choices over a four year period, including two years 

after the start of the conversion program, combined with unique semi-annual survey 

data on store perceptions, reflecting changes in value over the course of the program. 

 Our contribution is twofold. First, our proposed framework captures the 

dynamics in store choice following the roll-out of a new chain after a large-scale 

acquisition. As such, it contributes to the literature on store choice, and the literature 

on store entry and mergers and acquisitions. Second, from a managerial perspective, 

we show how the roll-out impacts traffic to converted and not-yet converted stores, 

and how a careful planning is critical to the success of an acquisition.  Though our 

paper is somewhat related to Holmes (2011), who studied the dynamic store location 

problem of Walmart, and Ellickson et al. (2012), who studied pricing format change 
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decisions (i.e. from EDLP to HiLo, and vice versa) of supermarkets, it differs in two 

important respects. First, whereas Holmes focuses on a setting of “organic growth” 

in which the retailer grows (primarily) through greenfield expansion, we study a 

large-scale acquisition, which involves the conversion of stores with an already 

existing clientele. Second, while the focus of Holmes and Ellickson and colleagues is 

on the supply side, deriving the magnitude of economies of density in logistics and 

the profit implications of changing price formats, respectively, our focus is primarily 

on the demand side, where we seek to explain the dynamics in consumers’ store 

choice. Our paper also differs from Lee and Bell (2013), who studied the diffusion of 

an online grocery retailer, in that our focus is on the roll-out of a new (brick-and-

mortar) retailer that gradually remodeled its acquired outlets, instead of a start-up 

(Internet) retailer available to all consumers from day one. Our framework thereby 

provides rich insights into not only the spatial, but also the temporal dimension, by 

explicitly modeling the integration phase of the acquisition, and indicating how the 

roll-out affects traffic throughout that phase.  

 The remainder of the text is organized as follows. In the next section, we 

provide a summary of the relevant academic research and discuss our 

conceptualization. Next, we motivate and develop the modeling approach. We then 

describe the data used in the empirical application, and discuss the model 

implementation. Next, we report the empirical results, and discuss their implications. 

We end with conclusions and directions for future research.  

3.1 Background Literature and Conceptualization 

Background Literature 

 Our main interest is in how consumers’ response to store acquisitions and the 

conversion to a new store banner, affects the success of retailers’ temporal and spatial 
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roll-out strategies. Our focus, therefore, primarily lies with the literature on entry 

timing and market selection, supplementing it with findings from the literature on 

mergers and acquisitions, and social contagion and neighborhood effects. 

 Entry timing and market selection. A vast body of literature has studied the 

problem of timing-of-entry and market selection by new firms in general (see, e.g., 

Kalish et al. 1995; Kotabe and Helsen 2010; Mitra and Golder 2002) and retailers in 

particular (see, e.g., Gielens and Dekimpe 2001; 2007). This literature discusses the 

pros and cons of a “sprinkler” strategy, in which the firm ‘acts fast’, and enters 

multiple markets at once, as opposed to a “waterfall” strategy, characterized by 

gradual, sequential entry (e.g., Kalish et al. 1995; Stremersch and Tellis 2004). Key 

advantages of the sprinkler strategy are that it allows to reap early rewards and pre-

empt competition. A waterfall strategy, in turn, requires smaller ‘upfront’ 

investments and entails lower risk, by allowing for organizational learning and 

market-spillovers in the course of the expansion process. Hence, entry timing 

essentially involves a tradeoff between (early) rewards and (reduced) risk. Yet, as 

this literature often focuses on greenfield expansion in an international setting, some 

of the above-mentioned (dis)advantages may be less relevant for our purpose (i.e. the 

roll-out of a new banner following an acquisition in a known, domestic, market), 

where other factors come into play. 

 Speed of integration in mergers and acquisitions. First, with greenfield 

expansion, no revenues accrue to the firm prior to entry. In contrast, in the case of an 

acquisition and roll-out of a new banner, the retailer already reaps revenues from the 

acquired stores prior to conversion to the new banner. Since stores are not converted 

overnight, an important question is how much will still be sold in old-banner stores 

during the phase-out. Two countervailing forces may be at work here. On the one 
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hand, the acquisition itself may act as a sign to consumers and store personnel that 

the firm is willing to make an investment in the stores ( in the sense that ‘any news is 

good news’; Berger et al. 2010). This may uphold – or even revive – employees’ 

motivation to meet operational standards, and consumers’ interest in visiting these 

stores. On the other hand, especially if actual investments lag behind, a long 

integration phase may render employees insecure about their future in the company, 

and lead to low commitment and morale, and a lack of management direction (e.g., 

Clemente and Greenspan 1997; Cording et al. 2008; Homburg and Bucerius 2005). 

Under those circumstances, customers of the old banner may become confronted 

with service disruptions (e.g., stock-outs; Accenture 2009) and a deteriorating value 

offer, as the roll-out progresses. “Speed of integration” may therefore be a crucial 

factor to success of the acquisition (a factor also identified in the literature on mergers 

and acquisitions; Cording et al. 2008; Homburg and Bucerius 2005; 2006): if the firm 

does not make a significant investment in the old banner/operational standards are 

not maintained, late conversion may jeopardize patronage to the old chain – 

shoppers seeking out another chain before the store conversion. 

 Social contagion and neighborhood effects. Second, in a domestic (as opposed 

to international) expansion setting, the firm’s uncertainty about the local markets is 

typically low. Hence, there is less need for organizational learning – particularly so if 

the entrant enters the markets with a ‘fixed format’ (Gielens and Dekimpe 2001). This 

does not mean, however, that a gradual, waterfall, strategy loses its appeal. 

Consumers, from their part, may still be uninformed about the new banner’s value 

offer, and being unfamiliar, hesitant to revise their shopping strategies (Baltas et al. 

2010). In a more stretched-out refit program, with outlets opening up in other 

(neighboring) trading areas, consumers may already be provided with information 
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about the banner’s value offer prior to store conversion in their own local market – 

through word-of-mouth or social contagion, store flyers, or window shopping (Lam 

et al. 2001). Early studies on new product diffusion (e.g., Chatterjee and Eliashberg 

1990; Roberts and Urban 1988) provide evidence for such contagion and show how 

information from early adopters is used to update brand perceptions (and reduce 

uncertainty) through Bayesian learning. More recent literature shows that social 

contagion is especially likely when consumers are geographically proximate – so 

called neighborhood effects. Of particular interest is the work of Bell and Song (2007), 

Choi et al. (2010), and Lee and Bell (2013), who study trial at an Internet retailer. They 

find that trial by proximate others may reveal information to non-adopters, thereby 

reducing uncertainty.4 By virtue of these mechanisms, stores converted late in the 

process, in markets neighboring already-converted stores, may find it easier to attract 

customers. 

Store Roll-Out and Consumer Adoption of a New Banner 

 Building on the above literature streams, consumer response to a banner 

change may be very different from their reactions in ‘business as usual’ situations 

(Haans and Gijsbrechts 2010; Rhee and Bell 2002), and the successful roll-out of a 

new store banner following an acquisition requires a careful analysis of the consumer 

reactions to new-banner (converted) and old-banner (not-yet converted) stores across 

local markets.  

 New-banner stores. On the one hand, even though consumers may be 

unfamiliar with the new chain in the beginning, their knowledge and expectations 

                                                 
4 Other than trial at an Internet retailer, neighborhood effects have been documented in consumer and 

retailer adoption of new packaged goods (Bronnenberg and Mela 2004; Du and Kamakura 2011), and 

customer acquisition and usage of new services (Ghose and Han 2011; Nam et al. 2010), among other 

contexts. 
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may be different for outlets refurbished early versus late in the roll-out process. 

Stores opening up in other, neighboring, markets may make consumers more 

exposed to retailer communication and information from neighbor-market adopters, 

and as such, more familiar with the chain’s value (prior to being able to visit it). As a 

result of such market spillovers or ‘lead’ effects (Kalish et al. 1995), the retailer may 

benefit from a lengthy refit program by allowing information to ‘trickle down’ across 

markets, taking away some of the initial hurdles of switching to the new banner. 

 Old-banner stores. On the other hand, while the acquiring firm enjoys store 

revenues prior to conversion, these revenues may be under pressure, and have to be 

carefully weighed against the revenues from conversion. If the refit program takes 

longer, management commitment to not-yet converted stores may deteriorate, and 

consumers may renege to rival stores. This will particularly hold in local markets 

with access to appealing rival chains. Hence, the retailer’s ability to retain customers 

in not-yet converted stores will have a temporal and spatial component as well. 

Whether this is the case, however, depends on (i) how consumers (and store 

personnel) interpret the acquisition ‘news’ (i.e. prospects for the stores), as well as on 

(ii) how much the acquiring retailer invests in the old banner, and remains an 

empirical question. 

 The model that we develop below incorporates these mechanisms.  

3.2 Model 

Consumer Store Choice 

  Learning. To address our research questions, we build a model of consumer 

store choice, in local markets where the store offer is subject to change. To capture 

the response dynamics, we use a Bayesian learning framework, rooted in Roberts 

and Urban (1988) and Erdem and Keane (1996). In their framework, consumers learn 
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about brand quality by updating their expectations through word-of-mouth and 

usage experience. In our setting, because not only quality, but also price is hard to 

assess for a store overall (Mägi and Julander 2005), consumers learn about the value 

(quality relative to price) of a store. To capture changes in store value, we allow for a 

time-varying signal mean, and further incorporate signals derived from other, earlier 

converted stores. In our model, we also incorporate information discounting (e.g., 

Zhao et al. 2011) to allow for the possibility that more recent information might 

receive more weight in evaluating the different chains. 

 Similar to previous work (e.g., Erdem and Keane 1996), we assume that 

consumers are uncertain about an alternative’s (chain’s) value. Each experience 

(visit) provides information, be it noisy. We assume that these signals are normally 

distributed, fluctuating around the true value level:5 

                                    ,  (1) 

with  

                          
  ,  

where                 is the signal that the consumer gets from a visit to chain  , at some 

time  , a noisy signal of the true value, and            is (white) noise, distributed 

normally with mean 0 and variance         
 .          is the true value of chain   at time 

 . To allow for changes in (each) chain’s value, and in particular the value of the old 

chain, we make this true value (from which the visit signals are drawn) time-specific. 

More details on the measurement of this time-dependent value are given in the 

empirical implementation section. 

                                                 
5 To simplify notation, we drop the consumer superscript. 
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 Next to store visits, consumers may learn about the (new) chain’s value from 

other information sources at the time of a store opening in their own or in 

neighboring markets (Bell and Song 2007), such as store flyers, word-of-mouth, or 

announcements in the local press. Such signals are again noisy, but unbiased, and 

distributed normally: 

                                        ,  (2) 

with 

                             
  , 

where                   is the consumer’s signal of the chain from other sources, at time 

 , and              is (white) noise, distributed normally with mean 0 and variance 

          
 . We note that such signals are available upon opening of a new store, but 

also – and especially interesting for our purposes – upon conversion of a store to a 

new banner.  

 Immediately after obtaining or receiving the signals, consumers update their 

value perceptions of the chain,      ̃    (their belief about         ). Using the 

standard updating formulas (see, e.g., DeGroot 1970), the update of the mean value 

belief,       , and the perception error variance,       
 , become the following:6 

                
      
 

        
 (                    ) 

     
      
 

          
 (                      )     

(3) 

                                                 
6 Note that, like in Zhao et al. (2011), our learning framework/updating equations allow for the 

possibility that more recently obtained information plays a greater role in the updating process (and 

thus, the evaluation of the different chains), as we explain below. In our framework, we do not assume 

that consumers anticipate a decrease/increase in value, because, as we explained in the conceptual 

part, the direction may not be clear a priori for consumers. Further checks show no evidence for an 

increase in discounting for the acquired chain following the start of the refit program. 
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 (4) 

where      is 1 if chain   is visited, and 0 otherwise,      equals 1 if a signal is received 

about chain   from other sources, and 0 otherwise, and 
 

 
    
  

 
 , 

 

        
  and 

 

          
  are 

the ‘precisions’ of the (discounted) previous store-value beliefs, the visit signals, and 

the opening-information signals, respectively. Note that, in the updating equations, 

we use the discounted precision of the previous store-value beliefs (
 

 
    
  

 
), to allow 

for the possibility that consumers attach more weight to recently received 

information (that may be more reflective of current store value). In doing so, we 

modify the learning process in a way similar to Mehta et al. (2004) and Zhao et al. 

(2011). Specifically, we assume that, each time period (e.g., each day), the consumer’s 

knowledge decays exponentially:7 

      
  

        
  

  ,  (5) 

where      
  

 is the discounted perception error variance (and    is a measure of time, 

e.g., days),        
  

 is the prior variance (undiscounted – if a signal was received at 

     – or already discounted before) (e.g., yesterday’s), and   is a discount parameter 

(restricted to be positive). The equation suggests that if no (strong) signal is received, 

uncertainty goes up.  

 Typical of the Bayesian learning framework is that consumers’ initial beliefs 

are only weakly held: especially in early periods of introduction where information is 

still scarce, uncertainty about the chain’s value tends to be high, and incoming 

information signals will have a strong impact. Hence, though consumers can update 

their beliefs about all stores, learning will be particularly strong for the new banner. 

                                                 
7 Mehta et al. (2004) model the impact of forgetting on purchase behavior, and in their model 

forgetting not only affects uncertainty, it also affects the prior mean with an added noise. In our 

specification, information discounting only affects uncertainty (cf. Zhao et al. 2011). 
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Moreover, as Equation 3 shows, for stores that maintain a consistent value offer over 

time, additional signals (from store visits or other sources) will have little effect on 

the mean beliefs once consumers have learned about their value (i.e. when 

uncertainty,     
 , is low, and the mean belief is in line with the obtained signals). 

However, incoming signals that deviate from the past belief,       , will shift 

consumers’ mean value perceptions. Hence, as the value of old-banner stores (or that 

of any other chain) comes to change, so will consumers’ perceptions of those stores.     

 Utility. Our model follows from the classical utility-maximizing framework 

(e.g., Bell et al. 1998), and assumes consumers to trade off the different utility 

components of the available stores (i.e. the old-banner or new-banner store vs. the 

competing stores). We allow consumers to be risk averse, discounting alternatives 

with high uncertainty. Specifically, we adopt the CARA form (see also Erdem et al. 

2005): 

      (  
       ̃    )         {       }      

        (6) 

where      is the consumer’s (in market  ) utility for the chain, at time  ,   is a risk 

aversion coefficient,      ̃    is the consumer’s value perception of the chain,      is a 

vector of utility determinants other than value, observed by the consumer: the 

distance to the nearest outlet of the chain, a price index reflecting temporary 

deviations from the chain’s base price (‘price discounts’, see also Van Heerde et al. 

2008), the store’s assortment depth, and an adstock variable8 (see the data section for 

                                                 
8 Next to store visits and openings, advertising may also provide information about the (new) chain’s 

value. The data that are available to us, however, do not include consumer media exposure data, but 

only aggregate-level advertising data. Still, if we also allow for the information role of advertising in 

the Bayesian updating process (using a similar operationalization as Ching et al. 2012), the estimated 

advertising signal variance is unreasonably large (see Chintagunta et al. 2009 for a similar 

observation). This indicates that the aggregate-level advertising data may lack the variation necessary 

to identify the variance (Chintagunta et al. 2009). Instead, we use an adstock variable to control for 

advertising (see Erdem and Sun 2002 and Zhao et al. 2011 for a similar setup). Nevertheless, in the 
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the operationalization of these variables).9 For the new, acquiring chain (hereafter: 

the focal chain, where   is an indicator function), the consumer’s utility (in market m) 

also includes a term       
 . This component is drawn from a normal distribution with 

mean 0 and variance   
 , and reflects some unobserved ‘fit’ of the focal chain with the 

market (we further discuss this term in the next section). Finally,      is an extreme 

value type I error term (to obtain the well-known logit model). 

 Since consumers are imperfectly informed about the chains, they make their 

decision based on expected utility (Erdem et al. 2005): 

 [       ]   (  
  (              

  
)
)         {       }      

        (7) 

where    is the consumer’s information set (i.e. the set of signals obtained up to time 

t).  

Endogeneity  

 In setting up our model, we need to take into account that the 

timing/geographical order of opening (after conversion) may be endogenous. Local 

market features that are unobserved by the researcher may not only affect 

consumers’ store choice, but also be used by the retail manager in planning a store 

opening in that market (i.e. the retailer’s ‘hazard’ of entry, or likelihood to enter at a 

specific time). For instance, the retailer may be aware of features that make 

consumers in a specific market like its chain, and may use that information in 

planning the conversion order. This link, if unaccounted for, may bias the learning 

estimates. To resolve such potential endogeneity bias, we also model the firm’s 

policy function (i.e. the timing/sequence of store conversions), and allow for 

                                                                                                                                                         
empirical application, the ‘learning effect’ of advertising by the new (acquiring) chain during store 

openings may be taken up by the neighborhood effects. 
9 Unlike a chain’s true value, we assume that consumers are informed about price discounts (typically 

featured in store flyers), and about the approximate location and the approximate assortment depth 

(or surface) of the outlet. 
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unobserved common market shocks with our store choice model (taking up any local 

market features that affect consumers’ store choice and the retailer’s hazard of entry) 

(see Andrews and Ebbes 2013 for a discussion). Similar to Bronnenberg and Mela 

(2004), we use a discrete-time hazard model. The hazard function gives, for each 

store acquired by the focal chain, and for each time period, the probability of opening 

by the new banner, given that opening (conversion) has not yet occurred. We assume 

that hazard is a function of a baseline hazard function and outlet and market 

characteristics: 

                   
                                    

  

                           
          

   
(8) 

where              
  is the hazard of outlet   (affiliated to the focal chain) in market   in 

some time period     (and       is the logit transformation; see, e.g., Allison 1984; 

Jenkins 200510), and        is a baseline hazard function.                          is a vector 

of outlet characteristics, and                          is a vector of market characteristics 

(see the empirical implementation section for the operationalization of these 

variables).11 The shocks       
  are the same as above: they enter both the consumer’s 

utility and the outlet’s hazard function (as a common ‘shock’). The parameter    is a 

scale parameter and also captures the direction of the effect (i.e. positive or negative 

correlation).  

