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Behaviorally targeted location-based mobile marketing 
 

Abstract 

Marketers increasingly use behavioral targeting in location-based mobile marketing (LBMM). 

However, highly personalized marketing messages like this may backfire by eliciting 

consumer reactance. We suggest that LBMM efficacy depends on its potential to minimize 

consumer reactance, which can be achieved by effectively combining location targeting (in-

store vs. out-store), behavioral targeting (based on consumers’ product category involvement 

[PCI]), and the type of promotion offered (price vs. non-price promotion). Results of a field 

study, a virtual reality experiment, and two online experiments show that although in-store 

mobile ads are generally more effective in increasing sales than out-store mobile ads, this is 

only the case if consumers have low PCI with the advertised product category, because this 

decreases their reactance. To attract consumers to stores by out-store LBMM, we show that 

firms should offer price promotions to consumers with low PCI and non-price promotions to 

consumers with high PCI, because these combinations of location targeting, behavioral 

targeting, and type of promotion elicit the least reactance and therefore result in a higher 

probability to buy. 
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Introduction 

Imagine that Robin is walking down Oxford Street and receives a push notification on 

her cell phone exclaiming, “Hi Robin! You are near Starbucks on Oxford Street. Currently 

there is 50% off on your favorite drink: Vanilla Latte!” How might Robin react? This is one 

of many examples of location-based mobile marketing (LBMM) that consumers are being 

confronted with every day. The example above is based on an actual campaign by Starbucks 

(Econsultancy 2016), and it illustrates that brands can choose from among a multitude of 

targeting options when employing LBMM campaigns. For example, they can target 

consumers inside or outside a store, on the basis of their previous consumption behavior, or 

deliver specific promotions (e.g., price or non-price promotions) to specific consumer 

segments. Although mobile ad spending is said to have accounted for 68% of all digital ad 

spending in 2020 (eMarketer 2020), knowledge of how brands can use mobile technology to 

reach their customers effectively is limited and still evolving. According to some 

commentators, usage of location data is “one of the most misunderstood areas in marketing” 

(Czarny 2018), with marketers still struggling to harness it effectively (Forbes 2017). 

Responding to recent calls for more research on personalization in mobile marketing (Tong, 

Luo, and Xu 2020), this current paper aims to extend our understanding of LBMM by 

investigating how LBMM can be combined with behavioral targeting to increase its efficacy.  

LBMM is often delivered via push notifications by branded apps, such as those of 

Starbucks or H&M. Interestingly, these apps are often integrated with the company’s loyalty 

program, which allows marketers not only to observe consumers’ exact real-time location via 

GPS but also to know their previous consumption behavior. This type of hyper-context 

information empowers marketers to develop more personalized marketing strategies that 
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entail both location and behavioral targeting (Tong, Luo, and Xu 2020). Although 

personalization can have positive outcomes for marketers (Chung, Wedel, and Rust 2016), an 

increasing body of research shows that it also has a high potential to backfire if consumers 

perceive advertising to be too personalized (Bleier and Eisenbeiss 2015a; White et al. 2008). 

Narrowly targeted ads often result in consumers feeling that their freedom of choice is being 

threatened and, as a consequence, behave contrary to the intentions of a marketing message—

a process referred to as reactance (Fitzsimons and Lehmann 2004). Studies have increasingly 

called for further research on how brands should approach mobile marketing in ways that 

mitigate the negative effects of personalization while still providing consumers with added 

value (Grewal et al. 2016; Shankar et al. 2016). Given the damaging potential effects of 

reactance in highly targeted marketing communications (Tucker 2014), such as behaviorally 

targeted LBMM, it is crucial for marketers to understand how different elements of a 

personalization strategy (e.g., location, behavior, and type of promotion) can be combined in a 

way that is less likely to elicit high levels of consumer reactance.  

In the present research, we focus on how marketers should combine location targeting 

with behavioral targeting to generate successful LBMM campaigns that mitigate reactance in 

consumers. Specifically, we argue that the efficacy of mobile location targeting depends on 

consumers’ previous consumption behavior. One of the most used behavioral factors 

informing behavioral targeting and message personalization strategies is consumers’ product 

category involvement (PCI; Bleier and Eisenbeiss 2015a; Boerman, Kruikemeier and 

Zuiderveen Borgesius 2017). PCI is concerned with the personal relevance and importance of 

the product category to the needs and values of the consumer (Coulter et al. 2003; 

Zaichkowsky 1986). PCI is not merely an attitudinal construct: Petty and Cacioppo (1981), 
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for example, refer to involvement as the combination of motivation and ability, and Poeisz 

and Cees (1995) define involvement as “momentary mobilisation of behavioral resources for 

the achievement of a personally relevant goal.” A large body of marketing literature is 

dedicated to the important role of consumers’ involvement. Research shows that PCI 

significantly affects consumers’ behavioral and cognitive responses (cf., Coulter et al. 2003), 

such as attention, memory, satisfaction, opinion leadership, processing, search, brand 

commitment, and early adoption (for a review, see Laaksonen 1994). PCI can easily be 

derived from consumers’ previous browsing and/or shopping behavior. Deriving relevance for 

consumers based on their (or similar consumers’) consumption behavior finds broad 

application in marketing in domains such as automated recommender systems (Häubl and 

Murray 2003; Häubl and Trifts 2000; Hennig-Thurau, Marchand, and Marx 2012; Tsekouras 

et al. 2020), retargeting, and personalized advertising (Bleier and Eisenbeiss 2015b; 

Lambrecht and Tucker 2013; Tucker 2014). The majority of the LBMM literature focuses on 

consumers’ location (Fong et al. 2015; Li et al. 2017) or the effects of different types of 

message frames in LBMM (Ketelaar et al. 2018; Li et al. 2017). However, to the best of our 

knowledge, empirical evidence on the interplay between mobile location targeting and 

behavioral targeting is still scarce. Bringing together location and behavioral targeting allows 

us to shed more light on how consumers respond to mobile marketing messages. 

Broadly speaking, the two main streams of research in the LBMM literature are in-

store and out-store LBMM. In-store LBMM research (Bues et al. 2017; Ketelaar et al. 2018) 

mainly investigates the effects of mobile messages and different location factors on 

consumers who are already in the store. Out-store LBMM (Dubé et al. 2017; Fang et al. 2015) 

is mainly concerned with the question of how location targeting on mobile phones can 
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encourage consumers to visit a store. Importantly, because proximity to and presence in stores 

may indicate pre-existing interest, practitioners question whether LBMM leaves money on the 

table by targeting consumers who are already in the store and intend to purchase.1 This 

skepticism toward in-store LBMM is further fueled by the required investment in 

infrastructure (i.e., iBeacons) and much more effort required on the consumer side than for 

geofencing-based out-store LBMM; for in-store LBMM to work, consumers often need to 

install a company’s app and have Bluetooth enabled. This situation has led to some 

commentators arguing that the adoption of beacon technology and in-store LBMM falls short 

of expectations (VentureBeat 2018). A review of the literature indicates that these two 

LBMM approaches have been studied only in isolation. This does not allow us to answer 

when and how it is useful to employ in- or out-store LBMM. LBMM research on the effects 

of spatial proximity to an advertised product/service suggests that spatial proximity has a 

positive effect on conversion (Molitor et al. 2020). We extend this line of research by 

focusing on the contingencies of this effect. We demonstrate that, counterintuitively, in-store 

LBMM is often not more effective than out-store LBMM, and that its efficacy depends on 

consumers’ PCI.  

Moreover, the majority of LBMM research (Danaher et al. 2015; Dubé et al. 2017; 

Fang et al. 2015), as well as the industry, focuses on LBMM as a way to offer price 

promotions to consumers. A common assumption is that offering price promotions in the form 

of mobile coupons to customers near a store or product will result in higher redemption rates 

of the coupon. The efficacy of location-based mobile price promotions (via m-coupons) has 

mainly been investigated in comparison to no promotions (for an exception, see Molitor et al. 

 
1 We thank an anonymous reviewer for this suggestion. 
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2020). Price promotions are a relatively costly strategy, yet the comparison between the 

impact of ads offering discounts to consumers and ads that do not offer a discount via LBMM 

has not received much attention in the literature. This raises the question under which 

circumstances it is beneficial for brands to use LBMM to offer price discounts to consumers 

and under which circumstances discounts might be less effective. We show that price 

promotions have a direct effect on purchase behavior only for consumers with low PCI. For 

more highly involved consumers, brands can also benefit from non-price promotions (i.e., 

promotions that inform consumers about products or services without offering them a 

monetary discount). Thus, both types of promotions can have beneficial effects, but only if 

they are targeted at the appropriate consumer segment. Not needing to rely exclusively on 

price promotions is important for a healthy brand (Ailawadi et al. 2003).  

In this article, we follow the conceptual work of Grewal et al. (2016) and Hofacker et 

al. (2016) and suggest that the efficacy of LBMM depends on three important pillars: the 

location, the consumer, and the type of promotion offered. We aim to integrate these three 

pillars into a comprehensive consumer-centric framework of LBMM to provide marketers 

guidance on where, for whom, and which type of location-based mobile ads should be 

employed. Specifically, we focus on whether marketers should (1) approach consumers on 

their mobile devices depending on their PCI inside or outside the store, and (2) use a price or 

a non-price promotion. In addition, we investigate the role of consumers’ reactance as the 

underlying mechanism that mediates LBMM efficacy. We respond to calls for further 

scientific research on mobile marketing (Grewal et al. 2016; Shankar et al. 2016), on the role 

of customers in the evolving advertising landscape (Marketing Science Institute 2020–2022), 

and on behavioral targeting in mobile marketing (Tong, Luo, and Xu 2020) through four 

studies: a field quasi-experiment, using a mobile loyalty app and database of a major 

European fashion retailer; a virtual reality lab experiment; and two online experiments.  
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The remainder of this article is structured as follows. We first review the relevant 

background literature and formulate hypotheses. We then report a quasi-experimental proof-

of-concept field study followed by three experimental studies that formally test our 

hypotheses. We close with a discussion of the theoretical and managerial implications of our 

work.  

Background and hypotheses development 

Location, reactance, and PCI 

Companies have long used location-specific information in their advertisements, from 

roadside billboards (e.g., “Turn right to Starbucks”) to tailored online advertisements based on 

Internet Protocol addresses or Wi-Fi locations. The dynamic multimedia possibilities offered 

by mobile phones allow advertisers to adopt a more “geo-precise targeting” approach (van't 

Riet et al. 2016). In contrast with location-based (non-mobile) advertising, LBMM targets 

consumers (1) on the basis of their precise location based on GPS data, (2) individually on 

their personal mobile devices, and (3) in real time.2 These three factors result in greater 

advertising effectiveness (van Doorn and Hoekstra 2013; van't Riet et al. 2016) because they 

increase advertising relevance, attention, brand recall, and positive attitude toward the brand 

(Dahlén 2005). 

