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CONSUMER STORE CHOICE IN ONLINE AND MOBILE RETAIL ENVIRONMENT 
 
 
 
 

Bo Ram Lim, PhD 
The University of Texas at Dallas, 2019 

 
ABSTRACT 

 
 
 Supervising Professor:  Ernan Haruvy, Chair 
 
 
 
In my dissertation, I study customer behavior in a multi-channel retail environment, such as the 

impact of mobile-shopping-channel adoption for grocery items and the grocery-store-choice 

decision, and customers’ strategic behavior in online auctions. In the first chapter, I map 

consumer responses to the introduction of a mobile application in two existing channels (online 

and offline) by using a unique dataset from a major Korean grocery retailer. I find that as 

households adopt the mobile application as a new shopping channel, they increase weekly 

expenditure by 14.2% on average, due primarily to the higher frequency of shopping trips rather 

than the larger basket size. I also find considerable heterogeneity in the impact of mobile 

adoption across consumer segments with differing shopping habits before the mobile 

introduction. Online-only and hybrid (online and offline) shoppers show modest increases in 

their expenditure and little or no change in their channel-usage pattern. An important implication 

is that mobile apps can be a competitive tool to induce business switching, thereby increasing 

market share for a grocery chain. 

In the second chapter, I build a store-choice model in a multichannel retail environment.  Travel 

cost, the major determinant of which is the distance and basket weight, is a critical factor in store 
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choice for customers living in a metropolitan area where retail stores have limited parking and 

customers usually walk to the store for shopping. Using household loyalty card data from a 

multichannel retail chain located in metropolitan areas where all competing grocery chains 

practice a homogeneous pricing strategy (HiLo), I build a store-choice model focusing on 

customers' travel costs. Along with size of retail outlet, prices, promotion, and distance to offline 

store, we particularly measure and quantify the effect of the actual weight of the shopping basket 

on the store-choice decision. To my best knowledge, our study is the first to quantify the effect 

of actual weight of the shopping basket à la the law of retail gravitation, the foundational theory 

of store choice. I find that the negative impact of the distance on total expenditure at the retail 

chain is much stronger for households who only use the chain’s offline store than for households 

who use both the chain’s offline and online store. I also find that when the weight of a basket 

increases by one pound, the likelihood of choosing the nearest offline store increases by 1.43% 

and the likelihood of choosing an online store increases by 4.06%. In a counterfactual analysis, I 

identify and compare the profitability of candidate locations for a new chain store. 

In the third chapter, I employ the results of a field study with a pairwise design of simultaneous 

auctions selling identical products but different added surcharges under a single seller. Retailers 

frequently use surcharges to make comparing prices harder. Greenleaf et al. (2016) propose that 

a two-stage process is involved in the consideration of surcharges, where consumers use base 

prices to determine their consideration set, and then potentially underweight the base price in the 

later-stage decision in forming value perceptions. The primary goal, using a novel dataset that 

includes consideration as well as bidding information, is to test that conjecture by looking at the 

determinants of both consideration-set formation and bids. The secondary objective is to map the 
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relationship between surcharge and revenue, as well as its boundaries. I examine surcharges in 

auctions for identical items with different surcharges. I find that bidders do not accurately 

process price plus surcharge when the surcharge difference is small, but they become more 

attentive when the surcharge difference is higher. This tendency leads to an inverted U-shaped 

relationship between surcharge amount and total price difference between the items. Further, the 

optimal surcharge changes inversely with bidder experience and the expected number of bidders. 

As bidders gain more experience, they tend to avoid bidding in higher surcharge auctions. 
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CHAPTER 1 

THE IMPACT OF MOBILE-APP ADOPTION ON GROCERY-PURCHASE BEHAVIOR   
 
 

1.1 Introduction 

The smartphone has fundamentally changed the retail landscape by drastically altering 

the way customers shop (Verhoef, Kannan, and Inman 2015). According to Nielsen (2015), 87% 

of mobile users use their device as an integral part of their shopping experience. In 2016, mobile 

commerce accounted for nearly one third of all U.S. e-commerce sales (Internet Retailer 2016 

Mobile 500).  

Given the changing retail environment and specifically the rapid rise of the mobile 

channel, thinking of retailers as facing three channel choices—offline, online, and mobile—is 

constructive. Offline refers to a brick-and-mortar presence. Online refers to a platform for online 

purchases. Mobile refers to a mobile application for purchases—in contrast to accessing the 

online channel via the phone (which here we consider as the online platform regardless of the 

access point). 

The rapid rise of the mobile channel in a multi-channel retail environment has raised a 

dual problem for retailers. First, the disruptive mobile channel can considerably affect 

customers’ behavior in existing channels such as the online and offline channels. Following the 

emergence of e-commerce, studies (Ansari et al. 2008; Biyalogorsky and Naik 2003; 

Deleersnyder et al. 2002; Geyskens et al. 2002) have investigated the impact of the introduction 

of the internet channel into the existing offline channel. Generally, studies show that introducing 

the internet channel does not cannibalize the existing channels, due to demand expansion and 

positive spillovers across channels (Shriver and Bollinger 2015). However, the mobile-channel 
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introduction can drastically affect customers’ offline behavior. Customers can have digital 

information about products while they are in a store, such as product reviews, or they can have 

physical store information while they are outside a store, such as location, product assortment, 

and in-store promotion. Furthermore, this concern is more relevant for retailers that already 

operate an online channel that does not offer benefits distinct from those offered via the mobile 

channel.  

The second problem is whether the mobile-app introduction can provide competitive 

advantages to retailers. Because customers are less likely to change their total consumption rate 

of groceries,1 retailers are able to increase their revenue from their existing customers when 

mobile-channel adopters switch their purchases from competing stores to the retailers’ stores. 

Although several studies show firms’ mobile apps increase spending by increasing consumers’ 

engagement with the firms (Dinner et al. 2015; Gill et al. 2017, Kim et al. 2015), to our best 

knowledge, none of the studies show the competitive-encroachment effect of mobile apps, partly 

because of the lack of information about competitors. 

We propose a framework to examine customer responses to the introduction of a mobile 

channel (mobile app) in addition to the two existing channels (online and offline). We utilize the 

framework with grocery shoppers’ purchasing data from a leading grocery chain in South Korea 

and the location information of all competing grocery stores in South Korea. Specifically, we 

investigate the changes in customer purchasing behavior in each of two existing online and 

offline channels, and the changes in total purchasing behavior across all the channels. In 

                                                 

1 According to Consumer Expenditures 2017 (2018), average expenditure on food at home was almost consistent during 2015 ~ 
2017 (2015: $4,015, 2016: $4,049, and 2017: $4,363). 
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addition, we examine the variation in the impact of mobile-channel adoption depending on 

customer characteristics such as channel-usage preferences and the existence of nearby 

competing grocery chains and farmers market. Particularly, we test for the existence of the 

competitive-encroachment effect of the mobile channel, by comparing the mobile-channel-

adoption effect between customers who do and do not have nearby competitors and customers, 

after controlling for other factors.  

Measuring the causal effects of mobile-channel adoption on shopper behaviors requires 

us to account for customer self-selection in adopting the mobile channel. We use propensity-

score matching to construct a “treatment” group (mobile-channel adopters) and an artificial 

control group (comparable mobile-channel non-adopters). In addition, to avoid a self-selection 

bias due to unobservables, we also build a Heckman self-selection model with instrumental 

variables, as well as a customer fixed-effects model. 

We find that introducing the mobile channel cannibalizes both existing online and offline 

channels, but the magnitude of the impact on the offline channel is small. Related to this finding, 

we find that offline-only shoppers, who only shopped at the chain’s offline stores before its 

launch of a mobile channel, start a great deal of mobile purchases with a small decreased 

expenditure through the offline channel after adopting the mobile channel. On the other hand, the 

online-only shoppers, who only used the online channel to shop at the chain before its mobile 

introduction, and hybrid shoppers, who previously used both offline and online shopping 

channels, replace their online purchases with mobile purchases and show modest increases in 

their total expenditures. In other words, the mobile channel plays a complementary role for 

customers who never use a digital shopping channel (offline-only shoppers) but a substitution 
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role for customers who ever use a digital shopping channel (online-only and hybrid shoppers). In 

addition, we demonstrate the competitive-encroachment effect of the mobile channel, and show 

it is not only from similar types of competing stores (franchised grocery chains), but also from 

dissimilar types of competing stores (farmers market). 

Several recent studies show the impact of the mobile-app adoption on customers’ 

behavior in multiple industries such as reward programs (Kim et al. 2015), apparel retailers 

(Dinner et al. 2015), manufacturers in B2B (Gill et al. 2017), eBay.com (Einav et al. 2014), 

online grocery stores (Wang et al. 2015), newspapers (Xu et al. 2014), and e-retailers selling 

electronics, office supplies, and household appliances (Huang et al. 2016). See Table 1.1 for 

more details.  Interestingly, though mobile apps from the studies have different functionalities, 

all the papers show mobile-app adoption positively contributes to the firms that launch the apps 

in a variety of ways, such as increasing buyers’ participation intensity and increasing shopping 

trips and spending. However, we offer several contributions beyond these papers. First, our study 

shows the effect of mobile-app adoption on customers’ offline shopping behavior. Though 

studies (Einav et al. 2014; Wang et al. 2015; Huang et al. 2016) have investigated the impact of 

the adoption of a mobile app as a shopping channel, all the retailers in the papers are online-only 

retailers. We investigate the changes in customer behavior in offline (grocery) stores after the 

adoption of a retailer’s mobile app. Second, even though studies have shown the positive effects 

of mobile-app adoption, such as increased spending, little is known about the source of the 

increased economic value. We show mobile apps provide competitive advantages for grocery 

retailers. To our best knowledge, this paper is the first to demonstrate the existence of 

competitive encroachment of mobile apps. We show mobile-channel adopters switch not only 
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from franchised retail chains (similar types of competing stores), but also from competing stores 

in farmers market (dissimilar types of competing stores). Third, our study advances the 

knowledge of customer heterogeneity and targeting in the multi-channel shopping environment. 

We find mobile adoption significantly increases the expenditures of households who previously 

used only offline channels. The mobile channel plays a complementary role for customers who 

never use a digital shopping channel (offline-only shoppers) but a substitution role for customers 

who ever use a digital shopping channel (online-only and hybrid shoppers). This finding also 

suggests mobile apps can help move customers who stayed in the offline channel—even when 

the online channel was available—to the virtual shopping environment. Thus, grocery retailers 

need to promote mobile adoption for offline users. In addition, promoting mobile apps in offline 

stores may be more profitable than promoting them online stores. 

We next discuss the related literature and describe our data. Then, we present our 

proposed difference-in-differences (DID) model for customer responses to mobile-channel 

adoption and discuss the estimation results. Finally, we conclude with a discussion of managerial 

implications, and present limitations and suggestions for future research. 
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Table 1.1. Summary of Literature Showing the Positive Effect of Mobile-App Adoption. 

 App 
Functionality App Provider Effect of Mobile-App Adoption (Key Finding) Source of the Positive Effect 

Gill et al. 
(2017) 

Engagement 
tool 

Manufacturer in 
B2B 

Manufacture’s mobile app as an engagement 
initiative in B2B creates economic benefits. 

As buyers’ participation intensity 
increases through the mobile app, 
economic returns increase. 

Kim et al. 
(2015) 

Air miles 
reward program 

App adoption and continued use of the app 
increase spending. 

Increased interactivity and 
stickiness lead to increased 
spending. 

Dinner et 
al. (2015) 

Apparel retailer 
with online and 
offline store 

App usage strongly enhances the probability the 
consumer purchases from the retailer.  

App engages customers, and 
engagement translates into 
purchase. 

Xu et al. 
(2014) 

Mobile news 
app 

National News 
Media 
Company 

App increases likelihood of visiting the 
provider’s corresponding online channel. 

Spillover occurs from mobile app 
to website. 

Einav et al. 
(2014) 

Shopping 
channel 

Online retailer 
(eBay.com) 

App adoption slightly decreases sales in the 
existing online site but leads to higher overall 
purchasing. 

The authors conjecture—but find 
no evidence—that adopters switch 
purchases from offline to online 
shopping. 

Wang et al. 
(2015) 

Online grocery 
retailer 

Increase order rate but maintain basket size. 
Adopters increase expenditure on items that are 
more familiar and frequently purchased.  

not available 

Huang et al. 
(2016) 

Online retailer Mobile shopping channel cannibalizes the 
existing web channel, but adopters increase their 
overall expenditure at the retailer. 

not available 

This study 

Retailer with 
both online and 
offline channels 

Convenience of the mobile app leads to 
increased shopping frequency, and the 
contingent free-shipping policy prevents 
customers from lowering basket size => 
increase overall expenditures. 

Customers switch purchases from 
other retailers to the focal retailer.  
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1.2 Conceptual Framework 

Retailers assume mobile marketing improves consumer communications and service 

interactions, resulting in improved output value (Strom et al. 2014). The value from introducing 

a mobile app is related to both transaction-based outcomes such as store traffic and sales, and to 

brand-relationship outcomes such as awareness, associations, attitudes, purchase intentions, and 

loyalty. In this study, we focus on quantifying the transaction-based outcomes when a grocery 

retail chain introduces a mobile app. Specifically, we examine the changes in shopping 

frequency and expenditure in existing channels (online and offline channels) and the changes in 

total shopping frequency and total expenditure at the focal retail chain.2 Furthermore, we also 

examine the variation of the changes depending on customers’ channel-usage patterns and the 

existence of nearby competing stores (see Figure 1.1). 

Even though several studies (e.g., Lee et al. 2007; Nysveen et al. 2005) verify the 

improved value of mobile marketing in increasing the customer value, research on the impact of 

the mobile-channel introduction on existing channels is sparse. According to the literature (e.g., 

Alba et al. 1997; Deleersnyder et al. 2002; Moriarty and Moran 1990), cannibalization will occur 

if a new channel too closely duplicates existing capabilities or offers superior capabilities. The 

cannibalization could be detrimental for the retailer, and retailers may need to change their 

marketing strategies for the existing channels. Particularly, the advent of the mobile channel has 

been integrating shopping channels and dramatically changing customer behavior in online and 

offline channels (Verhoef, Kannan, and Inman 2015).  

                                                 

2 We define total shopping frequency as the sum of the number of shopping trips across all the shopping channels, and define 
total expenditure as the sum of dollar spending across all the channels. 



 

8 

 

Figure 1.1. Conceptual Framework. 



 

9 

Thus, we need to examine how customers change their purchasing behavior in existing 

channels. Along with the cannibalization effect, quantifying the changes in total shopping 

frequency and total expenditure at the focal retailer can show whether the introduction of a 

mobile channel can generate additional revenue. 

In addition to the impact of mobile-channel adoption on purchasing behavior, we 

examine how the effects differ depending on different household characteristics. First, we 

examine the heterogeneity effect by customers’ channel-usage preferences. Based on customers’ 

transaction records at the focal retail chain during the pre-launch period, we divide customers 

into offline-only shoppers who purchase items only through the offline channel, online-only 

shoppers who purchase items only through the online channel, and hybrid shoppers who 

purchase items through both online and offline channels. Second, we examine the variation in the 

impact of the adoption depending on the existence of competing nearby stores. Specifically, we 

compare the increase (or decrease) in purchases at the retailer after adopting the mobile channel 

between customers who have competing stores near their location and customers who do not. By 

examining this variation, we can show whether competitive encroachment exists. For example, 

after controlling for observed and unobserved factors, if customers with nearby competing stores 

increase expenditure more than customers without nearby competing stores, the increase in 

expenditure is likely to be from competitors. We consider similar and dissimilar types of 

competitors.  
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1.2.1 Impact of Mobile-Channel Adoption on Behavior in Existing Channels 

Customers are likely to migrate to a new shopping channel if its capability is higher than 

that of existing channels (Alba et al. 1997; Coelho et al. 2003) and they choose purchase 

channels mostly for convenience (Schoenbachler and Gordon 2002). The mobile channel has 

lower ordering costs than the online channel. Using a mobile app, customers can access a retailer 

with a single click and add products to mobile carts, independent of time and place. On the other 

hand, the smaller screens of mobile devices limit the amount of information customers can 

retrieve (Sweeney and Crestani 2006) and can drastically increase search costs relative to the 

online channel (Ghose, Goldfarb, and Han 2013; Ghose and Han 2014). Though customers may 

have high search costs with mobile devices, we expect mobile-channel adoption to accelerate the 

electronicshopping, saving the physical costs of item picking and basket carrying (Chintagunta et 

al. 2012), due to the anytime and anywhere accessibility. Customers will tend to use the mobile 

channel to purchase grocery items that are regularly consumed (Wang et al. 2015), easy to 

stockpile, and heavy and bulky. By contrast, they will use the offline channel primarily for the 

items that they need to look at and touch (Chintagunta et al. 2012). Thus, the mobile channel is 

likely to absorb items that customers previously purchased offline. Einav et al. (2014) argue that 

mobile-channel adopters are likely to switch their purchases from offline to online shopping. 

However, some may argue customers can increase their spending in the offline channel after 

adopting the mobile channel. Because the presence of a mobile app on customers’ phones may 

increase customer consideration of the brand by creating top-of-mind awareness, and the mobile 

app increases customer experience in a store with the mobile app. However, we do not expect the 

effect to exceed the cannibalization effect. Therefore, we suggest the following:  
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H1a,b: Mobile-channel adoption decreases shopping frequency in existing channels.  

H2a,b: Mobile-channel adoption decreases expenditure in existing channels.  

 

1.2.2 Impact of Mobile-Channel Adoption on Total Shopping Frequency and Total 

Expenditure 

Although we hypothesize that adopters will reduce their shopping frequency and 

expenditure in existing channels, we expect them to increase total shopping frequency and total 

expenditure at the retailer. According to the literature, mobile apps are a highly effective tool for 

increasing total shopping frequency for several reasons. First, because of its small size and 

portability, once customers download a mobile app, it is readily available. Studies (e.g., Paul et 

al. 2010) show that when a product is readily available, it triggers more frequent purchases. 

Thus, the easy availability of the app may trigger customers to increase total shopping frequency 

at the retailer. Second, as an engagement tool, mobile apps can increase interactivity and 

stickiness between a firm and its customers (Gill et al. 2017; Kim et al. 2015; Dinner et al. 2015). 

Dinner et al. (2015) show the usage of a retailer’s mobile app builds customer engagement and 

ultimately strongly increases the probability of purchasing from the retailer. Third, as mentioned 

earlier, customers have very low ordering costs through the mobile app. According to the 

economic order quantity (EOQ) model, when the cost of buying decreases, buying more 

frequently with reduced order size is optimal (Taylor 2004). The model implies mobile apps lead 

to an increase in total shopping frequency with reduced order size, leading to our next 

hypothesis. 

H1c: Mobile-channel adoption increases total shopping frequency. 
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Even though the EOQ model implies mobile-channel adopters reduce their order size 

while increasing their total shopping frequency, we do not expect the adopters to just spread out 

their purchases with highly reduced order sizes. A shipping fee greatly influences order size in 

online shopping (Lewis 2006). Particularly, when a retailer practices contingent-free shipping, in 

which the seller charges a shipping fee for orders below a minimum order value, customers’ 

order sizes tend to be larger than the shipping-fee threshold (Chen and Ngwe 2018). In other 

words, the shipping fee in the mobile channel will prevent customers from significantly 

decreasing their order size. Wang et al. (2015) show mobile-channel adopters increase total 

expenditure by increasing the order rate with unchanged order size, and Einav et al. (2014) show 

eBay mobile-app adopters increase their total spending. We expect adopters to increase their 

total spending at the retailer by increasing their total shopping frequency, due to the uniqueness 

of the mobile app, and by marginally reducing the order size, due the presence of shipping costs. 