 In all, in line with our conceptualization, the model accommodates (i) 

consumers’ learning about the new banner from visits and neighbor-market signals, 

                                                 
10 Manchanda et al. (2008) also use a binary logit model to model the hazard of an event; Bronnenberg 

and Mela (2004) and Singh et al. (2006) use a probit model, among others. See also Krishnan and 

Seetharaman (2002) for the correspondence between the binary logit (and probit) model and other 

discrete-time hazard models. 
11 Note that instead of a chain, we now use an outlet index. In our demand model we assume 

consumers visit the nearest outlet of the chain, whereas in our supply model we model the time at 

which a specific outlet opens. 
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as well as (ii) adjustments of consumers’ perceptions of old-banner stores, as the 

value offer of these stores may start to change, and also corrects for potential 

endogeneity in the sequence of conversion. These effects, in turn, will influence their 

propensity to patronize converted (new-banner) and not-yet converted (old-banner) 

outlets of the acquiring retailer, and differently so depending on the local market 

competition (i.e. the distance to the nearest outlet of the competing chains). In our 

empirical analysis, we estimate the magnitude of these different effects, and how 

they affect the traffic implications of different roll-out strategies.   

3.3 Data and Operationalizations 

Setting  

 We consider the takeover of Casino-owned Super de Boer by Jumbo, till then a 

small, rather regional market player, in the Netherlands, halfway 2009 (Planet Retail 

2009c). Being an Every Day Low Pricing (EDLP) retailer, Jumbo was a clear change 

from Super de Boer, a Hi-Lo retailer, and the acquisition started fierce competition at 

the otherwise (fairly) stable local level. Starting from late 2009, more than 100 outlets 

were converted to the Jumbo banner, which thus doubled its store network and 

acquired national coverage. Conversion of outlets to the new banner was typically 

done two or three stores at a time, with the Super de Boer banner still in place 

throughout the Netherlands for more than two years. Openings were supported by 

POP, TV, and radio advertising under the theme “Hello Jumbo!” (using slogans such 

as “Goodbye old supermarket, hello Jumbo!” and “Goodbye old habits, hello 

Jumbo!”), to increase brand awareness and inform consumers about store openings. 

Sources 

 We combine data from four sources: First, we have access to data from 

Ondernemers Pers Nederland on the locations (geocodes) and floor sizes (in square 
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meters) for all Dutch grocery outlets over a four year period (October 2007-

September 2011). Second, we use household scanner panel data from GfK, across the 

same period. The panel consists of about 6,000 members, who scan all their 

purchases at all Dutch retailers at home. The data comprise the households’ location 

(geocodes) and their purchase records at the chains. Third, we combine this data with 

unique survey data on store perceptions (likings), that we obtained for the same 

households. These perceptions are measured on a nine-point ordinal scale, with 

higher numbers pointing to a more favorable perception.12 The data are collected by 

GfK through store intercept interviews, on a semiannual basis. Finally, we obtained 

data from Nielsen on the weekly advertising spending of all Dutch retailers, across 

the same period. 

Sample  

 The local markets in which the store takeovers occur form the setting of our 

study (cf. Cleeren et al. 2010). We define our markets as areas with a 10-km radius 

around the acquired stores – trade areas typical of ELDP chains like Jumbo (EFMI 

2009). We include visits to the eight largest chains that together represent more than 

80% of Dutch grocery sales. In our sample, we include households who: (i) remain in 

the panel across the entire four-year period, and (ii) visit the eight chains in 80% or 

more of their visits. Our final sample consists of 1,466 households, in 104 local 

markets. The markets cover widely different competitive settings: in some markets 

competition is fierce, in other markets Super de Boer/Jumbo does not face much 

(strong) competition. Appendix 3.A provides some more details (e.g., socio-

demographics) on the local markets involved in the takeover. 

                                                 
12 Specifically, after the household returns home from a store visit and scanning all their purchases, 

they are asked to answer the question “What is your overall judgment about this store?”. 
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 Figure 3.1 shows the roll-out of the Jumbo stores across time. On cursory 

inspection, the roll-out does not seem to follow a particular pattern; although stores 

in the northern part and the ‘deep south’ of the Netherlands (further from Jumbo’s 

headquarter and origins) seem to be converted later. We revisit this when we discuss 

the results of the hazard model.  

Variables 

 We use a basket-level price index composed of the 50 top selling SKUs for 

national brands (NBs) and private labels (PLs) – a measure also typically published 

by consumer unions (in magazines such as the Consumentengids in the Netherlands 

or ShopSmart/Consumer Reports in the US). Specifically, we track, for both baskets, 

the prices of all SKUs at each chain (in the Netherlands prices are set nationally), and 

weigh these prices by the product’s sales share over all 50 items, rescaled such that 

the average weight is 1. The price index is then operationalized as a weighted sum of 

the basket price of NBs and PLs, with weight equal to the purchase share of NBs 

versus PLs across (all non-hard discount) chains in our sample (75%).13 Next, to 

compute the Euclidian distance (in km) between the household and the nearest outlet 

of each chain, we combine the outlets’ and households’ geocodes. To accommodate 

decreasing marginal effects, we include the log of distance in the utility specification. 

Our data further include the floor size of the outlet in square meters, which we use as 

a proxy for assortment depth (see also Ailawadi et al. 2008 and Van Heerde et al. 

2008). Advertising spending data are used to create an adstock variable, which also 

enters the utility in logs.14 For more details, see Table 3.2, Panel A. 

                                                 
13 Because the number of NB items at hard discounters is (still) relatively low in the Netherlands (see, 

e.g., Planet Retail 2012b), the price indices for Aldi and Lidl are solely based on the basket price of PLs.  
14 Our price measure is at the chain level, because, as confirmed by industry experts, pricing decisions 

by Dutch retailers are made at the national (chain) level, and can hardly be adjusted by local outlets. 

Our panel data set supports this: the average coefficient of variation is low, and not significantly 
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Figure 3.1: Roll-out of Jumbo stores 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

                                                                                                                                                         
higher at the time of a closure or opening of an acquired outlet (see Appendix 3.B for more details). 

Price endogeneity is therefore not likely to be a problem. Floor size is also not likely to be endogenous, 

as strict zoning regulations by the local governments rarely allow for any modifications. Finally, 

because our focus is on local markets and most advertising is national, advertising endogeneity is also 

not likely to be a problem here (see also Terui et al. 2011). 
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Table 3.2: Operationalization of variables 

A: Consumer store choice model 

Variable Operationalization 

Value belief (and associated variables) 

       household’s mean value belief of chain   at time   

      
  household’s perception error variance (or uncertainty) of chain   at time   

            household’s liking of chain   at time   (nine-point ordinal scale, with higher values pointing to more positive  

 perceptions) 

                 a dummy variable for a household’s familiarity with the chain, which is 1 if an outlet of chain   is present  

 within 10 km at time  ; 0 otherwise 

Other utility determinants 

       vector including:  - mean-centered basket-level price of chain   at time   

  - log of distance from the household to the nearest outlet of chain   at time   (in km) 

  - floor size of nearest outlet of chain   at time  ; and 

  - adstock of chain   at time period    of time  , defined as:  

                                              (Hanssens et al. 2001).   is a decay  

   parameter, and is set to 0.5 (Tellis 2004).a 

a Tellis (2004) report the average duration interval for 90% of the effect of advertising for weekly data to be 0.9 months, which boils down 

to a decay parameter of approximately 0.5. The results of the demand model were qualitatively similar if we set the decay parameter to 

0.6 (or 0.9).  Estimation of the decay parameter resulted in an unreasonable large value (about 1), and no face validity. 

B: Retailer policy function 

Variable Operationalization 

Baseline 

         quadratic polynomial in    , starting at the week of the first opening (and a constant) 

Outlet characteristics 

                          
  vector including:  - km to own headquarter from outlet   

  - floor size of outlet   

  - previous performance of outlet  , measured by its ACV/floor size; and 

  - a ‘franchise’ dummy, which is 1 if outlet   is franchised; 0 otherwise 

Market characteristics 

                          
  vector including:  - socio-demographic variables: 

   - # households in the local market   of outlet   

   - avg. household size in the local market   of outlet   

   - avg. net income in the local market   of outlet   

   - population density (# residents per km2) in the local market   of outlet   

  - # different comp. chains in the local market   of outlet   

  - # comp. outlets in the local market   of outlet   

  - km to nearest outlet of Albert Heijn from outlet  ; and 

  - km to nearest own outlet from outlet   
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 Table 3.3 provides descriptives for the eight chains per year. The descriptives 

clearly reflect the store roll-out pattern: the mean distance to the nearest outlet of 

Super de Boer increases, whereas the mean distance to Jumbo decreases. Figure 3.2 

shows the average likings for each retailer. It points at lower operational standards 

during the refit program on the part of the old banner: the ratings of Super de Boer 

(bold line) decrease substantially near the end of the program15, whereas those of 

others remain fairly stable. Figure 3.3 shows the weekly advertising spending (in 

million euros) for each retailer. The figure clearly shows how Jumbo (bold line) 

raised its spending after the start of the roll-out (in the beginning of 2010), to support 

the openings. Interestingly, it also shows that, just before it (publicly) announced the 

acquisition (halfway 2009), Jumbo also raised its advertising budget, to increase its 

awareness. Not surprisingly, the advertising spending of Super de Boer decreases 

over the course of the refit program. 

Model-Free Insights 

 Before turning to the estimation results, we first provide some model-free 

evidence on the dynamics in our data set. First, to gain insight into how the customer 

base of Super de Boer evolves over the course of the refit program, we track the 

monthly shopping pattern of all its (regular) customers; specifically, households who 

visit a Super de Boer outlet in more than 3 consecutive months starting the last year 

before the outlet’s closure. Of these households, 25.0% defects (i.e. do not visit the 

chain throughout the remaining period) before the outlet actually closes. The average 

‘disadoption time’ (i.e. number of months before closure at which the household  

                                                 
15 The observed decrease in average likings might be the result of a policy to convert the ‘best’ outlets 

first (i.e. outlets in markets where households have above-average likings for the chain). To verify that 

his is not the case, we compare the average likings for households that evaluated the chain in 

consecutive months (and thus, evaluated the same outlet), and find the same pattern (a substantial 

drop in liking from 7.6 to 7.2, p < .10). 
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Table 3.3: Descriptives of the 8 chains per year 

Chain 
Distance (km)a  Price (NBs) (€) 

2007/2008 2008/2009 2009/2010 2010/2011  2007/2008 2008/2009 2009/2010 2010/2011 

OLD          

Super de Boer 2.754 2.811 3.098 6.682  63.578 64.185 62.530 66.201 

NEW          

Jumbo 7.377 7.104 6.389 4.070  59.589 61.214 59.233 61.880 

OTHERS          

AH 1.603 1.554 1.522 1.501  62.172 63.334 61.289 63.281 

Aldi 2.455 2.371 2.292 2.254  n/a n/a n/a n/a 

C1000 2.428 2.909 2.964 2.707  62.647 63.357 61.549 62.793 

DvdB 20.191 20.066 19.792 19.705  59.228 60.577 58.975 61.311 

Lidl 3.142 3.035 2.875 2.771  n/a n/a n/a n/a 

Plus 4.060 4.138 4.192 4.197  62.662 63.474 61.699 63.830 

          

Chain 
Price (PLs) (€)  Floor size (m2)/1,000b 

2007/2008 2008/2009 2009/2010 2010/2011  2007/2008 2008/2009 2009/2010 2010/2011 

OLD          

Super de Boer 53.883 58.308 57.333 57.837  1.021 1.047 1.059 1.072 

NEW          

Jumbo 48.502 51.976 51.718 54.429  1.314 1.250 1.247 1.233 

OTHERS          

AH 52.172 56.122 55.366 57.455  1.338 1.341 1.358 1.372 

Aldi 37.496 38.817 38.804 41.023  0.573 0.633 0.637 0.644 

C1000 50.086 53.339 52.974 55.069  1.030 1.014 1.066 1.076 

DvdB 46.198 49.310 49.024 50.602  1.130 1.141 1.152 1.165 

Lidl 37.364 38.871 38.657 40.357  0.747 0.762 0.766 0.775 

Plus 51.474 55.841 56.375 57.545  0.993 1.002 1.005 1.013 

a Average distance to nearest outlet of the chain (over all households in our sample). 

b Average over all outlets in our sample (acquired and non-acquired). 
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Figure 3.2: Liking per retailer (solid line) vs. avg. liking (dashed line) (2007-2011) 
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Figure 3.3: Advertising spending (in million euros) per retailer (2007-2011) 
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stopped visiting) among all regular customers of Super de Boer is 1.2 months (std. 

dev. 2.4 months), and 4.9 months (2.3 months) among the ‘defectors’. This suggests 

that many customers already switch away from the old banner – some of them 

months before the outlet is converted to the new chain. 

 Households’ disadoption of old-banner stores also differs significantly across 

markets. To illustrate this, we compare the disadoption time (of all households) 

between markets with different levels of competitive intensity. More specifically, we 

distinguish settings where Albert Heijn (the market leader and the strongest 

competitor of Super de Boer and Jumbo; EFMI 2009) is located close by versus where 

it is not (based on a median split). On average, households stop visiting 1.6 months 

(std. dev. 2.7 months) before closure if an Albert Heijn is located nearby, versus 0.8 

months (2.0 months) if it is not (t(202) = 2.483, p < .05). This suggests that consumers 

not only tend to abandon old-banner stores as time proceeds, but more strongly so in 

markets where they have access to appealing rival chains.  

 Does this customer defection jeopardize adoption of the new banner upon 

store conversion? To get a feel for this, we compare the likelihood of adopting Jumbo 

in the first month after its opening, for households who visit the Super de Boer outlet 

up until the month prior to its closure, against those who already disadopted. We 

find significant differences: of the households who visit Super de Boer up until the 

time of closure, 60.0% adopts the new Jumbo chain, compared to only 41.8% of the 

households who already abandoned the old banner (Z = 2.350, p < .01). Further 

analyses also show that early disadopters are less likely to become customers at the 

new banner: the correlation between disadoption time at Super de Boer (in logs with 

a small constant added, to account for zeros and skewness of the distribution), and 
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patronage of Jumbo (one if a visit to Jumbo is made, zero otherwise) is negative and 

significant (r = -0.143, p < .05). 

  Finally, to show the dynamics in the new-banner adoption, we compare the 

likelihood of adopting Jumbo after store conversion, for outlets early versus late in 

the refit program. Specifically, we compare the proportion of households visiting 

Jumbo in the first month after its first entry at a reasonable distance (10 km, 

equivalent to an outlet’s trading zone), (i) in the first six months versus (ii) the last six 

months of the program, when several outlets in the neighborhood are already 

opened. The adoption rate differs significantly: early in the program the adoption 

rate is 24.5%, versus 35.8% late in the program (Z = 2.41, p < .01).  

3.4 Model Implementation 

 Before turning to estimation results, several model-implementation aspects 

must be clarified.  

Learning 

 Time-varying store value. To capture changes in store value over the course of 

the refit program, we allow the signal means of all chains in the Bayesian learning 

part of the model to vary over time. To set up the time-varying component, we make 

use of the data on store perceptions, and specify the signal mean as a function of the 

average likings:16 

                   (      ̅̅ ̅̅ ̅̅ ̅
          ̅̅ ̅̅ ̅̅ ̅̅̅ ̅̅ ̅̅ ̅

 )   (9) 

where       ̅̅ ̅̅ ̅̅ ̅
    is the average liking of the chain (over all households) at time  , and 

      ̅̅ ̅̅ ̅̅ ̅̅̅ ̅̅ ̅̅ ̅
  is the average liking of the chain over the whole sample period. Note that the 

average likings are mean-centered, to remove across-chain variation already 

                                                 
16 Assuming the signals the households receive are unbiased (and distributed symmetrically), these 

average likings across households are likely to reflect the (changes in) true store value. 
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captured by the time-invariant true values,       . For details on the 

operationalizations, see Table 3.2, Panel A.  

 Neighborhood effects. Like most previous literature (e.g., Bell and Song 2007; 

Lee and Bell 2013) we do not observe neighborhood effects directly. Instead, we 

assume that especially first openings within the large neighborhood from the 

household’s home (i.e. an area as large as the outlet’s trading zone and its 

surroundings, a radius of 20 km) carry information. Specifically, we assume that a 

signal      is received if (i) an outlet of chain   is opened (a greenfield opening or the 

opening of a converted outlet) within a 20-km radius, and (ii) no outlet of chain   is 

available yet, at time  -1, within a 10-km radius (the results section reports robustness 

checks testing this operationalization). This parsimonious approach to define 

neighbors is comparable to Bell and Song (2007) and Lee and Bell (2013), among 

others. Unlike their measures, however, we use binary indicators of neighborhood 

effects instead of past trial. The reason is that in our context, neighborhood effects are 

likely to not only arise from social contagion, but also from other sources (e.g., store 

flyers, window shopping).17 While the above measure imposes equal weights for all 

neighboring regions, the results section reports several robustness checks testing 

alternative operationalizations. 

 Signal variances. We allow the signal variance for store visits to be different 

for ‘traditional’ supermarkets and hard discounters (Aldi and Lidl). The latter 

operate a completely different, ‘no-frills’, format with a basic store layout and a 

limited assortment (Steenkamp and Kumar 2009), and are thus likely to produce less 

noisy signals. The signal variance of openings only applies to Jumbo, which entered a 

                                                 
17 Bell and Song (2007) report that their results were qualitatively similar to a model that uses binary 

indicators of neighborhood trial. 
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large number of new markets (robustness checks testing this operationalization are 

discussed in the results section). 

 Initial conditions. Like Shin et al. (2012) we model our prior for the mean 

value belief as a function of the discrepancy between the household’s liking of the 

chain and the mean chain liking in the first observation period, and the initial 

perception variance as a function of the familiarity with the chain. More specifically:    

                (                ̅̅ ̅̅ ̅̅ ̅
   )  and (10) 

    
    

                   (11) 

where           is the household’s liking of the chain in the first period (and       ̅̅ ̅̅ ̅̅ ̅
    is 

the average liking of the chain in this period). Next,                is the household’s 

familiarity with the chain in the first period, and is a dummy variable coded 1 if an 

outlet of the chain is present within 10 km, and 0 otherwise (for more details, see 

Table 3.2, Panel A). 