 Mobile marketing literature indicates that the context in which consumers are exposed 

to mobile ads greatly influences their behavior. As summarized in the literature review in 

Table 1, most research in this domain tends to focus on broader contextual characteristics that 

 
2 Online advertising (non-mobile) can also use location targeting in a rather rudimentary way. This is mostly 
based on IP address targeting, which allows brands to determine where consumers are approximately located. In 
terms of granularity, this type of targeting usually does not go further than targeting on the level of 
neighborhoods (more often cities or regions). What is different in LBMM is that consumers are being targeted 
based on their exact real-time location, based on GPS coordinates. Thus, while internet advertising could, for 
example, inform consumers that there is a new coffee shop somewhere in their district, LBMM could tell 
consumers that they are just few yards away from the next coffee shop (and potentially could navigate them to 
the store as well as offering them—based on their loyalty card data—a coupon for a product they like at the same 
time). 



 

 

 
 

9 

affect all consumers present in a given location at the same time. For example, Li et al. (2017) 

show that mobile ads received on sunny days are generally more effective than ads received 

on rainy days. Andrews et al. (2015) find that consumers traveling in crowded subway trains 

are considerably more likely to respond to mobile offers than consumers traveling in less 

crowded trains. In a similar vein, Ghose, Kwon, Lee, and Oh (2019) find that consumers 

targeted via mobile transportation apps on their daily commute are more likely to redeem 

mobile coupons than non-commuters. Another stream of mobile marketing research is 

devoted to more targeted location-based advertisements. This line of work highlights the 

important role of spatial proximity to a product or store in LBMM efficacy. For example, 

Fang et al. (2015) show that consumers targeted with location-based mobile promotions in a 

geofenced area in proximity to a store purchased more than those who received the same offer 

at another location or received no offer but were within the same area. Similarly, in a 

longitudinal study, Danaher et al. (2015) show that spatial proximity to a store increases 

consumers’ redemption rates of mobile coupons for that store. In addition, Bues et al. (2017) 

find that proximity to a product increases consumers’ intention to buy a product offered via 

mobile price promotions. The positive effects of spatial proximity in mobile marketing 

research are attributed to factors such as increased goal relevance (van't Riet et al. 2016), 

increased pleasure, arousal, and perceived value (Bues et al. 2017), and increased attention to 

the ad (Ketelaar et al. 2017).   

-- Table 1 about here -- 

The efficacy of LBMM has also been attributed to consumers’ close psychological 

distance to a target product or choice when they receive a location-based mobile ad (Luo et al. 

2014). Psychological distance is one of the core constructs of construal level theory 

(Liberman and Trope 2008; Trope and Liberman 2010) and refers to how far or close 

consumers perceive a target object or choice to be from themselves at that precise moment. 
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Consumers face a closer psychological distance when exposed to in-store rather than out-store 

LBMM. More specifically, for in-store LBMM, the advertised products are present at the 

moment of exposure (temporal) and close to the receiver, because the receiver is located in 

the store (spatial), which makes him or her more likely to buy the product (hypothetical). Luo 

et al. (2014) find that because of this close psychological distance, people form more concrete 

construals, which makes them more involved in the offer received via LBMM and therefore 

more likely to make a purchase. 

 In accordance with the closer psychological distance, in-store LBMM should be more 

effective than out-store LBMM (Luo et al., 2014). However, we argue that this positive effect 

is dependent on the level of consumers’ PCI with the advertised product, because ads targeted 

at lower PCI consumers in close spatial proximity to a product (i.e., in the store) might have 

less potential to evoke consumer reactance compared with ads targeted at higher PCI 

consumers. What is noteworthy about behaviorally targeted LBMM is that it extends the 

boundaries of personalization by targeting consumers with ads that are based on both their 

exact current location via GPS and their previous consumption behavior. Consumers may feel 

that their freedom of choice is threatened if they perceive ads to be too personalized (White et 

al. 2008). This perceived threat can result in a psychological state known as reactance 

(Fitzsimons and Lehmann 2004). Consumers differ in their propensity to experience reactance 

and how they react in response to it (Cherulnik and Citrin 1974). When consumers experience 

reactance, they are less likely to comply with marketing goals and often behave counter to the 

intention of the initial persuasion attempt to restore their freedom of choice (Brehm 1966; 

Brehm 1989; Bertini and Aydinli 2020). Employing behaviorally targeted LBMM campaigns 

might thus carry significant risk of eliciting reactance in consumers.  

Specifically, targeting high-PCI consumers on their mobiles with an ad while they are 

inside the store is a very narrow targeting strategy and carries the risk of alerting consumers to 
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why they have received this particular ad, i.e., based on their current location, at that 

particular moment in time, and congruent with their previous consumption behavior, which 

they may perceive as a threat to their freedom of choice (White et al. 2008). Thus, while in-

store LBMM can be more effective because of the closer psychological distance and concrete 

construals therein (Luo et al. 2014), this benefit might vanish if consumers perceive their 

freedom of choice to be limited by ads that are too personalized. In-store LBMM targeted at 

high-PCI consumers, therefore, should evoke more reactance and consequently lower sales 

than in-store LBMM targeted at low-PCI consumers. Thus: 

H1: In-store LBMM leads to a higher probability to buy an advertised product than out-store 

LBMM, but only for low-PCI consumers.  

H2: Consumers’ reactance mediates the effect proposed in H1. 

 

Attracting consumers to the store: The interplay between promotion type and PCI 

We theorize that in-store LBMM can be more effective than out-store LBMM, and it is thus 

important to consider how the efficacy of the latter can be increased. We argue that the 

interplay of behavioral targeting based on consumers’ PCI and the types of promotional 

messages sent to them determines the efficacy of out-store LBMM campaigns.    

Limited research has investigated the effects of message and promotion types of 

location-based mobile advertisements. Molitor et al. (2020) find that location-based mobile 

non-price out-store promotions are more effective in increasing coupon choice compared with 

price promotions. Bues et al. (2017) find price promotions to be more effective than non-price 

promotions in in-store LBMM. This suggests that there might be still undiscovered 

moderators at play that determine LBMM price promotion efficacy. In support of this idea, 

the literature indicates that location-based effects can interact with message framing in mobile 

ads. For example, Li et al. (2017) investigate the effects of weather-based mobile promotions 
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and show that compared with a neutrally framed ad, a prevention-framed ad can decrease the 

positive effect of sunshine and weaken the negative effect of rainfall. Furthermore, Ketelaar et 

al. (2018) demonstrate that framing LBMM price promotions more openly (i.e., providing less 

assistance to consumers in interpreting a persuasive message) can increase the positive effects 

of spatial proximity in in-store LBMM by decreasing negative effects of perceived 

intrusiveness of mobile ads. This initial evidence underscores the importance of investigating 

location, behavioral, and message effects together in mobile marketing.  

Persuasive messages, such as LBMM, can contain abstraction cues (Katz & Byrne 

2013). The concrete incentives that are part of price promotions are low-level abstraction 

cues, whereas more abstract non-price promotions that inform consumers about the existence 

of a product are high-level abstraction cues. Recent extensions of construal level theory (Katz 

and Byrne 2013) suggest that the congruency between psychological distance and message 

abstraction cues plays an important role in how consumers process persuasive messages. 

According to construal level theory (Liberman and Trope 2008), people process LBMM in a 

more detail-oriented and concrete manner than non-location-based ads because of a closer 

psychological distance (spatial and hypothetical). This means that LBMM price promotions 

can generally be regarded as cue-congruent, whereas LBMM non-price promotions are cue-

incongruent (Katz and Byrne 2013). Indeed, empirical studies have shown that in situations of 

low-level construals, consumers process messages containing concrete appeals more fluently 

(Fujita et al. 2008; Kim et al. 2008). We therefore predict a positive main effect of LBMM 

price (vs. non-price) promotions: 

H3: Out-store LBMM campaigns using price promotions lead to a higher probability to buy 

an advertised product than non-price promotions. 
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However, we argue that this effect is dependent on consumers’ PCI. Specifically, price 

promotions are more concrete incentives to buy than non-price promotions. Delivering a price 

promotion for a product to a consumer who is already highly involved with the product 

category is thus a narrower and more personalized way of targeting than merely informing 

these consumers about the existence of the product or offering the same discount to lower 

involved consumers. Consumers with high PCI might therefore perceive out-store LBMM 

price promotions as too personal and hence as limiting their perceived freedom of choice. The 

positive effects of cue congruency on the efficacy of LBMM out-store price promotions might 

therefore be diminished by an increase in reactance for these consumers (White et al. 2008). 

Following this logic, consumers with high PCI should be more responsive to non-price 

promotions because these are less concrete incentives and are therefore less likely to be 

perceived as limiting one’s sense of freedom of choice.  

Contrary to high PCI consumers, consumers with low PCI might be particularly 

responsive to out-store LBMM price promotions. Low PCI consumers might be less likely to 

perceive the price promotion as limiting their freedom of choice; because of their low PCI, for 

these consumers a price promotion is a less personalized offer than it is for high PCI 

consumers. Low PCI consumers should therefore experience lower levels of reactance to price 

promotions than high PCI consumers. Furthermore, following the reasoning underlying 

Hypothesis 3, for these consumers the reduction in price might further reduce their 

hypothetical psychological distance, which might be necessary to convince them to enter the 

store and make a purchase. For these consumers, however, non-price promotions might 

increase reactance and therefore decrease probability of buying the advertised product, 

because the benefits of a close hypothetical psychological distance as well as increased 

fluency of concrete message appeals cease to apply (Fujita et al. 2008; Katz and Byrne 2013; 

Kim et al. 2008). Thus: 
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H4: Consumers’ product category involvement moderates the effect predicted in H3: price 

(non-price) out-store LBMM promotions increase consumers’ probability to buy an 

advertised product if they have low (high) PCI. 

H5: Consumers’ reactance mediates the effect proposed in H4. 