This expectation leads to our next hypothesis: 

H2c: Mobile-channel adoption increases total expenditure. 

 

1.2.3 Household Heterogeneity by Channel-Usage Preferences 

The impact of mobile-channel adoption can lead to considerable variation depending on 

customers’ channel-usage preferences. For offline-only shoppers, the mobile channel may still be 

a less attractive shopping channel if they perceive electronic shopping as risky and uncertain. 

According to Kushwaha and Shankar (2013), traditional shoppers who prefer to shop in offline 

stores are likely to engage repeatedly in their preferred buying channel. However, the mobile 

shopping channel would help offline-only shoppers, who only use the offline channel even when 
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the online channel is available, easily use the electronic channel. Offline-only shoppers are 

highly likely to incur psychological and physical costs in turning on computer, accessing the 

retailer’s website, and creating an online account on the website. However, the mobile channel 

can eliminate those costs. Several studies (e.g., Gefen and Straub 2000; Gefen, Karahanna, and 

Straub 2003) show ease of use is a critical factor in using online shopping. Due to the greater 

individual-level penetration rate of mobile devices over PCs, and the greater accessibility and 

ease of use of the mobile app, offline-only shoppers can easily take advantage of electronic 

shopping after adopting the mobile channel. Even though they are less likely to adopt the mobile 

channel, because the traditional channel (offline channel) offers them high confidence and trust 

in their purchases (Kushwaha and Shankar 2013), once they adopt the mobile channel and start 

benefiting from it, they are likely to considerably shop through the mobile channel.  

Regarding the cannibalization effect on the offline channel, offline-only shoppers are 

likely to migrate items that require high physical costs (i.e., carrying) from the offline channel to 

the mobile channel. However, the hybrid shoppers who already take advantage of the online 

channel for that purpose would be less inclined to migrate to the mobile channel. We expect 

customers who do more of their shopping in the offline channel to be more likely to migrate their 

purchases from the offline channel to the mobile channel. Therefore, we posit that the 

cannibalization effect on the offline channel is stronger for offline-only shoppers than for hybrid 

shoppers, giving us the following hypothesis: 

H3a: The negative impact of mobile-channel adoption on offline shopping frequency 

and expenditure is greater for offline-only shoppers than for hybrid shoppers. 
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Online-only customers who repeatedly patronize the online channel are more prone to 

adventure and to the need to signal advancement (Kushwaha and Shankar 2013); such customers 

are more likely to exploit the new technology-enhanced channel and increase purchasing through 

the mobile app. Thus, the substitution effect of the mobile channel on the online channel would 

be greater for online-only shoppers than hybrid shoppers. Therefore, we have the following:  

H3b: The negative impact of mobile-channel adoption on online shopping frequency 

and expenditure is greater for online-only shoppers than for hybrid shoppers. 

 

According to the literature on multi-channel shopping (e.g., Kumar and Venkatesan 2005; 

Venkatesan et al. 2007), single-channel shoppers’ new-channel adoption increases purchases 

because multichannel shoppers have greater access to the full of range of customer benefits and 

are expected to be more satisfied with the firm. Once offline-only shoppers who had to visit a 

physical store to access the retail chain start using the mobile channel, it can provide them with 

new experiences and lead to a considerable increase in total shopping frequency and total 

expenditure at the retailer. On the other hand, the mobile channel would be more likely to be a 

substitute for the online channel for shoppers who already experienced the latter, because of the 

functional similarities between the online and mobile channels. Online-only shoppers are less 

likely to actively use the offline channel, and hybrid shoppers are likely to maintain their 

strategic channel-usage behavior between the online channels and the offline channel. However, 

mobile-channel adoption for offline-only shoppers provides them with a new way to 

communicate with the retailer and a new shopping environment. Therefore, we expect the 

following: 



 

15 

H3c: The positive impact of mobile-channel adoption on overall purchasing 

behavior (total frequency and total expenditure) is greater for offline-only 

shoppers than for hybrid shoppers or online-only shoppers. 

 

1.2.4 Household Heterogeneity by Nearby Competing Stores 

The impact of mobile-channel adoption can also differ depending on the existence of 

nearby competing stores. When customers do not have other competing store nearby, they are 

likely to heavily rely on the current chain. On the other hand, customers who have other options 

for their grocery shopping, regardless of the type of option, are likely to shop at multiple stores 

depending on their own purposes. When the adopters start shopping through the mobile channel, 

we expect customers who depend more heavily on one retailer to be more likely to change their 

purchasing behavior in existing channels. Because customers who have multiple nearby retailers 

are likely to have strong reasons for using each of the stores, they are less likely to change their 

purchasing behavior in existing channels. In addition, this pattern will appear regardless of 

whether the competing store is of a similar or dissimilar type (farmers market). Therefore, we 

expect the following: 

H4a,b: The presence of nearby competitors moderates the negative impact of 

mobile-channel adoption on shopping frequency and expenditure. 

 

As expected (Einav et al, 2015; Huang et al. 2016; Wang et al. 2015), mobile-channel 

adopters increase their total purchases at the retailer. When mobile channel adopters increase 
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their total shopping frequency and total expenditure at the retailer, there are potential causes: 

increase in their consumption of grocery items and switching purchases from competing stores. 

Due to the nature of grocery items, customers are less likely to increase their 

consumption of them. For instance, customers are less likely to eat more food or use more 

laundry detergent because they are using a new shopping channel. 

We expect customers to be highly likely to switch their purchases from other retailers to 

the focal retailer after adopting the app, which means mobile-channel introduction can generate 

competitive advantages. Lee et al. (2007) show that a mobile app, as a tool for frontline staff to 

improve person-to-person interaction, generates additional value for a firm. Nysveen et al. 

(2005) verify mobile push media as a tool for improving consumer brand relationships between 

purchases or interactions. Therefore, we expect distinctive characteristics of mobile services, 

such as ubiquity, immediacy, portability, and searchability, to provide competitive advantages to 

the retailer, so customers will switch their purchases from competing stores to the focal retailer. 

Then, customers who live near competing stores will realize a higher impact of adoption than 

customers who face no competing stores, leading to our next hypothesis:  

H4c: The presence of nearby competitors exacerbates the positive impact of the 

mobile-channel adoption on total frequency and total expenditure. 

 

1.3 Data 

1.3.1 Grocery Chain 

We obtained data from a major grocery retail chain in South Korea that has 253 physical 

stores, a centralized website, and a mobile shopping app. The centralized online store (mobile 
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app) is linked to all of the retailer’s physical stores, allowing customers to place orders on the 

website (on the mobile app), with the orders being filled and delivered by the nearest physical 

store.  

On February 17, 2014, the retailer launched a mobile app, enabling customers to shop 

using it. The user interface of the app resembles the online website. However, the mobile app 

takes advantage of mobile operating systems, including geolocators, barcode scanning, and push 

notification.3   

 When customers make their first online (mobile) purchase, they must create an online 

account (customers use the same account for online-website and mobile-app transactions); this 

account is linked to the customer’s loyalty card. Customer account information is then stored in 

the server and retrieved for subsequent orders4. When they create an online account, customers 

need to set up “my store,” 5 which provides the delivery service. Each physical store has its own 

exclusive delivery-coverage area. Although a customer can change his or her assigned physical 

store, only one physical store can provide delivery service to the customer. On average, a 

customer has a 92% chance of using the same physical store, regardless of the channel.  

All three channels provide the same range of products, aside from a few categories such 

as alcohol, cigarettes, and a few ready-to-eat food products that are only available through the 

                                                 

3 The focal retail chain does not send out customized offers such as coupons, geo-targeted messages and promotional 
information. 

4 A customer can access the non-mobile webpage through the mobile browser. Such access would register as an online incident—
not mobile shopping—because the customer did not take advantage of the mobile technology other than as a point of access to 
the web. Likewise, a customer could install a mobile app on a non-mobile device to realize the US$20 adoption incentive. 
Such instances are negligible in the data. 

5 The nearest physical store is automatically assigned based on the customer’s location, but customers can manually change the 
store providing the delivery service. 
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offline channel. Through the website and mobile applications, customers browse the aisles, select 

desired items, and place them in their shopping baskets. Once all items have been chosen, 

customers proceed to the checkout. The order information is delivered to the assigned offline 

store through the retailer’s online ordering system. Customers can choose a desired time for 

delivery, with the earliest being three hours following checkout. For same-day delivery service, a 

customer must check out before 6:30 PM. To reduce customer uncertainty regarding the online 

or mobile purchase of fresh food such as meat, seafood, vegetables, and fruits, the retailer has a 

compensation policy for fresh food that is unsatisfactory when customers use the delivery 

service. All offline stores have the same delivery policy, charging a US$2 delivery fee if the 

basket total is less than US$20; otherwise, delivery is free.6 

 

1.3.2 Mobile-App Features 

A few features are available on the mobile app that are not available in the online 

channel. First, customers can invite their friends to download the app. Second, customers do not 

need to bring their physical loyalty cards to the retailer’s offline stores; mobile adopters can use 

the app to earn points when they check out in offline stores. Third, customers can scan barcodes 

of products through the app, which also allows the scanned products to be put into the mobile-

app shopping cart. Thus, customers can reduce physical costs, such as pushing a heavy cart and 

moving shopping items in offline stores, by scanning items and ordering them through the app. 

Fourth, the retailer uses push notifications to send promotional information to all mobile app 

                                                 

6 In this study, US$1 is equal to 1000KRW (South Korean Won), 
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users at the same time. Though a mobile app is a great tool for firms’ targeting strategy, the 

retailer does not have any customized location or time-based targeting strategy. Thus, no 

systematic differences exist in marketing-campaign exposure between mobile adopters and non-

adopters except for the push notifications, which is a common mobile-app feature. 

 
1.3.3 Scanner-Panel Data 

The retailer provides data for a random sample of 3,000 households who adopted the 

mobile channel, as well as a random sample of 3,000 households who did not adopt the app by 

August 31, 2014. If a household made at least one purchase from the retailer on a mobile device 

through the mobile app, we classify the household as an adopter of the mobile channel.7 We 

observe the complete shopping records for these 6,000 households between September 2013 and 

August 2014. Before the retailer launched the mobile app on February 17, 2014, customers could 

place orders through the online channel via the retailer’s website (with the order delivered from 

the assigned physical store), whereas offline-channel purchases required a visit and purchase 

made at a physical store. After the launch, customers could shop by ordering through the mobile 

channel, using the retailer’s website in the online channel, or visiting the offline channel. For 

each shopping trip undertaken by households in our sample, we observe the time of the shopping 

trip, the items purchased, the purchase price, and the channel used. After removing households 

with missing demographic information8 and households who had too few shopping trips, we are 

left with 2,039 households who adopted the mobile app and 2,164 households who did not.  

                                                 

7 If a person downloaded but does not use the app, we treat him or her as a non-adopter. 
8 We remove 1,252 customers who did not correctly report or update their addresses. 
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Table 1.2. Household Demographics and Characteristics of Shopping Behavior. 

 
Adopters 
(2039) 

Non-adopters 
(2164) 

 Mean Std.dev Mean Std.dev 
Household Demographic      
Age (loyalty card holder in a household) 39.440 (5.870) 42.837 (8.913) 
Live in apartment .698 (.459) .706 (.456) 
Marriage (married =1) .623 (.485) .433 (.496) 
Distance to primarily used physical stores 
(focal chain) (km) 1.416 (1.572) 1.212 (1.583) 

Similar type of store within 2km (Exist =1) .596 (.491) .605 (.489) 
Existing farmers markets within 500m (Exist 
=1) .333 (.472) .336 (.472) 

Characteristics of Shopping Behavior (before launching the mobile app) 
Num of hybrid shoppers 1407 531 
Num of offline-only shoppers 171 1526 
Num of online-only shoppers 461 107 
Weekly num of shopping occurrences at online 
websites .836 (.690) .222 (.496) 

Weekly num of shopping occurrences at 
offline stores .769 (1.095) 1.339 (1.059) 

Weekly expenditure at offline stores 17.779 (26.051) 30.034 (22.473) 
Weekly expenditure at online websites 30.570 (25.781) 8.354 (18.406) 
Note: Before launching the mobile app: September 1, 2013 ~ February 16, 2014 (169 days). 

 

Table 1.2 shows the descriptive statistics of the households in our estimation sample. 

On average, adopters are younger than non-adopters (39.3 vs. 42.8 years old), but the marriage 

rate of adopters is higher than that of non-adopters (62.3% vs. 43.3%). The percentage of 

households who live in apartments is similar across both groups (69.8% and 70.6%). We also 

report the distance to the primarily used stores of the focal chain (physical store) and descriptive 

statistics for the nearby competing stores. We can see the distance to the primarily used focal 

chain is similar (1.416 km [.88 miles] for the adopters and 1.212 km [.75 miles] for the non-

adopters). For the nearby competing stores, on average, a similar type of store is located within a 
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2 km radius for 59.6% of adopters and 60.5% of non-adopters.9 In addition, a farmers market is 

located within a 500m radius for 33.3% of adopters and 33.6% of non-adopters.10.  

At the bottom of Table 1.2, we report and compare descriptive statistics for shopping 

behaviors for adopters versus non-adopters before the mobile-channel launch. We note that 

adopters and non-adopters exhibit distinct purchasing-behavior patterns by channel before the 

mobile-channel launch. For example, adopters spend much less money in the offline channel but 

more in the online channel than non-adopters. Similarly, adopters use the online website more 

frequently than offline stores for their shopping, but non-adopters use offline stores more 

frequently than the online website. These descriptive statistics suggest the households who adopt 

the mobile app are systematically different from those who do not. These systematic differences 

may confound identification of the impact of mobile adoption on households who adopted the 

app. An ideal design would randomly assign households to the treatment condition of adopting 

mobile apps, but our data were not generated in this way. In the next section, we describe our 

identification strategy to correct the potential selection bias. 

 

1.4 Identification Strategy 

In this subsection, we discuss the econometric challenges and identification strategy to 

identify the impact of mobile-channel adoption on customers’ shopping behavior. In an ideal 

setting, we could randomize the treatment (mobile-channel adoption) and then compare shopping 

                                                 

9 For the similar type of store, we consider three major franchised chains, which have more than 80% of market share. Those 
chains mostly have large parking lots. 

10 Most of the farmers markets do not have parking lots, and customers walk to the markets; thus, we consider the existence of 
farmers market based on a walkable distance, 500m. 
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behavior between adopters and non-adopters. However, the adoption decision is made by each 

individual. Therefore, the adoption is not random, and we need to account for customers self-

selecting into the treatment group. Propensity-score matching (PSM) pioneered by Rosenbaum 

and Rubin (1983) and refined by Heckman and colleagues (e.g., Heckman, Ichimura, and Todd 

1998) reduce the possibility of selection bias and replicate a randomized experiment by using 

covariates to pair adopters and non-adopters. This approach ensures the assignment of 

households to adopters and non-adopters is independent of outcomes such as weekly expenditure 

in each of the shopping channels and the weekly number of shopping trips in each of the 

shopping channels (conditional on covariates). However, the matching is based on observables, 

and not all households’ adoption reasons are observable. Omitted variables that drive strategic 

mobile-app adoption could correlate with outcome variables, which would involve an 

endogeneity bias (Gill et al. 2017). Thus, we consider two more potential solutions that correct 

for selection bias because of the unobservables. We develop (1) difference-in-differences (DID) 

with matched households from PSM, (2)DID with the Heckman selection model with the 

matched samples, and (3) DID with a fixed-effects model with the matched samples. 

 

1.4.1 Seemingly Unrelated Regression (SUR) with Propensity-Score Matching  

One concern about OLS estimates is that adopters and non-adopters are systematically 

different, and the purchasing behavior may not be due to the mobile-channel adoption. Matching 

replicates a randomized experiment by using covariates to pair mobile-channel adopters and 

mobile-channel non-adopters. Because exact matching on multiple variables is infeasible 

(Angrist and Krueger 1999; Huang et al. 2012), PSM is a common method for reducing 
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dimensionality of the matching problem (Rubin 2006). To perform PSM, a rich set of variables 

that can reasonably discriminate the treated households (adopters) and nontreated households 

(non-adopters) is necessary. We estimate the propensity scores through a probit model of mobile-

channel adoption using the same set of observed covariates, such as households’ demographics, 

shopping characteristics during the pre-launch period, distance to stores, and characteristics of 

competing stores. We use 1:1 matching between the adopters group and non-adopters group, and 

select the same number of households, who have similar observed characteristics, from each 

group. Additional details on the matching algorithm and the observed covariates used in 

matching are provided in Appendix A. 

With matched households, we take the two aspects of shopping behavior (weekly 

shopping frequency and weekly expenditure) by channel as dependent variables. In other words, 

we have six dependent variables: weekly shopping frequency in the online channel, weekly 

expenditure in the online channel, weekly shopping frequency in the offline channel, weekly 

expenditure in the offline channel, weekly total shopping frequency across all channels, and 

weekly total expenditure across all channels. We specify the model of households’ purchasing 

behavior as follows: 

(1) yk,it
behav = α0,k

behav +  α1,k
behavAdopteri +  α2,k

behavAdoptionit +  α3,k
behavAdopteri  ×

 Adoptionit +  α4,k
behavNumHolidayst  +  𝛼𝛼5,k

behavNumSunnydaysit  +  μ1𝑖𝑖behav +

 ϵ1k,it
behav ,  

where 𝑏𝑏𝑏𝑏ℎ𝑎𝑎𝑎𝑎 indexes the two aspects of shopping behavior: weekly shopping frequency and 

weekly expenditure. For shopping frequency, we use 𝑓𝑓𝑓𝑓𝑏𝑏𝑓𝑓, and for expenditure, we use 

𝑏𝑏𝑒𝑒𝑒𝑒𝑏𝑏𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑓𝑓𝑏𝑏. i indexes a household, 𝑒𝑒 indexes time (week), and 𝑘𝑘 indexes a shopping channel. 
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Thus, yk,it
freq is the weekly shopping frequency in each of the shopping channel, yk,it

expenditure is the 

weekly expenditure (spending in dollars) in each channel. For the shopping channel, we have 

offline channel (𝑘𝑘 = 1), online channel (𝑘𝑘 = 2), and the overall channel (𝑘𝑘 = 3). The overall 

channel (𝑘𝑘 = 3) indicates the overall shopping behavior across all the channels at the focal retail 

chain. y3,it
freq is the weekly total shopping frequency at the retailer, and y3,it

expenditure is the weekly 

total expenditure at the retailer. Adopteri is an adopter dummy (1 for households who adopted 

the mobile application, and 0 otherwise), Adoptionit is the mobile-channel-adoption dummy (1 

if week t is after an adopter i made a first shopping trip through the mobile application, and 0 

otherwise). For non-adopters’ Adoptionit, we matched the timing of adoption between adopters 

and non-adopters. With the 1:1 matched outcome from PSM, non-adopter 𝑒𝑒 has the value 1 for 

Adoptionit if week 𝑒𝑒 is after the adopter who is matched with the non-adopter 𝑒𝑒 made a first 

shopping trip through the mobile app, and 0 before the adopter made the first trip with the app. 