Household Heterogeneity 

 To allow for unobserved heterogeneity across households, we model the 

utility weight parameter ( ) as a log-normally distributed random coefficient (to 

ensure positive values), and the parameters of the observed utility determinants ( ) 

as normally distributed random coefficients. Unobserved heterogeneity in value 

beliefs arises endogenously over time in the Bayesian learning framework, as 

households make different visits and receive different signals (see also Erdem and 

Keane 1996 and Mehta et al. 2003). Moreover, in our setup, households start from 

different priors, as a function of their liking of the chain (and familiarity with the 

chain).  
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Retailer Policy Function  

 In our policy function for the timing/order of store openings (Equation 8), we 

specify       , the baseline hazard, as a quadratic polynomial in     (defined as weeks), 

starting at the week of the first opening.18 The explanatory variables are motivated by 

the literature on retail expansion and store entry (e.g., Gielens and Dekimpe 2001; 

Orth 2012; Zhu and Singh 2009) and the trade press (e.g., EFMI 2011). The vector 

                        
  consists of the distance to Jumbo’s headquarter (where the 

stores’ distribution center is also located till the end of 2011), the floor size of the 

outlet, its previous performance, and a dummy for whether the outlet is franchised 

or not. The latter variable is included because Jumbo’s strategy was to convert 

franchised stores later in the refit program (EFMI 2011), the reason being that 

franchisees may be (more) motivated to keep their store in good condition (than 

managers of company-owned stores).19                         
  consists of socio-

demographic variables, and variables related to the degree of competition: number of 

chains and outlets in the local market, distance to the nearest outlet of Albert Heijn, 

its main competitor (EFMI 2011) and, to capture cannibalization effects, distance to 

its own nearest outlet. The refit program was a major logistical operation and was 

carefully planned (EFMI 2011), and therefore, in operationalizing the variables, we 

take the values at the date of the first opening.20 For more details on the 

operationalizations, see Table 3.2, Panel B.  

                                                 
18 We compared the quadratic polynomial against a linear trend, higher-order polynomials, and a 

piecewise constant baseline hazard function using the likelihood-ratio test (e.g., Jenkins 2005), but 

found the specification with the quadratic polynomial to be the best fitting model. 
19 Further analyses that match households to stores, show, however, that (in each period of the refit 

program) the likings of franchised and company-owned stores are not statistically significantly 

different (lowest p = .27). 
20 The results of the hazard model are largely the same if we take the values at the time each outlet 

actually opens up (and thus would assume that the firm has knowledge of the future decisions of 

other retailers). 
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Identification 

 We cannot separately identify the population mean of the utility weight 

parameter ( ) from the scale of the true values and therefore, normalize the mean of 

  to 1 (see also Erdem et al. 2005). Note that we do estimate the population standard 

deviation, to account for across-household variation in the weight attached to value 

(relative to the other utility determinants). Next, not all chain-specific true values are 

identified, and therefore we fix one of them (e.g.,         = 0). Further, the initial 

perception variance and the signal variances are not separately identified, only their 

ratio is identifiable (e.g., Shin et al. 2012). Therefore, we fix   
  (the constant in     

 ) to 

1 (see, e.g.,  Shin et al. 2012 and Szymanowski and Gijsbrechts 2012 for a similar 

identification restriction). Identification of the parameter associated with the time-

varying signal mean follows from observing households changing chains after 

experiencing a shift in a chain’s value (i.e. the likings). Finally, identification of the 

signal variance of the openings stems from observing a higher probability of 

adoption in markets where a neighbor-market opening has occurred. Identification of 

the other parameters is extensively discussed in other papers (e.g., Ching et al. 2013; 

Shin et al. 2012). 

Estimation  

 We simultaneously estimate the consumer and retailer model using simulated 

maximum likelihood. Our estimations are based on 100 sets of shuffled Halton draws 

for the household-level parameters and the experience signals, and an additional 

layer of 100 shuffled Halton draws for the unobserved common market shocks in the 
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store-choice and policy-funtion utilities.21 The likelihood function is provided in 

Appendix 3.C.  

3.5 Results 

Models 

 We consider three models for the ‘demand side’: (i) a ‘traditional’ learning 

model that does not include the time-varying component nor the neighborhood 

effects (comparable to Shin et al. 2012) – our benchmark model (BM); (ii) the 

benchmark model augmented with the time-varying signal mean (the extended 

model; EXM); and (iii) our full model (FM) that includes the time-varying signal 

mean and the neighborhood effects. Table 4 summarizes the model features and 

reports the fit statistics for all three models. It shows that including the time-varying 

component and the neighborhood effects substantially increases model fit (higher 

simulated log-likelihood, lower AIC and BIC). We therefore use specification FM as 

part of our integrated consumer store choice and retailer policy function system: 

model FM*. 

 Table 3.4 reports the fit statistics of the consumer store choice model, based on 

the parameters of this model system. The fit measures of model system FM* show an 

improvement over model FM. The estimate of the standard deviation of the common 

shocks is statistically significant, but its parameter in the retailer policy function is 

not – showing that, after controlling for all other effects, endogeneity is not a 

problem. Nevertheless, comparing the estimates of model FM and model system 

FM*, we find that the estimate of the signal variance of the opening effects becomes 

somewhat higher, showing the importance of accounting for these unobserved  

  

                                                 
21 Simulation error with 100 Halton draws is lower than with 1,000 pseudo-random draws (Bhat 2001); 

Hess and Polak (2003) show the accuracy of shuffled Halton draws in large dimensions. 
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Table 3.4: Model features and fit 

 Model  System 

BM EXM FM  FM*a 

FEATURES      

Time-varying component X     

Neighborhood effects X X    

Market shocks X X X   

      

FIT      

# observations 830,263 830,263 830,263  830,263 

Simulated log-likelihood -857,052 - 856,932 - 856,882  - 856,271 

# parameters 22 23 24  25 

AIC 1,714,148 1,713,909 1,713,812  1,712,592 

BIC 1,714,404 1,714,177 1,714,091  1,712,883 

a For ease of comparison, the fit measures are based on the demand-side part. 

 

market-level shocks. We discuss the parameter estimates of the two model equations 

in turn. 

Consumer Store Choice Model 

 Parameters related to learning. Table 3.5, Panel A, reports the estimates of the 

store choice part of model FM*. The estimates of the true values of Jumbo and Dirk 

van den Broek (the only two EDLP chains) are positive and statistically significant, 

implying that (on average, and without any price discounts) these chains have a 

better value positioning than Albert Heijn (the base level). The estimates of the true 

values of the other chains are negative and statistically significant. As expected, the 

standard deviation of the experience signal of traditional supermarkets exceeds that 

of hard discounters, indicating that a visit to a hard-discount chain is (much) more 

informative than a traditional-supermarket visit.   

 Turning to the key parameters, the coefficient of the time-varying signal mean 

is positive and significant. This means that changes in the value positioning (as  
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Table 3.5: Parameter estimates (model FM*) 

A: Consumer store choice model 

Measure Symbol 
Estimate 

Population mean Std. deviation 

UTILITY DETERMINANTS 

Value 

  Utility weight   (transformed) 1a 0.284*** 

  Risk aversion   1.635*** - 

Other utility determinants 

  Log(distance)           -1.848*** 1.036*** 

  Price        -0.191*** 0.033* 

  Floor size/1,000             0.119*** 0.828*** 

  Log(adstock)          0.083*** 0.161*** 

    

Measure Symbol Estimate 

LEARNING COMPONENTS 

Mean 

  AH         0a 

  Aldi           -0.089*** 

  C1000            -0.051*** 

  DvdB           0.039*** 

  Jumbo            0.031*** 

  Lidl           -0.050*** 

  Plus           -0.138*** 

  Super de Boer          -0.126*** 

  Liking   0.287*** 

  Prior: liking at t=0   0.008** 

Variance 

  Signal variability (visit) (TRs)            1.818*** 

  Signal variability (visit) (HDs)            1.390*** 

  Signal variability (opening) (Jumbo)                6.786*** 

  Prior: familiarity at t=0   -0.126*** 

  Information discounting (days)   3.291E-04*** 

 

UNOBSERVABLES 

Chain-market draws (std. deviation)    0.169*** 

a Parameter fixed for identification purposes. 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 
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Table 5 (continued) 

B: Retailer policy function 

Measure Symbol Estimate 

HAZARD DETERMINANTS 

Baseline 

  Intercept              -5.212** 

  t (weeks)      0.011 

  t2 (weeks)       0.452** 

Outlet characteristics 

  Kms to HQ              -0.006** 

  Floor size/1,000               -0.050 

  Previous performance                     -0.005 

  Franchise              -1.267*** 

Market characteristics 

  # different competing chains                       0.460* 

  # competing outlets                    0.004* 

  Kms to nearest AH              -0.145*** 

  Kms to nearest Jumbo                 0.043** 

  # households/1,000                 -0.142* 

  Household size (avg.)                   -0.196 

  Net income (in 1,000€s) (avg.)               -0.029 

  Population density/1,000                       -0.196 

   

UNOBSERVABLES 

Scale parameter    -0.153 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 

 

implied by the likings) of Super de Boer (and other chains) are taken into account by 

its customers, and that households turn away from non-converted stores as time 

proceeds. Obviously, store visits are more informative about store value than signals 

from openings in neighboring markets. Still, neighbor-market effects play a role, and 

the relative size of the standard deviations of the visit (direct) and opening (indirect)  

experience signals are in line with Ghose and Han (2011). We further document the 

economic significance of these effects in the implications section. 
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 The estimates of the risk-aversion and information-discount parameters are 

positive and significant and in line with previous research (e.g., Szymanowski and 

Gijsbrechts 2013). Finally, the estimates of the variables used to set up the prior mean 

and the prior perception error variance, (discrepancy in) liking, and familiarity, 

respectively, have the expected sign and are statistically significant. This implies that 

households who ‘like’ the chain indeed start from a higher prior, and that 

households already familiar with the chain (i.e. able to visit an outlet in the close 

neighborhood) are less uncertain. 

 Other utility determinants. The remaining coefficients are also face valid. 

Distance and price have the expected negative effect, while the coefficients of the 

floor size and adstock variables are positive and significant – implying that stores 

with larger assortments (as measured by floor size) and larger advertising budgets 

are more likely to be chosen.  

Retailer Policy Function 

 Table 3.5, Panel B, reports the estimates of the hazard model part of model 

FM*. The estimates make intuitive sense. First, controlling for other characteristics, 

outlets located further from Jumbo’s headquarter and outlets of franchisees are 

converted later. The estimates of floor size and previous store performance are not 

significant, their effect possibly already (partly) taken up by the franchise dummy – 

franchisers typically operating larger and better performing outlets.22 Turning to the 

market characteristics: stores in markets with many grocery chains/outlets, and stores 

close to an Albert Heijn supermarket are converted earlier, suggesting that Jumbo 

tries to prevent consumers from switching to a (strong) competitor by opening early. 

                                                 
22 Though the variables are correlated, the VIFs of the outlet and market characteristics are all below 3, 

and the condition indices show no sign of serious multicollinearity. 
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Conversely, outlets located near an existing Jumbo outlet are converted later, 

possibly to hold off cannibalization. The estimate for the number of households is 

significant and negative, implying that (after controlling for competition) outlets in 

markets with more outlets per capita (and thus, stronger competition) are converted 

earlier. The effects of the other socio-demographics are insignificant, suggesting they 

are not considered by the retailer. 

Robustness Checks 

 We conduct three sets of robustness checks. First, we compare the results of 

our store choice model, against a model that also incorporates neighborhood effects 

of openings by chains other than Jumbo, through an extra parameter. Overall fit 

measures do not improve, the signal variance of these opening effects is extremely 

large, and the previous pattern of effects remains the same. Second, we estimate a 

model with a continuous specification of the neighborhood effects (e.g., Choi et al. 

2010).23  Again, this does not improve model fit, such that we opt for the discrete 

operationalization. Finally, to further verify the presence of neighborhood effects and 

rule out that they just stem from general ‘buzz’ in the roll-out of the new banner, we 

consider a model that also allows for effects of Jumbo openings outside the large 

neighborhood (by adding an extra parameter for such openings). The fit of this 

model, however, is worse, and the signal variance of these ‘far-away’ openings is 

extremely large – underscoring that it is the local proximity that drives the spillovers. 

In all, this supports the validity of the proposed model. 

  

                                                 
23 More specifically, we assume that a signal is received with each opening of Jumbo (and put no 

restriction on distance), if no outlet of Jumbo is available yet within a 10-km radius, and modify the 

signal variance of the opening effects for the household to  be: 

             
            

                          



Chapter 3: The Spatio-Temporal Roll-Out and Consumer Adoption of a New Chain 

118 

 

3.6 Implications 

 Our estimates show that the timing/geographical order of entry impacts 

consumer adoption of the new banner. In this section, we explore the implications of 

these dynamics for the acquiring chain, by using the model estimates as inputs for a 

number of counterfactuals. We start by mapping out the effects in a hypothetical 

setting, and then zoom in on the actual Jumbo roll-out as a case in point. Because the 

data and the estimates show that store value of the old banner significantly decreases 

during the refit program, we refer to these changes as “value-deterioration effects” in 

this section. 

Sequence of Conversion: The Role of Competitive Intensity, Neighborhood Effects, 

and Deterioration 

 To illustrate how the dynamics of banner (dis)adoption play out for the 

acquiring chain, we simulate store choice and store traffic under different roll-out 

strategies. In line with our conceptualization, and with competitive intensity being a 

key driver of store traffic, we explore how the order of store conversion across more 

versus less competitive markets, affects chain traffic throughout the roll-out period. 

In so doing, we consider patronage of both the old and the new banner from the 

takeover onwards, and how this totals up for the acquiring chain. We also quantify to 

what extent the traffic of the alternative roll-outs can be attributed to neighborhood 

or value-deterioration effects. 

 To cleanly map out these mechanisms, and avoid any confounding effects 

attributable to the sampled households24, we consider three hypothetical local 

markets, and change the order of store conversion across these markets. Each local 

                                                 
24 Simulating traffic under different roll-out strategies using the households in our sample would 

(falsely) put local markets where sampled households live closer to the acquired outlet to an 

advantage, and vice versa. 
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market comprises one ‘acquired’ (and to-be converted) old-banner store, with its 

surrounding trading zone (circular area around the acquired outlet, with a 10-km 

radius). The markets differ in their level of competitive intensity (distance to nearest 

outlet of Albert Heijn and number of outlets; split up in low, medium, or high), based 

on the distribution observed across the local markets in our sample (see Appendix 

3.A for more details on the characteristics of our sample). The relative position of the 

outlets is displayed in Figure 3.4. Each trading zone consists of 2,500 households 

located randomly across the area, each of whom gets a draw from the estimated 

mixing distributions. To set up the prior mean, each household is also assigned a 

(multivariate) draw from the distribution of the likings in the first period of our 

sample. Competing stores take random positions in a 20-km radius around the focal 

outlets (note that with a trading zone of 10 km, outlets within 20 km could be 

considered competitors).  

 We consider the whole (102-week) roll-out period starting from the date of the 

takeover, and fix three dates on which one the stores is converted to the new banner 

(simulations with different dates lead to similar results). We then change the 

sequence of conversion across the three markets. For every sequence, we 

dynamically simulate the store choice for each of the hypothetical households in the 

local markets, thereby accommodating neighborhood effects, as well as the observed 

over-time value deterioration for the old banner. In the simulation, 100 draws are 

used for the experience signals and to infer choices. We then aggregate these choices 

across households and weeks, to obtain the traffic to the acquired old-banner stores, 

converted new-banner stores, and the sum of the two. Together, the three markets 

(with their different competitive intensity) give rise to six possible roll-out sequences. 

For simplicity of exposition, we focus on the best, second-best, and worst scenario.  
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Figure 3.4: Relative position of acquired outlets in three synthetic markets 

Interpretation: The black dots represent the three acquired (and to-be converted) outlets. The small circles with grey filling refer to the 

trading zone of the outlet (a 10-km radius); the large circles refer to the large neighborhood of the outlet (a 20-km radius). 

 

We do so for the old and the new banner separately, and for the acquiring firm as a 

whole. Table 3.6, Panel A, displays the results. 

 Considering the new-banner stores (Jumbo) only, the best sequence is low-

medium-high (L→M→H): first convert stores in the market where competitive 

intensity is low, followed by markets with medium, and then high levels of 

competition. This sequence implies substantially and significantly higher traffic to 

new-banner stores than the reverse H→M→L order – the worst possible outcome, 

with 13.7% lower traffic (p < .01). For the Jumbo banner, it also outperforms a 

(second-best) sequence in which stores with few competitors are converted first, 

followed by those with high, and then medium competitive intensity (L→H→M: 

2.9% lower traffic to Jumbo, p < .01). So, from the perspective of the new banner, the 

best approach is to first install the new banner in markets where consumers have few   
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Table 3.6: Banner traffic differences of alternative roll-out strategies/sequences in 

three synthetic markets 

A: Rank of sequence in terms of traffic using estimates 

Banner 
Rank (best-worst) 

1 2 (% difference compared to 1) 6 (% difference compared to 1) 

Super de Boer H→M→L M→H→L (-3.2***) L→M→H (-15.7***) 

Jumbo L→M→H L→H→M (-2.9***) H→M→L (-13.7***) 

    

TOTAL M→H→L H→M→L (-0.4)* L→M→H (-1.8***) 

Note: H=high, M=medium, L=low. In all panels, standard errors are obtained using 100 draws of the means and standard deviations of 

the mixing distributions (Train 2009). *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 

B: % difference in traffic w/o neighborhood (nbh) effects 

Banner 
Rank (best-worst) 

1 2 6 

Super de Boer 0.1 0.1 0.2 

Jumbo -8.7*** -8.4*** -7.9*** 

    

TOTAL -3.9*** -3.7*** -4.7*** 

C: % difference in traffic w/o deterioration 

Banner 
Rank (best-worst) 

1 2 6 

Super de Boer 3.0*** 3.1*** 3.0*** 

Jumbo -0.2 -0.2 -0.2 

    

TOTAL 1.5*** 1.5*** 1.3*** 

D: % difference in traffic w/o nbh effects and deterioration 

Banner 
Rank (best-worst) 

1 2 6 

Super de Boer 3.1*** 3.2*** 3.1*** 

Jumbo -8.9*** -8.6*** -8.1*** 

    

TOTAL -2.4*** -2.1*** -3.4*** 
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competing options to begin with, and then, as its reputation builds, tackle 

competition-intense trading zones. 