 

Overview of studies 

We conducted a proof-of-concept field study, a virtual reality lab experiment, and two online 

experiments (see Table 2). Using a field quasi-experiment, our proof-of-concept study 

examines how consumers’ probability to buy the advertised product category differs between 

consumers who have been exposed to in-store LBMM compared with consumers who have 

been exposed to out-store LBMM and whether these differences depend on consumers’ PCI 

with the advertised product. Study 1 formally tests Hypothesis 1 and replicates the findings of 

the proof-of-concept study in a virtual reality lab experiment and further tests whether 

consumers’ perceived reactance mediates the effect of LBMM location and PCI on 

consumers’ probability to buy (H2). Study 2, an online experiment, replicates the findings of 

the previous studies. It further introduces additional measures to demonstrate the robustness 

of our effects. Study 3, also an online experiment, investigates the effects of price (vs. non-

price) promotions in out-store LBMM on consumers’ probability to buy the advertised 

product (H3). It also examines the moderating role of consumers’ PCI in this context (H4). It 

further investigates whether consumer reactance mediates the effect of the type of promotion 

offered and PCI and probability to buy (H5). Fig. 1 depicts our conceptual framework. 

---- Table 2 and Figure 1 about here---- 

 

Proof-of-concept study  
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Before formally testing our hypotheses, this study explores the interplay between location 

targeting and behavioral targeting in the field. Specifically, we use this preliminary study to 

demonstrate that consumers’ PCI moderates the effects of the location at which consumers are 

targeted on their probability to buy the advertised product. 

Data, design, and participants 

Using the mobile application of a major European fashion retailer, we conducted a quasi-

experimental field study with a single factor (location: out-store vs. in-store) between-subjects 

design. The mobile application (available for Android and iOS devices) includes the retailer’s 

loyalty program, e-commerce platform, and a push message function. This allowed us to send 

ads to actual consumers and to track their current and previous purchases and their location. It 

is important to note that this retailer carries only one (their own) brand. We targeted 

consumers who had installed the retailer’s app and linked it with the retailer’s loyalty 

program. In total, 3,384 unique loyalty program card holders were part of this field study. Of 

these card holders, 3,311 received the advertisement outside the store and 73 received the 

advertisement inside the store. The brand’s privacy policy prohibited us from connecting the 

data with participants’ demographics.  

Procedure 

We used geofencing to target consumers outside the store and iBeacons to target consumers 

inside the store. Geofencing is a virtual delimitation of a geographic area defined through 

Global Positioning and Wi-Fi-based Positioning Systems (Parise et al. 2016). For our study, 

we set a geofenced area with a radius of 100 meters around every store. This radius is 

typically used by the retailer and is in line with developer recommendations (Google 

Developers 2020). Consumers received a message when entering and staying in the geofenced 

area for longer than two minutes in order to avoid sending the message to users who were 
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only passing the store by car or bike; even when passing multiple stores, consumers received 

the ad only once.  

All of this retailer’s stores are equipped with iBeacon sensors. These sensors are 

“devices equipped with Bluetooth technology to transmit data with other mobile devices and 

beacon sensors within a close proximity” (Parise et al. 2016, p. 417). If consumers stayed 

within the range of the beacon for more than two minutes, they received the ad as a push 

notification on their mobile home screens; this was possible only if participants had activated 

Bluetooth. Again, even when visiting multiple stores, consumers received the advertisement 

only once. We required location services to be activated to receive the ads in both conditions.  

Because the retailer’s application programming interface (API) did not allow us to 

implement proper randomization, we collected the data for both conditions in two separate 

consecutive weeks, from November 21, 2016 to December 2, 2016. In the first week, we ran 

the out-store ads via geofencing and ran the in-store ads via iBeacons in the second week. 

Targeting was set from Monday to Friday during the stores’ opening hours. We ensured that 

consumers who received the ad in the first week did not receive it in the second week. 

Stimulus material 

Consumers in both conditions received the same on-screen push notification: “Baby it’s cold 

outside! Get 30% discount for 3 (name of items) and 20% discount for 2.” The content of this 

ad was based on the retailer’s actual advertising strategy, aligned with its general marketing 

communication style. On-screen push notifications were text only. 

Measurements 

PCI Because price is one of the most used indicators for involvement in the marketing 

literature (Rothschild 1979; Laurent and Kapferer 1985; Hochstein et al. 2019), we 

operationalize product category involvement as the average price spent per item by a 
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consumer for the advertised product category, computed by the total amount spent the year 

before, divided by number of items bought over the same time period (M = 15.49, SD = 8.84). 

 

Probability to buy the advertised product category We measure Probability to buy the 

advertised product as a dichotomous variable that assumes the value of 1 when consumers 

purchased the advertised product category, and 0 otherwise.  

 

Control variables We control for location characteristics, such as the average income (in 

thousands) of consumers in the zip code area of the store (M = 27.16, SD = 1.69), given that 

stores from wealthier areas may have a higher level of sales. We also include rainfall (in mm) 

(M = 2.11, SD = .26) to account for weather effects (Li et al. 2017). Finally, to account for 

differences in disposable income over time, we count the number of days until the end of the 

month (M = 7.89, SD = 2.54). For more descriptive statistics, see Table 3. 

 ---- Table 3 about here---- 

Method 

To assess whether PCI plays a moderating role on the impact of LBMM on probability to buy, 

we ran a probit model. We recognize that customers already inside the store may be in a 

different state of mind than customers in the shopping district in proximity to the store. To 

decrease the bias, we use a propensity score matching approach to balance the samples and 

make the conditions as comparable as possible, accounting for the endogenous presence of the 

customers inside the store (Pearl 2009). Web Appendix 1 and 2 report more details on the 

propensity score matching. The matched sample is based on 73 customers per condition. In 

the new out-store sample, 11 customers purchased the advertised product category (vs 14 in 

the in-store condition). On the new sample of matched customers (N = 146), we use a probit 

model to explain the probability to buy the advertised product category, using 
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heteroskedasticity-consistent standard errors, and a log-transformation for the continuous 

variables that are not normally distributed.  

Results  

We report our results in Table 4 and Figure 2. The results show that the purchase probability 

is higher for in-store ads (by means of iBeacons) than out-store ads (by means of geofencing) 

(b = 4.53, p > .01). We find that this relationship is moderated by PCI (b = -1.78, p > .01):3 

when consumers are not highly involved with the advertised product category, consumers 

who are exposed to an in-store ad are more likely to purchase the advertised product category 

compared with consumers who are exposed to an out-store ad. Furthermore, consumers who 

are highly involved with the advertised product category are more likely to purchase the 

advertised product category if exposed to an out-store ad compared with those exposed to an 

in-store ad (contrast for ln PCI at 10th percentile: b = 0.47, SE = .15, 95% confidence interval 

(CI) [.17, .78]; 25th percentile: b = 0.22, SE = 0.07, 95% CI [–0.11, 0.16]; 50th percentile: b = 

–0.10, SE = 0.06, 95% CI [–0.22, 0.01]; 75th percentile: b = –0.20, SE = 0.06, 95% CI [–0.32, 

–0.07]; 90th percentile: b = –0.26, SE = 0.07, 95% CI [–0.39, –0.11]). Finally, we find that 

the probability to buy the advertised product category is higher at the beginning of the month, 

when consumers have a higher disposable income after receiving their salaries (b = –0.08, p < 

.001). Figure 2 reports the marginal effects that can be used to provide a descriptive 

interpretation of our results. 

 
3 As the sign and significance level of the interaction in a non-linear model may be different for different 
observations, we follow Norton, Wang and Ai (2004) and Ai and Norton (2003) and we identify for how many 
observations the interaction is negative and significant. We observe that for all observations the interaction is 
negative (min = -.69, max = -.02), and significant in 79% of the cases (z value: min = -8.44, max = -.80; the 
interaction is significant for 116 observations out of 146). The not significant interaction effects come from 
observations associated with a low purchase probability: 67% of the not significant observations are linked to a 
purchase probability lower than .05 (20 observations out of 30), 17% (5 observations) to a purchase probability 
between .10 and .20, and the remaining 16% (5 observations) are linked to a purchase probability between .20 
and .40. Furthermore, in line with Li et al. (2017, p. 768), we focus on the marginal effects to interpret the 
results.  
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---Table 4 and Figure 2 about here --- 

Robustness checks The moderating effect of PCI is also supported after excluding contextual 

variables from the analyses by using alternative operationalizations of PCI (e.g., average 

spend on the advertised product category, purchase frequency of the advertised product 

category). Our findings are also robust if running the model on the full sample, either without 

the propensity score matching or with a propensity score weighting approach. This also 

applies if we use sales of the advertised product category instead of the probability to buy the 

advertised product category as a dependent variable (see Appendix Table A1). 

Discussion 

This proof-of-concept study provides preliminary evidence that in-store LBMM is more 

effective than out-store LBMM when consumers are less involved with the advertised product 

category. These findings offer first empirical preliminary support for our framework, because 

they show that the effects of the location at which consumers are targeted with LBMM is 

dependent on behavioral factors (i.e., their PCI). 

We acknowledge though that in this field quasi-experimental study several 

unobservable factors may bias our findings. For example, consumers who were targeted 

inside the store might be in a “shopping mindset,” but also more likely to already have made 

the decision to purchase than consumers targeted outside of the store. Moreover, the time lag 

between the two quasi-experimental conditions may further bias our findings, as well as the 

fact that in-store LBMM is based on another type of technology (iBeacons) than out-store 

LBMM (geofencing). The different technology implies that customers need to have activated 

their Bluetooth connection, and this may be more likely for customers more technologically 

oriented (e.g., who may have Bluetooth enabled to use headsets or connect to their car or 

watch). The fact that many customers may not have their Bluetooth connection enabled might 

be a key driver of the imbalance in our sample between the in-store and the out-store 
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condition. Hence, we conducted Study 1 to replicate the results of this proof-of-concept study 

in a controlled environment that allows us to formally test our hypotheses. 

 

Study 1 

Study 1 has three primary objectives. The first objective is to replicate the results of the proof-

of-concept study in a controlled environment (same time window, same technology) with a 

different product category (wine in a supermarket). The second objective is to test consumers’ 

reactance as the mechanism underlying the effects found in the proof-of-concept study. The 

third objective is to rule out the potential effects of a self-selection bias in the proof-of-

concept study.  

To account for this, in the current study, we gave all customers a shopping task in 

order to elicit a shopping mindset with the plan of purchasing something. We conducted a 

highly controllable virtual reality supermarket (VRSM) experiment. A VRSM offers 

participants an immersive and interactive experience while enabling us to measure both actual 

brand choice and process variables (for more detailed information about this technology, 

please see Web Appendix 5). In this experiment we manipulated the location at which 

consumers received LBMM (inside or outside of the store) and the focal measurements of this 

study are consumers’ PCI, consumer reactance, and whether they bought the advertised 

product.  