NumHolidayst is the number of holidays in South Korea during week t, and NumSunnydaysit 

is the number of sunny days in the location for household 𝑒𝑒 during week t. We also include store 

fixed effect μ𝑖𝑖 to help control for unobserved characteristics of each offline store. We allow the 

correlations between equations by using the seemingly unrelated regression (SUR).11 When 

estimating the SUR, we need to avoid an identical structure of covariates between equations to 

identify parameters (if all the covariates are the same across equations, the estimation result is 

                                                 

11 We estimate two separate SUR models. For the first, we have four equations— 𝑦𝑦1,𝑖𝑖𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, 𝑦𝑦1,𝑖𝑖𝑖𝑖

𝑓𝑓𝑒𝑒𝑒𝑒𝑓𝑓𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑓𝑓𝑓𝑓 , 𝑦𝑦2,𝑖𝑖𝑖𝑖
𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓, and 𝑦𝑦2,𝑖𝑖𝑖𝑖

𝑓𝑓𝑒𝑒𝑒𝑒𝑓𝑓𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑓𝑓𝑓𝑓—
to investigate the impact of the adoption on households’ purchasing behavior in each of shopping channels. For the second 
SUR, we have two equations—𝑦𝑦3,𝑖𝑖𝑖𝑖

𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  and 𝑦𝑦3,𝑖𝑖𝑖𝑖
𝑓𝑓𝑒𝑒𝑒𝑒𝑓𝑓𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑒𝑒𝑓𝑓𝑓𝑓—to investigate the impact of the adoption on total shopping frequency 

and total expenditure at the retail chain. 
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the same as independent OLS for each equation). We do not include NumSunnydaysit for the 

models with yk,it
expenditure (model for households’ expenditure by channel), because households 

are likely to reduce or increase their shopping frequency depending on the weather but are less 

likely to change their overall expenditure. 

Furthermore, we investigate household heterogeneity in the impact of mobile-channel 

adoption. We segment households into three groups depending on their channel-usage pattern 

during the pre-launch period. We have households who purchased items only through the offline 

channel during the pre-launch period (Offline-only shoppers), households who purchased items 

only through the online channel during the pre-launch period (Online-only shoppers), and 

households who purchased items through both online and offline channels during the pre-launch 

period (Hybrid shoppers). Furthermore, we also segment households based on their nearby 

competing stores. We divide households into those who do and do not have a similar type of 

competing store located within a 2km radius of them, and into households who do and do not 

have a farmers market located within 500m of them. In extending the above models, our DID 

modelfollows: 

(2)   yk,it
behav = 𝛽𝛽0,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎 +  𝛽𝛽1,k
behavAdopteri +  𝛽𝛽2,k

behavAdoptionit + 𝛽𝛽3,k
behavAdopteri  ×

 Adoptionit + 𝛽𝛽4,k
𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝛽𝛽5,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i +

𝛽𝛽6,k
behav𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝛽𝛽7,k

behav𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i +

𝛽𝛽8,k
behavAdopteri  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝛽𝛽9,k

behavAdopteri  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it +

𝛽𝛽10,k
behavAdopteri  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝛽𝛽11,k

behavAdopteri  ×

𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i + 𝛽𝛽12,k
behavAdoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  +

𝛽𝛽13,k
behavAdoptionit  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it + 𝛽𝛽14,k

behavAdoptionit  ×

𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝛽𝛽15,k
𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎Adoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i  +
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𝛽𝛽16,k
behavAdopteri  ×  Adoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝛽𝛽17,k

behavAdopteri  ×  Adoptionit  ×

𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it + 𝛽𝛽18,k
behavAdopteri  ×  Adoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i +

𝛽𝛽19,k
𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎Adopteri  ×  Adoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i +

 𝛽𝛽20,k
behavNumHolidayst + 𝛽𝛽21,k

behavNumSunnydaysit + μ2𝑖𝑖behav +   ϵ2k,it
behav,         

where 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i (𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i) is equal to 1 if household 𝑒𝑒 is an offline-only shopper 

(online-only shopper), and 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i is equal to 1 if household 𝑒𝑒 has at least one 

similar type of competitor within a 2km radius around his or her location, and 0 otherwise. 

Similarly, 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i is equal to 1 if household 𝑒𝑒 has at least one farmers market 

within 500m of his or her location, and 0 otherwise. The three-way interaction model in equation 

(2) is referred to as the triple-difference model because it helps examine the variable in the 

outcome variable across customer segments (Janakiraman, Lim, and Rishika 2018).  

 

1.4.2 Heckman Model with Matched Sample 

The assumption of the matching method is that, conditional on observables, the 

assignment of adopters and non-adopters is independent of the outcome variables, yk,it
behav. 

However, this assumption is strong, and unobservables may significantly affect the outcome. To 

address this concern, we apply a Heckman’s self-selection model. The Heckman model requires 

exclusion restrictions involving instruments, that is, variables that affect selection but not 

outcomes (Sudhir and Talukdar 2015). We build a two-stage model with instrumental variables 

(IVs) with matched samples12: 

                                                 

12 Due to concern about selection on unobservables and the comparison with the previous model (equations (1) and (2)), we use 
the matched sample. However, we also check the robustness by using all the samples with the Heckman model. 
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(3)                                            𝑈𝑈𝑖𝑖  =  𝑒𝑒𝑖𝑖𝛾𝛾1 +  𝑧𝑧𝑖𝑖𝛾𝛾2 + 𝜖𝜖3𝑖𝑖 , 

(4) yk,it
behav = δ0,k

behav + δ1,k
behavAdopteri +  δ2,k

behavAdoptionit +  δ3,k
behavAdopteri  ×

 Adoptionit + δ4,k
behavIMRi +  μ3𝑖𝑖behav + ω1tbehav +  𝑒𝑒𝑖𝑖𝛾𝛾3𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎 +   ϵ4k,it

behav,   

where Ui denotes a dummy variable indicating whether household 𝑒𝑒 adopts the mobile channel, 

𝑒𝑒𝑖𝑖 denotes household demographics and information about households’ nearby other competing 

stores, such as age, marital status, distance to most commonly used focal chain’s physical store, 

and whether the most commonly used store is the nearest store for them. 𝑧𝑧𝑖𝑖 denotes IVs that 

affect the adoption decision. For the IVs, we use the percentage of total spending that goes 

toward pre-cooked foods, the most common online and offline shopping hours, and households’ 

shopping characteristics during the pre-launch period, such as average basket size, number of 

shopping trips, spending on bulky/heavy products, and spending on fresh foods.  

Similar to equation (2), we extend the model for household heterogeneity as follows13: 

(5)   yk,it
behav = 𝜂𝜂0,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎 +  𝜂𝜂1,k
behavAdopteri +  𝜂𝜂2,k

behavAdoptionit + 𝜂𝜂3,k
behavAdopteri  ×

 Adoptionit + 𝜂𝜂4,k
𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝜂𝜂5,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i +

𝜂𝜂6,k
behav𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝜂𝜂7,k

behav𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i +

𝜂𝜂8,k
behavAdopteri  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝜂𝜂9,k

behavAdopteri  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it +

𝜂𝜂10,k
behavAdopteri  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝜂𝜂11,k

behavAdopteri  ×

𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i + 𝜂𝜂12,k
behavAdoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  +

𝜂𝜂13,k
behavAdoptionit  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it + 𝜂𝜂14,k

behavAdoptionit  ×

𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i  + 𝜂𝜂15,k
behavAdoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i +

                                                 

13 To estimate parameters with the Heckman model, we do not allow the correlation between error terms between equations in 
ϵ4k,it

behav and equations in ϵ5k,it
behav.  
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𝜂𝜂16,k
behavAdopteri  ×  Adoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝜂𝜂17,k

behavAdopteri  ×  Adoptionit  ×

𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it + 𝜂𝜂18,k
behavAdopteri  ×  Adoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i +

𝜂𝜂19,k
𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎Adopteri  ×  Adoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i + μ2𝑖𝑖behav + ω2tbehav +

 𝑒𝑒𝑖𝑖𝛾𝛾4𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎 +   ϵ5k,it
behav.   

 

1.4.3 Fixed-Effects Model with Matched Sample 

To further eliminate the concern about endogeneity bias due to unobservables, we can 

include household fixed effects in our models instead of building a two-stage model. With 

matched samples, we build a fixed-effects model by following prior studies (Danaher et al. 2010; 

Goldfarb and Tucker 2011; Janakiraman, Lim, and Rishika 2018) as follows: 

(6) yk,it
behav =  𝜆𝜆1,k

behavAdoptionit +  𝜆𝜆2,k
behavAdopteri  ×  Adoptionit + Ω1ibehav + ω3tbehav +

 ϵ6k,it
behav,   

where Ωibehav is the household fixed effect. Because the household-specific fixed effects would 

be perfectly collinear with the treatment group indicator, Adopteri, we only include it in the 

interaction term (Goldfarb and Tucker 2011; Janakiraman, Lim, and Rishika 2018). Similar to 

above, we extend the model for household heterogeneity: 

(7)   yk,it
behav = 𝜁𝜁1,k

behavAdoptionit + 𝜁𝜁2,k
behavAdopteri  ×  Adoptionit +

 𝜁𝜁3,k
behavAdoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  + 𝜁𝜁4,k

behavAdoptionit  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it +
𝜁𝜁5,k
behavAdoptionit  × 𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝜁𝜁6,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎Adoptionit  ×
𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i + 𝜁𝜁7,k

behavAdopteri  ×  Adoptionit  × 𝑂𝑂𝑓𝑓𝑓𝑓𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓i  +
𝜁𝜁8,k
behavAdopteri  ×  Adoptionit  × 𝑂𝑂𝑒𝑒𝑂𝑂ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑏𝑏𝑓𝑓it + 𝜁𝜁9,k

behavAdopteri  ×  Adoptionit  ×
𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏. 𝑂𝑂𝑒𝑒𝑆𝑆𝑒𝑒𝑆𝑆𝑎𝑎𝑓𝑓.𝐶𝐶𝑜𝑜𝑆𝑆𝑒𝑒𝑏𝑏𝑒𝑒i + 𝜁𝜁10,k

𝑏𝑏𝑓𝑓ℎ𝑎𝑎𝑎𝑎Adopteri  ×  Adoptionit  ×
𝐻𝐻𝑎𝑎𝑎𝑎𝑏𝑏.𝐹𝐹𝑎𝑎𝑓𝑓𝑆𝑆𝑏𝑏𝑓𝑓𝐹𝐹.𝑀𝑀𝑎𝑎𝑓𝑓𝑘𝑘𝑏𝑏𝑒𝑒i + Ω2ibehav + ω4tbehav +  ϵ7k,it

behav .  
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Table 1.3. Main Effect of Adoption on Purchasing Behavior in Existing Channels. 
  Weekly Offline Frequency Weekly Offline Expenditure Weekly Online Frequency Weekly Online Expenditure 

  SUR Heck-
man 

Fixed 
Effects SUR Heck-

man 
Fixed 

Effects SUR Heck-
man 

Fixed 
Effects SUR Heck-

man 
Fixed 

Effects 
Adopter × 
After 
adoption 

-.105 
(.012)*** 

-.096 
(.013)*** 

-.078 
(.009)*** 

-3.433 
(.370)*** 

-3.153 
(.377)*** 

-2.518 
(.327)*** 

-.624 
(.006)*** 

-.652 
(.006)*** 

-.660 
(.005)*** 

-23.157 
(.259)*** 

-23.969 
(.251)*** 

-24.078 
(.218)*** 

Num. obs. 195744 195744 195744 195744 195744 195744 195744 195744 195744 195744 195744 195744 

R2 0.11 0.166 0.596 0.052 0.089 0.338 0.148 0.286 0.517 0.122 0.243 0.443 

Adj. R2 0.109 0.165 0.587 0.051 0.088 0.324 0.147 0.286 0.506 0.122 0.242 0.431 

logLik -339774 -333389 -262490 -1003561 -999701 -968346 -207914 -190498 -152385 -934063 -919581 -889513 

AIC 679919 667252 533237 2007492 1999877 1944949 416200 381470 313027 1868496 1839637 1787282 

BIC 681813 669666 575279 2009376 2002291 1986991 418094 383883 355069 1870381 1842050 1829324 
***p <.01, **p <.05, *p <.1 
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1.5 Results 

1.5.1 Main Effects of Mobile-Channel Adoption on Purchasing Behavior 

Table 1.4. Main Effect of Adoption on Total Purchasing Behavior across All Channels. 
  Weekly Total Frequency Weekly Total Expenditure 

  SUR Heckman Fixed 
Effects SUR Heckman Fixed 

Effects 
Adopter x After 
adoption 

.138 
(.014)*** 

.125 
(.014)*** 

.128 
(.010)*** 

5.246 
(.449)*** 

4.889 
(.462)*** 

5.146 
(.402)*** 

Num. obs. 195744 195744 195744 195744 195744 195744 
R2 0.046 0.069 0.502 0.031 0.052 0.304 
Adj. R2 0.046 0.068 0.491 0.03 0.051 0.289 
logLik -357126 -354728 -293518 -1041564 -1039396 -1009107 
AIC 714624 709931 595293 2083497 2079267 2026470 
BIC 716518 712344 637335 2085382 2081681 2068512 
***p <.01, **p <.05, *p <.1 

 

In Table 1.3, we show the estimates for the cannibalization effect of mobile-app adoption 

on existing channels. From equations (1), (4), and (6), we only report the estimates capturing the 

effect of mobile-channel adoption on customers’ shopping frequency and expenditures in 

existing channels. We find all the parameters are significant and negative (α3,1
freq = -.105, p<.01; 

 δ3,1
freq= -.096, p<.01;  𝜆𝜆2,1

freq, = -.078, p<.01;  α3,1
expenditure, = -3.433, p<.01;  δ3,1

expenditure, = -3.153, 

p<.01; 𝜆𝜆2,1
expenditure= -2.518, p<.01; α3,2

freq = -.624, p<.01;  δ3,2
freq= -.652, p<.01;  𝜆𝜆2,2

freq, = -.660, 

p<.01;  α3,2
expenditure, = -23.157, p<.01;  δ3,2

expenditure, = -23.969, p<.01; 𝜆𝜆2,2
expenditure= -24.017, 

p<.01), which means H1a, H1b, H2a, and H2b are supported. This suggests mobile-channel 

adoption decreases shopping frequency and expenditure in both existing channels (online and 

offline channels). In other words, the mobile channel cannibalizes the existing channels. 

However, adoption increases total shopping frequency and total expenditure at the retailer. In 

Table 1.4, we report the estimates capturing the effect of mobile-channel adoption on 
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households’ total shopping frequency and total expenditure at the retail chain (α3,3
freq = .138, 

p<.01;  δ3,3
freq= .125, p<.01;  𝜆𝜆2,3

freq= .128, p<.01;  α3,3
expenditure= 5.246, p<.01;  δ3,3

expenditure= 4.889, 

p<.01;  𝜆𝜆2,3
expenditure= 5.146, p<.01). It shows all the parameters are positive and significant, 

which means H1c and H2c are supported. This finding suggests households who adopt the 

mobile shopping channel increase their weekly total shopping frequency and total expenditure at 

the retailer, even though they decrease their shopping frequency and expenditure in existing 

channels. In addition, Tables 1.3 and 1.4 show consistent estimates between three models. 

Though we control for unobservables through the Heckman model and the household fixed-

effects model, results are consistent with the SUR model with PSM. 
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           (a) Changes in Expenditure by Shopping Channel              (b) Changes in Shopping Frequency by Shopping Channel 

 

Figure 1.2. Changes in Weekly Shopping Frequency and Weekly Expenditure in Shopping Channels by following adoption of 

the Mobile Channel. 
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For better interpretation of the estimates in Tables 1.3 and 1.4, in Figure 2, we report the 

changes in households’ weekly shopping frequency and expenditure by channel.14 Figure 2(a) 

shows that whereas adopters modestly decrease their weekly expenditure at offline stores 

(US$17.651  US$16.750; p<.01), they greatly decrease their weekly expenditure using the 

online channel (US$30.164  US$6.516; p<.01) after mobile-channel adoption. However, 

adopters increase their total expenditure substantially after the adoption (US$47.990  

US$54.818; p<.01).  This finding suggests a strong substitution between the online and mobile 

channels. Figure 2(a) suggests the patterns of changes in shopping frequency are similar to the 

patterns of those in expenditures. It means the changes in weekly expenditures primarily come 

from the changes in shopping frequency. In other words, mobile-channel adoption is highly 

likely to increase households’ number of trips rather than their spending amount per trip. With 

the simple calculation of spending amount per trip by 𝑀𝑀𝑓𝑓𝑎𝑎𝑒𝑒(𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝑎𝑎𝑎𝑎𝑓𝑓 𝑤𝑤𝑓𝑓𝑓𝑓𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠𝑒𝑒𝑓𝑓𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑎𝑎)
𝑀𝑀𝑓𝑓𝑎𝑎𝑒𝑒(𝑎𝑎𝑎𝑎𝑓𝑓𝑓𝑓𝑎𝑎𝑎𝑎𝑓𝑓 𝑤𝑤𝑓𝑓𝑓𝑓𝑤𝑤𝑤𝑤𝑤𝑤 𝑠𝑠ℎ𝑜𝑜𝑒𝑒𝑒𝑒𝑖𝑖𝑒𝑒𝑎𝑎 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓)

 for each 

shopping channel, the adoption has little effect on the basket size (online basket size: 

US$36.346 = 30.164
.830

  US$37.119 = 6.516
.176

; offline basket size: US$22.901 = 17.651
.771

  

US$21.682 = 16.750
0.773

). This finding suggests the mobile channel is less likely to change 

customers’ spending amount per trip in existing channels.  