 From the acquiring firm’s perspective, though, it is also important to monitor 

traffic to the old banner (i.c. Super de Boer). Interestingly, what is the best-

performing roll-out for Jumbo, turns out to be the worst-possible sequence for Super 

de Boer stores: the L→M→M sequence yielding 15.7% fewer store visits to the old 

banner than the “first high, then medium, then low-competition” (H→M→L) market 

roll-out (p < .01). The second-best option for Super de Boer is the M→H→L sequence, 

with only 3.2% less traffic than the preferred scenario (p < .01). So, it seems that for 

old-banner stores, it is important to reserve late conversion for low-competition 

markets, where the chain has better chances to hold its ground even if deterioration 

sets in. 

 In all, for the acquiring firm as a whole, the best roll-out sequence is a 

compromise solution, in which medium-competition markets are up for conversion 

first, followed by markets with high, and then low competitive intensity. The traffic 

from this sequence is significantly higher than that of the optimal roll-out from the 

perspective of Jumbo alone (p < .01). This underscores that, unlike a greenfield entry, 

the acquiring firm should not lose track of the old-banner store performance during 

the conversion period, which still constitutes an important portion of its overall 

traffic.  

 To get a grip on the role of the neighbor-market and deterioration effects, we 

run additional counterfactuals, in which we turn off the neighborhood effects, the 

value-deterioration effects, and both.25 The results can be found in Table 3.6, Panels 

                                                 
25 To turn off the neighborhood effects we set the precision of these effects to zero; to turn off the 

value-deterioration effects we keep the likings, prices, and advertising spending relative to all other 

chains as before the refit program. 
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B-D. Comparing Panel B and A (or, similarly, of Panel D and C), it is clear that 

neighbor-market signals hardly affect the old-banner performance, but have a 

significant effect on new-banner patronage: traffic at Jumbo being roughly 8% 

smaller when neighbor-market spillovers are absent. Even though they do not 

change the most-preferred roll-out sequence, neighborhood spillovers are most 

effective in sequences where high-competition markets are converted late, in which 

case Jumbo can maximally benefit from the reputation buildup (8.7% higher traffic to 

Jumbo compared to without neighborhood effects, p < .01).  

 The value-deterioration effect can be seen from Table 3.6, Panel C (or, 

similarly, by comparing Panel D with Panel B). As expected, if Super de Boer were to 

maintain its operational standards, this would hardly affect Jumbo traffic, but result 

in higher traffic levels for the old chain. Though the effect is smaller in magnitude 

than the neighborhood effects (about 3%, compared to 8%), it is statistically 

significant (p < .01). Further exploration of alternative sequences (not displayed in the 

table) reveals that the value-deterioration effect, which shows up in later stages of the 

roll-out only, is especially troublesome in sequences where stores in medium-

competition markets are converted last. This makes intuitive sense, those being the 

markets where the value reduction can make the critical difference between 

abandoning or not abandoning the old banner in favor of the competition.  

 In sum, these results show that (i) changing the roll-out sequence can make a 

significant difference in terms of store traffic, (ii) the best sequence (in terms of 

traffic) for the acquiring chain overall, may differ from the roll-out that maximizes 

traffic to the new banner, (iii) value deterioration, and especially neighborhood 

spillovers, have a significant traffic effect, that interacts with the roll-out sequence. 

On the whole, ‘medium-competition stores’ should not be converted late (to avoid 
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traffic drops at the old banner), while ‘high-competition stores’ should not be 

converted early (to allow new-banner conversions to enjoy a reputation-buildup 

first). Further analyses show that these effects prevail after the roll-out is completed. 

Focusing on store traffic in the last two weeks only (i.e. after all stores have been 

converted), we find that traffic under the compromise solution (M→H→L) remains 

higher than under the second-best option (H→M→L), again with significant traffic 

differences resulting from neighborhood and value-deterioration effects.   

Hello Jumbo! Exploring the Market-Wide Banner Roll-Out 

 To further illustrate the pattern and economic significance of the effects in a 

‘real-life’ setting, we use the actual dataset as a backdrop for a second set of 

simulations. Specifically, we consider all Super de Boer stores that were taken over 

by Jumbo, along with the panel members and competing stores in their trading zone. 

We then use our model estimates to simulate the households’ dynamic store choice, 

under the actual conversion sequence, and two altered sequences, in which we swap 

the conversion order of 20 outlets (i.e. ±20% of the total number of acquired stores in 

our sample) closer toward either a M→H→L competition sequence, or a H→M→L 

competition sequence. In doing so, we explicitly take the sample characteristics of the 

markets into account: swapping outlets in markets with different competitive 

intensity but otherwise similar characteristics, to avoid confounding effects.26 Table 

3.7 displays the results. Overall, it corroborates that (i) even small changes in the roll-

out sequence can lead to a significant traffic improvement for the acquiring chain as a 

whole (i.e. merely alternating the conversion order for a small subset of stores, 

significantly improves traffic by nearly 1%; p < .01), (ii) such improvements call for a  

                                                 
26 In taking the sample characteristics into account, we swap outlets in markets where the average 

distance to the acquired outlet and the number of households per outlet is similar. 
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Table 3.7: Banner traffic differences of alternative roll-out strategies/sequences in 

markets in sample 

A: % difference in traffic compared to observed roll-out 

Banner 
Order 

Observed M→H→L H→M→L 

Super de Boer - 5.6*** 1.4*** 

Jumbo - -3.0*** -1.4*** 

    

TOTAL - 0.9*** -0.2 

Note: H=high, M=medium, L=low. In all panels, standard errors are obtained using 100 draws of the means and standard deviations of 

the mixing distributions (Train 2009). *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 

B: % difference in traffic w/o neighborhood (nbh) effects 

Banner 
Order 

Observed M→H→L H→M→L 

Super de Boer 0.3 0.3 0.3 

Jumbo -4.9*** -5.6*** -5.2*** 

    

TOTAL -2.6*** -2.8*** -2.7*** 

C: % difference in traffic w/o deterioration 

Banner 
Order 

Observed M→H→L H→M→L 

Super de Boer 3.3*** 3.3*** 3.3*** 

Jumbo -0.2 -0.2 -0.3 

    

TOTAL 1.4*** 1.5*** 1.4*** 

D: % difference in traffic w/o nbh effects and deterioration 

Banner 
Order 

Observed M→H→L H→M→L 

Super de Boer 3.7*** 3.6*** 3.6*** 

Jumbo -5.1*** -5.7*** -5.4*** 

    

TOTAL -1.2*** -1.3*** -1.3*** 
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careful trade-off between old-banner and new-banner patronage, (iii) neighbor-

market spillovers may substantially enhance new-banner traffic, especially if ‘high-

competition stores’ are not converted first, (iv) value deterioration may substantially 

decrease old-banner traffic. Specifically, for the roll-out on hand, we again observe 

that a shift toward a M→H→L sequence strikes a better balance between old- and 

new-banner traffic. 

3.7 Discussion 

 Store acquisitions by new retail chains have become an increasingly common 

sight. Still, the dynamics of consumer disadoption of the old banner, and adoption of 

the new banner, are not well understood, making it hard for retailers to gauge the 

traffic implications of the acquisition and alternative roll-out strategies. In this paper, 

we present and estimate a dynamic store choice model that captures consumers’ 

changing value assessments of both the old (taken-over) and the new (take-over) 

banner over time.  

Academic Insights 

 Our model contributes to the store-choice literature, by showing that, in the 

situation of a store acquisition, consumers gradually adjust their store-value beliefs 

and, consequently, their patronage. This happens for established chains (whose value  

offer, in the case of a takeover, may become somewhat deficient as the integration 

phase progresses, if no significant investment is made) as well as new banners (for 

which not only actual store visits, but also lead-market spillovers may provide 

signals of their value offer). We find that both effects are present, and significantly 

affect store patronage over time. For the store-entry and mergers and acquisition 

literature, we (again) show the importance of trading off early rewards and reduced 

risks, but where the risks and rewards now apply to old-banner as well as new-
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banner stores, and stem from different sources. We also offer empirical evidence of 

lead-market effects in a different setting, that is, among local markets in a national 

grocery-retailing setting, and show that, if no significant investment is made by the 

new chain, long integration jeopardizes the value offer and traffic of the acquired 

chain. 

Retailer Implications: Which Stores to Convert When? 

 For retailers that face the planning of a roll-out, we offer several insights. First, 

the conversion order is important: merely shifting the timing/spatial pattern of store 

conversions may substantially enhance the traffic to the acquiring chain. Second, to 

safeguard patronage for the acquiring firm as a whole, the retailer should strike a 

balance between (i) keeping old-banner customers from reneging prior to store 

conversion, on the one hand, and (ii) attracting customers to the new banner at the 

time it opens up, on the other. Both phenomena are dynamic: (i) customer losses at 

the old banner loom especially large by the end of the integration phase (as a result 

of possible operational deficiencies), whereas (ii) early conversions may be less 

successful, because consumers have not yet learned about the new-banner value 

before it replaces their familiar store. Third, the magnitude of these ‘losses and gains’ 

depends on local market characteristics, which thus interact with the timing/order of 

store conversions. As such, in the presence of value-deterioration and neighbor-

market effects, retailers may wish to avoid early conversions of stores in highly 

competitive markets, where it is particularly important for the new banner to build 

up a reputation first. At the same time, they need to beware of late conversions in 

competition-intense markets, where consumers can easily defect from the old banner 

when its value offer deteriorates. As our empirical results show, taking these 

principles to heart can lead to important traffic gains for the acquiring chain. 
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Limitations and Further Research 

 Our study has several limitations that raise interesting opportunities for 

further research. First, though our policy-function incorporated the chain’s current 

roll-out decisions, our main focus was on consumer reactions, and hence the 

demand-side implications of alternative roll-outs. Clearly, supply-side characteristics 

come into play as well – some outlets, for instance, being more vulnerable to service 

deterioration, or some store managers better apt or motivated to implement the new 

banner early on – and the impact of these factors needs to be combined with our 

demand-side effects. Similarly, though traffic is known to be a key driver of chain 

performance, studying the profit implications of alternative roll-out sequences 

(including the cost of refurbishing and supplying more closely or remotely located 

stores at a given point in time) would be a fruitful endeavor. Second, while our 

conceptualization is set up more broadly, our empirical analysis applies to the roll-

out of one banner in one country. In particular, we considered the expansion of an 

EDLP store in a national market where no such format was nationally present yet. 

Future research could analyze how consumer learning proceeds in different settings. 

Third, because Dutch retailers are known to be centrally-managed, we did not focus 

on local supermarket reactions to actual store conversions (though our model did 

accommodate changes in chains’ marketing mix throughout the roll-out period, if 

any). Future studies could factor in how differences in local supermarket market 

reactions affect the roll-out sequence and the traffic implications of the firm. Fourth, 

we considered a setting where the acquiring chain implemented its banner uniformly 

across the local markets. It would be interesting to analyze situations where the 

retailer follows a more flexible approach, adjusting its new-banner stores to local 

market conditions. This would require a model with dual learning: consumers 
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getting acquainted with the new banner, and the acquiring retailer learning about 

customer reactions across local market conditions – a challenge that we leave for 

future study.  
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Appendix 3.A Characteristics of the Local Markets 

 Table 3.A1 lists some details on the local markets involved in the acquisition of 

Super de Boer (and the competition of outlets therein) included in our sample. It 

shows that the markets in which a takeover is observed, exhibit wide variation on a 

number of characteristics – confirming that they are not confined to a specific 

location type. 

 

Table 3.A1: Characteristics of the local markets and competition 

Characteristica Average Standard deviation 

# households 3,859.7 1,547.3 

Household size (avg.) 2.3  0.3  

Net income (in 1,000€s) (avg.) 34.9 3.7 

Population density (# residents per km2) 1,127.4 1,080.1 

# diff. comp. chains in 20-km radiusb 6.6 0.5 

# comp. outlets in 20-km radius 123.8 74.9 

a Variables are measured at the 4-digit postal code level (# households and household size) or the municipality level (net income and 

population density), unless stated otherwise. For ease of comparison, we use/compute the measures at the date (year) of the first 

opening.  

b With a trading zone of 10 km, outlets within 20 km are (in theory) competitors. 

 

Appendix 3.B Price Differences across Local Markets 

 To test whether prices differ across local markets, we make use of our panel 

data set and compare the prices reported by different consumers (across different 

markets). Specifically, we compare the daily price for each SKU at each chain among 

reporting panel members, and calculate the coefficient of variation (CV) (the ratio of 

(i) the standard deviation of the SKU’s price on a given day in a given chain, across 

consumers/markets, relative to (ii) its mean). The average CV across all SKUs, days, 

and chains is 0.0348 (and 0.0350 if we exclude Super de Boer and Jumbo). This very 

low figure confirms that, in line with anecdotal evidence and feedback from industry 
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experts, Dutch retail chains tend to set prices at the national (not the local-market) 

level. The data further show that the average CV is not significantly higher at the 

time of the closure or opening of an acquired outlet (lowest p = .85) – which further 

attests to the absence of (local) price endogeneity.  

Appendix 3.C Likelihood Function 

 Let   be the set of parameters of the consumer store choice model, and let   be 

the set of parameters of the retailer policy function. Parameter estimates are obtained 

by maximizing the joint likelihood of the store choice model and the retailer policy 

function. Using simulated maximum likelihood, the corresponding simulated log-

likelihood function takes the following form (Ching 2010; Hess and Train 2011):  
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where     
    

 is the household’s chain-choice probability, and             
  is the hazard 

probability of converting (opening) outlet  , in market   in week    (for all weeks 

until and including the outlet’s week of opening).     
    

 is a dummy variable that 

equals 1 if household   chooses chain  , and 0 otherwise, and             
  is a dummy 

variable that equals 1 if the outlet opens, and 0 otherwise. The simulation uses   

(100) sets of draws for the household-specific parameters and the signals, each 

combined with   (100) sets of draws for the unobserved common chain-market 

shocks in the households’ utilities and the retailer’s hazard function (see Ching 2010 

and Hess and Train 2011 for a similar setup). 
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Chapter 4  

Shifting the Battle Ground: Channel 

Blurring and Promotion-Induced 

Competition for Category Sales 

between Supermarkets and 

Drugstores∗ 

 
 Over the past years, promotion-induced competition between supermarket 

and drug chains increased tremendously (Ailawadi et al. 2006; 2007).1 Whereas 

supermarkets at one time carried few categories but groceries, the boundaries 

between supermarkets and drugstores blurred, and supermarkets are now trying to 

gain ground on drug chains by widening their price advantage and stepping up their 

promotional activity (Fox and Sethuraman 2010; Luchs et al. 2014). The drugstore 

channel ($188 billion sales in the US in 2012 according to Planet Retail), though it also 

sells a limited assortment of groceries (Inman et al. 2004), is primarily associated with 

health and beauty items and drugs, and drug chains, in order to remain the primary 

channel for these categories, reacted with price promotions of their own. 

                                                 
* This chapter is based on joint work with Els Gijsbrechts.  
1 Mass merchandisers are also competing for drugstore customers. They are, however, less reliant on 

promotions and typically compete on everyday low prices (Fox and Sethuraman 2010). Our focus  

therefore lies on supermarkets. 
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 Featured, temporary price cuts are now being heavily used by both channels 

in the battle for sales in categories where their assortments overlap. For example, 

Ailawadi et al. (2010) show that many drugstores increased their promotion intensity 

(promotion breadth) when Walmart entered town, in response to Walmart selling a 

large number of overlapping items (at lower prices), and that by doing so, they were 

able to mitigate the negative impact of entry. Supermarkets, from their side, promote 

personal care items in their store flyers in an explicit attempt to tap into drug-chain 

category sales (e.g., Planet Retail 2004b).  

 In brief, the growing use of featured ads and price cuts (henceforth: 

promotions), as instruments in this ‘battle between the channels’ can no longer be 

ignored. Still, despite its prevalence, and the huge budgets involved, little is known 

about the relative effectiveness of this instrument for the two channels, or about the 

cross-channel effects of these promotions. While an extensive stream of literature has 

documented the category-sales impact of promotions at supermarkets (e.g., Bucklin 

and Lattin 1992; Kumar and Leone 1988) and at drugstores (Ailawadi et al. 2006; 

2007), the bulk of these studies focused on within-channel, rather than cross-channel 

promotion effects. Moreover, another interesting body of research finds greater 

rivalry and stronger store substitution among supermarkets, than across 

supermarkets and other retail positionings/channels (e.g., Cleeren et al. 2010; Fox et 

al. 2004; Rhee and Bell 2002). These papers do not take the drug channel into 

account2, though, nor do they explicitly compare the magnitude and sources of 

category sales gains from channel promotions.  

                                                 
2 Fox et al. (2004) is an exception: they consider the drug channel, but their sample only contains one 

drug store, preventing them from comparing substitution within this channel and across other 

channels. 
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  Yet, we feel that the study of those effects is important. First, because of their 

distinct positioning and the differences in consumers’ shopping behavior across 

channels (e.g., Fox 2005; Inman et al. 2004; Levy et al. 2013), supermarkets and 

drugstores are bound to enjoy different category sales lifts from promotions. For 

instance, because most consumers visit supermarkets anyway for their ‘daily’ 

(grocery) needs, supermarket promotions offer more opportunities for ‘indirect’ store 

switching (switching the purchase to a store they would have visited anyway), and 

promotional lifts are likely to be higher for supermarkets than for drugstores. 