Participants and design 

Students of a western European university (N = 120; 61.7% female; Mage = 21.7 years) 

participated in the study in exchange for financial compensation (€15). Participants were 

randomly assigned to one of the two conditions of a single-factor between-subjects design 

(location: in-store vs. out-store), with probability to buy the advertised product as the 

dependent variable, PCI as the moderating variable, and reactance as the mediating variable.  
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Procedure 

Upon arrival at the laboratory, participants were informed about the research procedure. They 

were told that they would engage in a grocery shopping task in a VRSM. Participants were 

given written information on a scenario in which they were having dinner with friends and 

had to buy their share of the groceries. The groceries they needed to buy were spaghetti, pasta 

sauce, and red wine. A particular brand of wine was the target brand in this experiment. The 

budget for these groceries was set at €15 to increase the salience of the promotion offered in 

the upcoming advertisement. After signing a consent form, participants entered the virtual 

reality lab where the experiment leader provided instructions on how to navigate the VRSM 

and place products in the shopping basket. Participants were warned of potential dizziness or 

nausea and told that they could stop the experiment at any time. They then put on HTC Vive 

headsets and held two Vive controllers in their hands (for an illustration, see Appendix 1, Fig. 

A1.1). 

Participants sat in the passenger seat of a (virtual) car and were driven a short distance 

around the virtual town, with the virtual car trip ending in the parking lot of the supermarket. 

This activity helped the participants get used to the virtual environment without adding more 

difficulty through the requirement of additional controls, such as steering the car. The virtual 

supermarket was designed in such a way that participants could walk around the four-by-four 

meter space without accidentally bumping into real-life walls, while still being able to choose 

where they wanted to go. To go any further, participants needed to use their non-smartphone 

controller to be transported to a subsequent four-by-four-meter section of their choosing. In 

this way, participants were able to find the products on their grocery list. While shopping, 

participants could scan the desired product by pointing the smartphone at it and tapping the 

screen, thereby putting the product in their shopping basket and crossing it off their grocery 

list. When participants had put all the items they needed into their shopping basket, they could 
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walk up to the checkout counter. Here, the simulation ended, and participants’ product choice 

was registered. After they reached the cashier, the virtual reality screen went blank. Finally, 

participants filled out an electronic survey. The whole experiment took 30 to 45 minutes.  

Manipulations 

During the experiment, all participants received the same ad for the wine brand La Tulipe de 

la Garde Merlot on their smartphones, but in different locations. Participants in the in-store ad 

condition received the ad when they were in front of the wine aisle in the supermarket (for an 

illustration, see Appendix 1, Fig. A1.2), while those in the out-store ad condition received it in 

the car when they were on their way to the supermarket.  

Stimulus material 

We chose wine as a product because it is more of a high-involvement product than other 

products found in a supermarket; it is relatively expensive and can only be judged when 

consumed (Chang and Yen 2013). Furthermore, consumers usually decide to buy wine before 

entering the store, although they generally tend not to inform themselves about specific wines 

before setting out to make a purchase. Instead, they base their decisions on available brands 

and in-store stimuli (Chaney 2000). 

Because existing brands add to the realism of the VRSM, we decided to have three 

real brands appear on the shelves. We pretested these brands for familiarity and consumers’ 

brand attitude and found that they did not significantly differ in terms of these dimensions. 

The brands of wine chosen for the study were La Tulipe de la Garde Merlot (target brand), 

L’enclave Côtes du Rhône, and Wild Pig Syrah. Attitudes toward all three brands were 

neutral. Consequently, the probability that participants did not make a choice based on the 

reputation of, or preference for, a brand is high. For this experiment, we created an 

advertisement following the corporate identity of the supermarket on which the VRSM was 

based.  
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Measures 

Reactance We measured consumers’ reactance with a seven-point Likert scale (1 = “strongly 

disagree,” 7 = “strongly agree”) based on the study of Bleier and Eisenbeiss (2015a), who 

created the scale from two commonly used reactance scales (Edwards et al. 2002; Hong and 

Faedda 1996). The seven items were as follows: “This advertisement is disturbing,” “This 

advertisement is interfering,” “This advertisement is intrusive,” “This advertisement is 

unwelcomed,” “I want to resist the advertisement,” “I want to dismiss the content of this 

advertisement,” and “This advertisement is forced upon me.” The resulting scale had high 

internal consistency (α = .82, M = 3.27, SD = 1.20). 

 

PCI We used a scale from Pratt (2010) to measure participants’ perceived involvement with 

wine. The seven items were as follows: “I am very interested in wine,” “I find conversations 

about wine very enjoyable,” “I wish to learn more about wine,” “Deciding which wine to buy 

is an important decision,” “I consider wine to be a central part of my lifestyle,” “For me, 

drinking wine is a pleasurable experience,” and “Wine is enjoyable to drink socially.” The 

resulting scale had high internal consistency (α = .93, M = 4.35, SD = 1.51). See Web 

Appendix 6 for an overview of the descriptive statistics. Although we measured PCI by means 

of past spend on the product category in the proof-of-concept study, we decided to use a scale 

that focuses more on the attitudinal dimension of involvement in this study for two reasons: 

first, participants in a lab experiment might have difficulty in accurately reporting their past 

spending, introducing reliability and validity issues. For example, self-estimated past spend 

might be biased by participants’ product attitude, their socio-economic status, or social 

desirability. Using a validated scale to capture this construct allows us to circumvent this and 

has a long history in marketing research (Laurent and Kapferer 1985). Second, capturing the 

attitudinal dimension of PCI allows us to triangulate measurements and therefore confirm the 



 

 

 
 

24 

patterns found in the proof-of-concept study that focused more on the behavioral dimension 

with a different validated measurement.   

 

Probability to buy the advertised product Participants could choose their desired brand of 

wine by scanning the bottle with their virtual smartphone. At this point, they were still able to 

change their minds and choose another brand. When they arrived at the checkout counter, 

their final choice was registered, and we computed whether they chose the advertised product 

(=1) or one of the competitors (=0). 

 

Privacy concerns To control for the possibility that consumers’ privacy concerns bias our 

results, we measured this construct with a four-item 7-point Likert scale developed by Sheng, 

Nah, and Siau (2008). The scale had high internal consistency (α = .85, M = 4.10, SD = 1.35). 

 

Ad and target product attention via eye-tracking We used attention toward the ad and the 

advertised product as a robustness check. These constructs were measured with an eye-

tracking device manufactured by SensoMotoric Instruments that was integrated into the HTC 

Vive goggles used for our study. The combination of eye-tracking and VR enabled us to 

calculate the gaze of participants in 3D space and observe what they were looking at during 

the experiment. Following Venkatraman et al. (2015), we defined the number of fixations of 

the eyes on the product and the advertisement as regions of interest in 3D space and as a 

proxy for attention. The sampling frequency of the eye tracker was 250 Hz, with a frame rate 

of 90 frames per second, which is sufficient to capture the speed of eye motion. 

Results 
 

Our results show that 70% of the participants in the in-store condition chose for the advertised 

brand compared to 58% in the out-store condition. We predicted that consumers’ reactance to 



 

 

 
 

25 

the ads would mediate our prior finding that showing consumers location-based ads inside 

(vs. outside) the store increases purchasing, but only for low-PCI consumers. We tested this 

prediction using Hayes’s (2013) PROCESS Model 7 (10,000 bootstrapped samples), with 

location (0 = out-store) as the predictor, perceived reactance as the mediator, consumers’ PCI 

as the moderator, and probability to buy the advertised product as the dependent variable 

(Table 5).  

The index of moderated mediation is significant (index = –.17, SE = .09, 95% CI [–

.45, –.03]). Replicating our prior findings, conditional indirect effects analysis reveals that 

when consumers had low PCI with the advertised product (10th and 25th percentile), the 

indirect effect of location on brand choice through perceived reactance was positive and 

significant (10th percentile: b = .45, SE = .27, 95% CI [.05, 1.23]; 25th percentile: b = .26, SE 

= .18, 95% CI [.0005, .73]). Conversely, when consumers had moderate to high PCI with the 

advertised product (50th, 75th, and 90th percentile), the indirect effect became negative and 

non-significant (50th percentile: b = –.008, SE = .12, 95% CI [–.26, .24]; 75th percentile: b = –

.18, SE = .17, 95% CI [–.63, .05]; 90th percentile: b = –.25, SE = .20, 95% CI [–.82, .02]). 

These results provide support for H1 and H2.      

    --- Table 5 about here --- 

Robustness checks We include three additional covariates in our model to rule out two 

alternative explanations for our findings: First, to rule out the possibility that it was not 

reactance, but an increase in privacy concerns that elicited the effects observed, we include a 

privacy concerns measure in our model. Second, consumers in the out-store condition were 

passengers in a car when receiving the mobile ad. The LBMM literature suggests that 

commuting behaviors can alter mobile ad efficacy (Ghose et al. 2019), which therefore might 

confound our findings from the out-store condition. Moreover, the different modes of 

movement might affect how much attention consumers spent on the ads. Hence, we include 
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consumers’ fixations on the ad and on the target product in our model. The results show that 

neither consumers’ attention to the ad (b = -.69, p = .181) and the product (b = .04, p = .181), 

nor their privacy concerns (b = -.22, p = .189) had an effect on the likelihood that they would 

buy the advertised product. Furthermore, inclusion of these control variables in our moderated 

mediation model did not affect our results. We report the full model with these covariates in 

Web Appendix 7.  

Discussion 

The aim of this study was to replicate the findings of the previous study in a controlled but 

immersive virtual reality environment, offsetting the limitations of a field study and hence 

formally test our hypotheses. In addition, we were able to extend our insights into the 

mediating process at play by investigating the role of consumers’ reactance in driving LBMM 

efficacy. The findings show that perceived reactance mediates the interaction effect of 

consumers’ location and their PCI on their probability to buy the advertised product. In 

particular, we demonstrate that consumers experience the least reactance when they are 

targeted with in-store mobile ads for products they are less involved with and, as such, are 

more likely to buy the advertised product. The results of this study support Hypotheses 1 and 

2 and are aligned with the results we obtained from the field study. We further were able to 

demonstrate the robustness of our results by ruling out potential confounds by using eye-

tracking technology. 

               There are two potential shortcomings of this study. First, in the out-store LBMM 

condition, participants were passengers in a (moving) car when receiving the ad. This 

movement might alter LBMM effects (Ghose et al., 2019) and might therefore bias our 

results. Second, in this study as well as in the proof-of-concept study, we did not include a no- 

advertising baseline condition. Although these two studies allow us to estimate how in- and 

out-store LBMM relate to each other and how this is affected by consumers’ PCI, they do not 
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allow us to draw conclusions about the efficacy of these targeting techniques in isolation, 

compared to exposure to no ads at all. The following study addresses these two points.  