                                                 

14 Though the three models have consistent estimates in Tables 3 and 4, we use the fitted values from the fixed-effects model 
because it shows best goodness of fit. 
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Table 1.5. Estimates for Household Heterogeneity by Household Characteristics (Cannibalization Effect). 
  Weekly Offline Frequency Weekly Offline Expenditure Weekly Online Frequency Weekly Online Expenditure 

  SUR Heck Fixed SUR Heck Fixed SUR Heck Fixed SUR Heck Fixed 

Adopter × After 
adoption 

-.13 
(.03)*** 

-.13 
(.03)*** 

-.11 
(.02)*** 

-4.45 
(.76)*** 

-5.06 
(.76)*** 

-4.28 
(.67)*** 

-.60 
(.01)*** 

-.62 
(.01)*** 

-.64 
(.01)*** 

-23.42 
(.51)*** 

-23.85 
(.51)*** 

-24.54 
(.44)*** 

Adopter × After 
adoption × Offline-
only shopper 

-.12 
(.04)*** 

-.10 
(.04)* ** 

-.11 
(.03)*** 

-6.88 
(1.18)*** 

-6.20 
(1.12)*** 

-7.80 
(1.01)*** 

.60 
(.02)*** 

.58 
(.02)*** 

.61 
(.02)*** 

22.62 
(.80)*** 

22.35 
(.75)*** 

23.20 
(.67)*** 

Adopter × After 
adoption × Online-
only shopper 

.08 
(.05)* 

.12 
(.05)*** 

.08 
(.03)** 

3.30 
(1.39)** 

4.22 
(1.38)*** 

2.72 
(1.20)** 

-.11 
(.02)*** 

-.11 
(.02)*** 

-.08 
(.02)*** 

-5.08 
(.93)*** 

-4.83 
(.92)*** 

-3.38 
(.80)*** 

Adopter × After 
adoption × Have 
similar-type 
competitors nearby 

.06 
(.03)** 

.04 
(.03)* 

.05 
(.02)*** 

.89  
(.75) 1.37 (.75)* 1.66 

(.66)** .00 (.01) -.01 (.01) -.01 (.01) .93 (.51)* .26 (.50) .34 (.44) 

Adopter × After 
adoption × Have 
farmers' market 
nearby 

.01 
 (.03) 

.01 
 (.03) 

.00 
 (.02) 

.70  
(.78) 1.35 (.77)* 1.38 

(.68)** 
.040 

(.01)*** 
.03 

(.01)*** 
.03 

(.01)*** 
2.24 

(.52)*** 
1.85 

(.51)*** 
2.03 

(.45)*** 

Num. obs. 195,744 195,744 195,744 195,744 195,744 195,744 195,744 195,744 195,744 195,744 195,744 195,744 

R2 0.136 0.194 0.596 0.08 0.106 0.339 0.25 0.297 0.525 0.213 0.253 0.45 

Adj. R2 0.136 0.193 0.587 0.08 0.104 0.325 0.25 0.296 0.515 0.213 0.252 0.438 

logLik -336,869 -330,082 -262,468 -1,000,645 -997,870 -968,280 -195,343 -189,075 -150,680 -923,442 -918,354 -888,316 

AIC 673,785 660,671 533,207 2,001,334 1,996,246 1,944,832 390,732 378,655 309,632 1846,928 1,837,214 1,784,903 

BIC 674,019 663,247 575,331 2,001,558 1,998,823 1,986,956 390,967 381,232 351,756 1847,152 1,839,791 1,827,027 
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Table 1.6. Estimates for Household Heterogeneity by Household Characteristics (Total Shopping Behavior). 

  Weekly Total Frequency Weekly Total Expenditure 

  SUR Heck Fixed SUR Heck Fixed 

Adopter × After adoption .130 (.028)*** .110 (.028)*** .101 (.021)*** 4.488 
(.933)*** 

3.655 
(.932)*** 

3.367 
(.820)*** 

Adopter × After adoption × 
Offline-only shopper .306 (.044)*** .330 (.041)*** .367 (.032)*** 8.824 

(1.456)*** 
9.313 

(1.379)*** 
9.299 

(1.238)*** 
Adopter × After adoption × 
Online-only shopper .017 (.052) .053 (.051) .041 (.038) -.390 (1.708) .618 (1.689) .964 (1.480) 

Adopter × After adoption × Have 
similar-type competitors nearby .083 (.028)*** .054 (.027)** .064 (.021)*** 1.758 (.924)* 1.606 (.913)* 1.870 

(.808)** 
Adopter × After adoption × Have 
farmers' market nearby .043 (.029) .036 (.028) .037 (.022)* 1.891 

(.958)** 
2.137 

(.946)** 
2.484 

(.837)*** 
Num. obs. 195744 195744 195744 195744 195744 195744 
R2 (full model) 0.033 0.098 0.503 0.03 0.067 0.305 

Adj. R2 (full model) 0.033 0.097 0.492 0.029 0.066 0.29 

logLik -358498 -351697 -293340 -1041680 -1037830 -1009034 
AIC 717041 703900 594951 2083404 2076165 2026341 
BIC 717275 706477 637075 2083628 2078742 2068464 
***p <.01, **p <.05, *p <.1 
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Table 1.7. Changes in Weekly Shopping Frequency and Weekly Expenditure by Channel-Usage Preference and Shopping 
Channel. 

 Number of 
Adopters Channel Mean of Weekly Frequency Mean of Weekly Expenditure ($) 

Before Adoption After Adoption Before Adoption After Adoption 

Offline-only 
Shoppers 171 

Offline 1.689 1.562 43.345 33.989 
Online 0 0.029 0.000 1.089 
Mobile 0 0.719 0.000 25.290 

Hybrid Shoppers 1407 
Offline 0.911 0.922 20.299 19.961 
Online 0.860 0.174 31.350 6.581 
Mobile 0 0.859 0 31.760 

Online-only 
Shoppers 461 

Offline 0 0.025 0.000 0.039 
Online 1.042 0.233 37.644 8.330 
Mobile  0.909 0 33.759 
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1.5.2 Interaction of the Effect of Mobile-Channel Adoption with Channel-Usage 

Preferences 

We find considerable variation in the effect of mobile adoption across households. H3a 

(H3b) proposes that the negative impact of adoption on offline-purchasing (online-purchasing) 

behavior will be stronger for offline-only shoppers than hybrid shoppers (stronger for online-

only shoppers than hybrid shoppers). In Table 1.5, we report the estimates of the interactions 

between the effect of the adoption and the household heterogeneity. We find adoption has a 

stronger negative impact on the offline-only shoppers than on the hybrid shoppers (𝛽𝛽16,1
freq =

−.12,𝛽𝛽16,1
expenditure = −6.88;𝑒𝑒 < .01 for all; from the SUR model), which suggests support for 

H3a. On the other hand, adoption has a stronger negative impact on online purchasing behavior 

for online-only shoppers than for hybrid shoppers (𝛽𝛽17,2
freq = −.11,𝛽𝛽17,2

expenditure = −5.08;𝑒𝑒 < .01 

for all; from the SUR model), as we propose in H3b. The results suggest a higher cannibalization 

effect on the channels on which customers tended to rely most before adopting the mobile 

shopping channel. Regarding the total shopping frequency and total expenditure at the retailer 

(see Table 1.6), we find the impact of adoption is significantly higher for offline-only shoppers 

than for hybrid shoppers (𝛽𝛽16,3
freq = .306,𝛽𝛽16,3

expenditure = 8.824;𝑒𝑒 < .01 for all; from the SUR 

model), but the impact is not significantly different between the hybrid shoppers and the online-

only shoppers (𝛽𝛽17,3
freq = .017,𝛽𝛽17,3

expenditure = −.390;𝑒𝑒 > .10 for all; from the SUR model). That 

is, H3c is supported.  

We quantify the changes in weekly shopping frequency and weekly expenditure by 

shopping channel and channel-usage preferences, and summarize the results in Table 1.7. We 
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report the mean of fitted values of weekly shopping frequency and weekly expenditure by 

shopping channel for different channel-usage preferences. The offline-only shoppers increase 

their weekly total expenditure across all channels by 39.27% (=33.989 + 1.089 + 25.290
43.345

) and increase 

their total shopping frequency by 36.73% (=1.562+.029+.719
1.689

), but online-only shoppers increase 

total expenditure by 11.91 % (=.039+8.33+33.759
37.644

) and hybrid shoppers increase total expenditure 

by 12.4% (= 19.961+6.581+31.760
20.299+31.350

). This finding suggests offline-only shoppers, who never use the 

PC-based online channel, substantially increase their expenditure after using the mobile channel. 

In addition, we find the increase in expenditure mostly comes from the increase in shopping 

frequency for all types of shoppers. This finding means a mobile app with distinctive 

characteristics such as ubiquity, immediacy, portability, and searchability is highly effective in 

increasing shopping frequency. In Table 1.7, we also find offline-only shoppers start 

substantially purchasing items through the mobile channel, but hybrid shoppers and online-only 

shoppers tend to replace their online purchases with mobile purchases. This finding implies the 

mobile channel plays a complementary role for customers who never use a digital shopping 

channel (offline-only shoppers) but a substitution role for customers who ever use the digital 

shopping channel (online-only and hybrid shoppers). 

 

1.5.3 Interaction of the Effect of the Mobile-Channel Adoption with Nearby Competing 

Stores 

For the variation in the impact of adoption on purchasing behavior in existing channels, 

we don’t find a strong difference between households who have nearby competing stores and 
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households who do not. Regarding the similar type of competitor (see Table 1.5), we find 

significant estimates for the offline frequency (.06; p<.05; from SUR model), insignificant 

estimates for the offline expenditure (.89; p>.01; from SUR model), and insignificant estimates 

for the online frequency and online expenditure. We find H4a is partially supported and H4b is 

not supported.  

 

Table 1.8. Changes in Weekly Total Shopping Frequency and Weekly Total Expenditure 
by Existence of Competing Stores. 

 
Number 

of 
Adopters 

Average Weekly Total 
Shopping Frequency 

Average Weekly Total 
Spending 

Do Not Have a 
Similar Type of 

Competitor 
823 1.571 

(1.118) 
1.743 

(1.123) 10.9% 48.771 
(30.191) 

54.749 
(30.147) 12.3% 

Have a Similar 
Types of 

Competitor 
1216 1.629 

(1.121) 
1.85 

(1.146) 13.6% 47.461 
(30.505) 

54.865 
(30.862) 15.6% 

Do Not Have a 
Farmers Market 1359 1.598 

(1.106) 
1.796 

(1.126) 12.4% 48.512 
(29.834) 

54.737 
(30.067) 12.8% 

Have a Farmers 
Market 680 1.621 

(1.147) 
1.829 

(1.161) 12.8% 46.945 
(31.433) 

54.98 
(31.568) 17.1% 

 

Regarding the dissimilar type of competitor (farmers market), we do not find significant 

differences. Specifically, we find no significant differences in the impact on the offline shopping 

frequency (𝛽𝛽18,1
freq =.01; p>.01; from SUR model) and the impact on the offline expenditure 

(𝛽𝛽18,1
expenditure = .70; p>.01; from SUR model) between households with a nearby farmers market 

and households without one (see Table 1.5). Though online expenditure differs significantly 

between the two groups, the difference in dollar value between the two groups is small (with a 
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nearby farmers market: 𝛽𝛽3,2
expenditure(−23.42) +  𝛽𝛽16,2

expenditure(+2.24) = $ − 21.18; without a 

nearby farmers market: $ − 23.42). We find H5a is not supported and H5b is supported. 

Identifying the differences in the impact of adoption according to the presence of 

competitors is important in order to test for the existence of competitive encroachment for 

mobile-channel adoption. We examine the variation in the impacts of adoption on total shopping 

frequency and total expenditure at the retail chain by controlling for observed and unobserved 

factors.15 In Table 1.6, for the estimates of “Adopter × After adoption × Have similar-type 

competitors nearby,” we find significant results. We find adoption has a significantly higher 

impact on the total shopping frequency (𝛽𝛽18,3
freq = 0.083, p < .01; from the SUR model) and total 

expenditure (𝛽𝛽18,3
expenditure = 1.758, p < .1; from the SUR model) of households near a similar 

type of competitor. In addition, we find adoption has a significantly higher impact on total 

expenditure (𝛽𝛽19,3
expenditure = 1.891, p < .1; from the SUR model) of households near a dissimilar 

type of competitor (farmers market), though the impact on total shopping frequency is not 

significant (𝛽𝛽19,3
freq = .043, p > .1; from the SUR model). We also show the changes in total 

shopping frequency and total expenditures in Table 1.8. The results provide important 

managerial implications. First, the mobile channel can be an effective tool to increase market 

share by stealing business from competitors. Second, households switch their purchases not only 

from similar types of competing stores, but also from dissimilar types (farmers markets). Studies 

                                                 

15 In Heckman selection model, we control observed factors such as demographic information, distance to store, and the existence 
of competing store nearer than the focal chain, and unobserved factors such as fixed-effects of focal stores. With fixed effect 
model (equation 7), we control customer fixed-effects as unobserved factors. 
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consistently show the entry of a franchised supermarket significantly hurts stores in farmers 

market (Yoo and Lee 2011; Kim and Kim 2011). Third, when households switch their purchases 

from farmers markets to the focal chain after adopting the mobile app, they not only increase 

their shopping frequency, but also their basket size (in Table 1.7, households with a nearby 

farmers market increase their shopping frequency by 12.8% and total expenditure by 17.1%).  

 

1.6 Discussion 

We set out to examine how the introduction of a mobile channel affects the purchasing 

behavior of South Korean grocery shoppers, with a particular focus on potential channel 

cannibalization. We find that introducing a mobile channel cannibalized existing shopping 

channels, but the impact on the offline channel was quite small (online expenditure ↓ by 78.4%; 

offline expenditure ↓ by 5.1%). With the introduction of the mobile channel to these shoppers’ 

channel choice, revenue generated through online channels was quickly replaced by revenue 

from the mobile channel, but little change occurred in revenue generation through offline 

channels. This study also shows that introducing a mobile application may produce significant 

revenue gains for grocery retailers, resulting from more frequent shopping trips, although they 

are likely to see a smaller impact on basket size. This finding suggests the critical change in 

grocery shoppers’ behaviors due to mobile adoption was in increasing the frequency of 

customers’ shopping trips to this specific retailer.  

We show the impact of mobile-channel adoption varies by household characteristics. The 

first notable finding here is the demonstration of the competitive encroachment of the mobile 

channel, not only from similar types of competing stores (franchised grocery chains), but also 
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from dissimilar types of competing stores (farmers markets). Several studies (Einav et al. 2014; 

Dinner et al. 2015; Gill et al. 2017; Huang et al. 2016; Wang et al. 2015) show that adopting a 

firm’s mobile app increases buyers’ purchases. However, to our best knowledge, our paper is the 

first to show the competitive encroachment of mobile apps. Our second notable finding is that 

the impact of mobile adoption is strongest for households who shop offline only (i.e., at the 

physical store). This result provides two important underlying findings. First, the mobile channel 

plays a complimentary role for customers who never use a digital shopping channel (offline-only 

shoppers) but a substitution role for customers who ever use the digital shopping channel 

(online-only and hybrid shoppers). The offline-only shoppers increase purchases through the 

mobile channel with minimal adverse impact on offline purchases. By contrast, online-only and 

hybrid shoppers replace their online purchases with mobile purchases. Second, this result 

highlights the differences between online and mobile channels for customers who only use the 

traditional channel (physical stores) even when the online channel is available.16 Once they adopt 

the mobile channel, they begin to realize the benefits from electronic shopping. This finding 

suggests a viable path for attracting offline customers to the virtual shopping environment.  

Our findings suggest several valuable managerial implications. First, offline stores are 

still an important shopping channel in the grocery market, and grocery retailers may not need to 

considerably change their offline strategies, such as store size, product assortment, and 

promotions, because of the launch of a mobile app. Second, a mobile app can be a powerful tool 

                                                 

16 South Korea is the world leader in internet connectivity, having the world’s fastest average internet connection speed (State of 
the Internet 2012). In South Korea, customers rarely only use the offline channel because they are unaware of the existence of 
an online channel. 
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for increasing a retailer’s market share. Once grocery shoppers adopt a mobile app, they switch 

their purchases not only from franchised grocery chains but also from farmers markets to the 

mobile app. So, the share of the wallet of the focal retailer increases after consumers adopt the 

mobile channel. Third, adding a mobile channel is a useful way to increase retail revenue 

through more frequent transactions without hurting basket sizes. Grocery-store managers should 

focus on either promotion or assortment tactics by adjusting for these increased shopping trips 

through their mobile app. Fourth, mobile apps could be a very useful tool to induce customers 

who have only used brick-and-mortar stores to embrace electronic grocery shopping. In this 

sense, a mobile app is an effective tool for transforming offline single-channel users into multi-

channel users, and the adoption of the mobile channel leads to increased expenditure. The impact 

of mobile-channel adoption is also relatively small for households who already employ the 

online channel in their grocery shopping. Although they are highly likely to adopt the mobile 

channel, they tend not to change their offline shopping, and only modestly increase their 

electronic shopping (mobile and online shopping). Retailers seeking to promote adoption of the 

mobile app should accordingly focus more on households who use the offline channel 

exclusively, in order to maximize the effect of mobile-app introduction.  

 

1.7 Limitations and Future Research Directions 

This study has several limitations that offer avenues for future research. First, we study 

mobile-channel additions for only one industry within South Korea. Although we believe our 

findings can be generalized across other industries and countries, the generalizability of these 
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results needs to be addressed due to potential idiosyncratic industry-  and country-related data 

properties.  

Second, although our work suggests mobile-channel adoption increases household 

weekly expenditure by 14.2 % on average, offering a mobile app may involve extra costs that 

retailers aim to cover by gaining additional revenue from either existing or new clients. 

However, we lack any specific cost information, so that examining the precise margins and profit 

levels would be an interesting next step.  

Third, our samples are randomly selected from two groups, adopters and non-adopters. 

Our samples are further based on registered households.17 Ideally, we should have randomly 

sampled customers based on all customers who used the retailer chain during our sample period, 

regardless of whether they were adopters/non-adopters and registered users/ non-registered users. 

Unfortunately, due to the structural nature of the retailer chain’s database, we were not able to do 

so. Although our research design uses propensity-score matching to reduce confounding due to 

non-random assignments to app adoption and conduct robustness checks, our approach does not 

fully solve the endogenous selection-bias issues (Elwert and Winship 2014). 

Fourth, although we show the extent to which customers use mobile apps as a shopping 

channel, our data do not allow us to study in detail how the customers use mobile-app features. 

Narang and Shankar (2017) demonstrate the effects of features of mobile apps on shopping 

outcomes, such as incidence and monetary value of purchases and product returns. They show 

that exposure to offers and rewards through a mobile app plays an important role in driving 

                                                 

17 Approximately 90% of focal retail-chain revenues are generated by registered customers. 
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purchasing behavior. Accordingly, app-usage data on the mobile shopping channel in the current 

grocery setting would facilitate a better understanding of the interrelationship between grocery 

channels. For example, future studies can identify important mobile-app features that influence 

purchasing decisions in the other channels. For example, mobile-related access to deals may 

facilitate shopping in the other two channels.   

We focus on net changes in weekly total expenditure, weekly shopping frequency, and 

weekly average basket size resulting from adopting the mobile channel. However, further 

research should attempt to disentangle the mobile-channel-adoption effects in more detail. We 

show that introducing the mobile channel cannibalizes the online channel, but the impact on the 

offline channel is quite small; however, how customers change their purchase allocations within 

category-specific levels is unclear. Evaluating the effect of mobile-channel adoption at the 

channel-category level would be interesting. 

 

 



 
 
 

46 

CHAPTER 2 

A GRAVITY MODEL FOR RETAIL STORE ENTRY 

2.1 Introduction 

As more and more grocery retailers are becoming multi-channel retailers, the number of 

brick-and-mortar stores that also serve online orders and provide in-store pickup services or 

delivery services is increasing (Dawes & Nenycz-Thiel, 2014; Neslin & Shankar, 2009). When a 

manager of a multi-channel retail chain seeks to open a new brick-and-mortar store that also 

serves online orders (multi-channel store hereafter), assessing the demand of potential locations 

for opening a multi-channel store is more complex than assessing the demand of potential 

locations for opening a traditional brick-and-mortar store. First, the extent to which one multi-

channel can cover the geographical area is unclear. On the one hand, because customers do not 

have travel costs when they make online purchases, the geographical reach of the multi-channel 

store could be anywhere the store can provide delivery services. On the other hand, the presence 

of a nearby retail outlet increases consumer consideration of the brand by creating top-of-mind 

awareness (Shriver & Bollinger, 2015). In other words, if a physical multi-channel store chain is 

not located nearby, customers are less likely to use the online channel of the store chain. Second, 

though previous literature (e.g., Bell,Ho, & Tang, 1998; Bell & Lattin, 1998; Briesch, 

Chintagunta, & Fox, 2009) shows how the pricing format of outlets, assortment size, and 

distance to store affect customers' store-choice behavior, one must understand why customers 

use the online channel18 of the retail chain or one of the nearby offline outlets when the online 

                                                 

18 We use "online channel" ("offline channel") and "online store” ("offline store") interchangeably. 
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channel is another alternative option with other offline stores. Thus, the multi-channel retailer 

has difficulty predicting the demand for each of its online and offline stores. 