Second, for the same reasons, these gains may come at the expense of different 

competing players and channels. While earlier studies show greater rivalry and 

stronger store substitution among supermarkets, such intra-channel competition is 

not likely to be predominant for drugstores. One reason is that, for customers 

normally (in the absence of the promotion) preferring one-stop shopping, an extra 

stop (at a drugstore) may be worth its while in case of a price promotion. Together, 

because supermarket and drugstore chains take a different positioning, the 

promotion-based battle between these channels is likely to take different forms, and 

the implications cannot be assessed from the literature on supermarket and 

drugstore promotions alone. 

 In this paper, we study promotion-based competition between supermarkets 

and drug chains, in categories where the two channels overlap. Our specific research 

questions are as follows: First, how do feature advertising and price cuts affect 

households’ drug-category purchases at supermarkets and drug chains, and to what 

extent does their effectiveness differ across these two distribution channels? Second, 

what is the pattern of competitive shifts within and across channels that these price 

promotions induce? More specifically, do supermarket (drugstore) promotions draw 
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more purchases away from other supermarkets (drugstores) than from drugstores 

(supermarkets), and does the same pattern hold for supermarket and drugstore 

promotions? 

 To empirically address these questions, we estimate a model of households’ 

category purchases, across different channels and chains within each channel, as a 

function of category feature advertising and price cuts. Our data covers household 

purchases for six drug categories – body wash, cough sweets, deodorant, hair gel, 

shampoo, and toothpaste – that are heavily promoted (but rarely studied, as noted by 

Ailawadi et al. 2006; 2007), at three supermarket chains and two drug chains, during 

a three-year period. Our contribution to the literature on consumer promotions and 

cross-channel retail competition, and the insights that we provide to retail managers, 

are twofold: First, we document the relative effectiveness of featured advertising and 

price cuts at the supermarket and drug channel in consumers’ store choice – in a 

setting characterized by increased channel blurring. Second, we measure the cross-

channel effects (vs. within-channel effects) of these promotions, and show to what 

extent retailers haul in category sales at the expense of same- and other-channel 

retailers. In doing so, we respond to the call by Ailawadi et al. (2009) for more 

research on channel blurring and the reorientation of the promotional landscape. 

 In the remainder of this study, we first describe our setting and present our 

conceptual framework. Subsequently, we motivate and present our model. Next, we 

describe the data used in the empirical application. We then report the empirical 

results, and discuss their implications. We end with conclusions and directions for 

future research.  
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4.1 Setting and Conceptualization 

  We begin by briefly discussing the setting – describing the differences among 

the supermarket and drugstore channel –  and then theorize on the own- and cross-

effects of (price) promotions across channels in our conceptual framework. 

Setting 

 Channels of distribution. The store channel literature typically distinguishes 

between convenience stores, mass merchandisers, club stores, supermarkets, and 

drugstores. Supermarkets and drugstores comprise a large portion of consumers’ 

day-to-day purchases (Levy et al. 2013). Mass merchandisers take up much of the 

remaining part (especially in the US), but sell fewer items on discount than other 

stores and typically focus on everyday low prices (Fox and Sethuraman 2010; Levy et 

al. 2013). Our focus, therefore, is on supermarkets and drugstores.3 Moreover, we 

take the ‘traditional’ channel perspective: drug chains as specialty stores, primarily 

concentrating on health and beauty care items (but also adding more food items, as 

explained next) (Levy et al. 2013), which is still true for the majority of drugstore 

chains, especially outside of the US (e.g., Planet Retail 2011a).4  

 Channel blurring and channel characteristics. Competition between 

supermarkets and drugstores increased substantially over the past years (e.g., Bolton 

et al. 2010; Luchs et al. 2014). With limited opportunities to grow, supermarkets 

expanded their business to other (non-traditional) categories (Fox and Sethuraman 

2010; Messinger and Narasimhan 1997), including general merchandise, but also 

                                                 
3 In the discussion section, we revisit this and outline how our study may generalize to other settings. 
4 In the US, many drugstore chains, such as CVS and Walgreens, already sell food items and other 

groceries for quite some time, in response to competition from large discounters and mass 

merchandisers (even though they are still mostly associated with personal care and health-related 

categories; Inman et al. 2004) (Levy et al. 2013). Outside of the US, in the UK and the Netherlands, for 

example, most drug chains still primarily focus on health and beauty care items, and only recently 

started focusing on other product categories (e.g., Planet Retail 2011a).  



Chapter 4: Promotion-Induced Competition between Supermarkets and Drugstores 

138 
 

personal care and health-related items previously associated with drug chains 

(Inman et al. 2004). Some (traditional) drug chains, from their side, have come to add 

more food items and other groceries to their assortment (Luchs et al. 2014). In all, this 

has led to channel blurring: supermarkets and drugstores showing non-negligible 

overlap in their category offer.  

 Yet, at the same time, despite these evolutions, important differences between 

the channels remain. Supermarket assortments tend to cover the full range of 

consumer goods, from fresh produce to household and personal care items, be it 

typically with less depth (but lower regular prices) in the latter categories. 

Drugstores, in comparison, while priced (somewhat) higher, continue to offer a much 

richer selection in these categories – which are still the ‘bread and butter’ of their 

business (e.g., Levy et al. 2013). As such, drugstores preserve an aura of ‘specialty 

stores’. These channel characteristics shape the way consumers shop (for overlapping 

categories) at these stores, as we explain below. 

 Consumer shopping across retail channels. Several studies have highlighted 

consumers’ shopping behavior in relation to different channels in general, and 

supermarkets and drugstores in particular, resulting from the above-discussed 

channel characteristics (e.g., Inman et al. 2004; Luchs et al. 2014). Building on this 

work, we point out three important differences: First, consumers patronize these 

channels, and procure personal care and health-related items at these channels, in the 

context of different types of shopping trips: small baskets for select items at 

drugstores, larger baskets or “one-stop shopping” at traditional supermarkets. 

Second, and relatedly, consumers differ in their ‘base’ propensity to visit these 

channels, and stores within the channels. For one, whereas all consumers frequently 

buy at supermarkets, not all of them include drugstores in their regular set of outlets. 
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Moreover, among consumers engaging in multiple-channel shopping (i.e. regularly 

visiting both types of chains), visit frequency tends to be higher for supermarkets 

than drugstores (which are patronized for a set of storable items) (Fox 2005). In 

addition, within-channel store loyalty differs: while it is common for consumers to 

visit multiple supermarkets, this is less true for drugstores (as the smaller set of items 

purchased at these stores may not be worth spreading across multiple chains) (Fox 

2005).5 Third, visits of the two channels typically involve a different shopping 

orientation and motivation: consumers buying the majority of personal care and 

health-related items at specialty (drug) stores being more into variety-of-choice and 

presence of favorite items, than into price (Inman et al. 2004). 

 These differences in consumers’ overall shopping behavior bear on their 

reactions to category promotions at these channels – in particular, the allocation of 

their category purchase across these channels and stores – a point that we build on in 

our conceptualization below. 

Conceptualization 

 Feature ads, price cuts, and category purchases at supermarkets and 

drugstores. Numerous papers studied the impact of feature advertising and price 

cuts on category purchases across supermarket stores and store performance in 

general (e.g., Bodapati and Srinivasan 2006; Bucklin and Lattin 1992; Fox and Hoch 

2005; Gijsbrechts et al. 2003; Hoch et al. 1995; Kumar and Leone 1988). In general, 

these studies suggest that feature advertising does affect consumers’ category 

                                                 
5 Fox (2005) examined shopping patterns across multiple formats using IRI household panel data. The 

data that we use in the empirical application (obtained from GfK in the Netherlands) show similar 

patterns: 74.7% of all households engage in a multiple-channel shopping (visiting supermarkets and 

drugstores at least once a year), but 25.3% does not; among the households that engage in multiple-

channel shopping, the average visit frequency of supermarkets is about 13.3 times a month, and that 

of drugstores about 1.3 times a month; finally, about 3.2 supermarket chains are visited on average per 

month, and 1.4 drug chains. 
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purchase allocations across stores – reporting that 17% to 32% of all households 

decide where to buy their goods on the basis of feature ads (Urbany et al. 1996) – and 

more strongly so as the discount size goes up (e.g., Bodapati and Srinivasan 2006). 

Moreover, Bodapati and Srinivasan (2006) show that the elasticity of feature 

advertising is particularly high for big-ticket items (such as household and drug 

items) – where the supermarket and drugstore assortments intersect. This literature 

further shows that, whereas a small group of households engage in (extreme) 

‘cherry-picking’ behavior (e.g., Fox and Hoch 2005; Talukdar et al. 2010) – shifting 

stores solely to buy the category on deal – the larger part of the store’s category sales 

lift comes from ‘indirect’ store switching: consumers reallocating their purchases 

across stores (in channels) they are likely to visit anyway (Bucklin and Lattin 1992). 

 How does this affect our expectations on differences in promotion 

effectiveness across channels? Starting from the literature on cross-channel shopping 

(e.g., Inman et al. 2004; Luchs et al. 2014), we expect, for a given (personal care or 

health-related) category, consumers to be more responsive to promotions (feature 

ads and price cuts) by supermarket than drugstore chains, and this for three reasons. 

First, consumers visit supermarkets anyway for their ‘daily’ (grocery) needs and not 

all of them include drugstores in their regular set of outlets, or, among those 

engaging in multi-channel shopping, do not visit these stores as regularly as 

supermarkets (Fox 2005). Hence, they may pay more attention to the supermarkets’ 

store flyers, and, especially, be more likely to notice price cuts at these chains in-

store. Second, for the same reason, category promotions at the supermarket offer 

more opportunities for ‘indirect’ store switching (Bucklin and Lattin 1992; Kumar 

and Leone 1988): consumers benefiting from the deal as they visit the store to buy 

other items, rather than having to incur an extra visit. Moreover, purchasing the 
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promoted category at the supermarket may even allow them to avoid a separate visit 

to the drug chain for the category purchase (e.g., Chen and Rey 2012; Messinger and 

Narasimhan 1997) – yet another reason to expect a stronger promotional response in 

the supermarket channel. Third, because visits of the two channels typically involve 

a different shopping orientation and motivation – drugstore consumers being more 

into variety-of-choice, than into price (e.g., Inman et al. 2004) – customers of 

drugstores may pay less attention to drug chains’ store flyers, or to notice price cuts 

in-store, than supermarket shoppers.6 Hence, we expect promotions to more strongly 

enhance category purchases for supermarkets compared to drugstore chains.        

 Within versus between channel promotion competition? Given that 

promotions are increasingly used as a weapon in the ‘battle of the channels’ – 

supermarkets trying to cover territory over drugstores (e.g., Planet Retail 2004b) – an 

interesting question is where the ‘extra’ promotion-induced category purchases come 

from. Previous studies showed that, in general, substitution is stronger among stores 

of similar positioning and format, and among similar channels. For instance, Galata 

et al. (1999) and Rhee and Bell (2002), show that most households are loyal to the 

price-positioning of the store (EDLP or HiLo) and, if they switch stores, do so 

primarily to stores with the same positioning. Similarly, Cleeren et al. (2010) find 

competition among supermarkets (intra-format competition) to be more intensive 

                                                 
6 Next to these three arguments, two counterarguments may be raised. First, similar in spirit to the 

asymmetric effects of brand promotions (promotions generating stronger reactions for high rather 

than low quality brands; e.g., Allenby and Rossi 1991), consumers may view promotions by 

drugstores as a justification to procure their personal care and health-related products at a specialized 

store, where the choice variety (of the promoted brand) is typically higher. Second, because customers 

of drugstores typically buy smaller baskets, and promoted items, therefore, make up a larger part of 

the basket, ‘direct’ intra-format store switching (consumers changing stores, and shifting baskets, 

because of the promotion) is more likely to occur for drugstores than for supermarkets. Though these 

effects may dampen the difference in promotion response between channels, we do not expect them to 

be predominant. 
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than between supermarkets and hard-discounters (inter-format competition). 

Likewise, Fox et al. (2004) and González-Benito et al. (2005) show that substitution 

across supermarkets is higher than between supermarkets and other 

formats/channels. One reason is that the assortments of supermarkets are more 

‘exchangeable’, making the shift (possibly of the entire basket) to another 

supermarket less consequential. Equally compelling is that consumers already 

(systematically) spread their purchases across multiple supermarkets anyway to 

benefit from complementarities in their offer (Gijsbrechts et al. 2008), which creates 

more room for ‘indirect’ store switching (consumers shifting purchases of the 

promoted category to a supermarket that would have been visited for other items 

anyway). This may also be true in our context. Moreover, drugstore customers may 

not always be able to procure the desired items in the supermarket channel, where 

the drug-category assortment is more limited (and thus, may not shift their 

purchases to supermarkets in the case of a promotion). For this reason, and based on 

the extensive body of evidence, we expect category promotions by supermarkets to 

primarily eat into rival supermarkets’ sales.  

 We do not, however, expect intra-channel competition to be predominant for 

drugstore chains. Previous studies suggest that, indeed, the degree of within-channel 

(versus between-channel) substitution may be channel-specific. Cleeren et al. (2010) 

already observed strong switching not only among hard discounters, but also from 

supermarkets to hard discounters. Similarly, in our context, promotions by 

drugstores may attract customers from other drugstores (who typically buy smaller 

baskets and can easily switch stores) as well as from supermarkets. The reason is that 

consumers procuring their personal care and health-related product at supermarket 

stores because of one-stop shopping, are sure to find a larger selection of items 
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(including their favorite product, if any) in the drug channel and, in case of a 

promotion, may find an extra stop at a drugstore worth their while (as opposed to 

drugstore customers not being able to switch their baskets to supermarkets). Based 

on these arguments, we expect store substitution from feature ads and price cuts at 

supermarkets and drug chains to be asymmetric: while same-channel substitution from 

supermarket promotions is likely to be higher than cross-channel substitution, we 

expect to see both same-channel and cross-channel substitution in the case of 

drugstore promotions – drugstores hauling in category sales from supermarkets and 

other drugstores alike. 

4.2 Model 

 Our focus is on how, given a category purchase need, feature advertising and 

price cuts for a category in a chain, affect consumers’ allocation of category purchases 

to that chain compared to same- and other-channel rivals.7 To this end, we use a 

nested logit model, which allows for flexible substitution patterns between nests 

(here: supermarkets and drug chains), and the parameters of which provide a direct 

estimate of the substitution patterns.8 

Utility 

 In the tradition of random utility maximization models, we propose that 

consumers, given a category purchase need, purchase the category in the chain that 

gives them maximum (indirect) utility as a whole (i.e. across different categories). This 

                                                 
7 In doing so, we forego category expansion – an effect unlikely to occur for drug categories, where 

consumption is rather stable (Ailawadi et al. 2006). 
8 Note that, theoretically, a mixed logit model can approximate a nested logit model to any degree of 

accuracy (Train 2009) by specifying the appropriate correlations in the heterogeneity distribution. 

Several authors have however noted that, empirically, such approximation may be difficult and is 

sensitive to the choice frequency of the nested alternatives and the number of random coefficients, 

because it requires the integration over more dimensions (see Garrow 2004 for an extensive 

discussion). We therefore opt for the more straightforward nested logit model, but do allow for 

unobserved parameter heterogeneity. 
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utility is determined by (i) (stable) store-wide characteristics (e.g., assortment breadth, 

product quality, overall service level), (ii) overall and category-specific shopping 

habits (loyalty), (iii) category-specific price and feature advertising levels, and (iv) a 

set of control variables (related to both the specific category and the store as a whole): 

         
         

                   
      

               
          

           
   (1) 

where   denotes household; the (stable) store-wide characteristics are taken up by 

the intercepts,        
 , for chain   in channel (nest)    , and shopping habits are taken 

up by the vector                
 , which includes a measure of ‘overall’ store loyalty 

(last store visit) and a measure of category-specific store loyalty (last store-category 

visit) (e.g., Inman et al. 2004; Zhang et al. 2013). The vector           includes measures 

of category-specific price and feature ad levels, and          
  is a vector of control 

variables, including assortment depth and distance to the nearest outlet of the chain. 

We provide more details on the operationalization of these variables in the data 

section.          
  is an error term.  

 Given our interest in the relative effectiveness of feature advertising and price 

cuts across the supermarket and drugstore channel, we allow the parameters of these 

variables (and, to avoid confounding, of the control variables) to differ by channel. 

Store Substitution 

 In the nested logit model, the error term is defined as          
         

        
 . 

       
  (the chain level error term) is assumed to be independently and identically 

Gumbel distributed and       
  (the channel level error term) is assumed to be 

distributed such that each        
        

  is Gumbel distributed. The allocation of 

variance between the two random components is determined by a nesting parameter, 

    , with estimates lower (higher) than 1 suggesting higher substitution within 
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(across) nests, than across (within) nests (e.g., Train et al. 1989; Train et al. 1987). In 

line with our conceptualization, we expect                (intra-channel 

substitution for supermarkets stronger than inter-channel substitution) and 

                   (intra-channel substitution for supermarkets stronger than intra-

channel substitution for drugstores). 

 The own- and cross-elasticities       
  reflecting the impact of a (percentage) 

change in in            on the probability          
 , can now be given by (e.g., Garrow 

2010): 
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 ]             if  ,    h 

           
             otherwise

  (3) 

where               
  is the chain-choice probability given channel choice. 

Estimation 

 To allow for unobserved heterogeneity across households, we model the 

parameters        
 ,   ,     

 , and     
  as normally-distributed coefficients. We estimate 

the model for each category with simulated likelihood, using 100 shuffled Halton 

draws from the normal mixing distributions.  

4.3 Data and Operationalizations 

Setting 

 In our empirical application, we focus on the Dutch retail market, which is 

characterized by increasingly vivid price competition and high promotional 

intensity, during the period 2008-2010. The ‘traditional’ Dutch supermarket scene is 

dominated by HiLo chains that make extensive use of temporary price cuts featured 

in the chains’ flyers. Among these traditional chains, Albert Heijn (owned by Ahold) 
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is the market leader, followed by C1000 and Plus.9 Moreover, the Dutch retail market 

shows increased channel blurring between supermarkets and drugstores, and 

increasing competition between these channels. The two largest drug chains, (A.S. 