 

Study 2 

This study has two primary objectives. The first objective is to replicate the findings of the 

previous two studies while taking into account a control condition in which consumers were 

not exposed to any advertising. The second objective is to further rule out the possible 

confound introduced by movement of the car in the previous study. Therefore, in Study 2, we 

manipulated out-store LBMM in a way that did not differ from the in-store LBMM condition 

in regard to how participants move. We manipulated the location at which consumers 

received LBMM (inside or outside of the store) and the focal measurements of this study were 

consumers’ PCI, consumer reactance, and whether they bought the advertised product.  

Participants and design 

We recruited 306 students who were enrolled at a western European university to participate 

in an online experiment in exchange for partial course credit. They were randomly assigned to 

one of the three conditions of a single factor between-subjects design (location: in-store vs. 

out-store vs. no ad). Ten participants failed the attention checks and were excluded from the 

sample, leaving us with a final sample of 296 (32.4% female; Mage = 19.39; SDage = 1.53). 

Procedure 

The procedure of this study is similar to that of Study 1. We presented participants with a 

shopping scenario in which they were asked to imagine that they were on their way to their 

usual supermarket to buy groceries to host dinner with friends. As a first task, participants 

checked their grocery lists, which consisted of the following items: spaghetti, red wine (target 

category), Parmesan cheese, and tomato sauce. The scenario then described their journey to 

and through the supermarket. After entering the store, they first passed the shelves with pasta, 
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then the shelves with the sauces, subsequently the cheese, and finally the wine section of the 

supermarket. At each step, they had to choose one out of four products to put into their 

shopping basket before proceeding to the next section. All products were presented in random 

order per category. We recorded which products they put into their shopping basket and then 

carried out measurements of the focal constructs of this study (PCI and reactance) after 

participants completed the shopping task. 

Manipulation 

We manipulated the location at which participants received the ad by either showing them an 

ad outside the store or inside the store, as described below. Participants in both LBMM 

conditions were shown the same ad (see Appendix 2, Fig. A2.1 and Fig. A2.2). 

 

Out-store Participants got the following instruction when they reached the point in the 

scenario at which they were approaching the supermarket: “As you are approaching the 

supermarket, your phone vibrates, and you see a push notification of the app of the 

supermarket on your lock-screen. You open the notification and it shows you that currently 

the red wine Rapitala Nero D'Avola is on offer with 25% off.” 

 

In-store Participants got the following instruction when they reached the point in the scenario 

at which they were approaching the wine section of the supermarket: “On your way to the 

wine section of the supermarket, your phone vibrates, and you see a push notification of the 

app of the supermarket on your lock-screen. You open the notification and it shows you that 

currently the red wine Rapitala Nero D'Avola is on offer with 25% off.” 

Measures 

We measured reactance (α = 0.84, M = 3.16, SD = 1.07) and PCI (α = 0.92, M = 4.09, SD = 

1.46) in the same way as in Study 1. Probability to buy the advertised product was measured 
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by observing which wine consumers purchased (1 = advertised brand; 0 = one of the three 

other brands). See Web Appendix 8 and 9 for an overview of the descriptive statistics. 

Results 

We first estimate two probit models to show that the effects of LBMM (in- or out-store) differ 

from the no-advertising condition (Table 6). The first probit model has no ad as reference 

category and shows that both in- (b = 1.09, p < .001) and out-store LBMM (b = 0.68, p < 

.001) lead to a higher probability of choosing the advertised brand than under the no 

advertising condition. The second probit model has out-store LBMM as reference category 

and specifically shows our hypothesized in-store (vs. out-store) × PCI interaction (b = -0.38, p 

= .006; Figure 3). Supporting H1, simple effects analysis shows that for consumers who have 

low PCI (16th percentile), in-store LBMM leads to higher probability to buy (prob = 0.86) 

than out-store LBMM (prob = 0.51, b = 1.05, p < .001). This difference becomes statistically 

non-significant for consumers with moderate (50th percentile; probin-store = 0.76, probout-store = 

0.65, b = 0.33, p = .087) and high PCI (84th percentile; probin-store = 0.68, probout-store = 0.74, b 

= -0.16, p = .561). More details on the estimated marginal means are in Web Appendix 10. 

-- Table 6 and Figure 3 about here -- 

Moderated mediation analysis We use Hayes’s (2013) PROCESS Model 7 (10,000 

bootstrapped samples), with location (in-store vs. out-store) as the predictor, perceived 

reactance as the mediator, consumers’ PCI as the moderator, and probability to buy the 

advertised product as the dependent variable to test for moderated mediation effects on 

probability to buy the advertised product (Table 7). Supporting H2, the results show that the 

index of moderated mediation is significant (index = -0.12, SE = 0.07, 95% CI [-0.30, -0.02]). 

Conditional indirect effects analyses show that if PCI is low (16th percentile; b = 0.28, SE = 

0.16, 95% CI [0.04, 0.66]) in-store (vs. out-store) LBMM has a positive effect on the 

probability to buy the advertised product. If PCI is moderate (50th percentile; b = 0.05, SE 
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0.08, 95% CI [-0.11, 0.23]) or high (84th percentile; b = -0.11, SE = 0.12, 95% CI [-0.41, 

0.08]), however, the conditional indirect effects become statistically non-significant.  

-- Table 7 about here -- 

Discussion 

The results of this study provide further support for our framework. We replicated the 

findings of the proof-of-concept study and Study 1 while ruling out the alternative explanation 

that differences in the mode of movement between conditions might explain our effects. By 

including a baseline condition in our experimental design, we furthermore ruled out the 

possibility that our effects might not be driven by advertising.  

 Thus far we have presented three different studies, applying three different 

methodologies, that together provide consistent empirical evidence supporting our framework. 

We showed that consumers’ PCI moderates the effects of in- versus out-store LBMM and that 

our effects were driven by consumers’ reactance. A noteworthy finding is that in-store 

LBMM leads to a higher probability to buy the advertised product, particularly in consumers 

with low PCI. Because out-store LBMM is cheaper to implement and also has the advantage 

of being able to reach a much larger target audience than in-store LBMM, it is relevant to 

investigate ways to optimize out-store LBMM efficacy. In the following study we therefore 

set out to examine how different types of promotions delivered via out-store LBMM affect its 

efficacy and to what extent this depends on consumers’ PCI. 

 
Study 3 

 
This study focuses on the difference between LBMM price and non-price promotional 

messages and the extent to which their efficacy depends on consumers’ PCI. While doing so, 

we investigate if consumers’ reactance is the mechanism underlying these effects. In this 

experiment we manipulated the type of mobile promotion offered to consumers (price 
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promotion or non-price promotion) and the focal measurements of this study are consumers’ 

PCI, consumer reactance, and whether they bought the advertised product. 

Participants and design 

We recruited 303 UK consumers via Prolific (70.6% female; 28.7% male; 0.7% non-binary; 

Mage = 33.80; SDage = 11.90). They were randomly assigned to one of the three conditions of a 

single-factor between-subjects design (type of promotion: price promotion vs. non-price 

promotion vs. no promotion).  

Procedure 

The procedure was very similar to that of Study 2. Participants were given the same shopping 

task within the same scenario. In the present study, all ads were out-store ads, which were 

received at the same moment as in Study 2 (in proximity to the store).  

Manipulation 

In the scenario, participants received either a mobile ad about the target brand with a 25% 

discount (price promotion condition), or the same ad without any discount (non-price 

promotion), or no ad at all (no ad condition). See Appendix 2 for examples of the stimuli.  

Measures 

We measured reactance (α = 0.94, M = 3.37, SD = 1.53), PCI (α = 0.94, M = 4.24, SD = 

1.49), probability to buy the advertised product in the same way as in Studies 1 and 2. 

Furthermore, we controlled for participants’ age as well as their level of income to account for 

individual differences in sensitivity to price discounts.4 See Web Appendix 11 and 12 for the 

descriptive statistics. 

Results 

We first estimate a probit model to show that the effects of price and non-price promotion in 

LBMM differ from the no-advertising condition. The results in Table 8 show that both price 

 
4 Note: Our results remain unchanged if control variables are excluded from the model (see Web Appendix 14). 
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(b = 1.36; p < .001) and non-price promotions (b = 0.42; p = 0.24) significantly increase the 

likelihood of choosing the advertised product. Specifically, 77.2% of consumers in the price 

promotion condition and 48.5% of those in the non-price promotion condition chose the 

advertised product, while only 31.7% in the no ad condition chose that product. We then 

estimate a second probit model with non-price promotion as reference category to be able to 

test our hypothesis pertaining the interaction between the type of promotion offered and PCI. 

This second probit model shows our hypothesized price promotion (vs. non-price promotion) 

× PCI interaction (b = -0.40, p = .005; Figure 4). Simple effects analysis shows that for 

consumers who have low PCI (16th percentile), price promotions lead to higher probability to 

buy (prob = 0.88) than non-price promotions (prob = 0.34, b = 1.61, p < .001). This difference 

stays statistically significant for consumers with moderate PCI (50th percentile; probprice 

promotion = 0.79, probnon-price promotion = 0.48, b = 0.87, p = <.001), but becomes statistically non-

significant for consumers with high PCI (84th percentile; probprice promotion = 0.70, probnon-price 

promotion = 0.59, b = 0.30, p = .279). This partly supports Hypothesis 4. More details on the 

estimated marginal means are in Web Appendix 13. 

-- Table 8 and Figure 4 about here – 

Moderated mediation analysis To test whether the interaction between the type of price 

promotion and consumers’ PCI is mediated by consumers’ reactance, we use Hayes’s (2013) 

PROCESS Model 7 (10,000 bootstrapped samples), with type of promotion (1 = price 

promotion) as the predictor, perceived reactance as the mediator, consumers’ PCI as the 

moderator, and probability to buy the advertised product as the dependent variable and test for 

moderated mediation effects on probability to buy (Table 9). Supporting H5, the results show 

that the index of moderated mediation is significant (index = -0.14, SE = 0.07, 95% CI [-0.31, 

-0.03]). Conditional indirect effects analyses show that if PCI is low (16th percentile; b = 0.44, 

SE = 0.17, 95% CI [0.18, 0.83,]) or moderate (50th percentile; b = 0.18, SE = 0.09, 95% CI 
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[0.03, 0.38]), price (vs. non-price) promotions have an indirect positive effect on brand 

choice. If PCI is high (84th percentile), however, the effect becomes negative but statistically 

non-significant (b = -0.02, SE = 0.13 95% CI [-0.31, 0.22]). 