Therefore, the multi-channel store's location decision requires the understanding of 

customers' store-choice behavior while incorporating the existence of an online store. However, 

previous research on store choice focuses only on customers' physical-store-choice behavior 

(e.g.,Bell et al., 1998; Bell & Lattin, 1998; Briesch et al., 2009), and studies on customer channel 

choice behavior (e.g. Chintagunta, Chu, & Cebollada, 2012) are based on the assumption that 

customers already choose the store chain before deciding a shopping channel. Furthermore, 

empirical progress on identifying a set of retail locations that would produce maximum revenue 

or profit has been limited, though the insight from early analytical models can help retailers 

identify the attributes of attractive locations (Glaeser, Fisher, & Su, 2017). Presumably, 

modeling customer store-choice behavior requires extensive data such as all the store-choice 

records of households from a certain geographical area with the information of all competing 

chains' pricing formats, promotions, and product assortments. In this paper, we build a store-

choice model by constructing individualized store choice sets consisting of nearby offline stores 

and an online store with unique data sets from a unique retail environment. In a counterfactual 

analysis, we select potential locations for opening a new store and compare the profitability of 

candidate locations for a new chain store. 
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2.2 Literature review 

Our research is built on three streams of literature : (i) customer store choice behavior (ii) 

customer channel choice behavior (iii) supermarket entry. Studies on customer store choice 

behavior have been widely modeled since Hotelling (1929) analysis of spatial competition. As 

the household scanner panel data become available, research on store choice has been more 

extensively conducted (e.g. Bell et al., 1998; Bell & Lattin, 1998; Briesch et al., 2009; Fox, 

Montgomery & Lodish, 2004; Rhee & Bell, 2002). There have been studies on identifying and 

evaluating store characteristics (including store location) that affect customer store choice. This 

stream of literature includes the primacy of store location (Arnold, Oum, & Tigert, 1983; Von 

Freymann, 2002), pricing format format(Arnold et al., 1983; Bell et al., 1998; Bell & Lattin 

1998; Lal & Rao, 1997), retail format (Sampson & Tiger, 1994), product assortments (Briesch et 

al., 2009), role of store atmospherics and environment (Baker, Levy, & Grewal, 1992; Baker, 

Parasuraman, Grewal, & Voss, 2002; Kotler, 1973). On the other hand, considerable studies 

identified the customer attributes that affect store choice decision. Kahn and Schmittlein (1989) 

showed that customers visit smaller local store for "fill-in" trips and visit larger store for regular 

shopping trips. Bell and Lattin (1998) examined the how two different types of consumers (large 

basket shoppers vs small basket shoppers) choose retail formats (EDLP and HILO) by estimating 

the expected basket attractiveness. This study suggests that large basket shoppers with less 

ability to respond to prices in individual product categories would be more sensitive to the 

expected cost of the overall portfolio thus they are more likely to choose EDLP pricing format. 

In addition, demographics, socio-economic and psychological variables are also considered as 

the customer attributes that affect the store choice decisions (e.g. Bellenger, Robertson, & 
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Hirschman, 1977; Monroe & Guiltinan 1975; Winn & Childers, 1976). However, all these 

studies only consider offline stores for the store choice decision. 

As a second stream of literature, studies showed customer behavior in a multi-channel 

retail environment. Chintagunta et al. (2012) examine the transaction costs when a customer 

chooses between the online and offline channels of the same grocery chain. They showed that 

households are more likely to use online channel (offline channel) for bulky/heavy (for 

perishable) items. Shriver and Bollinger (2015) identify the effects of retail store distance on 

brand consideration and channel switching. They find that 10% reduction in distance to the 

nearest retail store increases the total expenditures by 1.97%, resulting from an awareness-

induced increase in shopping frequency and partial recapture of consumer transportation cost 

savings. As counterfactual analysis, they generate a set of potential entry locations and calculate 

the incremental revenue generated from locating a store at each of these locations, and asses the 

demand by eliminating online shipping cost. Chu, Arce-Urriza, Cebollada-Calvo, and 

Chintagunta (2010) examine the shopping behavior of households that shop interchangeably in 

the online and offline stores of the same grocery chain. They find that households are more brand 

and size loyal but less price sensitive in online channel than in offline channel. Ansari, Mela, and 

Neslin (2008) develop a model of customer channel migration between online and offline 

channels and they suggest that migration to online channel lowers switching costs making it 

easier to compare products across firms. That is, when customers start using online channel their 

loyalty is likely to be weaken. This also suggests that we need to consider the effect of existence 

of online channel in studying the customer store choice behavior. However, there is a lack of 

research including the online store in customer store choice consideration sets in the study of 
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store choice and most of channel choice research are limited to customer behavior between 

channels within a retailer without considering the effect of other competing offline stores. Our 

study builds a store choice model integrating online channel and customers' nearby offline stores 

under their store consideration sets.  

The current paper also relates to the stream of literature that focuses on estimating game-

theoretic retail store entry models (Grieco, 2014; Jia, 2008; Magnol & Roncoroni, 2016, 2017; 

Seim,2006). In Grieco (2014); Jia (2008); Magnol and Roncoroni (2016, 2017); Seim (2006), 

entrants and incumbents in a geographically defined market are assumed to play equilibrium 

strategy, and the profit is modeled as a "reduced-form" function of market primitives. The 

current work takes a more granular viewpoint on the geographical location choice of the stores, 

providing a microfoundation to the location choice of retail stores. To that end, this paper 

provides a microfoundation to the game-theoretic retail store entry literature. 

Another important contribution of our paper is quantifying the effect of basket weight on 

customer store choice. To best of our knowledge, this study is among the first to quantify the 

effect of weight of baskets in customer shopping decision. Though early literature (e.g. Bucklin, 

1971; Ghosh & Craig, 1983) employed gravity model and investigated the effect of travel costs 

of shopping on retail choice, they are limited to offline shopping trips and the weight of shopping 

basket crucially affect to the store choice. According to himshopper (2017) 63% of online 

shoppers say that the delivery of heavy items is their main driver for going online. Though 

Chintagunta et al. (2012) show that customers are more likely to use online channel than offline 

channel for heavy/bulky items, they do not use actual weight value for the channel choice. In our 

study, we measure the actual weight of all baskets of samples and include it to our main model. 
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2.3. Data 

Our data is collected from a major grocery retail chain in Korea. It has a prominent 

presence throughout South Korea. It has around 300 physical stores and an online store. The 

centralized online store, linked to all the retailer’s physical stores, allows customers to place 

orders on the website, with the orders being filled and delivered by the nearest physical store. 

When customers make their first online purchase, they must create an online account; this 

account is linked with the customer's loyalty card. Customer account information is then stored 

in the server and retrieved for subsequent orders. To place an online order, customers first go to 

the grocer's online store %through their PC or mobile devices and log in. In the online store, the 

nearest physical store is automatically assigned based on the customer's location. This assigned 

physical store provides the delivery service. Each physical store has its own exclusive delivery-

coverage area. Although a customer can change his or her assigned physical store, only one 

physical store can provide delivery service to the customer. On average, a customer had a 92% 

chance of using the same physical store whatever the channel.  

Through the website and mobile applications, customers browse the aisles, select desired 

items, and place them in their shopping baskets. Once all items have been chosen, customers 

proceed to check out. The order information is delivered to the assigned offline store through the 

retailer's online ordering system. Customers can choose a desired time for delivery, with the 

earliest being three hours following checkout. For same-day delivery service, a customer must 

check out before 6:30 PM. To reduce customer uncertainty regarding the online or mobile 

purchase of fresh food such as meat, seafood, vegetables, and fruits, the retailer has a 

compensation policy for fresh food that is unsatisfactory when customers use the delivery 
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service. All offline stores have the same delivery policy, charging a US$2 delivery fee if the 

basket total is less than US$20; otherwise, delivery is free. The online store and offline stores 

provide the same range of products, aside from a few categories such as alcohol, cigarettes, and a 

few ready-to-eat food products that are only available through the offline channel. The retailer is 

a Hi-Lo chain and it practices uniform pricing and runs the chainwide promotions. However, the 

retailer has different promotions between online and offline. We examine the price differences 

between channels in next section.  

Retailing environment throughout South Korea is close to a metropolitan setup like New 

York, Hong Kong, or Tokyo, where chain stores have relatively smaller sized stores with limited 

parking spaces. So, basket weights and physical distance between households and stores are 

important factors in store choice because majority of consumers walk to the stores for daily 

grocery shopping.  
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Table 2.1. Household Demographics and Characteristics of Focal chain store.

 

 

2.3.1 Household Panel Data  

We obtained the complete shopping records of 6000 households between September 

2013 and August 2014. For each shopping trip undertaken by households in our sample, we 

observe the time of the shopping trip, the items purchased, the purchase price, and the channel 

used. After removing households with missing demographic information and households that had 

too few shopping trips, we are left with 5,337 households. As mentioned earlier, since our study 

aims to investigate customers who do grocery shopping on foot, we select stores located in city 

with more than 500,000 population and select customers living within a 1.5 mile radius from 
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each of offline store. After removing customers who report wrong address information, we use 

2605 households out of 5337 households for the analysis. Table 2.1 presents major demographics 

and store characteristics regarding household distribution near our focal chain stores. In 

demographic information between two group of samples, entire samples and samples for the 

analysis, two groups are quite similar. On average, households for the analysis tend to live more 

in apartment (60.7%) than households in entire sample. On average, 54.09% of households are 

married, 86.6% of membership card holders are female and percentage of using offline for using 

the focal chain is similar (63.79% vs. 62.00%) between group of samples. For households for the 

analysis, 56.27% (1466/2605), 35.7% (930/2605) and 8.02% (209/2605) use only offline 

channel, online channel and both channels during our sample period, respectively. 

Most of customers of the focal chain live in walkable distance from stores and our focal 

chain stores have few places to park. We also report the number of households near our focal 

chain stores in Table 2.1. It shows very heavy population density and a lot of households live in 

apartment (around 70%). In our sample for the analysis, there are 190 unique offline stores. 

 

2.3.2 Competing Grocery Chain 

We obtain information of sampled customers' other nearby stores for modeling their store 

choice behavior. In South Korea, there are five major grocery chain, including our focal chain, 

and the market share of 5 major chain is about 80%. Four major focal chains, except our focal 

chain, have two different types of grocery store - Hypermarket and Supermarket. A hypermarket 

is a superstore combining a supermarket and department store that usually has four to five floors 

with not only large sized grocery store but also other types of shops such as clothing and toy. A 
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supermarket sells only grocery items and it has only one or two floors. All the chains have Hi-Lo 

chain-wide and weekly based promotion policy.  

 

Table 2.2. Grocery chains in South Korea. 

 

 

Table 2.2 shows the characteristics of grocery chains we include in households' store 

choice consideration sets. ETC includes small sized franchised stores and all of those are 

supermarket type stores. On average, the distance between household to our focal chain store is 

0.39 mile and the distance to other stores ranges 0.63 mile to 0.88 mile. The average number of 

customers in both of online store and offline store per day for our focal chain is 1160. Across all 

chains, the number of customers and average spending per customer in hypermarkets are larger 

than supermarket type stores. Figure 2.1 shows the histogram of the number of other offline 

grocery within 1.5 miles from each customer. On average, each household has 8.5 grocery stores 

besides our focal grocery chain. In order to consider only stores where households would walk to 

visit, only stores within 1.5 miles from households' location were employed for our analysis.  
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Figure 2.1. Histogram of Number of Other Offline Stores within 1.5 mile from household. 
 

 

We calculate price indices for our focal grocery chain's online and offline stores, other 4 

major stores and rest of small sized franchised stores (ETC). All of the franchised grocery chains 

in South Korea practice weekly based promotion except for some of agricultural and marine 

products. The prices of agricultural and marine products fluctuate everyday by region because of 

changing the wholesale price everyday. Korea National Council of Consumer Organization19 

publishes the prices of 400 necessities every week and Korea Agro-Fisheries and Food Trade 

Corporation20 announces the price of about 400 agricultural and marine products daily by region 

and grocery chains. Based on the information, we create weekly-based price indices for 

packaged products and daily-based price indices for agricultural and marine products by grocery 

                                                 

19 www.price.go.kr 
20 www.kamis.or.kr 
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chains and regions. We employ daily and region specific price indices in our model but we 

aggregate the prices indices by week and the grocery chains, and report it in Figure 2.2. It shows 

weekly price indices for five categories during our sample period. 

 

 

Figure 2.2. Price index by Grocery Chains. 
 

The focal grocery chain basically practices same price policy between online channel and 

offline channel. However, there are channel specific promotion sometimes. Across all observed 

products in our sample, because of the channel specific promotions, customers paid 3.79% lower 

in online store than in the offline store. In Figure 2.2, black solid lines represent the price index 
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for focal chain's offline store and other chain store price indices are relative price based on the 

focal chain's offline price. In categories of meat and seafoods, vegetable and fruit and household 

items, there are some variations across chains and our focal chain practices a little higher price 

across all categories. 

 

2.3.3 Observed Shopping Patterns 

We report summary statistics for their observed shopping patterns trough our focal chain 

in Table 2.3. 52% of households have focal grocery chain in nearest location from their home 

locations. On average, households spend $43.61 per week -$24.52 from offline channel and 

$19.10$ from online channel. Households shop more frequently through offline channel than 

online channel but average amount in dollars through online channel ($36.62) than offline 

channel ($22.33). The average basket weight through online channel is larger (24.89 lbs) than 

offline channel (9.94 lbs). The ratio between offline basket amount and online basket amount is 

0.61 but the ratio between offline basket weight and online basket weight is 0.40. That suggests 

that households tend to purchase heavy items though online channel, consistent result with 

Chintagunta et al. (2012). We report the histogram of baskets amount in dollars and basket 

weight by channel in Figure 2.3. The figure shows the distinct differences between online 

channel and offline channel regarding the basket amount and basket weight.  
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Table 2.3. Characteristics of Household Shopping Behavior.

 

 

Figure 2.3. Histogram of average basket size in dollars and basket weight (lbs) by channel 

in focal chain. 

 

We examine the relationship between each households' distance to focal chain store and 

their purchasing pattern in terms of weekly average expenditure, weekly average number of 
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shopping trips, average basket amount in dollars and average basket weight (lbs). In Figure 2.4 

(a), the average total weekly expenditure slightly decreases as the distance to focal chain store 

increase but this pattern shows quite differently between two channels. The expenditure through 

offline channel decreases as the distance increase but the expenditure through online channel 

shows invert U-shape. The offline shopping frequency dramatically decreases as the distance to 

the store increases in offline channel but the frequency through online channel increases as the 

distance increases until 1 mile and decreases after that. The basket size in dollars and basket 

weight tend to increase as the distance increases but those in online channel do not change as the 

distance changes.  This suggests that households' total expenditure level in walkable distances 

does not show a high variation but households use online channel more as they live further from 

a store than offline, and offline shopping frequency is greatly affected by distance to a store. In 

addition, households tend to increase offline basket amount as their distances to a store increases 

but the average offline weight of basket do not change much even the distance increases. This 

means that households do not make their baskets heavily even though they increase basket 

amount as the distance increases. This also suggests that basket weight is a crucial factor in using 

different shopping channels and the basket weight plays an important role in deciding store to 

shop. 
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Figure 2.4. Relationship between distance to most frequented store of focal chain and 

household purchasing behavior by shopping channel. 

  

We examine the observed state dependence between households shopping trips. We 

check whether households' past shopping trip decision influence their current shopping trip 

decisions. If the past purchasing decision strongly influences the current shopping decision in 

choosing a store we need to build a dynamic model for household store choice behavior. We 

examine the relationship between each household's average shopping interval and the average 

basket weight in Figure 2.5. It suggests that there is no increasing pattern between the shopping 

interval and the basket weight. If households increase (decrease) their shopping basket size as 

their shopping interval increase (decrease), households' past shopping basket decisions are highly 

likely to influence their current shopping basket decision. However, the figure does not show 

such a pattern. Households tend to go shopping trips whenever they need items rather than 

strategically stocking products in their pantry and conducting a forward-looking shopping trips. 
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This pattern is quite reasonable in our sample. Since majority of people in South Korea live in 

small size house (on average, 60.7% live in APT) and they do not have large space to stock 

grocery items in their house. If a household has large stocking space they can more strategically 

manage their shopping baskets betweeen shopping trips and more easily take advantage of 

supermarket's special deals (Kim & Park, 1997). Because households in our sample can easily 

access supermarkets whenever they have something to purchase and their product holding cost is 

large, their state dependence between shopping trips could be weak. Therefore, we build a static 

model for household store choice behavior in next section. 

 

 

Figure 2.5. Relationship between shopping interval (days) and average basket 

weight (lbs). 
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2.4. Model 

Our objective is to measure the gravity effect of basket weight and location and quantify the 

effects on household store choice behavior. In accordance with this objective, we model store 

choice model at the level of individual shopping trip occasions. The decision on which store she 

wants to shop depends on distance to stores, price, promotion, expected weight of basket and 

store size. Inspired by the gravity equation, we specify the utility that a household 𝑒𝑒 derives 

choosing store 𝑗𝑗 at time 𝑒𝑒 for the composition of basket 𝑒𝑒𝑖𝑖𝑖𝑖 is:

 

𝛽𝛽0 is the fixed cost/benefit of shopping somewhere, 𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 is the price index of basket 𝑒𝑒𝑖𝑖𝑖𝑖 in 

store 𝑗𝑗. As mentioned in section 2.3.3, we calculate the price indices based on price information 

from two public institutions in South Korea. The institutions publish the prices of 400 necessities 

weekly and 400 agricultural and marine products daily for each of major grocery chain. 

Households do not know the exact prices of each of items that they plan to purchase until they 

visit the all stores so they will choose stores based on their expected price values. We assume 

that households choose a store to shop based on their expected price across nearby stores and the 

price information from the institutions can represent the households expectation across the 

nearby grocery chains. Because the products that the institutions choose to publish the price 

information are most frequently purchased items in general we assume the expected prices 

differences across chains can be captured by prices of those products. 