Watson-owned) Kruidvat and (Ahold-owned) Etos, sell many categories that overlap 

with Albert Heijn, and with supermarkets in general, and as such, they all battle for 

the same category purchases (Planet Retail 2008a).10 Indicative of this cross-channel 

competitive orientation is the ‘fight’ between Albert Heijn and Kruidvat, which was 

extensively ‘played out’ in the popular press in earlier years (Planet Retail 2005a; 

2008a), and now takes the form of heavy promotion activity in categories where the 

channels’ assortments overlap.  

Sources 

 We combine data from three sources: First, we use household scanner panel 

data from GfK covering a three-year period (2008-2010). The data comprise the 

households’ location (geocodes) and their purchase records at the chains, and also 

hold information on feature activity for each purchase. Second, we have access to 

data from Ondernemers Pers Nederland on the locations (geocodes) and floor sizes 

(selling surface in square meters) of all Dutch supermarkets. Finally, we obtained 

                                                 
9 The largest part of the national roll-out of Jumbo, an EDLP chain that acquired Super de Boer and, 

soon after, also C1000, occurred only after our observation period. 
10 Even though Albert Heijn and Etos are both owned by Ahold, this joint ownership is not really 

visible to consumers or played out in the chains’ strategies. As such, there is no a priori reason why 

consumers would trade off these stores differently than other supermarkets/drugstores. Still, in an 

additional model, we tested for any remaining cross-effects between Albert Heijn and Etos – both 

through correlations between the chain preferences in the households’ mixing distributions, and 

through additional cross-promotion effects for these chains in their utility. We found these effects to 

be largely insignificant, and to leave the remaining pattern of parameters unchanged. The chains may, 

however, strategically time their price promotions. To test this, we ran a number of promotion 

reaction functions (for each retailer combination, regressing the retailer’s extent of price promotions 

and a lag and lead term on the competing retailer’s extent of price promotions). The results indicate 

that, though Albert Heijn and Etos seem to promote a category sequentially, they seem to do so in a 

random order (only the lag and lead term being significant for some categories), such that we do not 

expect the promotional impact of one or the other chain to be systematically affected by this practice. 
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access to data from Bureau van Dijk/the Dutch Chamber of Commerce on the 

locations (geocodes) of all drugstores. These data are supplemented with information 

on floor sizes (address surface in square meters) from the Dutch Cadastre, Land 

Registry, and Mapping Agency (Kadaster). 

Sample 

 Our sample includes data from six product categories that are frequently 

promoted, widely available, and regularly purchased at both supermarket and drug 

chains: (i) body wash, (ii) cough sweets, (iii) deodorant, (iv) hair gel, (v) shampoo, 

and (vi) toothpaste. We include visits to the three largest supermarket chains (Albert 

Heijn, C1000, and Plus) and the two largest drugstore chains (Etos and Kruidvat), 

which, together, represent about 60% of all category sales (average across categories). 

In each category, we retain households that visit the five chains for at least 80% of 

their category purchases and buy from the category at these chains at least five times 

during the observation period. In total, our sample consists of 438 (cough sweets) to 

976 households (toothpaste). 

Variables 

 Price is operationalized as a basket-level price index composed of the five top 

selling brands (including the private label) in each category (see Briesch et al. 2013 for 

a comparable operationalization). More specifically, we track the average price of a 

brand at each chain per week (prices are set at the chain level in the Netherlands), 

and weigh these prices by the brand’s category share over all five brands, rescaled 

such that the average weight is 1. In our operationalization, we use the observed 

average price of the brand, and our price variable thereby also takes price discounts 

into account. A similar measure is used for feature promotion activity. Specifically, 

we track feature ads of each brand at each chain (within a category, all SKUs of a 
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brand are typically promoted at the same time), and weigh this by the brand’s 

category share.11 Next, we use the outlets’ and households’ geocodes to compute the 

Euclidian distance (in kms) between the household and the nearest outlet of each 

chain. To accommodate decreasing marginal effects, we include the log of distance in 

the utility specification. Finally, as a proxy for assortment depth, we include the floor 

size of the outlet in square meters (see also Ailawadi et al. 2008 and Van Heerde et al. 

2008). The variable enters utility in an indexed-form, to remove differences in 

measurement between the two channels.12 More specifically, we divide floor size by 

the average of the respective channel. For more details, see Table 4.1. 

 Table 4.2 shows descriptives for the five chains per category, and shows the 

differences between chains/channels in prices and feature intensity. For 

completeness, it also shows the regular prices (in the absence of promotion). On 

average, regular prices at supermarkets are somewhat lower than prices at drug 

chains (except for Plus, an upscale supermarket chain), while observed prices (in the 

presence of promotions) are roughly equal. Feature advertising intensity is higher at 

drugstores. The price levels are similar to those published by consumer unions (in 

magazines such as the Consumentengids in the Netherlands), and show that  

  

                                                 
11 Endogeneity of price cuts/feature ads is not likely to be a problem, because promotional calendars 

are typically planned months before by retailers (e.g., Silva-Risso et al. 1999) without ex ante 

knowledge about demand shocks or competing retailers’ category promotions. Though the chains do 

have some flexibility to cut prices on their private labels, these cuts are less likely to generate store 

switching (to the extent that private-label buying consumers are loyal to a specific retailer’s private 

label; e.g., Ailawadi et al. 2008), and (as such) featured price cuts are generally less deep for private 

labels than for national brands (see also Sethuraman and Raju 2012). 
12 The floor size of the supermarket channel refers to the floor size allocated to all categories (drug and 

non-drug); the floor size of the drug stores only refers to the floor size allocated to drug categories. 

Moreover, by indexing floor size, we also take into account that floor size for supermarkets only refers 

to the selling surface, whereas for drug stores it refers to the surface of the address. Note that, because 

our utility function contains separate intercepts for chains within a channel and allows for channel-

specific floor-size parameters, the floor-size coefficients reflect the impact of larger (overall) 

assortments within each of the channels.  
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Table 4.1: Operationalization of variables 

Variable Operationalization 

Loyalty measures 

                  vector including:  - overall last trip dummy for chain   in channel     at time  , which is 1 for chain   if it  

   was visited on the previous trip; 0 otherwise; and 

  - category-specific last trip dummy for chain   in channel     at time  , which is 1 for  

   chain   if it was visited on the previous trip the category was purchased; 0  

   otherwise 

Price and promotion measures 

            vector including:  - basket-level observed price of chain   at time  ; and 

  - basket-level feature advertising of chain   at time   

Control variables 

           
  vector including: - log of distance from household   to the nearest outlet of chain   at time   (in km); and 

  - floor size of nearest outlet of chain   at time   divided by the channel average 

 

although Kruidvat is typically perceived to be low-priced, its prices are actually 

somewhat higher than those of Etos, the other drug chain. Though there is some 

variation in the degree of feature intensity across categories, the table shows that all 

categories regularly appear in feature ads – except cough sweets, the feature 

advertising levels of which are quite modest. Finally, in terms of share of category-

purchase trips, supermarket chain Albert Heijn (the market leader) and drug chain 

Kruidvat have the highest share, except in the cough sweets category – an item that is 

typically bought in supermarkets, but is also available at drug chains.  

4.4 Results 

 In terms of model fit, the hit rate of the proposed model across categories 

ranges from 79.7% (shampoo) to 89.3% (cough sweets) – showing that our model 

explains category purchase allocation patterns well. Next, we discuss the estimates of 

the control variables, the promotion response of supermarkets and drug chains, and 

the substitution patterns among these channels. 
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Table 4.2: Descriptives of the 5 chains per category 

Chain 

BODY WASH  COUGH SWEETS 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 
 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 

SUPERMARKETS 

AH 1.904 12.506 12.868 1.057 1.239 34.872  1.871 6.209 6.212 0.030 1.221 47.662 

C1000 2.888 13.561 13.662 0.598 0.916 13.314  2.864 6.486 6.488 0.056 0.925 19.997 

Plus 4.690 15.159 15.308 0.316 0.903 6.128  4.714 6.217 6.217 0.007 0.919 14.253 

DRUG CHAINS 

Etos 3.289 12.704 13.415 1.703 0.839 11.143  3.439 6.645 6.677 0.058 0.885 3.443 

Kruidvat 1.638 12.847 13.747 3.392 1.089 34.542  1.623 7.801 7.860 0.353 1.063 14.644 

              

Chain 

DEODORANT  HAIR GEL 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 
 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 

SUPERMARKETS 

AH 1.704 13.312 13.764 1.350 1.258 33.471  2.059 14.924 15.271 0.587 1.258 31.075 

C1000 2.908 13.052 13.278 0.432 0.930 12.340  3.080 15.448 15.586 0.226 0.901 11.601 

Plus 4.544 14.047 14.184 0.433 0.910 7.161  4.996 15.338 15.444 0.162 0.924 5.013 

DRUG CHAINS 

Etos 3.098 12.794 13.425 1.650 0.859 11.178  3.639 15.868 16.405 1.181 0.844 9.571 

Kruidvat 1.463 13.474 14.076 3.397 1.118 35.849  1.578 15.414 16.144 2.890 1.090 42.739 

              

Chain 

SHAMPOO  TOOTHPASTE 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 
 

Distance 

 (kms)a 
Price (€) 

Regular  

Price (€) 
Feature 

Floor size 

(indexed)b 

Share 

 (%)c 

SUPERMARKETS 

AH 1.898 14.084 14.544 1.127 1.226 35.887  1.832 11.792 11.846 0.279 1.247 37.422 

C1000 3.128 13.849 14.091 0.556 0.912 14.478  2.983 11.430 11.490 0.367 0.935 15.494 

Plus 4.708 14.526 14.799 0.452 0.892 5.906  4.505 11.607 11.674 0.287 0.909 7.499 

DRUG CHAINS 

Etos 3.320 14.311 15.174 1.406 0.874 9.545  3.310 11.242 11.167 1.366 0.879 8.855 

Kruidvat 1.540 14.343 15.105 2.768 1.098 34.183  1.583 10.740 11.535 2.025 1.118 30.730 

a Average distance to nearest outlet of the chain (over all households in the sample). 

b The variable is computed as floor size divided by the average of the respective channel, and can therefore only be compared within 

channels. 

c Trip share over five chains included in the sample. 
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Control Variables 

 Appendix 4.A reports the parameters estimates of the proposed model for 

each category. The coefficients of the control variables exhibit face validity. On 

average, the chain constants show that, all else equal, Albert Heijn (the base level) is 

the most preferred chain. Within each channel, larger floor sizes (indicative of larger 

assortments; see e.g. Ailawadi et al. 2008; Van Heerde et al. 2008) add to the chains’ 

appeal, while the impact of distance is negative. The coefficient of the (overall) last-

visit variable is negative, while the category-chain loyalty parameter is positive, 

indicating that consumers have a tendency to repurchase a given category at the 

same chain and do not simply turn to the store they visited on the last trip – in line 

with, for example, Inman et al. (2004) and Zhang et al. (2013). The significant mean 

levels of these variables indicate that, for the average consumer, store-wide 

characteristics and shopping habits for the chain as a whole strongly shape the 

propensity of specific (in our case: personal care and health-related) category 

purchases at that chain. Yet, at the same time, the estimates of the standard 

deviations of the mixing distributions of these parameters are all large (relative to the 

mean) and highly significant, which points to substantial heterogeneity in the impact 

of these store-wide factors across households. Moreover, the coefficients of the 

category-specific feature and price variables are generally significant (discussed 

below), underscoring their ability to influence where the category purchase occurs.  

Promotional Effectiveness in the Two Channels 

 The magnitudes of the logit utility parameters do not have a direct 

interpretation and, because the parameters are only identified up to the scale factor 

of the error variance (Swait and Louviere 1993), cannot be readily compared across 

models. Effect sizes are therefore assessed in terms of elasticities (which are not 
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confounded by scale-factor differences, see, e.g., Mela et al. 1997). Krinsky and 

Robb’s method (1986; 1990) is used to compute the confidence intervals for the 

elasticities.13 Table 4.3 reports the own-elasticties and their significance for feature 

ads and price cuts, at each of the channels/chains, and this for the six categories 

under study. To generalize across categories, the overall effect is computed as a 

weighted mean, with weights equal to the inverse of the estimate’s standard error, 

normalized to one, a metric similar in spirit to a hierarchical mean in a Bayesian 

model (see also Ter Braak et al. 2014 and Van Heerde et al. 2013). The table also 

displays the combined significance, using a meta-analytic test of adding weighted Z’s 

(with weights equal to the sample size of the categories; Rosenthal 1991).14 Several 

insights emerge.  

 First, in each channel and category, feature ads have the expected positive 

effect on store category purchases; price has the anticipated negative sign – 

indicating that (featured) deeper price discounts, indeed, increase the consumers’ 

propensity of buying the category at the store. Second, on the whole, price cuts more 

strongly affect category purchases at the store for supermarkets than drugstore 

chains (meta-analytic Z of the difference = -57.525; p < 0.01). Specifically, considering 

the effect sizes by channel, we find price discounts to have a stronger impact at 

supermarkets than drugstores in five out of six categories, as well as overall. For 

supermarkets, the price elasticities range from a low -2.091 (deodorant) to highs of -

0.475 (hair gel) and -0.725 (body wash), compared to -0.531 (deodorant), -0.712 (hair 

gel), and -0.347 (body wash) in the drug channel. This finding is in line with the  

                                                 
13 Specifically, the confidence intervals can be obtained by taking (100) draws from the variance-

covariance matrix of the parameter estimates. The elasticities are computed for each set of draws of 

the parameter estimates, to obtain the empirical elasticity-distributions. 
14 Other recent marketing applications include Ailawadi et al. (2010), Geyskens et al. (2010), Ter Braak 

et al. (2014), and Van Heerde et al. (2013), among others. 
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Table 4.3: Estimated own elasticities for price and feature advertising 

Chain 
BODY WASH  COUGH SWEETS  DEODORANT  HAIR GEL 

Price Feature  Price Feature  Price Feature  Price Feature 

SUPERMARKETS 

AH -0.486*** 0.215***  -0.528*** 0.006***  -1.553*** 0.205***  -0.375*** 0.108*** 

C1000 -0.731*** 0.176***  -0.917*** 0.018***  -2.11*** 0.094***  -0.466*** 0.06*** 

Plus -0.957*** 0.110***  -0.977*** 0.003***  -2.609*** 0.107***  -0.583*** 0.047*** 

 -0.725*** 0.167***  -0.807*** 0.009***  -2.091*** 0.135***  -0.475*** 0.072*** 

DRUG CHAINS 

Etos -0.387*** 0.101***  0.218*** 0.010***  -0.554*** 0.094***  -0.862*** 0.029*** 

Kruidvat -0.308*** 0.130***  0.260*** 0.066***  -0.508*** 0.136***  -0.563*** 0.041*** 

 -0.347*** 0.116***  0.239*** 0.038***  -0.531*** 0.115***  -0.712*** 0.035*** 

            

Chain 
SHAMPOO  TOOTHPASTE  WEIGHTED MEAN  META-ANALYTIC Z 

Price Feature  Price Feature  Price Feature  Price Feature 

SUPERMARKETS 

AH -1.118*** 0.192***  -1.211*** 0.045***  -0.874 0.115  -93.080*** 140.251*** 

C1000 -1.572*** 0.144***  -1.622*** 0.088***  -1.234 0.093  -89.201*** 138.095*** 

Plus -1.827*** 0.134***  -1.855*** 0.079***  -1.468 0.071  -88.268*** 135.173*** 

 -1.505*** 0.157***  -1.563*** 0.07***  -1.193 0.095  -89.872*** 138.743*** 

DRUG CHAINS 

Etos -0.215*** 0.178***  -0.47*** 0.109***  -0.381 0.079  -38.994*** 75.060*** 

Kruidvat -0.139*** 0.197***  -0.392*** 0.124***  -0.283 0.115  -46.077*** 77.620*** 

 -0.177*** 0.187***  -0.431*** 0.116***  -0.333 0.099  -41.927*** 76.027*** 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 100 draws 

from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at the average 

of the explanatory variables. 

 

notion that shoppers for personal care and health-related categories at supermarkets 

tend to be more price-oriented (except for the hair gel category), and that in-store 

price cuts at supermarkets are more noticed, and more readily amenable to ‘indirect’ 

store switching. 

 Second, as for feature advertising, the picture is slightly more mixed. Table 4.3 

indicates that feature ad elasticities for supermarkets exceed those of drugstores for 

three out of six categories, with values ranging from 0.009 (cough sweets) to 0.072 
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(hair gel) and 0.157 (shampoo) for supermarkets; and from 0.038 (cough sweets) to 

0.035 (hair gel) and 0.187 (shampoo) for drugstores. Overall, feature advertising is 

somewhat more effective at lifting drugstore category purchases overall (meta-

analytic Z of the difference = -10.923; p < 0.01). Yet, the difference is less systematic 

and pronounced than it is for price discounts. This, again, makes intuitive sense: 

feature ads also alerting consumers who would not have visited the drug chain to the 

fact that there is a category promotion going on. 

Patterns of Within- and Cross-Channel Promotion Shifts.   

 So far, we looked at the own elasticities for a given chain and across channels. 