--- Table 9 about here --- 

Discussion 

The results of this study provide evidence that while price promotions are more effective in 

increasing consumers’ probability to buy the advertised product in general, this effect is 

dependent on consumers’ PCI. We find that for low PCI consumers, price promotions are 

more effective than non-price promotions. Contrary to our expectations, we do not find a 

difference in response to price and non-price promotions for high PCI consumers. Hypothesis 

4 is therefore only partially supported. For consumers with high levels of PCI, we do not 

observe a difference between price and non-price promotions, which makes non-price 

promotions the more profitable type of promotion for this customer segment. Furthermore, we 

show that consumers with low and moderate levels of PCI experience lower levels of 

reactance if they are targeted outside the store with location-based price (vs. non-price) 

promotions and are therefore more likely to buy the advertised product.  

 

General discussion 

Brands can choose among a multitude of targeting options when employing LBMM 

campaigns. For example, they can target consumers inside or outside a store, target consumers 

on the basis of their previous consumption behavior, or deliver specific promotions (e.g., price 

or non-price promotions) to specific consumer segments. Given the complexity of these 

choices, it is not surprising that marketers have not yet been able to tap the full potential of 

LBMM. In this article, we set out to provide more insights into the workings and limits of 

LBMM by considering the effects of location, behavioral targeting based on consumers’ PCI, 
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and the type of promotion on LBMM efficacy. In particular, building on the preliminary 

evidence of a field study, with a virtual reality lab experiment, and two online experiments, 

we provide a consistent set of empirical evidence supporting our framework. We focus on the 

effectiveness of location-based mobile push notifications and address three questions related 

to the location, the consumer, and the type of promotion: (1) Where should marketers target 

consumers? (2) Which consumer segment to target (high or low product category 

involvement)? And (3) Which type of promotion should brands offer to consumers? 

Considering the location, the consumer, and the type of promotion 

Where to target customers, outside or inside the store? We show that targeting consumers 

with LBMM inside the store is more effective than targeting them outside the store. 

Importantly, our findings show that consumers’ previous consumption behavior constitutes an 

important boundary condition for this effect. Contrary to the popular belief that targeting 

consumers in proximity of a target product or store is more effective than targeting consumer 

farther away from the target (Fang et al. 2015), we show that in some situations, this is not the 

case.  

 

Which consumer segment to target (high or low product category involvement)? 

Specifically, we demonstrate that in-store LBMM is more effective than out-store LBMM 

only for low PCI consumers. For high PCI consumers, we find no difference between in- and 

out-store LBMM. We also show that this effect is driven by a decrease in consumers’ 

reactance when low PCI consumers are exposed to LBMM inside the store.  

 

Which type of promotion to use? Although we find that in-store LBMM is more effective 

than out-store LBMM in general, especially for low PCI consumers, we also investigated how 

marketers can use out-store LBMM most effectively to attract customers into the store. 
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Specifically, we focused on whether out-store LBMM should be used as a means to provide 

consumers with discounts or, instead, to inform them about products or services without 

offering them a monetary discount. We show that location-based price (vs. non-price) 

promotions are more effective in increasing sales but that this effect is dependent on 

consumers’ PCI. Specifically, less involved consumers are more likely to buy after exposure 

to location-based price promotions, while more involved consumers are equally likely to buy 

when confronted with location-based price or non-price promotions. Given the negative 

impact of price promotions on profitability and long-term brand equity, retailers may find 

non-price promotions a better alternative for more involved customers. For an overview of the 

key findings and takeaways, see Fig. 5 and Table 10.  

-- Figure 5 and Table 10 about here – 

Theoretical contributions 

Taken together, the findings of all four studies consistently demonstrate that mobile location 

targeting should be understood as a function of both consumers’ location and their 

consumption behavior to gain a more comprehensive understanding of how consumers will 

respond to mobile marketing messages. Our findings extend previous research on LBMM in 

multiple ways. To the best of our knowledge, we are among the first to compare in-store and 

out-store LBMM. Extending a large body of research that unequivocally demonstrates 

positive effects of proximity to a product (Fang et al. 2015; Luo et al. 2014), we identify 

consumers’ PCI as an important boundary condition of this proximity effect. In doing so, we 

also suggest that proximity to a target product or store should not be equated to whether a 

consumer is located inside or outside a store. This underscores the importance of employing a 

more consumer-centric framework of LBMM. Although studies have combined location and 

behavioral targeting (Ghose, Li, and Liu 2019), they have mainly inferred behavior from 

historical location data (e.g., where the consumers have been before). Our approach is unique 
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in that it focuses on actual previous consumption behavior, thus allowing us to estimate 

consumers’ (historical) relationship with the brand. Furthermore, we extend the recent work 

of Ghose, Li, and Liu (2019) on trajectory-based mobile targeting; they argue that “location 

proximity alone is not sufficient for understanding and predicting consumers’ physical 

behavior” (p. 20).  

 Consumers often perceive too much personalized advertising as a threat to their 

freedom of choice (Bleier and Eisenbeiss 2015a; White et al. 2008). We extend research in 

this stream of literature by showing that the interplay of location targeting, behavioral 

targeting, and the type of promotion offered considerably affects the extent to which ads 

evoke consumer reactance. Moreover, our study is one of the first to investigate location-

based mobile non-price promotions and to compare them with location-based mobile price 

promotions. Although there is a strong focus on mobile price promotions in the LBMM 

literature (e.g., Dubé et al. 2017; Ghose, Li, and Liu 2019), our findings show that mobile 

price promotions are not always more effective than non-price promotions. Considering that 

price promotions decrease retailers’ margins and affect consumers’ reference price 

(Mazumdar, Raj, and Sinha 2005), price sensitivity, and brand image (Ataman, Mela, and van 

Heerde 2010), non-price promotions could be considered as a viable, more profitable, and 

brand building alternative for consumers with high PCI. 

Managerial implications 

Our findings suggest that managers should account for the consumption patterns of their 

customers before deciding on where and how to target them on their mobile devices. In-store 

LBMM is most effective if used as a channel to provide customers with price promotions for 

product categories they are less involved with. We showed a considerable increase in sales if 

LBMM is used in this way compared with both out-store and in-store LBMM for high PCI 

customers. Therefore, it might be worthwhile for firms to invest in in-store mobile targeting 
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technology such as iBeacons to fully benefit from consumers’ decreased reactance in this 

context. It must be noted, however, that in-store LBMM for highly involved customers has no 

effect on consumers’ probability to make a purchase. Therefore, especially when targeting 

high PCI customers, it can be the more economical decision to invest in out-store LBMM and 

benefit from the larger target audience of possible recipients. 

 Another advantage of LBMM is that it enables brands to target consumers who are not 

in the store but in its general vicinity. Out-store LBMM is cheaper to implement and maintain 

than in-store LBMM. To take the most advantage of this technology to attract consumers to 

the store, we suggest that managers target more involved customers with non-price 

promotions. These high PCI consumers respond equally favorably to price and non-price 

promotions. It is therefore not necessary to offer price discounts to this consumer segment to 

attract them to the store. Conversely, managers should target less involved consumers with 

price promotions. For low PCI consumers a price promotion considerably increases the 

chance that they purchase the advertised product.  

 We also highlight the important role of consumers’ reactance in the context of 

LBMM. Managers need to realize that using LBMM as a technique to target consumers 

carries a high risk of increasing consumer reactance. We show that the reason underlying the 

superiority of in-store LBMM in low-involvement contexts is that they evoke the least 

reactance among consumers. Before rolling out LBMM campaigns, managers should 

therefore consider campaigns’ potential to evoke consumers reactance so as not to erode the 

future effectiveness of LBMM. Furthermore, for in-store LBMM targeted at high PCI 

customers, it might be worthwhile to consider using LBMM for mobile pull campaigns (i.e., 

offering discounts to consumers upon request) instead of using push notifications as done in 

the present studies (cf., Molitor et al., 2020). Because consumers who actively request 

promotions themselves should not experience any threat to their freedom of choice, the 
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detrimental effects of reactance on purchase behavior should be resolved by relying on a pull 

approach. As such, push notifications could still be used for this customer segment but rather 

as a customer relationship management tool, for example, to welcome customers to the store, 

instead of sending them unsolicited ads via mobile push.  

Limitations and future research directions 

As with any study, our studies have several limitations that future research might address. In 

our field study, we use the app and customer base of a fashion retailer. This means that 

consumers who installed the app and connected it with their loyalty card might naturally be 

more involved with the categories sold by the retailer (even if not with a given promoted 

category). Although this is not the case in our other studies, in which we replicate and extend 

the findings of the field study, we note that consumers’ PCI scores in the field study should be 

interpreted within the context of a relatively highly involved consumer segment.  

 Furthermore, this study is limited to the context of branded apps. The choice for this 

context was guided by the unique ability to connect behavioral and location data. It would be 

fruitful to extend the context of LBMM by examining other types of mobile advertising, such 

as in-app advertising or traditional mobile browser ads. In addition, we use previous purchase 

data for behavioral targeting. Because these data are not always obtainable for brands, 

research could extend the scope of LBMM to behavioral targeting based on other metrics, 

such as browsing and search history (Wang et al. 2019), or demographic targeting. 

 In Study 3, we did not compare in-store and out-store LBMM. Thus, it would be 

worthwhile to investigate whether the demonstrated patterns change if consumers are targeted 

inside the store. The recent Grewal et al. (2020) study implies that this indeed might be the 

case. The authors found that price (vs. non-price) promotional messages in in-store integrated 

mobile kiosks were more effective in increasing purchases of substitute products and that this 

effect was stronger for consumers who spend less money weekly. This finding suggests that 
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the location (in-store vs. out-store) at which consumers are being targeted with mobile ads 

moderates the interaction between the type of price promotion and PCI. In addition, we 

limited our focus to comparing price and non-price promotional messages. As retailers 

implement a multiplicity of different types of promotional messages to ensure variety and to 

avoid lowering consumers’ price perception and brand loyalty (Gedenk and Neslin 1999; 

Nunes and Park 2003), it would be relevant to investigate the efficacy of alternative non-

monetary promotions in LBMM (e.g., premiums, contests, sweepstakes, and samples) as well 

as message-framing effects (Ketelaar et al. 2018; Li et al. 2017).  

We build upon the reactance literature that shows that too personalized ads can 

threaten consumers’ perception of freedom of choice and therefore result in consumer 

reactance (Bleier and Eisenbeiss 2015a; White et al 2008). This conceptualization of 

reactance is closest to the original reactance literature (Brehm 1966; Brehm 1989). However, 

the literature indicates that reactance may also be evoked by other factors that may be relevant 

in the context of LBMM. Examples are perceived intrusiveness of ads (Edwards et al. 2002) 

or perceived privacy invasion (Yost et al. 2019). These drivers of reactance might operate 

differently in other LBMM contexts and would therefore be worthwhile to investigate.  