𝑊𝑊(𝑒𝑒𝑖𝑖𝑖𝑖; 𝑗𝑗) is the basket weight, 𝐷𝐷𝑖𝑖𝑖𝑖 distance to store 𝑗𝑗. If a store 𝑗𝑗 is the focal chain's 

online store we assume that 𝐷𝐷𝑖𝑖𝑖𝑖 and 𝑊𝑊(𝑒𝑒𝑖𝑖𝑖𝑖; 𝑗𝑗) are zero, because all the online order in our sample 
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are delivered households do not have utility/disutility from basket weight and distance for online 

orders21. That is, basket weight, 𝑊𝑊(𝑒𝑒𝑖𝑖𝑖𝑖; 𝑗𝑗), is the same for all individual 𝑒𝑒's nearby offline stores 

and 0 for online store of the focal grocery chain. Thus, the coefficient, 𝛽𝛽2 captures the effect of 

weight of basket on choosing the online channel of our focal grocery chain. We include 𝐷𝐷𝑖𝑖𝑖𝑖 and 

𝐷𝐷𝑖𝑖𝑖𝑖2  in the utility equation. As shown in Figure 2.4, the channel usage pattern between online and 

offline stores of the focal chain show quite differently and the relationship between the distance 

to focal store chain and the expenditure through online channel of the focal chain shows the 

inverted U-shape. Thus, we assume the relationship between the store choice decision and the 

distance is non-linear. We also include the information of store size with dummy variables, 𝑂𝑂𝑆𝑆𝑖𝑖𝑖𝑖 

and 𝑀𝑀𝑏𝑏𝑒𝑒𝑖𝑖𝑖𝑖. Previous literature show quite different result on the effect of store size on store 

choice decisions.  Fox et al. (2004) and Briesch et al. (2009) show the positive relationship 

between the assortment size and the store choice decisions. On the other hand, Boatwright and 

Nunes (2001) shows the negative relationship between assortment size and category sales. So, 

we include the size of stores as characteristics of store in store choice decision. We group sizes 

of stores based on the total area of stores by assuming that stores with larger area are have larger 

product assortments. 𝜖𝜖𝑖𝑖𝑖𝑖𝑖𝑖 is an idiosyncratic utility shock and we assume it follows Type I 

extreme value distribution. 𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖(𝑒𝑒𝑖𝑖𝑖𝑖) is the utility from purchasing basket 𝑒𝑒𝑖𝑖𝑖𝑖. Let ℑ𝑖𝑖 =

 {0,1,2, … Ji} denote the set of nearby supermarkets to households 𝑒𝑒's home. 0 here denotes the 

"outside option," carrying the basket needs to tomorrow. Households problem can be formulated 

in the following two stages: 

                                                 

21 In the online store, there is no pick-up option and deliveries from offline shopping are negligible in the data. 
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1. Choose whether to shop today. If the outside option is chosen, the basket need carries 

over, i.e., 𝑒𝑒𝑖𝑖𝑖𝑖+1 = 𝑒𝑒𝑖𝑖𝑖𝑖 ∪ 𝑒𝑒𝚤𝚤𝑖𝑖� , where 𝑒𝑒𝚤𝚤𝑖𝑖�  is the "flow of need." 

2. Choose the store that maximize Uijt from {ℑ𝑖𝑖 \ 0}. 

 

The challenge we face here is that we only observe the basket compositions for the 

choices of offline and online stores at the focal chain. We construct the flow of need with only 

the basket composition we observe. When we observe the consecutive shopping trips at time at 

time t − n and t with basket compositions, xit−n and xit respectively (n days elapsed between 

two observed shopping at the focal chain), the flow of need between time t − n and t is 

interpolated by assuming the need of xit is proportionally increased by interpurchase time from 

zero. That is, the amount of need at time t − n + 1 is the xit/n and so on.  

It is indeed possible that the observed basket weights are not exogenous variable. The 

unobserved factors that affect the store choice decision could also affect the weight of basket. 

For example, if a household member goes out purchasing some goods for consumption (e.g., 

milk, breads and bottles of water), he or she may decide to only purchase milk and breads 

because bottles of water are too heavy to come back home with the bottle of waters. Hence, the 

potential endogeneity of store choice drivers needs to be accounted for. We employ a control 

function approach \cite{petrin2010control} to account for potential endogeneity of basket 

weight. The idea behind the control function correction is to derive a proxy variable that 

conditions on the part of W(xit) that depends on ϵijt. The control function approach seeks to 

recover the unobserved portion in a first step and then to insert it into the utility function (1). In 
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the first step, we regress the potentially endogenous basket weight variable on a number of 

instruments as well as on exogenous variables of the utility equation: 

 

where Jijtand 𝑋𝑋ijt are vectors of instrument variables and observed characteristics in the utility 

equation respectively, 𝜆𝜆1i indicates individual fixed effects. The error-term, ηijt, contains the 

unobserved factors that are not captured by observed store characteristics. In the second step, the 

residual retained from (2) is plugged into the utility function:

 

Assuming that 𝜖𝜖𝚤𝚤𝚤𝚤𝑖𝑖���� is iid Type I extreme value distributed, we can write the conditional 

probability in terms of choice-specific expected value function 

 
 

 

2.5. Result 

We report the parameter estimates for the store choice component of the model in Table 

2.4. We find that the basket weight parameter is significantly negative. The coefficient for the 

basket weight captures the effect of basket weight on choosing store between online store and 

other offline stores. Our result suggests that households are likely to choose online store as their 

weight of baskets increase (coefficient = -0.339; std-error = 0.017). As we expect, estimate for 

price index is significantly negative (coefficient = -0.587; std-error = 0.015).  
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Table 2.4. Model Estimates. 

 
 

We include square term of distance to store in the store choice utility model. We find that 

the distance to store is non-linearly related to the store choice decision (coefficient for the square 

term of distance = 0.564; std-error = 0.022). Previous literature that consider the store choice 

behavior within only offline stores assume the linear relationship between the distance to a store 

and the store choice decision. However, when an online store exists under customers' choice set, 

the disutility from the distance is not simply linear. We find that as the distance to store increases 

households tend to use online channel. We find this pattern in the relationship between the 

distance to focal store chain and the expected weekly expenditure by focal store' channels in 

Figure 2.6. It shows that as a household lives further from its nearest store of our focal chain 

their total expenditure at the chain decreases. But the pattern in online channel and offline 

channel is different. As the distance to store increases, the household tends to spend more money 

at the retailer's online channel but tends to spend less money at the retailer's offline channel, on 

average. Since the negative impact of the distance on the offline expenditure is stronger than the 
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positive impact of the distance on the online expenditure, the total spending at the retail chain 

decreases as the distance increases. 

 

Figure 2.6. Expected weekly expenditure at focal chain by distance to store. 
 

 
Figure 2.7. Expected Probability of Choosing a Channel at Focal Store Chain. 
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We examine the relationship between a distance to focal chain's nearest offline store and 

the likelihood of choosing a focal chain's channel by basket weight in Figure 2.7. It shows that as 

the weight of shopping basket increases the positive relationship between the distance and the 

likelihood of choosing online channel is stronger. On average, households are equally likely to 

choose online channel and offline channel when the distance to nearest focal chain's offline store 

is 0.52 mile (intersection between two lines in 7-(a)). The distance to the intersection of two lines 

in the relationship between the distance to focal chain's offline store and the likelihood of 

choosing a channel is smaller as the weight of basket increase (When basket weight is smaller 

than 10 lbs the intersection between two lines is 0.5 mile in Figure 2.7-(b) and the intersection is 

near 0.13 mile in Figure 2.7-(f)).  

This is a very important finding customer store modeling.  So far, travel cost due to the 

distance to a store has been assumed the fixed cost for shopping in literature (Bell et al., 1998; 

Briesch et al., 2009) employing the framework that customers choose a store to minimize the 

sum of fixed and variable cost of shopping. That is, previous literature assume that disutility 

from the distance to a store is not associated with the amount of buying items. However, our 

finding shows that the disutility of travel cost is associated with the size of basket and the 

existence of online store make strong the association because customers now use online store 

when they expect to purchase large size basket. 

To examine how the store-selection decisions differ according to store size by channels, 

we report the relationship between the weight of baskets and expected probability of choosing a 

store by store sizes with offline stores and online store in Figure 2.8. We find that as the weight 

of baskets increase households are more likely to choose online channel and they are more likely 



 

70 

to choose larger size store in offline shopping, regardless of basket weight. The gap in the 

likelihood of being chosen between large size store and median size store but households are 

quite less likely to choose small size store for their offline shopping. It is the consistent result 

that Briesch et al., (2009) show the positive effect of assortment size in customer store choice 

decision in offline shopping. 

 

Figure 2.8. Expected Probability of Choosing a Store by Store Sizes 
 

 

Figure 2.9. Expected weekly expenditure at focal chain by number of other nearby stores. 
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We also examine the effect of number of other alternative stores beside our focal chain 

on the weekly expenditure by channels at the focal store chain. We find that the number of other 

nearby stores more strongly affect to the online store usage. The expenditure at the online store 

sharply decrease as there are more other alternative stores exist around households' location but 

the impact on the offline channel expenditure is quite moderate, though the expenditure at the 

offline channel sharply decrease when more than 15 stores exist. As shown by Ansari et al. 

(2008) and Biyalogorsky and Naik (2003), customers have low switching cost in online thus 

internet usage is negatively associated with the store loyalty, we find that when there are multiple 

alternatives in online and offline the impact of existence of competing store is stronger in offline 

shopping. 

 
 

2.6. Counterfactuals 

We demonstrate the application of our results to the selection of retail-entry locations. 

Based on a local area in which the focal chain opened a store in July 2017, we collect all the 

potential locations where the new store could have located. We also gather the information of 

those locations such as the store size and the monthly rent. For the distribution of households, we 

calculate the number of households per discretized residential blocks22. In addition, we obtain all 

of the competing store's locations that were already open when the new store entered the area, 

and calculate the distance to the stores based on the location of residential blocks. Along with the 

price and promotion information of each competing store after the store opened and the size of 

                                                 

22 South Korea's metropolitan areas have two residential blocks - apartment complexes and single-housing complexes 
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the stores, we predict the profitability of each potential location. Finally, we compare the 

profitability between the store that actually opened and other potential locations. We are 

currently working on the counterfactual simulation. How we conduct our counterfactual can be 

of immediate use for chain managers who want to determine an optimal location of a new chain 

store. 

 

2.7. Contributions 

Our research makes the following contributions to the marketing literature on customer 

store-choice behavior and store entry. First, our study measures and quantifies the impact of the 

weight of the shopping basket on store-choice behavior. To our best knowledge, our study is the 

first to quantify the effect of the actual weight of the shopping basket à la the law of retail 

gravity. 

Even though one may think that if a customer goes to a grocery shopping with a car, the 

weight of the basket does not affect her store-choice decision, according to himshopper (2017), 

63% of online shoppers say the delivery of heavy items is their main driver for shopping online. 

Moreover, the costs of picking and putting items into the shopping cart and the costs of carrying 

the basket home significantly influence the customer store-choice decision and the demand of a 

multi-channel store. This suggests the weight of the shopping basket is a crucial factor in 

choosing a store, and the impact of the basket weight becomes a more important factor in 

choosing a store when customers can order items through an online store. Second, our approach 

could be a very useful tool for evaluating locations for a new store opening, particularly in 

metropolitan areas. Even though we have limitations in our data set (using the only one chain's 
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panel data for modeling the store choice), with the purchase histories from all competing chains 

in a geographical are, our model could be readily used and provide a well-predicted evaluation of 

potential locations for a store entry. Thus far, game-theoretic retail-store-entry models (Grieco, 

2014; Jia, 2008; Magnol & Roncoroni, 2016, 2017; Seim, 2006) assume entrants and incumbents 

in a geographically defined market play an equilibrium strategy, and the profit is modeled as a 

"reduced-form" function of market primitives. However, our study empirically suggests a way to 

identify a set of retail locations that would produce maximum revenue or profit. 
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CHAPTER 3 

ON THE VALUE OF SURCHARGES 
 

 
3.1 Introduction 

Retailers commonly partition product prices into the base price and a surcharge. Common 

examples include charges for labor (Hamilton and Stivastava, 2008), service fee, shipping and 

handling, processing fees, and taxes. Other examples of surcharges include the automatic 

addition of gratuity for large parties at some restaurants, additional charges for services by 

airlines (e.g., some airlines charge extra for bringing a suitcase) and the addition of a separate 

‘port charge’ to the base price of a cruise (Morwitz et al. 1998). 

The practice of surcharges is widespread. Nearly half of the biggest 50 online retailers 

obtain high profit margins by adding surcharges (Orr 2001; Lewis, Singh and Fay 2006) and 

approximately 40 percent of online shopping cart abandonment occurs because of surcharges 

(Suman 2002). Given the prevalence of surcharges and the economic impact of lost sales 

(abandoned shopping carts), it important to study how consumers are influenced by different 

surcharge amount (Kukar-Kinney and Close 2010).  

According to the literature, dividing the price has a favorable impact on consumer 

evaluations relative to a single combined price (Morwitz et al. 1998) and this may translate into 

increased revenues. Some of that effect is due to imperfect processing of information, as firms 

may be “shrouding” the price of particular product attributes (Gabaix and Laibson 2006). In 

general, the literature seems to suggest that surcharge tends to make a product’s total price less 

transparent and more difficult to process (Greenleaf et al., 2016) and may distort consumers’ 

perceptions of total cost (e.g., Morwitz et al., 1998; Lee and Han 2002; Kim 2006).  
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Surcharges are common and consequential in online purchase decisions (Koukova et al. 

2012) and online auctions in particular.  Morwitz et al. (1998), for example, referring to the 

practice by some auctions that charge a buyer’s premium in addition to the winning bid, 

examined whether subjects process the total price equally in two sealed bid auctions for a jar of 

pennies—one with a 15% surcharge and one without. They found that the surcharge increased 

demand in the auction after controlling for the subjects’ value perceptions.  The literature has 

further documented that when consumers bid they do not fully incorporate shipping costs into 

their bids (Brown et al. 2010; Clark and Ward, 2008; Hossain and Morgan, 2006). This in turn 

makes a shipping surcharge a revenue-enhancing approach.  Häubl and Popkowski Leszczyc 

(2003) report an auction field experiment that shows that surcharge has an increasing effect on 

auction ending price. Häubl and Popkowski Leszczyc (2003) also examine surcharges in the 

laboratory and conclude that consumers tend to underestimate the magnitude of the surcharges. 

Our primary goal, using a novel dataset that includes consideration as well as bidding 

information, is to test the conjecture that consumers underweight surcharges in deciding on their 

consideration sets, but overweight surcharges in deciding on value.  We do so by looking at the 

determinants of both consideration set formation and willingness to pay.  Our secondary 

objective is to map the relationship between surcharge and revenue —specifically total price 

difference defined as the difference in total price (sales price plus surcharges) in a matched pair 
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of auctions. We conjecture that moderate surcharges translate to higher total price differences 

than either lower or higher surcharges.23  

In addition, we want to identify and quantify the boundary conditions of the relationship 

between total price differences and surcharges. Towards that goal, we focus on the trade-off 

between the surcharge amount and search, and variables that influence this relationship. The 

literature documents several factors that affect response to the surcharge. These include 

consumer’s attention to surcharge-related attributes (Bertini and Wathiew 2008), the amount of 

product information available and expectations about product composition (Bertini, Ofek and 

Ariely, 2009), the posted price’s position relative to the consumer’s reference price (Wathieu and 

Bertini 2007), perceived fairness (Sheng et al. 2007), and the number of surcharges (Xia and 

Monroe, 2004).  

We focus on several variables that influence the relationship between total price 

differences and surcharges, including the surcharge amount, the number of bidders, and bidder 

experience.  We expect a non-linear (inverted u-shaped) relationship between total price 

difference and surcharges, as low surcharges will have lower impact on the total price difference 

whereas medium to high surcharges are expected to result in greater search, reducing the 

premium compared to medium surcharges.  

The number of bidders increases competition. This increased competition in turn drives 

price in both auctions in matched pair of auctions closer to the retail price and is therefore 

                                                 

23Burman and Biswas (2007), in search for a boundary condition, showed in a series of experiments that there are limits. While 
moderate, added charges can increase willingness to purchase and perception of value, excessive added charges decrease them. 
They attribute this pattern to perceived reasonableness of the surcharge by consumers. 
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expected to reduce the price difference between the auctions.  Finally, bidder experience is 

expected to reduce the total price difference as bidders learn to avoid auctions with higher 

surcharges.  

Our research focuses on online auction settings. Online auctions are particularly well 

suited to studying the effect of surcharges because they commonly incorporate surcharges (such 

as shipping or insurance) and because the auction mechanism elicits willingness to pay.  

More generally, auctions relate to a large number of pricing mechanisms known as participative 

pricing mechanisms (Kim et al., 2009), including exchanges, bargaining, contests, name-your-

own-price and pay-what-you-want mechanisms, which allow us to measure consumers’ 

willingness to pay for different levels of surcharges. Specifically, we can determine differences 

in willingness to pay for identical product auctions with different surcharges.  Hence, using an 

experimental design we can determine the total price differences for different levels of 

surcharges.  

We employ a field study with a pairwise design of simultaneous auctions selling identical 

products by the same seller, but with different surcharges.  This allows us to assess the total price 

difference; i.e., the difference in total amount paid (including both ending price and surcharge) 

bidders are willing to pay for identical items with different surcharges. To find out about the 

magnitude of the surcharges bidders need to search by clicking on specific auctions. One of the 

auctions (within the identical pairs) has a greater surcharge. We study bidders’ behavior by 

examining the bid history and clickstream data. All bidders on the auction website are registered 

bidders and we can track their behavior on the website and in the auctions. Hence, we can 

identify the impact of surcharges on consumers’ search and bidding behavior.  
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Critical in that respect is the fact that a bidder can determine relevant surcharges via 

search.   We therefore delve deeper into the search process of consumers. We are able to do so 

with detailed auction data from a large North American auction site. Data consists of clickstream 

data providing information concerning consumer search, and bid history with information about 

bidding behavior and auction outcome. Our contribution to the extant literature lies in our two-

stage decision process, which posits that consumers first decide on which auction to visit and 

then decide on whether to place a bid in that auction. Our unique access to clickstream data 

permits us to identify the model without the need for restrictive assumptions.  

We map the relationship between surcharge and revenue—specifically the total price 

difference, and find an inverted U-shape relationship between surcharges and total price 

difference. The explanation is that a higher surcharge means a higher total price difference but 

lower probability of bidding in a given auction. In other words, when the surcharge is large 

bidders are less likely to place premium bids because they become increasingly more measured 

in bidding decisions. However, the total price difference’s magnitude conditional on placing a 

premium bid naturally increases.  

Among the premium bids, the first visit to the auction pair (as captured by the significant 

effect for the dummy indicator new visitor) is most critical. Therefore, by implication, 

inexperienced bidders and bidders constrained to few bids are more important in mapping higher 

surcharge to higher revenues. Likewise, auctions with fewer expected bidders are more likely to 

translate higher surcharge to higher revenues. But the optimal surcharge changes inversely with 

bidder experience and the expected number of bidders. As bidders gain experience, they learn to 
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shun higher surcharge auctions. We find that the expected amount of total price difference per 

bid is maximized when the surcharge is around a quarter of the retail price. 

 

3.2 Data 

The data came from a local auction website in a mid-sized metropolitan area in North 

America having a population of over one million. The website has been in operation since 2002, 

and had about 10,000 registered bidders at the time of this study. The website had been promoted 

through advertisements in the local media, locally distributed flyers, and posters at different 

locations throughout the city. Bidders for the experimental study in this paper were recruited 

through e-mails sent to registered bidders, as well as through flyers and posters.  