Yet, where does the increase in category purchase propensity come from? The 

nesting parameters, which govern the degree of switching across and within 

channels, shed light on this issue. Table 4.4, Panel A, lists the estimates of these 

parameters, by channel, for each category and overall. In all categories, the nesting 

parameter of the supermarket nest is significantly lower than one, both overall (0.598, 

p < .01) and in specific categories (lowest value: 0.506 (body wash), highest: 0.646 

(deodorant)). This is as expected: it indicates that (promotional) gains at one 

supermarket are primarily at the expense of other supermarkets. For drugstores, the 

pattern is quite different: the nesting parameter is not significantly different from one 

overall (1.048, meta-analytic Z = 0.304, p = .38) and not significant or higher than one 

in most of the separate categories, with the exception of shampoo (0.613, p < .01) and 

body wash (0.711, p < .01), but significantly higher than for supermarkets overall 

(meta-analytic Z of the difference = 9.455; p < 0.01; s.e. of the difference obtained 

using the well-known delta method).15 This is in line with our proposition that intra- 

                                                 
15 Even though the nesting parameter is somewhat higher than 1 in some instances, other researchers 

have found similar and much higher values (see, e.g., Train et al. 1989 who report a nesting parameter 

of 1.2 and Train et al. 1987 who find a value of 4.2). 
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Table 4.4: Estimated nesting parameters 

Channel Symbol 
BODY WASH COUGH SWEETS DEODORANT HAIR GEL 

Estimate Estimate Estimate Estimate 

SUPERMARKETS              0.506***,a 0.639***,a 0.646***,a 0.608***,a 

DRUG CHAINS       0.711***,b 1.709***,b 1.185**,b 0.978b 

     

Channel  Symbol 
SHAMPOO TOOTHPASTE WEIGHTED MEAN META-ANALYSIS 

Estimate Estimate Estimate Z 

SUPERMARKETS              0.605***,a 0.586***,a 0.598 -23.253***,a 

DRUG CHAINS       0.613***,a 1.189**,b 1.048 0.276,b 

Note: In both panels: *** significant from 1 at < .01, ** significant from 1 at < .05, * significant from 1 at < .10 (two-sided). Weights for the 

weighted mean are the inverse of the standard errors, normalized to one. Within a category, nesting parameters with different 

superscripts are significantly different at p < .10.  

 

format competition is not predominant in the drug channel: drugstore chains 

generating proportional switching from other drugstores as well as supermarkets. 

 Next, to further illustrate the implied within- and cross-channel shifts, Table 

4.5, Panel A, reports the own- and cross-price elasticities for the body wash category. 

Table 4.5, Panel B, reports the feature ad elasticities for the same category (similar 

results for other categories are provided in Appendix 4.B). The tables clearly bring 

the asymmetries to the fore. Price cuts and feature ads at a supermarket chain 

(column) exert stronger cross-effects on competing supermarkets than on drugstore 

rivals (rows). For instance, a 1% price cut by Albert Heijn leads to a ±0.37% purchase 

incidence loss at other supermarkets, compared to only a ±0.14% loss at drugstore 

chains. In contrast, price promotions at drug chains trigger switching away from 

drug chains, but also from supermarkets. For example, a 1% price cut at Etos leads to 

a 0.05% purchase incidence loss at other drug chains and a 0.03% purchase incidence 

loss at supermarkets.  
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Table 5: Estimated own-/cross-price elasticities (body wash) 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -0.486*** 0.175*** 0.082***  0.034*** 0.089*** 

C1000 0.361*** -0.731*** 0.081***  0.033*** 0.076*** 

Plus 0.387*** 0.171*** -0.957***  0.032*** 0.076*** 

DRUG CHAINS       

Etos 0.139*** 0.070*** 0.030***  -0.387*** 0.111*** 

Kruidvat 0.138*** 0.069*** 0.031***  0.046*** -0.308*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables. 

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.215*** -0.043*** -0.01***  -0.009*** -0.094*** 

C1000 -0.173*** 0.176*** -0.01***  -0.011*** -0.102*** 

Plus -0.183*** -0.044*** 0.110***  -0.010*** -0.091*** 

DRUG CHAINS       

Etos -0.064*** -0.016*** -0.004***  0.101*** -0.143*** 

Kruidvat -0.064*** -0.016*** -0.004***  -0.021*** 0.130*** 

 

 To visualize the competitive patterns induced by price cuts and feature ads, 

Figure 1 shows competitive clout and vulnerability measures based on the estimated 

cross-elasticities for the body wash category (as in Kamakura and Russell 1989), by 

channel (Appendix 4.C shows similar results for other categories). The figure shows 

that, in general, the competitive clout of supermarkets is bigger than that of 

drugstores. Moreover, the figure again reveals the asymmetries. It shows that 

supermarkets take more share away from other supermarkets than from drugstores  
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Figure 4.1: Competitive clout and vulnerability per channel (body wash) 

 

  

A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 
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(same-channel clout being bigger than other-channel clout), and that supermarkets 

are more vulnerable to same-channel competitors than to other-channel competitors. 

For drugstore chains, the figure shows no substantial differences between same-

channel and other-channel clout and vulnerability: drugstores taking away share 

from both supermarkets and other drugstores, and being about equally vulnerable to 

supermarket and drugstore promotions. 

4.5 Discussion 

 Channel blurring is on the rise, with non-negligible category overlap between 

drug chains and supermarkets. For this reason, drug and supermarket chains alike 

use promotions to gain territory on this area of ‘common ground’. In this paper, we 

closely examine and compare the within- and cross-channel category-sales effects 

from feature ads and price cuts, in categories where the channel assortments overlap. 

To the best of our knowledge, we are the first to address these questions, using 

individual-level purchase data in local markets with a multiple-chain setting, and 

generalizing across different category replications. Our main findings are as follows. 

 Price cuts are more effective at lifting category sales for supermarkets than 

drugstores, while feature advertising is equally effective for supermarkets and 

drugstores. On average, we find that for the categories under study, in which the 

channels’ assortments overlap, supermarket price-cut elasticities are about 3.5 times 

as high as those for the drug channel. So, when the focus is on the sales bump as 

such, price cuts constitute a more powerful instrument for supermarkets. 

 Zooming in on the sources of the category sales gains, we find that channel 

competition in these overlapping categories is highly asymmetric. For supermarkets, 

intra-channel competition is dominant, and (percentage) category sales gains 

primarily come at the expense of other supermarkets. The situation is quite different 
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for the drugstore channel, the promotions of which haul in sales from same-channel 

and other-channel stores alike. A similar pattern holds when it comes to 

susceptibility to other players’ promotions: supermarkets being relatively more 

vulnerable to supermarket promotions than to drugstore promotions, but drugstores 

suffering equally from competitive promotions in either channel. 

 What do these results imply for retail managers in the supermarket and drug 

channel? For one, compared to drugstores, supermarkets can expect far larger 

(immediate) relative sales gains from engaging in price cuts and feature advertising. 

However, whether this makes the promotions a good weapon-of-choice depends on 

the battle they wish to fight. In all, it seems that supermarkets ‘bear the brunt’ of 

fellow-channel rivals’ promotions. So, in the end, advertised price cuts may turn out 

to intensify within-channel competition and enhance the promotion trap, rather than 

make supermarkets successful at cutting into drug chain sales.  Drugstores, in 

contrast, gain less from these promotions overall, but find them to be a more 

‘targeted’ instrument in the fight against the supermarket channel.  

 This does not mean, though, that drugstores are not affected by supermarket 

promotions. Clearly, the absolute extent of the damage depends on the base market 

share of the chain that is under ‘attack’. For instance, a 10% price cut in the body 

wash category by Albert Heijn, would imply a 0.3 percentage point share loss for 

Kruidvat, a high-share drugstore chain, but only a 0.1 percentage point share loss for 

Plus, a low-share supermarket chain. Nonetheless, on average, drugstore chains are 

(far) less hurt than other supermarket chains. 

 For retailers that own both types of chains, our results suggest that some 

cannibalization may occur, primarily due to customers of supermarkets reallocating 

their purchases to the drugstore in case of promotions. Comparing again the absolute 
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difference in share from an increase in price cuts/feature advertising, we find that 

Etos attracts quite some customers from Albert Heijn (both chains owned by Ahold) 

(although we find the net effect to be positive for Ahold). To avoid promotional 

cross-subsidizing, such retailers may find it good practice to position the 

supermarket chain as a lower-price alternative, attracting the deal-sensitive segment, 

and the drugstore chain as a chain that offers a deeper, more specialized, assortment, 

with less promotional activity. 

Limitations and Further Research 

 While our study provides interesting insights into promotion-induced 

competition between supermarkets and drugstores, it suffers from a number of 

limitations that open up interesting opportunities for future research. First, though 

we find that drugstore promotions generate substantial inter- and intra-channel 

competition (drugstores hauling in category sales from other drugstores and 

supermarkets alike), inter-channel competition may be (even) stronger for drugstores 

located in the immediate vicinity of a supermarket (e.g., in a shopping center). In 

such cases, an extra stop may not cost much effort (‘virtual’ one-stop shopping; Fox 

and Sethuraman 2010), and direct store switching may be larger. In an additional 

model, we tested for such an effect of inter-channel distance on store substitution, but 

found it to be only marginally significant overall. One reason may be that the 

behavioral loyalty variables and their household-specific coefficients already capture 

part of such a local-market configuration effect. Future research could further 

address this issue. Second, we studied competition between the supermarket and the 

drugstore channel, but did not consider mass merchandisers. Though mass 

merchandisers typically focus on everyday low prices and not on discounts, 

promotion effects in this channel may be similar to our findings for supermarket 



Chapter 4: Promotion-Induced Competition between Supermarkets and Drugstores 

161 
 

promotions. The reason is that, like at supermarkets, consumers already shop at mass 

merchandisers for groceries anyway, thus creating more opportunities for indirect 

store switching. Moreover, like supermarkets, mass merchandisers typically offer a 

limited selection of items in most drug categories, and drugstore customers therefore 

may not always be able to buy their favorite items in the mass merchandiser channel, 

thus limiting their ability to haul in sales from drugstore chains. Future research 

should test whether this is indeed the case. Third, given our focus on channel 

competition, we zoomed in on how promotions affected the allocation of observed 

category purchases, and did not consider category expansion effects. Though we do 

not expect this to be a major shortcoming for the categories on hand (for which 

overall sales can be assumed to be stable), future studies, involving other products, 

may wish to also document the (differential) ability of both channels to enhance 

category sales. Fourth, we focused on promotional gains and, especially, the sources 

of these gains, but did not consider the long-term effect of these promotions on 

category development (or chain-category loyalty) for the retailer. Though promotions 

may lift the considered categories’ sales on the short term, it is not clear whether this 

increase will persist in the long run (i.e. without promotions) because, as Dhar et al. 

(2001) show, this may vary per category. Fifth, because our interest was in category 

sales effects, our models offered only a stylized way of controlling for ‘other 

purchases’ at the stores. Future research may wish to document shifts in other-

category sales resulting from the promotion activities at different channels (also 

referred to as ‘halo effects’; Ailawadi et al. 2006; 2007) and, taking a cost-benefit 

approach, compare the costs for supermarkets of investing in these categories with 

the payoffs – including these halo effects. Relatedly, future studies could zoom in on 

how promotions affect the category role relative to other products in the channel, 
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using the CDI (category development index) as a core metric. Finally, we zoomed in 

on promotions in overlapping categories, but studied the promotion activities at the 

category level, without specific consideration for the items involved in the 

promotion. An interesting area for future study is how the brand type promoted 

(national brand or private label), or differences in the promoted brand’s line across 

the two channels, further moderate the impact of the promotions’ intra-channel and 

inter-channel effects. 
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Appendix 4.A Parameter Estimates 

Table 4.A1: Store intercepts and loyalty parameters 

  

BODY WASH COUGH SWEETS DEODORANT HAIR GEL 

Estimate Estimate Estimate Estimate 

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. 

Store intercepts 

  SUPERMARKETS 

  AH    
  0a - 0a - 0a - 0a - 

  C1000       
  -0.397*** 1.402*** -1.092*** 2.099*** -0.740*** 1.816*** -0.615*** 1.455*** 

  Plus      
  -1.305*** 1.613*** -1.791*** 2.254*** -1.733*** 2.053*** -1.448*** 1.340*** 

  DRUG CHAINS 

  Etos      
  -1.226*** 0.989*** -5.994*** 2.579*** -3.137*** 1.762*** -0.524*** 0.761*** 

  Kruidvat          
  -0.698** 0.582*** -2.900*** 1.885*** -1.751*** 1.542*** 0.490*** 1.174*** 

Loyalty measures 

  Category          
  0.630*** 0.554*** 0.793*** 0.887*** 0.654*** 0.563*** -0.438*** 0.785*** 

  Overall         
  -0.597*** 0.593*** -0.662*** 0.961*** -0.620*** 1.144*** 0.928*** 0.913*** 

          

  

SHAMPOO TOOTHPASTE META-ANALYSIS  

Estimate Estimate Z  

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev.  

Store intercepts 

  SUPERMARKETS 

  AH    
  0a - 0a - 0a -  

  C1000       
  -0.635*** 1.279*** -0.696*** 1.261*** -14.979*** 29.958***  

  Plus      
  -1.413*** 1.434*** -1.235*** 1.464*** -18.873*** 22.823***  

  DRUG CHAINS 

  Etos      
  -2.659*** 0.257** -3.139*** 1.364*** -13.349*** 17.983***  

  Kruidvat          
  -2.337*** 0.775*** -2.177*** 1.577*** -8.113*** 24.880***  

Loyalty measures 

  Category          
  0.632*** 0.672*** -0.349*** 0.821*** 28.605*** 21.397***  

  Overall         
  -0.590*** 0.811*** 0.910*** 0.907*** -17.159*** 20.056***  

a Fixed to 0 for identification purposes. 

Note: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 
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Table 4.A2: Parameters of price and feature advertising measures and control 

variables 

A: Supermarkets 

  

BODY WASH COUGH SWEETS DEODORANT HAIR GEL 

Estimate Estimate Estimate Estimate 

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. 

Price and feature advertising measures 

  Price            
  -0.445*** 0.377*** -1.500* 1.061*** -1.564*** 0.796*** -0.378* 0.745*** 

  Promo            
  0.218*** 0.026 0.281*** 0.242 0.196*** 0.096** 0.225*** 0.183*** 

Control variables 

  Distance               
  -2.835*** 1.112*** -2.901*** 0.496*** -2.908*** 0.961*** -2.401*** 1.192*** 

  Floor size                 
  0.376*** 0.970*** 0.187* 0.880*** 0.292*** 0.268*** 0.213** 0.407*** 

          

  

SHAMPOO TOOTHPASTE META-ANALYSIS  

Estimate Estimate Z  

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev.  

Price and feature advertising measures 

  Price            
  -1.181*** 1.277*** -1.358*** 0.960*** -10.402*** 24.069***  

  Promo            
  0.215*** 0.147*** 0.194*** 0.078 15.294*** 4.734***  

Control variables 

  Distance               
  -2.840*** 0.920*** -2.226*** 0.063 -33.985*** 17.724***  

  Floor size                 
  0.355*** 0.536*** 0.126 0.657*** 6.631*** 18.921***  

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). 
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B: Drug chains 

  

BODY WASH COUGH SWEETS DEODORANT HAIR GEL 

Estimate Estimate Estimate Estimate 

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev. 

Price and feature advertising measures 

  Price            
  -0.300** 0.834*** 0.589 0.462** -0.632*** 0.981*** -0.641*** 0.552*** 

  Promo            
  0.066** 0.147*** 0.264*** 0.089 0.078*** 0.054** 0.027 0.073* 

Control variables 

  Distance               
  -1.872*** 1.291*** -2.853*** 0.402*** -2.124*** 0.715*** -1.614*** 0.382*** 

  Floor size                 
  0.324*** 0.400*** -0.364*** 1.370*** 0.216** 0.233*** 0.019 0.515*** 

          

  

SHAMPOO TOOTHPASTE META-ANALYSIS  

Estimate Estimate Z  

Pop. mean Std. dev. Pop. mean Std. dev. Pop. mean Std. dev.  

Price and feature advertising measures 

  Price            
  -0.177 0.267*** -0.547* 0.349*** -4.006*** 14.970***  

  Promo            
  0.102*** 0.015 0.106*** 0.030 7.841*** 4.637***  

Control variables 

  Distance               
  -1.564*** 0.701*** -1.696*** 0.795*** -27.852*** 18.393***  

  Floor size                 
  0.149* 0.168* 0.106*** 0.235** 4.148*** 10.760***  
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Appendix 4.B Estimated Own-/Cross-Elasticities 

Table 4.A3: Cough sweets 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -0.528*** 0.211*** 0.146***  -0.011*** -0.071*** 

C1000 0.563*** -0.917*** 0.148***  -0.011*** -0.070*** 

Plus 0.582*** 0.225*** -0.977***  -0.010*** -0.066*** 

DRUG CHAINS       

Etos 0.388*** 0.160*** 0.103***  0.218*** 0.018*** 

Kruidvat 0.372*** 0.157*** 0.099***  0.006*** 0.260*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables.  

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.006*** -0.004*** -0.000***  -0.000*** -0.016*** 

C1000 -0.006*** 0.018*** -0.000***  -0.000*** -0.016*** 

Plus -0.006*** -0.004*** 0.003***  -0.000*** -0.017*** 

DRUG CHAINS       

Etos -0.004*** -0.003*** -0.000***  0.010*** 0.006*** 

Kruidvat -0.004*** -0.003*** -0.000***  0.000*** 0.066*** 
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Table 4.A4: Deodorant 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -1.553*** 0.382*** 0.161***  0.068*** 0.290*** 

C1000 0.967*** -2.110*** 0.167***  0.061*** 0.247*** 

Plus 1.050*** 0.415*** -2.609***  0.059*** 0.253*** 

DRUG CHAINS       

Etos 0.516*** 0.226*** 0.100***  -0.554*** 0.107*** 

Kruidvat 0.492*** 0.219*** 0.096***  0.025*** -0.508*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables.  

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.205*** -0.017*** -0.008***  -0.014*** -0.099*** 

C1000 -0.145*** 0.094*** -0.008***  -0.015*** -0.100*** 

Plus -0.154*** -0.018*** 0.107***  -0.014*** -0.102*** 

DRUG CHAINS       

Etos -0.074*** -0.009*** -0.004***  0.094*** -0.079*** 

Kruidvat -0.073*** -0.009*** -0.004***  -0.011*** 0.136*** 
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Table 4.A5: Hair gel 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -0.375*** 0.052*** 0.02***  0.087*** 0.411*** 

C1000 0.109*** -0.466*** 0.022***  0.085*** 0.396*** 

Plus 0.166*** 0.076*** -0.583***  0.078*** 0.400*** 

DRUG CHAINS       

Etos 0.092*** 0.047*** 0.017***  -0.862*** 0.378*** 

Kruidvat 0.064*** 0.038*** 0.011***  0.088*** -0.563*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables.  