 Although reactance, as the focal mechanism underlying our effects, is focused on 

sidestepping negative consequences of LBMM, reactance may not be the only relevant 

mechanism to study. In particular, it may be interesting to further investigate mechanisms that 

positively affect LBMM efficacy. LBMM may, for example, trigger consumers’ need for 

uniqueness (Stiglbauer and Kovacs 2019), which might increase its efficacy. Furthermore, 

through its highly personalized nature, LBMM might also enhance consumers’ trust in the 

advertised brand (Komiak and Benbasat 2006). Another interesting avenue for future research 

might be to examine to what extent LBMM can serve as an implied social label. Summers, 

Smith, and Reczek (2016) have shown that behavioral targeting can result in consumers 



 

 

 
 

40 

recognizing that the served ads are based on marketers’ inferences about their identity and 

that consumers consequently adjust their self-perception to match these implied social labels. 

Given the even more personalized nature of LBMM, it is conceivable that this effect might be 

stronger in LBMM than in behavioral targeting alone.  

Moreover, we did not consider competitive actions. Reactance may be triggered not 

only by the focal brand push notification but also by previous push notifications from 

neighboring stores. Scholars focusing on out-store promotional messages have argued that 

retailers should consider targeting consumers when they are visiting competitors (Fong et al. 

2015). Dubé et al. (2017) recently extended those findings by demonstrating that the profits 

from this competitive locational targeting are reduced if the competitor also launches a 

targeting campaign. However, these studies focused on out-store messages. Future studies 

could also include both in-store and out-store push notifications (on top of the traditional 

marketing stimuli) to assess the short- and long-term implications of reactance and saturation. 

Research such as this could include a closer examination of the effects of the frequency of 

received LBMM promotions. Industry research suggests that if consumers receive more than a 

single promotion via Beacons per location visited, they are considerably more likely to stop 

using it and uninstall the app (MarketingDive 2014). This is in line with our framework which 

is centered around reactance, because more frequent promotions could result in a higher sense 

of loss of freedom of choice. Therefore, it is important to investigate where the thresholds of 

such an effect lie and whether firms should potentially target consumers with both in-store 

and out-store LBMM consecutively.   
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Fig. 1 Conceptual framework 
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Fig. 2 Proof of Concept Study: Probability to buy the advertised product category as a 
function of LBBM Location and consumers’ PCI (out-store = geofencing; in-store = 
iBeacons).  

 

Fig. 3 Study 2: Probability to buy the advertised product as a function of LBBM Location and 
consumers’ PCI.  
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Fig. 4 Study 3: Probability to buy the advertised product as a function of the type of 
promotion offered and consumers’ PCI. 
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Fig. 5 Flow chart of the key managerial takeaways.  
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Table 1 Overview of selected relevant LBMM literature 
 

Study Method Location Behavioral 
targeting 

Behavioral 
mechanisms 
measured 

Type of 
promotion 

Setting Summary 

Bues et al. 
2017 

Experiment In-store --  ✓  Price & non-price 
promotion 
  

Wine Location (the ad is received close to the product) is the most important value driver and increases customers’ 
purchases intentions, while personalization (the ad is sent only to the participant) is the second most important, and 
price promotions (30% discount vs. no discount) are least important. Customers’ perceptions of value, pleasure and 
arousal and retailer dominance mediate the relationship between the value drivers and purchase intentions. 

Danaher et al. 
2015 

Longitudinal 
field study 

Out-store -- -- Price promotion Snack food, menswear, 
shoes, electronics, hair 
care, gifts, homewares. 

If the mobile coupon is delivered in the most convenient location (closer to the store offering the coupon), with a 
larger discount and a shorter expiry, it is more likely to be redeemed; a bundled offer leads to higher redemption rates 
than other price formats (percentage or dollar-amount discount). 

Dubé et al. 
2017 

Field experiment Out-store -- -- Price promotion Movie theaters Competition increases the profitability of behavioral targeting, where firms face symmetric pricing incentives that 
soften price competition. By contrast, competition lowers the profitability of geographic targeting, where firms face 
asymmetric pricing incentives that toughen price competition. 

Fang et al. 
2015 

Field experiment 
& surveys 

Out-store -- ✓ Price promotion Movie theaters  Location-based mobile promotions can increase contemporaneous sales and delayed purchases for 12 days after the 
mobile promotions. Perceived location and time congruence are significant factors driving sales, while planned buying 
factors have a significant impact on the delayed effect. 

Fong, Fang, 
& Luo 2015 

Field experiment Out-store -- -- Price promotion Movie theaters Competitive locational targeting is effective, while focal locational targeting produced decreasing returns to deep 
discounts, indicating saturation effects and profit cannibalization. Competitive locational targeting should be paired 
with deeper discounts to offset the locational switching costs incurred by the customer. 

Ghose, Li, & 
Liu 2019 

Field experiment Out-store ✓ (historical 
location)  

-- Price promotion Shopping mall Trajectory-based mobile targeting (i.e., using traces of individual physical behavior) can be effective in increasing 
redemption probability. It is especially effective for high-income consumers and men but is less effective for 
consumers who like to explore across product categories. Promotions can inadvertently reduce impulse-purchasing 
behavior in an exploratory shopping stage. 

Ketelaar et al. 
2017 

Virtual reality 
lab experiment 

In-store -- ✓ Price promotion Grocery retailer In-store location-congruent ads lead to increased choice for the target brand compared with location-incongruent ads, 
regardless of the medium type (mobile or point-of-sales). In location-congruent settings, consumers’ attention is not 
affected by the medium type; however, in a location-incongruent scenario, mobile can attract more consumers’ ad 
attention than point-of-sales display ads, which helps explain the increased choice of the advertised brand. 

Luo et al. 
2014 

Field experiment 
& surveys 

Out-store -- ✓ Price promotion Movie theaters Temporal targeting and geographic targeting can both increase sales purchases. Consumers who received mobile 
promotion close in time and location formed a more concrete mental construal, which in turn increased their 
involvement and purchase intentions. 

Molitor et al. 
2020 

Field experiment Out-store -- -- Price & non-price 
promotion 

Nationwide cross service 
coupon app 

Geographic proximity increases the relevance and effectiveness of location-based coupons for consumers. The most 
effective interface design includes coupons that are sorted by distance, while distance information per se is less 
important when coupons are sorted by distance. The opposite is true when coupons are randomly sorted (display rank 
sensitivity decreases, while distance sensitivity increases). Users are more likely to respond to location-based coupons 
in rural or suburban than urban areas. 

This study Field quasi 
experiment, 
virtual reality 
lab experiment, 
& online 
experiments 

In-store & 
Out-store 

✓ ✓ Price & non-price 
promotion 

Fashion retailer; 
grocery retailer 

Consumers’ previous consumption behavior constitutes important boundary conditions for the efficacy of (location-
based) mobile marketing campaigns. While in-store mobile ads are generally more effective than out-store ads, this is 
only the case if consumers have low involvement with the advertised product category, because this decreases their 
reactance. To attract customers to their stores, firms should offer price promotions to consumers with low PCI and 
non-price promotions to those with high PCI because these combinations of location targeting, behavioral targeting, 
and type of promotion elicit the least reactance. 
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Table 2 Overview of the studies 
 

Study Dependent 

Variable 

Location 

LBMM 

 

Consumer’s 

past behavior 

Type of 

promotion 

 

Mediator Setting Hypotheses 

Proof-of-

concept 

N = 3,384 

Probability to 

buy  

In-store vs 

out-store  

Product 

category 

involvement 

  Field study - 

Fashion retailer 

 
Study 1 

N = 120 

Probability to 

buy 

In-store vs 

out-store   

Product 

category 

involvement 

 Reactance Virtual reality 

experiment – 

Supermarket 

H1, H2       

                 

Study 2 

N = 296 

Probability to 

buy 

In-store vs 

out-store  

Product 

category 

involvement 

 Reactance Online 

experiment– 

Supermarket 

Study 3 

N = 303 

Probability to 

buy 

Out-store  Product 

category 

involvement 

Price vs non-

price 

promotion 

Reactance Online 

experiment– 

Supermarket 

H3, H4, H5 
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Table 3 Proof of Concept Study: Descriptive statistics  

  Out-store Instore 

 Overall Sample Overall No Purchase Purchase Overall No Purchase Purchase 

Variable M SD M SD M SD M SD M SD M SD M SD 

PCI 15.49 8.84 15.38 8.71 15.68 8.82 11.50 5.88 20.11 12.84 22.66 12.88 9.33 4.25 

Average spend per shopping occasion 19.01 12.11 18.50 9.61 18.53 9.71 18.21 8.16 41.92 45.90 49.52 48.01 9.91 4.47 

Purchase frequency 9.64 10.13 9.68 10.18 9.48 10.19 12.27 9.79 7.57 7.46 7.81 8.12 6.57 3.69 

Sales Value 3.12 18.59 2.93 18.28 0.00 0.00 45.73 36.94 11.44 28.37 0.00 0.00 59.65 36.90 

N Days till the next paycheck 7.89 2.54 7.73 1.10 7.74 1.11 7.68 1.00 9.78 12.82 11.76 13.53 1.43 .65 

Rain 2.11 0.26 2.10 .23 2.10 0.24 2.07 0.21 2.44 .55 2.38 0.52 2.66 0.60 

Zip-code Income  27.16 1.69 27.15 1.69 27.14 1.67 27.26 1.91 27.96 2.76 27.76 2.54 28.78 3.54 

N  3384  3311 
 

3074  237  73 
 

59  14  
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Table 4 Proof of Concept Study: Impact of LBMM on the probability to buy the advertised 
product category 
 

 Coef. SE z p 
In-store (ref = out-store) 4.525 1.339 3.38 0.001 
PCI* 0.461 0.267 1.72 0.085 
In-store x PCI* -1.779 0.492 -3.361 0.000 
Control variables     
Days to paycheck -0.076 0.014 -5.37 0.000 
Income* -1.818 1.192 -1.53 0.127 
Rain -0.314 0.434 -0.72 0.470 
Constant 5.244 4.173 1.26 0.209 
N = 146 
X2 40.51, p<.001 
Pseudo R2 = .26 
Log Likelihood = -38.46 
Highest VIF= 4.24 

 

 
 
Note: Probit model explaining the probability to buy the advertised product category (!"#! ). !"#!  is equal to 1 if !"#!∗ 
> 0 and 0 otherwise, where !"#!∗ = b0 + b1 In-store i + b2 ln PCI i + b3 Instore*ln PCI i + b4 Days to paycheck i 

+ b5 ln Income i + b6 Raini + ei,  with  ei ~N(0,1), i refers to customer i (with i =1, …, I). PCI is operationalized as 
the average price per item typically spent by the customer for the advertised product category. To better compare the instore 
to the out-store purchase behavior, we match the 73 customers inside the store with 73 customers outside the store with a 
similar purchase patterns using a propensity score nearest neighbor (one-to-one) matching approach (for details on the 
propensity score matching see Web Appendix 1-4). * Log-transformed variables. 
 