Auctions were in pairs of ex-ante identical listings, except that one auction in each 

auction pair had a greater surcharge. To avoid any sort of inference from the surcharge (such as a 

belief that the surcharge confers better service, faster shipping, or signals higher quality) we left 

the surcharge as generic as possible (named surcharge), with no possible benefit. Also to avoid 

inference, the seller for both identical items is the same seller- there is no possible signal 

regarding seller quality.  

The surcharge was less transparent than the base price and involved extra search. The 

bidders could find pairs of identical products with current price information but they would have 

needed to click on a specific auction to bid or to know the surcharge.  

Once an auction was clicked, the surcharge would be displayed in the product description 

– in bold letters – just above the location where bidders place their bid. The surcharges was 
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systematically manipulated, with the surcharge ranging from zero to $39.99 and the surcharge 

difference within a pair ranging from $0.25 to $38.99. 

Data included clickstream information which tracked the bidders’ behavior on the 

website. The products sold included household items, sports items, electronic devices, DVD & 

games, and more. We used for analysis a total of 552 auctions (276 identical pairs) which had 

bidders in both auctions in a pair. Auction items’ retail prices ranged from $5 to $249.99. The 

descriptive statistics of the data are provided in Table 3.1, including ending price net of 

surcharge, number of bidders and bids, number of bids per bidder, jump bid amount, time 

elapsed between competing bids, time elapsed between a bidder’s own bids24, price differences 

between auctions, and percentage of cross-visits and cross-bids. Additional details about the 

types of products and average selling prices and surcharges are provided in Appendix A.  

All auctions were ascending bid auctions with a fixed ending time.  Auctions had a 

duration of approximately one day starting between 10 and 11 pm. The total study duration was 

10 days. 

Clickstream data collected each bidder’s page visits and the time of their visits. Bidders 

first go to a summary page (e.g. the entrance page of the auction platform listing all the 

auctions), and from there they can either directly, or through search for a specific type of 

auctions, click on any listed auction. These clicks are of crucial importance here because a click 

is the only way by which a bidder can access the surcharge. We define a click on a given 

                                                 

24 Note that average time elapsed between competing bids is higher than the average time 
elapsed between a bidder’s own bids. This is because bidders submit multiple bids in highly 
competitive situations, resulting in more rapid bidding. 
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auction’s page as a visit to that auction. The clickstream data also provides information on 

whether a person places a bid in either auction. A bidder can only place a bid after visiting a 

page. Hence, we model the two decisions—visits and bids—as sequential.  

Table 3.1 provides a summary of the visit and bidding behavior across auctions with the 

lower and the higher surcharge.  The average selling prices without surcharges were as expected 

higher in auctions with the lower surcharge.  However, after including the surcharge the selling 

price in the auction with the higher surcharge, is on average $2.80 higher. Higher surcharges, as 

expected, have a negative impact on bidder entry; 3.5 bidders bid on average in auctions with a 

higher surcharge compared to 3.9 bidders in auctions with lower surcharges. The number of bids 

per bidder in a pair (5.2) indicates a fair amount of cross bidding since 37.0 percent of bidders 

placed a bid in both auctions within a pair.  41.4% of bidders visited both auctions, indicating 

that more than half of the bidders did not observe both surcharges.    

Note from Table 3.1 that the difference in time between competing bids, 3.0 hours, is 

higher than the difference in time for a bidder’s own bids of 1.7 hours. This is because when a 

bidder finds the need to submit multiple bids, the bidder is typically in a highly competitive 

situation. When competition is high, time is shorter between bids. 

 

3.3 Uncovering the relationships between visit, bid, and premium 

We define a “premium bid” as a bid placed in the higher surcharge auction that exceeds 

the total price in the other auction. We investigate how the higher surcharge auction obtains a 

premium from bidders. To investigate how consumers respond to the manipulated pricing format 
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we use clickstream data and bidding information. Potential bidders on the auction website first 

see a listing of running auctions with the current price. 

 Table 3.1. Visiting and bidding statistics for auctions with lower and higher surcharges. 

Auction Characteristics 

Lower 
surcharge 
auction 
(N=276) 

Higher 
surcharge 
auction 
(N=276) 

Ending price (net of surcharge) $16.9  (18.7)a $13.41 (15.7) 
Surcharge $1.3 (1.4) $5.9 (6.3) 
Number of bidders per auction 3.9 (1.6) 3.5 (1.6) 
Number of bids per auction 7.3 (4.3) 6.1 (3.8) 
Number of bids per bidder in a pair 5.2 (2.2) 
Jump bid amount ($) $1.4 (2.7) $1.4 (3.1) 
Time elapsed between competing bids (hours) 3.0 (4.9) 3.48 (5.2) 
Time elapsed between a bidder’s own bids (hours) 1.7 (3.8) 1.50 (3.3) 
Price differences (after surcharge) 
w/n pairs  (high surcharge - low surcharge auction) $2.8 ($8.2) 
% of bidders who visit both auctions in a pair 41.4% 
% of bidders bidding in both auctions in a pair 37.0% 

a Standard deviations in parentheses. 

 

The two identical items within a pair are always listed adjacently.  The bidder chooses 

which auctions to visit, at which point they can see detailed information about the current status 

of the auction, such as number of bids, current high bid, and surcharge, and they can decide 

whether to place a bid. Figure 3.1 shows a summary of the sequential decision process. We have 

a total of 6,183 visits to all auctions and 44.95% choose to visit the higher surcharge auction in a 

pair. Among 2,787 visits in higher surcharge auction, 59.78% of visits resulted in a bid being 

placed, and 76.17% of those bids results in a premium bid. That is, bids in higher surcharge 

auctions are very likely to result in a premium.  
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Figure 3.1. Visiting and bidding in low and high surcharge auctions.25 
 

We plot the relationship between the surcharge difference and the resulting premium. In 

Figure 3.2, it can be seen that bidders are less likely to place premium bids when the difference 

in surcharges is substantial. However, with greater surcharge differences, conditional on a bid 

being placed, the average total price difference tends to get larger (second plot in Figure 3.2). 

These preliminary results show that bidders are largely cautious in placing bids when the 

surcharge difference is large. But conditional on placing a bid (including by bidders who did not 

                                                 

25 A “premium bid” is defined as a bid placed in the higher surcharge auction that exceeds the total price in the 
other auction.  

Decide where to 
bid

6183 visits

Higher surcharge 
Auction

2787 (44.95%)

Place a bid
1666 (59.78%)

Premium bid
1269 (76.17%)

No Premium bid
397 (23.83%)

Not Place a bid
1121 (40.22%)

Lower surcharge 
Auction

3404 (55.05%)

Place a bid
2093 (61.49%)

Not Place a bid
1311 (38.51%)
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visit both auctions and are therefore uninformed), the surcharge nevertheless results in a total 

price difference. In other words, in considering raising its surcharge, a firm must consider the 

implied trade-off between the probability of a bid and the total price difference of that bid. In 

some respect, this tradeoff is reminiscent of a simple pricing problem—in that higher price 

results in higher margin but also in lower quantity demanded. But here, in contrast to pure posted 

pricing, the posted price is just a component of the overall price. Strictly speaking, bidders could 

entirely offset the surcharge by incorporating it in part or in whole into their bids.  

 

Figure 3.2. Relationship between surcharge difference and seller's premium 
 

 

3.4 Model Development 

We develop a model of bidder behavior to investigate the determinants of auction visits 

and bid sequences. As shown in Figure 3.1, we find that 76.17% of bids in the higher surcharge 
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auction are premium bids. Placing a premium bid in the higher surcharge auction may potentially 

result in a total price difference to the seller for the higher surcharge auction.  

We examine how consumers respond to the different surcharge amounts in terms of 

propensities to visit an auction and bid in it. We are further interested in identifying how 

consumers’ search behavior and experiences with the auction format and auction characteristics 

affect the visit and bid decisions.  

The model employs a two-part sequential analysis—where each part in the sequence 

involves a binary choice between two alternatives. The first binary choice is a choice of which 

auction to visit. The second binary choice—sequentially following the previous choice-- is a 

choice of whether or not to place a bid. For the two sequential binary choice models, we employ 

the Probit model by taking into account selection bias (discussed below). In addition, when a 

seller determines the amount of surcharge in an online auction, the presumed objective for the 

seller is to maximize the expected total price difference. The goal of this model is to map the 

determinants that affect the optimal amount of surcharge.  

 

3.4.1 Visits and Bids 

We are interested in identifying the determinants of a bidder’s decision to visit an 

auction, as well the decision on whether or not to place a bid in an auction. We model these as 

two sequential choices by the bidder—first the decision to visit and then the decision to bid.  The 

first decision is denoted as: 

visitijk = � 0   if bidder i visits lower surcharge auction in auction pair j at time k
1  if bidder i visits higher surcharge auction in auction pair j at time k             (1) 
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Next bidder 𝑒𝑒 chooses to place a bid or not at the visited auction, and we denote that 

decision as a binary choice 𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤.This is expressed as: 

𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤 = �10
     𝑒𝑒𝑓𝑓 bidder 𝑒𝑒 𝑒𝑒𝑆𝑆𝑎𝑎𝑝𝑝𝑏𝑏𝐹𝐹 𝑎𝑎 𝑏𝑏𝑒𝑒𝑒𝑒 𝑎𝑎𝑒𝑒 𝑒𝑒ℎ𝑏𝑏 𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑏𝑏𝑒𝑒 𝑎𝑎𝑒𝑒𝑝𝑝𝑒𝑒𝑒𝑒𝑜𝑜𝑒𝑒

              𝑒𝑒𝑓𝑓 bidder 𝑒𝑒 𝑒𝑒𝑜𝑜𝑏𝑏𝐹𝐹 𝑒𝑒𝑜𝑜𝑒𝑒 place a bid at the visited auction                            (2) 

Since a bid can only be observed in an auction if the auction has been visited, this 

presents a sample selection bias in the bid choice estimation. We employ Heckman’s (1976) 

correction to solve this sample selection problem. Heckman’s correction requires the use of the 

probit specification for the binary choice model. Let 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1  denote a vector of independent 

variables for the visit decision and let 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2 denote a vector of independent variables for the bid 

decision. We further distinguish in the bid decision between the lower and higher surcharge 

auctions in a pair with an added superscript h for the higher surcharge auction (𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2ℎ ;  𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤
ℎ ) 

and superscript l for the lower surcharge auction (𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤 ;  𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤
𝑤𝑤 ). The model then consists of a 

system of three simultaneous latent variable equations26. The * superscript denote the latent 

utility associated with each discrete variable, such that each discrete variable y equals 1 when the 

corresponding latent variable y* is greater than 0, and y equals 0 otherwise. The latent variable 

can now be expressed as continuous linear functions of the explanatory variables.  

 

⎣
⎢
⎢
⎡
𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤∗

𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤
ℎ∗

𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤
𝑤𝑤∗

⎦
⎥
⎥
⎤

     =      

⎣
⎢
⎢
⎡         𝛽𝛽

1′𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1  +  𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤1       

   𝛽𝛽2′𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2ℎ  +  𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤2

   𝛽𝛽3′𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤  +  𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤3 ⎦
⎥
⎥
⎤
            (3)  

      
                                                 

26 This model is similar to a nested logit (also known as sequential logit) where the bid decision is conditional on the visit 
decision. The difference is that in the present estimation, we are relaxing the independence assumption between the sequential 
logits as well as within the logits on the same level. When the 𝜌𝜌’s are at zero, our model reduces to a simple nested logit.   
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The matrix of error terms is  

�
𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤1

𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤2ℎ

𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤
� = 𝑁𝑁��

0
0
0
� , �

1  𝜌𝜌12  𝜌𝜌13
 𝜌𝜌12  1  𝜌𝜌23
 𝜌𝜌13  𝜌𝜌23  1 

�� 

Through Heckman’s solution we have 

𝐸𝐸�𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤ℎ∗ �𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2ℎ , 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1 , 𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤 = 1� = 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2ℎ
′𝛽𝛽2 +  𝐸𝐸�𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤2 �𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤1 > −𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1

′𝛽𝛽1�  

  𝐸𝐸�𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤𝑤𝑤∗ �𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤 , 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1 , 𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤 = 0� = 𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤
′𝛽𝛽3 +  𝐸𝐸�𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤3 �𝜖𝜖𝑖𝑖𝑖𝑖𝑤𝑤1 < −𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1

′𝛽𝛽1�                             (4) 

and hence 

𝑏𝑏𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤∗ =  �
𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2ℎ

′𝛽𝛽2 +  𝜌𝜌12𝜆𝜆�𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1
′𝛽𝛽1� +  𝜂𝜂𝑖𝑖𝑖𝑖𝑤𝑤2    if 𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤∗ > 0 (In a higher surcharge auction)

𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2𝑤𝑤
′𝛽𝛽3 −  𝜌𝜌13𝜆𝜆�−𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1

′𝛽𝛽1� +  𝜂𝜂𝑖𝑖𝑖𝑖𝑤𝑤3    if 𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤∗ < 0 (In a lower surcharge auction)
   

(5) 

 

where E[𝜂𝜂𝑖𝑖𝑖𝑖𝑤𝑤2 ] = E[𝜂𝜂𝑖𝑖𝑖𝑖𝑤𝑤3 ]=0 and λ(·) = 𝜑𝜑(·)/𝛷𝛷(·)  is the inverse Mill’s ratio which can be 

calculated using the probit estimate.  

 

The explanatory variable vector for the visit decision include (1) bidder specific 

characteristics across all auctions which include overall past usage rate and propensity to switch 

between auctions, (2) bidder characteristics within an auction pair include variables related to a 

bidder’s propensity to visit auctions with higher surcharges (overall and during their last visit), 

and indicators whether bidders were exposed to information about surcharges. (3) Auction 
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specific characteristics include the amount time elapsed and retail price, which both may 

influence bidding behavior in higher and lower surcharge auctions. Finally, (4) relevant price 

information, concerning base prices and surcharges differences (the interaction between 

Surcharge difference x Know both surcharges).  

Besides many of the variable discussed above the bid decision includes several other 

variables.  The average jump bid amount, which is an indicator of bidder aggressiveness, while 

the number of bidders in the auctions is an indicator of the amount of competition in an auction.  

Both may differ between auctions with auctions with lower versus higher surcharges. TotalPrice 

is an indicator for whether the current auction has the higher total price (i.e., current bid price + 

surcharge), which will provide an indication to what extent bidders process surcharges when 

placing a bid. Finally the Inverse Mill's Ratio is included to adjust for selection bias.  This 

measure estimates the correlation between the visit decision and bidding decision.  
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Table 3.2. Overview of variables included in visit and or bid equations . 
Visit or Bid 
Equation 

Variable Name Variable Description 

(1) Bidder characteristics across all auctions in the study 
Both  𝛽𝛽11, 𝛽𝛽12 TotBidderVisitsik  Total number of past visits by bidder i to all 

auctions in the study by time 𝑘𝑘 
Both BidderSwitchingPctik Percent of visits by bidder i that are switches 

between auctions within an identical pair by time 𝑘𝑘 
(2) Bidder characteristics within a pair of identical auctions 

 Past propensity towards higher surcharge 
Visit ShareVisitsHigher- 

Surchargeijk 
Share of visits to the higher surcharge auction, by 
bidder i in (auction) pair 𝑗𝑗 by time 𝑘𝑘 

Visit LagHigherSurchargeijk Bidder i selected the higher surcharge auction for 
pair j by time k-1. 

 Information exposure 
Both KnowBothChargesijk An indicator whether bidder 𝑒𝑒 has seen both 

surcharges or not, for pair j by time k.  
Both NewVisitorijk An indicator whether bidder 𝑒𝑒 is a first time visitor 

to pair 𝑗𝑗 by time k 
Bid AverageJumpAmountijk Average jump bid amount for bidder i in the 

currently visited auction in pair 𝑗𝑗 by time 𝑘𝑘. 
Bid NewVisitorijk x 

ElapsedTimeijk 
Interaction between new visitor and elapsed time  

(3) Auction characteristics 
Both ElapsedTimeijk Amount of time elapsed in seconds for bidder i in 

pair 𝑗𝑗 by time 𝑘𝑘 
Both RetailPricej Retail price of auction item in pair j 
Bid NumBidders 

CurrAUCijk 
Number of bidders in the currently visited auction 
by bidder i in pair 𝑗𝑗 by time 𝑘𝑘 

(4) Price information 
Both BasePriceDiffijk Higher surcharge auction's base price minus lower 

surcharged auction's base price for bidder i in pair 𝑗𝑗 
by time 𝑘𝑘 

Bid SurchargeDiffj   Higher surcharge  – lower surcharge in pair 𝑗𝑗 
Both SurchargeDiffj  x 

KnowBothChargesijk 
Interaction between Surcharge difference and  
Know both surcharges 

Bid HigherTotalPricejk Indicator whether the current auction in pair j has 
the higher total price (current high bid + surcharge) 
by time 𝑘𝑘 

Interdependence between decisions 
Bid IMRijk Inverse Mill's Ratio 
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Table 3.2 provides the classification of the different variables included in both visit and 

bid equations. In addition, both equations include individual and Category dummies, 

incorporated as fixed effects (dummy variables) for bidder and product category. 

This results in the following two regression specifications: 

Visit decision: 

𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤1 ' = 𝛽𝛽11TotBidderVisitsik +𝛽𝛽21BidderSwitchingPctik +𝛽𝛽31KnowBothChargesijk 

+𝛽𝛽41ShareVisitsHigherSurchargeijk +𝛽𝛽51LagHigherSurchargeijk +𝛽𝛽61NewVisitorijk 

+𝛽𝛽71ElapsedTimeijk +𝛽𝛽81RetailPricej +𝛽𝛽91BasePriceDiffijk +𝛽𝛽101 SurchargeDiffj  x 

KnowBothCHargesijk +Individual bidder + Product category dummies 

Bid decision: 

𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤2 ' = 𝛽𝛽12 TotBidderVisitsik  +𝛽𝛽22 BidderSwitchingPctik +𝛽𝛽32KnowBothChargesijk 

+𝛽𝛽42NewVisitorijk +𝛽𝛽52AverageJumpAmountijk +𝛽𝛽62 ElapsedTimeijk +𝛽𝛽72NumBiddersCurrAUCijk 

+𝛽𝛽82NewVisitorijk x ElapsedTimeijk +𝛽𝛽92RetailPricej  +𝛽𝛽102 BasePriceDiffijk  +𝛽𝛽112 SurchargeDiffj  

+𝛽𝛽122 SurchargeDiffj  x KnowBothChargesijk +𝛽𝛽132 HigherTotalPricejk +𝛽𝛽142 IMRijk +Individual 

bidder and Product category dummies 
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3.5 Results 

3.5.1 Model Free Findings 

When characterizing online auctions, it is important to characterize propensities as well 

as magnitudes of bidding (Feng et al. 2016). Accordingly, our investigation focuses on both 

aspects. We first check for the existence of bidders who exhibit high inertia in auction visit and 

bid choice in either auction, finding that approximately 40% of bidders visit only a single auction 

in a pair and that approximately 34% of people bid at only a single auction in a pair (see Table 

3.3). This result is consistent with previous studies (e.g., Sun 2005; Haruvy and Popkowski 

Leszczyc 2009, 2010) that argue for the existence of search cost for online auction bidders. 

To uncover the determinants of the total price difference for a higher surcharge auction, we 

analyze 

 

Table 3.3. Bidders’ Migrating Behavior. 