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.108*** -0.010*** -0.004***  -0.003*** -0.038*** 

C1000 -0.078*** 0.060*** -0.004***  -0.003*** -0.037*** 

Plus -0.082*** -0.011*** 0.047***  -0.003*** -0.041*** 

DRUG CHAINS       

Etos -0.037*** -0.005*** -0.002***  0.029*** -0.042*** 

Kruidvat -0.036*** -0.005*** -0.002***  -0.004*** 0.041*** 
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Table 4.A6: Shampoo 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -1.118*** 0.199*** 0.083***  0.015*** 0.061*** 

C1000 0.637*** -1.572*** 0.085***  0.016*** 0.061*** 

Plus 0.678*** 0.243*** -1.827***  0.014*** 0.063*** 

DRUG CHAINS       

Etos 0.379*** 0.163*** 0.064***  -0.215*** 0.122*** 

Kruidvat 0.331*** 0.145*** 0.059***  0.036*** -0.139*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables. 

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.192*** -0.029*** -0.011***  -0.013*** -0.095*** 

C1000 -0.165*** 0.144*** -0.010***  -0.014*** -0.097*** 

Plus -0.171*** -0.029*** 0.134***  -0.014*** -0.098*** 

DRUG CHAINS       

Etos -0.078*** -0.014*** -0.005***  0.178*** -0.218*** 

Kruidvat -0.077*** -0.014*** -0.005***  -0.033*** 0.197*** 
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Table 4.A7: Toothpaste 

A: Price 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH -1.211*** 0.337*** 0.189***  0.058*** 0.193*** 

C1000 0.804*** -1.622*** 0.191***  0.061*** 0.199*** 

Plus 0.841*** 0.359*** -1.855***  0.061*** 0.200*** 

DRUG CHAINS       

Etos 0.448*** 0.211*** 0.106***  -0.470*** 0.134*** 

Kruidvat 0.414*** 0.193*** 0.101***  0.036*** -0.392*** 

Note: In both panels: *** significant at < .01, ** significant at < .05, * significant at < .10 (two-sided). Standard errors are obtained by taking 

100 draws from the variance-covariance matrix of the parameter estimates (Krinsky and Robb 1986; 1990). Elasticities are computed at 

the average of the explanatory variables.  

Interpretation: Elasticities give the percentage change in row chain share corresponding to a 1% change in column chain price. 

B: Feature advertising 

Chain 
SUPERMARKETS 

 
DRUG CHAINS 

AH C1000 Plus Etos Kruidvat 

SUPERMARKETS       

AH 0.045*** -0.020*** -0.008***  -0.014*** -0.064*** 

C1000 -0.037*** 0.088*** -0.008***  -0.014*** -0.066*** 

Plus -0.038*** -0.021*** 0.079***  -0.015*** -0.068*** 

DRUG CHAINS       

Etos -0.017*** -0.010*** -0.004***  0.109*** -0.049*** 

Kruidvat -0.017*** -0.010*** -0.004***  -0.009*** 0.124*** 
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Appendix 4.C Competitive Clout and Vulnerability per Channel 

Figure 4.A1: Cough sweets 

 

  

A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 
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Figure 4.A2: Deodorant 

 

  

A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 
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Figure 4.A3: Hair gel 

  
A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 
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Figure 4.A4: Shampoo 

  
A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 
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Figure 4.A5: Toothpaste 

 

 

 

 

 

  

A: Price 

 

B: Feature advertising 

 

Note: Marker size is proportional to the estimated market share of the chain. 

Interpretation: Same-channel (other-channel) competitive clout gives the ability of a chain to take share away from same-channel (other-

channel) competitors. Same-channel (other-channel) vulnerability gives the vulnerability to same-channel (other-channel) competitors. 

 



Chapter 4: Promotion-Induced Competition between Supermarkets and Drugstores 

176 
 

 



 

177 
 

Chapter 5 

Conclusion 

 
 Faced with maturing markets and strong competition, retailers have expanded 

their business over the past few years along the market and product dimension: 

through store acquisitions and through business diversification and channel blurring. 

While there are many examples of these phenomena in practice, they received little 

attention in the academic literature. This dissertation aimed to contribute to filling 

this gap by studying how consumers revise their shopping patterns in response to 

these phenomena. The next section provides a summary of each essay, along with its 

main findings, followed by a discussion on the implications of these results. The last 

section discusses the limitations of the essays and directions for future research. 

5.1 Summary of Findings 

 This dissertation consists of three research-based chapters. In Chapter 2, we 

investigated consumers’ store choice in the face of a store acquisition and, more 

specifically, the role of store loyalty therein. Chapter 3 explored the dynamics of 

consumer disadoption of the old banner, and adoption of the new banner, during the 

roll-out of a new chain across geographical markets, after a large-scale acquisition. 

Chapter 4 focused on across- rather than within-channel competition: this chapter 

studied the own- and cross-promotion effects between the supermarket and 

drugstore channel, against the backdrop of increased channel blurring. In what 

follows, the main findings of each chapter are discussed. 
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Chapter 2 – “Shopper Loyalty to Whom? Chain Versus Outlet Loyalty in the Context 

of Store Acquisitions” 

 Chapter 2 posited that, in the context of store acquisitions, consumers may not 

only be loyal to the chain the store was affiliated to (and inclined to switch away 

from the new banner); they may also exhibit loyalty to the particular outlet, which 

enhances their stay rate after the takeover. In this chapter, we discussed the drivers 

of both forms of loyalty, and provided a framework to empirically test this 

framework. Our findings suggest that, after an acquisition, consumers indeed exhibit 

outlet loyalty, over and above their tendency to revisit the same chain. They also 

suggest that such outlet loyalty depends on the positioning tiers of the chains 

involved in the acquisition: outlet loyalty is higher if the store is converted to a more 

upscale positioning (than the previous chain), while it disappears if the store is 

acquired by a hard-discount chain. These effects were observed even after controlling 

for (consumer-specific) differences in intrinsic appeal between the store formats. 

Counterfactual simulations based on these results, show that taking over outlets with 

a loyal clientele in place can lead to higher store traffic than could be reached by 

opening a new outlet.  

Chapter 3 – “Hello Jumbo! The Spatio-Temporal Roll-Out and Consumer Adoption 

of a New Chain” 

 In Chapter 3, we zoomed in on the geographical roll-out of a new chain after a 

large-scale acquisition, and explored how this affects consumers’ store choice 

process. In our framework, we modeled how consumers revise their store 

perceptions about the old banner as it is discontinued and starts to disappear, and 

how consumers update their perceptions about the new banner through 

neighborhood effects (from previously converted outlets in neighboring markets) 
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and actual visits as it makes its way into the market. Focusing on the national roll-out 

of an EDLP player after its acquisition of a leading HiLo chain in the Netherlands, 

our findings suggest that (i) the order of outlet conversion is important, (ii) a long 

integration period jeopardizes the value offer and traffic of the old banner, (iii) 

neighborhood effects impact traffic to the new banner substantially, and (iv) the 

magnitude of these effects depends on local market characteristics – the 

neighborhood effects being stronger in high-competition markets, where the new 

banner needs to build a reputation first. 

Chapter 4 – “Shifting the Battle Ground: Channel Blurring and Promotion-Induced 

Competition for Category Sales between Supermarkets and Drugstores” 

 In the final essay, we studied promotion-induced competition for category 

sales between supermarkets and drugstore chains, for categories where the 

assortments of the two channels overlap. To this end, we compared the effect of price 

cuts and feature advertising on drug category sales, within and across channels. 

Using data from six categories carried by both supermarket and drug chains, the 

findings suggest that, for the categories under study, supermarkets gain more from 

price cuts and feature ads than drugstore chains. Concerning the cross-channel 

effects, we found that channel competition is highly asymmetric – relative sales gains 

from supermarket channel promotions primarily coming at the expense of other 

supermarkets rather than drug chains, but gains from drugstore promotions coming 

at the expense of both same-channel and other-channel stores. 

5.2 Implications and Recommendations 

 The results of the three essays that make up this dissertation have implications 

for retail managers and offer important guidelines.  
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Implications and Recommendations for Acquiring Retailers 

 Our findings in Chapter 2 and Chapter 3 offer guidance for retail managers 

seeking to expand their operations through store acquisitions. In Chapter 2, we 

showed that consumers are not only loyal to a chain, but also to an outlet. For 

acquiring retailers, this distinction is important: consumers that are loyal to a chain 

are likely to be lost after an acquisition, whereas outlet-loyal consumers can likely be 

retained. Simulations showed that such a loyal clientele can lead to important 

performance gains for the acquiring retailers: by acquiring an existing store, rather 

than opening up a new one, retailers can enjoy traffic gains of up to almost 10%. In 

mature markets, where retail sites are scarce and opening up new outlets typically 

difficult, taking over an existing store is, therefore, not only easier, it can also lead to 

substantial gains in store traffic. The simulations also showed in which cases such 

gains are most likely to occur: outlet loyalty being mostly beneficial (i) to more 

upscale chains (and not to hard-discount chains) and (ii) in settings where 

competitive intensity is low and no outlet of the acquired chain remains. For retailers 

that seek to grow their business through acquisitions, we therefore recommend to 

adapt their strategy to the specific situation: though in some markets retailers can 

rely on previous customers’ outlet loyalty, in high-competition local markets and 

settings where only a few outlets are divested and others remain open, retailers need 

to pay specific attention to retain previous customers, and should not simply take a 

loyal clientele for granted. Hard discounters do not benefit from such outlet loyalty 

when taking over stores from other chains, and grow mostly organically, as we also 

pointed out in Chapter 2. 

 In Chapter 3, we took a closer look at the roll-out of a new chain across 

(geographical) markets after a large-scale acquisition, and aimed to answer the 
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question “which stores to convert when?”. Our results already indicated that the 

sequence of conversion matters: shifting the timing and order of outlet conversion 

can lead to substantial shifts in traffic for the acquiring retailer. The results also 

corroborated the finding from an exploratory analysis in Chapter 2 that managing 

the acquired store prior to conversion is important. Whereas in Chapter 2 our 

estimates pointed to traffic disruptions before closure and our findings showed that 

taking control of the store can lead to traffic gains after reopening, Chapter 3 zoomed 

in on this aspect and showed that consumers’ value belief of the old store (already) 

drops as the integration period progresses (because of operational deficiencies), and 

that some consumers already seek a new outlet before store conversion. The results 

also showed that early conversions may be less successful as the new retailer has to 

build a reputation first, and that these effects depend on the competitive intensity of 

the markets involved. For retailers planning the roll-out of a new chain after an 

acquisition, our recommendations are therefore: (i) to take the speed of integration 

into account to prevent consumers from reneging prior to conversion and (ii) to build 

up a reputation first in markets where the new banner is yet unknown and where 

competitive intensity is high. Simulations showed that taking into account these 

recommendations can lead to substantial traffic gains, and that careful balancing 

these two factors leads to the largest gains. 

 Together, Chapter 2 and Chapter 3 provide important guidelines for acquiring 

retailers (or retailers planning an acquisition). The results of these chapters show 

that, though retailers can substantially grow their business through acquisitions, a 

careful strategy is necessary. First, as we pointed out before, retailers need to 

carefully manage the acquired stores before outlet conversion to prevent consumers 

from reneging, and to make sure the outlets’ (loyal) clientele is retained – or, as 
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pointed out in a report by Accenture (2009), “put their shoppers’ needs at the very 

heart of their acquisition strategies” (p. 12). Second, retailers need to take into 

account the differences across local markets. The results of Chapter 2 and Chapter 3 

show that the extent to which customers can be retained and (new) consumers can be 

attracted depends on the local market configuration, particularly the competitive 

intensity. In all, acquiring retailers need to carefully plan the refit program and the 

roll-out across markets, and should strike a balance between retaining the existing 

clientele and acquiring new customers. 

Implications and Recommendations for Supermarket and Drugstore Retailers 

 Chapter 4 focused on across- rather than within-channel competition, more 

specifically, channel blurring and promotion-induced competition between 

supermarket and drugstore chains. The results already indicated that supermarket 

chains gain more from price cuts and feature ads than drugstores. Yet, they also 

showed that though supermarkets can gain more from promotions, these promotions 

primarily eat into fellow-supermarket sales, rather than cross-channel sales. For 

drugstore chains, however, the opposite is found: though drugstores gain somewhat 

less from promotions than supermarkets do, they not only gain business from fellow-

channel stores, but also from supermarkets chains. Supermarkets, therefore, may find 

it harder to grow their business through promotions of non-traditional categories, 

while drugstore chains are still able to benefit from their position as a ‘specialty’ 

retailer. Hence, if supermarkets want to compete with drugstores for sales, they may 

need to rethink their positioning in their overlapping categories. 

 In sum, this dissertation shows retail chains that want to grow their business – 

either along the market dimension or along the product dimension – that, although 

they can sometimes rely on the loyalty of an existing clientele, a careful strategy is 
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needed. Moreover, it shows that the success of the operation depends to a large 

extent on the competitive intensity of the environment in which it operates. 

5.3 Limitations and Suggestions for Future Research 

 The three essays that make up this dissertation generated many insights, but 

are also subject to a number of limitations that set the stage for future research. First, 

in Chapter 2 and Chapter 3, in which we studied to what extent consumers revise 

their shopping strategies in the context of a store acquisition, we primarily focused 

on the acquiring retailer, but not on incumbent retailers. Though they were included 

in the analysis, we did not specifically consider how these retailers were affected and 

how they should respond. For instance, should they stress their similarities with the 

acquired chain, so as to haul in chain loyal customers when no outlet of the acquired 

chain remains available? Or: being more familiar, should they explicitly compare 

themselves with the new retailer rolling out its banner, to attract consumers that are 

unfamiliar with this new banner, and still hesitant to visit it? These are interesting 

questions for future research to address. 

 Second, as already pointed out in Chapter 2 and Chapter 3, we focused on 

acquisitions by local players, though there are many examples of acquisitions by 

foreign players. Interestingly, many of these acquisitions failed. For example, after 

failing to build a significant share, Carrefour sold its business in South-East Asia 

(Malaysia, Singapore, and Thailand) after just a few years (Planet Retail 2010). In 

these cases, old-banner customers might have been more reluctant to switch to the 

new banner – the foreign chain’s positioning being likely to completely differ from 

the old chain’s positioning – and may have abandoned the chain. Moreover, for 

foreign players, building a reputation may be somewhat more difficult, and 

consumers, therefore, may be more hesitant to try out the new chain. It would be 
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interesting to examine why these chains failed so as to provide retailers with advice 

in planning a takeover.  

 Third, the essays in this dissertation primarily focused on the supermarket 

industry, and the competition between supermarkets and drugstores. Chapter 4 

focused on (promotion-induced) competition between these two channels, as a result 

of increased channel blurring. Besides supermarket and drugstore retailers, other 

retailers (in different channels) also show increasing overlap in assortment and are 

also in fierce competition. For example, more and more supermarkets are selling fuel 

at discount prices at their larger sites, while petrol stores are increasingly promoting 

food items to attract consumers on “immediate trips” (small trips for purchasing 

drinks and snacks) (Planet Retail 2005b). Though we find that supermarkets only 

take away share from rival supermarket chains, it is unlikely that gas stations are not 

affected by supermarkets selling fuel at these low prices. Moreover, whether 

supermarkets are hurt by these convenience stores is questionable – immediate trips 

do not contribute much to sales and typically concern impulse items that might not 

have been purchased otherwise. Future research could explore (promotion-induced) 

competition between chains in different channels.  

 Fourth, in this dissertation we focused primarily on business growth along the 

market or product dimension: the acquisition of stores in new markets and product 

diversification in existing markets. Next to these two growth strategies, there are also 

examples of retailers selling new categories in other stores or in new markets (either 

by opening up new outlets or by acquisitions). In the United Kingdom, for example, 

Walmart-owned Asda rolled out its new format “Asda Living” in 2004, a trial non-

food store concept with a product line ranging from toys to garden furniture to 

health and beauty products (Planet Retail 2004a). In 2005, Tesco opened two stores 
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with a similar format, stocking a large range of non-food items similar to the 

assortment of their Extra stores (Planet Retail 2005c). The two store formats were, 

however, largely unsuccessful and it would be interesting to study why these 

formats failed. It seems that, though some consumers switch away from specialty 

stores to supermarkets, they do so primarily to benefit from one-stop shopping, and 

loyalty towards the chain does not (necessarily) hold for the chain’s other formats. 

Future research could investigate whether the latter is indeed the case. 

 Finally, in this dissertation we took the perspective of the retailer, and did not 

focus on how other stakeholders, such as suppliers, are affected. Though some 

suppliers are powerful, the fast-paced consolidation in the retail industry over the 

past decade gave retailers more power over suppliers. Nowadays, suppliers are 

dependent on a few large retail chains1, enabling retailers to negotiate (or even 

dictate) better terms from their suppliers. For example, Germany’s largest retailer 

Edeka asked its suppliers for a ‘wedding bonus’, after the integration of Plus into 

Edeka’s Netto banner (Planet Retail 2009a). Similarly, in the Netherlands, Albert 

Heijn unilaterally imposed a 2% discount on all its suppliers. They argued that, 

because of the acquisition of 78 C1000 outlets from Jumbo, suppliers can also grow 

their business and should make an appropriate contribution (Planet Retail 2012a). In 

both cases, this put increasing pressure on manufacturers, most of which were 

already supplying their products at razor-thin margins (being hurt by price wars 

among retailers; Van Heerde et al. 2008). This raises the question whether such 

growing power of retailers increases consumer welfare or whether it leads to a loss in 

                                                 
1 It is also argued that big-box retailing is dead and that smaller stores are growing in popularity. Most 

big-box retailers are responding to this trend, however, and also open smaller stores. Walmart, for 

example, is now focusing on its Express and Neighborhood Market format (Planet Retail 2011c). These 

retailers, therefore, are likely to remain dominant. 
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welfare. Even though retailers can demand lower purchasing prices and consumers 

may benefit from lower retail prices, in the long term, the pressure on suppliers may 

hurt innovation and force them to cut production costs threatening food safety 

(ingredient quality, safety regulations, amongst other things; see Consumers 

International 2012 for an excellent discussion). This is an interesting question for 

future research to address.  
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