Table 5 Study 1: The mediating role of reactance on the probability to buy the advertised 
product 

 Perceived Reactance Prob. to buy 

Antecedent Coef. SE t p Coef. SE Z p 

In-store -1.55 .65 -2.37 <.001 .44 .40 1.09 .274 

Reactance ---- ---- ---- ---- -.49 .17 -2.93 .003 

PCI -.42 .10 -4.40 <.001 ---- ---- ---- ---- 

In-store × PCI .34 .14 2.41 .018 ---- ---- ---- ---- 

Constant 5.20 .42 12.32 <.001 2.08 .67 3.12 .002 

R2 = .15 
F(3, 116) = 6.85, p < .001 
Log Likelihood = 11.23  
N = 120 

 

 
Note: Moderated mediation analysis results obtained from Hayes’s (2013) PROCESS Model 7 with 10,000 
bootstrapped samples. PCI is operationalized using the scale developed by Pratt (2010). 
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Table 6 Study 2: Impact of LBMM on the probability to buy the advertised product  

 Model 1 Model 2 

Antecedent Coef. SE z p Coef. SE z p 

Constant 0.26 0.08 3.33 <.001 0.26 0.08 3.33 <.001 

Out-store 0.68 0.18 3.72 <.001 ---- ---- ---- ---- 

In-store 1.09 0.19 5.65 <.001 0.41 0.20 2.09 .037 

No ad ---- ---- ---- ---- -0.68 0.18 -3.72 <.001 

PCI 0.01 0.02 0.33 .844 0.01 0.05 0.29 .844 

In-store × PCI -0.22 0.13 -1.65 .099 -0.38 0.14 -2.73 .006 

No Ad × PCI ---- ---- ---- ---- -0.17 0.13 -1.31 .190 

Out-store × PCI  0.17 0.13 1.31 .190 ---- ---- ---- ---- 

                  R2 = .10 
                  Reference level = No ad 

                  X2 = 42.20, df = 5; p < .001 
                  Highest VIF = 3.28 

                  N = 296 

R2 = .10 
Reference level = Out-store 
X2 = 42.20, df = 5; p < .001 

Highest VIF = 3.28 
N = 296 

 

Table 7 Study 2:  Further evidence on the mediating role of reactance on the probability to 
buy the advertised product 
 Perceived Reactance Prob. to buy 

 Coef. SE t p Coef. SE z p 

Constant 3.37 0.24 14.13 <.001 1.56 0.72 2.16 .030 

In-store -0.14 0.15 -0.95 .341 0.59 0.33 1.82 .068 

Reactance ---- ---- ---- ---- -0.49 0.15 -3.16 .002 

PCI -0.46 0.17 -2.67 .008 ---- ---- ---- ---- 

In-store × PCI 0.26 0.11 2.38 .018 ---- ---- ---- ---- 

R2 = .04 

F(3, 192) = 2.78, p = .042 

Log Likelihood = 14.77, p < .001 

N = 196 
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Table 8 Study 3: Impact of price vs. non-price promotions and PCI on the probability to buy 
the advertised product 

 Model 1 Model 2 

Antecedent Coef. SE z p Coef. SE z p 

Constant 0.09 0.08 1.09 .275 0.09 0.08 1.09 .275 

Price promotion 1.36 0.20 6.74 <.001 0.95 0.20 4.74 <.001 

Non-price 
promotion 

0.42 0.19 2.25 .024 ---- ---- ---- ---- 

No ad ---- ---- ---- ---- -0.42 0.19 -2.25 .024 

PCI -0.01 0.06 0.21 .836 -0.01 0.06 0.21 .836 

Price promotion × 
PCI 

-0.17 0.14 0.84 .204 -0.40 0.14 -2.82 .005 

Non-price 
promotion × PCI 

0.22 0.13 1.75 .081 ---- ---- ---- ---- 

No Ad × PCI ---- ---- ---- ---- -0.22 0.13 -1.75 .081 

Control variables         

Age -0.03 0.01 -3.64 <.001 -0.03 0.01 -3.64 <.001 

Income -0.06 0.03 -1.93 .054 -0.06 0.03 -1.93 .054 

                  R2 = .17 
                  Reference level = No ad 

                  X2 = 72.50; p < .001 
                  Highest VIF = 3.46 

R2 = .17 
Reference level = Non-price 

promotion 
X2 = 72.50; p < .001 
Highest VIF = 3.41 
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Table 9 Study 3: Results of the moderated mediation analysis 
 Perceived Reactance Probability to buy 

 Coef. SE t p Coef. SE Z p 

Constant 1.28 1.47 0.87 .387 6.74 2.55 2.64 .008 

Price promotion -0.28 0.11 -2.63 .009 0.70 0.19 3.74 .002 

Reactance ---- ---- ---- ---- -0.75 0.13 -5.80 <.001 

PCI -0.06 0.07 -0.76 .446 ---- ---- ---- ---- 

Price promotion × PCI 0.19 0.07 2.64 .009 ---- ---- ---- ---- 

Control variables        

Age 0.01 0.01 1.57 .117 -0.04 0.02 -2.79 .005 

Income 0.04 0.04 1.10 .273 -0.05 0.06 -0.80 .424 

R2 = .08 

F(5, 196) = 3.38, p = .006 

Log Likelihood = 73.58 

N = 202 
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Table 10 Overview of the key findings 

Research question Key finding Theoretical support Empirical 
support Hypotheses 

1. Whom to advertise to 
inside the store? 
 

2. What is the underlying 
mechanism? 

Less involved customers  
 
 
Reactance mediates the 
effect of LBMM on the 
customer’s probability to 
buy 

Construal level theory: closer psychological, 
temporal and spatial distance instore and more 
concrete construals (Luo et al. 2014).  
Higher reactance for higher involved customers 
inside the store (perception of too personalized 
ad; White et al. 2008). 

Study 1, 2 
 
 
Study 1, 2  

H1    supported 
 
 
H2    supported     

3. How to attract 
customers to the store?  

 
 
 
 
4. What is the underlying 

mechanism? 

Price promotions for less 
involved customers.   
Non-price promotions 
and price promotion for 
more involved 
customers 
Reactance mediates the 
effect of promotion on 
the customer’s 
probability to buy 

Construal level theory: cue congruency and 
more concrete appeals for price promotions.  
Price promotions decrease hypothetical distance 
for low PCI customers, but this is a very narrow 
and personal way of targeting for high PCI 
customers. 
Higher reactance for high PCI customers 
targeted with price promotions because of 
narrow targeting. Higher reactance for low PCI 
customers targeted with non-price promotions, 
because increase in hypothetical distance and 
less concrete appeals (Katz and Byrne 2013)  

Study 3  H3    supported 
H4    partly supported 
 
 
 
 
H5    supported  

Overall take-aways: Customer involvement moderates the impact of location based mobile marketing on 
customers’ purchase decision. 
Reactance is the underlying mechanism. 
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Appendix 1: Illustration stimuli and setup, Study 1 

Fig. A1.1 Participant during the experiment 

  

Fig. A1.2 Ad received in the store 
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Appendix 2: Illustration stimuli and setup, Studies 2 and 3 

Fig. A2.1 Example product choice task Studies 2 & 3 

 

Fig. A2.2 Location-based ads Study 2, Study 3 price promotion, Study 3 non-price promotion 
(from left to right). 
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Table A1. Robustness checks for the proof-of-concept study 

 Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7 

Model 
characteristics 

Full data set, No 
propensity score 
matching (PSM) 

With PSM With PSM  With PSM With PSM 
Full data set, with 
propensity score 
weighting (PSW) 

With PSM 
DV = ln Sales 

Operationalizati
on of PCI 

Average price paid 
per item 

Average price paid 
per item 

Average price paid 
per item 

Average spent per 
shopping occasion 

(basket) 
Purchase frequency Average price paid per 

item 
Average price paid per 

item 

DV = Buy 
 

Coef
. 

 SE  p  Coef.  SE p 
 
Coef
. 

SE p  Coef. SE.  p  Coef.  SE  p  Coef.  SE  p  Coef.  SE  p 

Constant -
1.49 .16 .000 -.89 .75 .23 5.24 4.17 .210 5.75 4.45 0.20 -1.26 4.92 .798 33.86 2.60 .000 12.21 6.04 .071 

Instore (ref = out-
store) 4.47 1.07 .000 3.97 1.39 .00 4.52 1.34 .001 3.55 1.46 0.01 1.76 1.27 .168 6.89 2.57 .007 14.53 3.63 .003 
lnPCI .01 .06 .862 -.16 .25 .52 .90 .391 .085 -0.13 0.27 0.63 1.02 .32 .002 -.12 .10 .228 1.24 .61 .070 

Instore x lnPCI -
1.41 .39 .000 -1.33 .75 .01 

-
1.78 .49 .000 -1.26 0.54 0.02 -1.15 .64 .036 -3.91 .84 .000 -5.12 1.33 .003 

N Days to the 
next paycheck       -.07 .01 .000 -0.08 0.01 0.00 -.07 .01 .000 -.45 .31 .148 -.00 .02 .812 

ln Income          
-

1.82 1.19 .127 -1.69 1.34 0.21 -.24 1.35 .860 -11.68 .77 .000 -3.03 1.59 .086 

Rain        -.31 .43 .470 -0.18 0.39 0.65 -.03 .37 .933 2.88 1.46 .048 -.44 .40 .395 

N 3384   146   146   146   146   3384   146   
X2 24.02   14.36   40.51   40.21   62.08   308.29      
Prob > X2  .00    .00   .00   .00   .00   .000      
Pseudo R2 .02   .24   .26   .31   .19   0.061   .78   
Akaike crit. (AIC) 1759.97    80.53    102.089   80.36   107.19   885794.89   480.81   
Bayesian crit. (BIC) 1771.90   92.46   121.602   99.51   128.07   885837.78   501.70   
Log Likelihood -875.98   -36.26   -38.46   -33.18   -46.59   -442890.45   -233.41   
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