Visits (n = 1225, the total number of individuals who visited at least three times to either 
of the auctions in a pair) 

Percent visiting only lower surcharge auction in a pair 24.73% 

Percent visiting only higher surcharge auction in a pair 14.20% 

Percent visiting both auctions in a pair   61.06% 

Bids (n = 902, number of individuals who placed at least three bids in a pair) 

Percent bidding only on the lower surcharge auction in a pair 11.75% 

Percent bidding only on higher surcharge auction in a pair  22.06% 

Percent bidding on both auctions in a pair   66.19% 

 

premium bids and find that approximately 60% of premium bids are placed by bidders unaware 

of both surcharges. We refer to such bids as “uninformed premium bids.” The high incidence of 
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uninformed premium bids means that the majority of premium bids are placed by uninformed 

bidders who only visited the higher surcharge auction in a pair. Interestingly, 67.16% of 

uninformed premium bids are placed on a bidder’s first visit. That is, if a bidder chooses the 

higher surcharge auction in a pair, and then places a bid, then such a bid is highly likely to 

deliver a total price difference to the seller for the higher surcharge auction (see Table 3.4). Since 

most uninformed premium bids are placed during first time visits, this raises a question about the 

timing of such bids across auctions. Figure 3.3 shows the relationship between auction elapsed 

time and the uninformed premium bids. We can see that as an auction approaches closing time, 

uninformed premium bids are less likely to be placed. This means that bidders become more 

careful in their bidding at the end of auction period. 

 

Table 3.4. Determinants of total price difference to seller for higher surcharge. 

Premium bids (n = 1269) 

 

Number of uninformed 
premium bids:  
749 (59.02%) 

Number of informed 
premium bids:  
520 (40.98%) 

Number of each on First visit 503 (67.16%) 0 

Number who only visited higher surcharge 
auction (excluding first visit) 246 (32.84%)  0  
Only bid in higher surcharge auction 749 (100%) 9 (1.73%) 

Average bidder’s percent of switching in a pair 0% 42.78% 

Average bidder’s percent of switching 22.89% 35.78% 

Number of winning bids 137 (18.29%) 77 (14.81%) 

Average premium amount $8.13 $4.93 
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Figure 3.3. Percentage of premium bids by decile of time. 

 

3.5.2 Visit Decision and Bid Decision 

For our second study objective, we model bidders’ sequential decisions—auction visit 

followed by a bid choice. Through model estimation, we find how auction visit and the bid 

decision are impacted by the surcharge magnitude as well as knowledge about price, bidder 

characteristics (search behavior and experience) and auction characteristics (retail price and 

elapsed time).  

Table 3.5 provides the estimation results for the visit decision. As described in section 

3.2, the dependent variable is whether a bidder visits the higher surcharge auction (𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤 = 1) 

or visits the lower surcharge auction (𝑎𝑎𝑒𝑒𝐹𝐹𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖𝑤𝑤 = 0). The result shows that informed bidders who 

know both surcharges are more likely to visit the higher surcharge auction (𝛽𝛽31 = 0.120, p =.017), 
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but they are less likely to visit the higher surcharge auction when the surcharge difference is 

larger (𝛽𝛽81= -0.026, p=.266). Though the switching history is not significant in the visit decision 

(𝛽𝛽21 = -0.003, p=.951), experience (based on total number of past visits) is (𝛽𝛽11 = -0.139, 

p=<.001). As bidders gain experience, they are less likely to visit the higher surcharge auction. 

As shown in the model-free analysis, bidders are highly likely to place a premium bid on 

their first visit. So the auction choice decision on the first visit is also of critical importance for 

the higher surcharge auction. Model estimates show that when a bidder first arrives, she is more 

likely (after controlling for base price differences) to visit the higher surcharge auction (𝛽𝛽61 =

 0.333, p=<.001), which often coincides with being the auction with the lower current bid level. 

The higher share of visits to a higher surcharge auction that a bidder has, the more likely 

is the bidder to visit the higher surcharge auction in a pair (𝛽𝛽41 = 0.301, p=<.001). This shows a 

degree of inertia in visit choices. Lastly, the base price coefficient shows that bidders are less 

likely to visit the higher surcharge auction when the higher surcharge auction’s base price is 

relatively higher (𝛽𝛽71= -0.162, p=<.001).  

 

3.5.3 Results for the bid decision 

Table 3.6 provides the result of bidding decisions at the visited auction. In this model, 

investigating the determinants of bidding at the higher surcharge auction is very important to the 

auction sellers. The number of past visits has a negative effect on placing bids in higher 

surcharge auctions (𝛽𝛽12 =-0.219**, p<0.001) but the opposite positive effect (𝛽𝛽12 =0.363**, p< 

0.001) for lower surcharge auctions. 
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Table 3.5. Determinants of visit to the higher surcharge auction in a pair. 

    Estimate p-value 

(Intercept)  0.775   0.429 

Bidder characteristics across all auctions   

 Total number of past visits (𝛽𝛽11) -0.139** <0.001 

 Percent of past switches (𝛽𝛽21) -0.003   0.951 
Bidder characteristics in an auction pair   
 Know both surcharges in a pair (𝛽𝛽31)  0.120**   0.017 
 Share of visits to the higher surcharge auction (𝛽𝛽41)  0.301** < 0.001 
  Chose higher surcharge auction last period (𝛽𝛽51) -0.104*   0.081 

 New visitor (𝛽𝛽61)  0.333** < 0.001 

Auction/item characteristics   

 Elapsed Time (𝛽𝛽71) -0.003   0.891 

 Retail Price (𝛽𝛽81) -0.054**   0.017 
Price information    

        Base Price difference (𝛽𝛽91) -0.162** < 0.001 
        Surcharge difference x Know both surcharges (𝛽𝛽101 ) -0.026   0.266 

 Number of observations  6183 
 Log Likelihood -3917.4 
  AIC   8,138.8 

 

This suggests that as bidders gain more experience, they tend to avoid bidding at higher 

surcharge auctions. This holds a critical managerial implication to sellers’ strategy of adding 

surcharges, while building long-term relationships with customers.  

Bidders who switch more frequently, indicative of search, are less likely to place a bid in 

either type of auction (𝛽𝛽22  = -0.441**, p<0.001 for higher surcharge auctions, and 𝛽𝛽22 = -

0.557**, p<0.001 for lower surcharge auctions).  The negative impact of information on the 

incidence of bids is also indicated by the coefficient for bidders who know both charges in a pair 
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(𝛽𝛽32 = -0.421**, p<0.001 for higher surcharge auctions, and 𝛽𝛽32 = -1.075**, p<0.001 for lower 

surcharge auctions).  

The effect of bidders’ characteristics in an auction pair, are consistent across both types 

of auctions.  A new visitor is more likely to place a bid (𝛽𝛽42 = 1.431**, p<0.001 in higher 

surcharge auctions, and 𝛽𝛽42=1.575**, p<.0001 in lower surcharge auctions), but is less likely to 

place a bid towards the end of an auction (𝛽𝛽82 = -0.388**, p< 0.001 in higher surcharge auctions, 

and 𝛽𝛽82 = -0.402**, p<0.001 in lower surcharge auctions).  

Bidders whose average jump bid amount is high are more likely to place a bid at either 

auction (𝛽𝛽52=0.474**, p<0.001 in higher surcharge auctions, and 𝛽𝛽52=0.591**, p<0.001 in lower 

surcharge auctions). 

For the impact of auction/item characteristics on bidding decision, we find that when 

item’s retail price is high, bidders are less likely to place a bid at the higher surcharge auction 

(𝛽𝛽92=-0.144**, p=0.006) but more likely in the low surcharge auctions (𝛽𝛽92=0.212**, p<0.001 ).  

Likewise, when the number of bidders is high, fewer bidders place a bid at the higher 

surcharge auction (𝛽𝛽72=-0.093**, p=0.033), but there is no significant difference in the low 

surcharge auctions (𝛽𝛽72=-0.058, p=0.175).  

For the impact of price information, base price difference affect the bid negatively in the 

high surcharge auction but positively in the lower surcharge auction (𝛽𝛽102  = -0.445**, p<0.001; 

𝛽𝛽102  = 0.378**, p<0.001). Base price difference can be thought of as an incentive to search. When 

prices are vastly different in otherwise seemingly identical auctions, one is incentivized to 

search, thus reducing the bid in the high surcharge auction and increasing it in the low surcharge 

auction.  
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Total price has a negative effect on the bid decisions, suggesting that bidders do tend to 

process surcharges (calculate the total price) when making a bid decisions.  In addition, this 

effect is stronger for higher surcharge auctions (𝛽𝛽132 = -0.270, p=0.002) than for lower surcharge 

auctions (𝛽𝛽132 = -0.178**, p<0.001).  

The Inverse Mill's ratio in both auctions is significantly positive. This means that visit 

decision and bidding decision are positively correlated (𝛽𝛽142 =2.980**, p<0.001 for higher 

surcharge auctions, and 𝛽𝛽142 =3.177**, p<0.001 for lower surcharge auctions).  

 

3.5.4 The relationship between profitability and surcharges 

We report the coefficients of the bid choice model in Table 3.6. The dependent variable is 

the decision to bid or not in each of the two auctions in a pair. The explanatory variables are as 

specified in Table 3.2.  

Based on the result of the bid choice model, we find that the number of bidders plays a 

significant role in the bidding decision for the high surcharge auction. We therefore divide 

auction pairs into two groups – auction pairs with a high number of bidders and auction pairs 

with a low number of bidders. We use fitted values from Poisson regression for the number of 

bidders in pair, and divide two groups by median value of number of bidders in pairs (4.99). 
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Table 3.6. The bid choice model: Determinants of placing a bid in either auction. 

  
Dependent variables: 

  

Bid at higher surcharge  
         auction (𝑏𝑏𝑒𝑒𝑒𝑒h) 

Bid at lower surcharge  
         auction (𝑏𝑏𝑒𝑒𝑒𝑒𝑤𝑤) 

  
estimate p-value estimate p-value 

Intercept -0.892 0.401 -0.707 0.062 

Bidder characteristics across all auctions 
   

 Total number of past visits (𝛽𝛽12) -0.219** <0.001   0.363** <0.001 

 Percent of past switches (𝛽𝛽22)  -0.441** <0.001 -0.557** <0.001 

Bidder characteristics in an auction pair 
    

 Know both charges in a pair (𝛽𝛽32) -0.421** <0.001 -1.075** <0.001 
 New visitor (𝛽𝛽42) 1.431** <0.001  1.575** <0.001 
 Average jump bid amount (𝛽𝛽52) 0.474** <0.001  0.591** <0.001 

  New visitor x Elapsed Time (𝛽𝛽82) -0.388** <0.001 -0.402** <0.001 

Auction/item characteristics     

 Elapsed Time (𝛽𝛽62) 0.453** <0.001   0.458** <0.001 
 Number of bidders (𝛽𝛽72) -0.093** 0.033       -0.058  0.175 
 Retail Price (𝛽𝛽92) -0.144** 0.006   0.212** <0.001 

Price information     
 Base Price difference (𝛽𝛽102 ) -0.445** <0.001   0.378** <0.001 
 Surcharge difference (𝛽𝛽112 )     0.140 0.119  0.041          0.327 

 
Surcharge difference x Know both 
surcharges (𝛽𝛽122 ) -0.194** 0.012 -0.006         0.870 

  Higher Total price (𝛽𝛽132 ) -0.270** 0.002     -0.178**         0.028 

Invers Mills Ratio (𝛽𝛽142 ) 2.980** <0.001     3.177**       <0.001 

Observations 2702 3290 
Log Likelihood -1143.2 -1369.2 
AIC 2570.4 3038.5 

 



 

99 

Figure 3.4 shows that when an auction pair is characterized by fewer bidders, the relative 

expected premium (expected amount of premium divided by retail price) per bid-- conditional on 

placing a bid-- increases as the surcharge difference increases. When auctions have more 

bidders, the relative expected premium decreases. Hence, the premium of high surcharges is 

significantly greater in auctions with few bidders, and it appears that competition eliminates the 

total price difference. Managers in auctions may want to use higher surcharges for items that are 

less in demand (attract fewer bidders).  In a way surcharges may act like a reserve price, in that, 

the item will not sell below the price plus the surcharge.  

 

                  Low Number of Bidders                                               High Number of Bidders 

 
Figure 3.3. Relationship between the expected premium and surcharge difference by 

number of bidders in a pair. 
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3.6 Conclusions 

In pairs of identical auctions, we found a significant total price difference in the 

intermediate bids, and this premium is sustained in final prices, for high surcharge auctions. An 

important goal of the present investigation is to uncover the relationship between this surcharge 

premium and inadequate search as well as to see whether bidders who are more informed 

mitigate such a premium. (They do. Table 3.5 suggests that uninformed bidders exhibit nearly 

twice the premium exhibited by informed bidders). A surcharge has two opposing impacts on 

revenues. On the one hand, a high surcharge increases search which has a depressing effect on 

revenue. Specifically, we find was that when the surcharge difference is small to moderate, 

bidders are less likely to expend the effort to visit both auctions and become informed. As a 

result, bidders’ bids are less likely to incorporate the surcharge when the surcharge difference is 

small to moderate. When the surcharge difference is high, however, bidders find it prudent to 

expend the effort needed, and as a result, their bid choices are more careful and less likely to 

leave a high total price difference to the seller. Heterogeneity plays some role in this pattern. 

Confirming what has been shown in previous studies (e.g., Haruvy and Popkowski Leszczyc 

2009, 2010), we identified individual bidders who were more limited than others in search and 

mobility. Such bidders are more likely to visit a higher surcharge auction and more likely place a 

bid at the visited auction.  However, results do indicate that bidders tend to process surcharges 

(as indicated by the negative effect of total price on the decision to bid). 

On the other hand, uninformed bidders who bid in higher surcharge auctions may ignore 

the higher surcharge, and this results in a higher surcharge having a positive effect on revenues. 

Due to these opposing influences, we find that under certain conditions the surcharge magnitude 
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has an increasing effect on the total price difference in the auction when the surcharge is small to 

moderate, but a decreasing effect on the total price difference as the surcharge increases relative 

to the retail price. On average, a surcharge difference of around 25% of the retail value results in 

the highest total price difference.  

Another key factor in this patter is the first visit decision in a pair of auctions. Because 

many bidders only visit one auction in a pair, this first choice is critical from the seller’s 

perspective. When bidders have not visited both auctions, they are uninformed. Therefore, they 

are more likely to place a premium bid than bidders who are informed.  Second, the sellers 

should bear in mind that as bidders gain greater experience with the pricing format they tend to 

avoid bidding at the higher surcharge auction due to learning how to navigate the price 

landscape-- distinct from being merely informed about prices. These arguments mean that the 

partitioned pricing format is perhaps a less attractive long-term strategy if the sellers want to 

build long-term relationship and loyalty with customers.  

Though we kept the model as simple as possible to be able to isolate bidders’ key 

behavioral patterns, there are several limitations in our study. First, due to bidders’ reluctance to 

bid in extremely high surcharge differences settings, we have a sparsity of observations at the 

high end of the range of surcharge differences. Hence, identification is more limited in the higher 

end of the range. 

Second, though we show key behavioral aspects with the pairwise auction format, in 

online auctions like eBay.com, there are many simultaneous and temporally overlapping auctions 

selling identical items, nearly identical items and close substitutes. In more than two auctions 

with identical items, an auction bidder may consider the distribution of the price dispersion 
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during auctions rather than merely comparing all auctions’ prices. Therefore, investigating 

bidders visit and bid decisions in more complex settings with click-stream data would require 

additional assumptions and possibly additional implications.  
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APPENDIX A: MATCHING ALGORITHM AND RESULTS 

We used the nearest-neighbor matching (1:1 matching) method (Rosenbaum and Rubin 

1985); that is, an adopting household is matched with a non-adopting household if their 

propensity scores are equivalent or the most similar, to produce the matching treatment group 

and the control group. To avoid matches with long distances, we use a caliper—the maximum 

distance in propensity score by which matches are allowed (Rosenbaum and Rubin 1985). We 

use a caliper value of .1 of the standard deviation of the logit of the propensity score. The steps 

for our matching are as follows: (1) adopters and non-adopters are listed in random order; (2) we 

find pairs of adopters and non-adopter(s) with the smallest distance between propensity scores, 

under the caliper value (if multiple nearest non-adopters are under the caliper value, we 

randomly select one of them); (3) when the first adopter is matched to the nearest non-adopter (if 

multiple nearest non-adopters exist, we randomly select one of them), the matched pair is 

removed; (4) steps (2) and (3) are repeated until no matched sample remains.  

Through the matching algorithm, we get 1,684 households (843 pairs). Figure A1 shows 

the propensity-score distributions for adopting households and non-adopting households. We 

find that, after matching, the propensity-score distributions of adopting households and non-

adopting households are nearly identical. Table A1 shows the descriptive statistics of propensity-

model variables before and after matching. The table indicates that, after matching, the variable 

statistics become very similar.  
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Figure A.1. Propensity-Score distribution. 
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Table A.1. Descriptive Statistics of Propensity-Score-Model Variables before and after 
Matching. 
 Before Matching After Matching 

 
Adopters Non-

adopters Adopters Non-
adopters 

Behavioral Characteristics (based 
on before mobile launching)     

Total expenditure ($) 1131.213 
(760.972)a 

894.858 
(567.691) 

1077.059 
(719.196) 

1068.419 
(713.789) 

Average basket size ($) 31.960 
(14.174) 

27.337 
(15.573) 

30.637 
(13.273) 

31.071 
(15.065) 

Total percentage of expenditure on 
long-storable foods 

.201 
(.072) 

.160 
(.075) 

.192 
(.071) 

.188 
(.074) 

Total percentage of expenditure on 
bulky goods 

.055 
(.049) 

.052 
(.051) 

.055 
(.054) 

.055 
(.047) 

Has short shopping interval (<= 3.4 
days) 

.256 
(.437) 

.244 
(.430) 

.234 
(.424) 

.234 
(.424) 

Has mid shopping interval (3.4 days 
to 8.4 days) 

.485 
(.500) 

.513 
(.500) 

.512 
(.500) 

.512 
(.500) 

Only offline channel shopper .076 
(.264) 

.716 
(.451) 

.200 
(.400) 

.200 
(.400) 

Only online channel shopper .225 
(.417) 

.050 
(.217) 

.134 
(.341) 

.134 
(.341) 

Demographics    

Live APT .684 
(.465) 

.683 
(.465) 

.705 
(.456) 

.691 
(.463) 

Marriage (married =1) .613 
(.487) 

.425 
(.495) 

.615 
(.487) 

.600 
(.490) 

Age 39.273 
(5.915) 

42.549 
(8.991) 

39.521 
(5.966) 

39.752 
(6.165) 

Characteristics of Most Commonly 
Used Physical Store 

    

Number of households within 500m 4631.514 
(2004.613) 

4348.125 
(2017.786) 

4652.341 
(2014.929) 

4541.836 
(1942.678) 

Main competitor – Personal stores .530 
(.499) 

.518 
(.500) 

.516 
(.500) 

.516 
(.500) 

Main competitor – Similar type .164 
(.371) 

.188 
(.391) 

.166 
(.372) 

.166 
(.372) 

a Standard deviations in parentheses.     
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