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Abstract

With increasing ecommerce penetration, it is believed that consumers are spending more of their 

shopping time online and away from physical stores. This brings to question the role of physical 

stores in an increasingly digitized landscape and whether they remain relevant to existing 

retailers. The measurement of the impact of physical stores has been characterized by the 

difficulty of attributing the increase in online sales to customers seeing and experiencing products 

showcased in physical stores, as this information is not typically observed and captured. Should 

physical stores remain valuable in the digital age, which products stand to enhance its 

complementarity to online sales? In this study, we attempt to shed light on these questions using a 

quasi-experiment, taking place through a nationwide retailer that expanded its physical presence 

during the study period. This work distinguishes from past studies in that it studies consumer 

behavior in the underexplored, yet important Chinese market in a mature e-commerce era. 

Through a “triple-differences” framework conducted at the product-level, we provide a more 

direct evidence on the effect of the physical channel on sales outcomes in the online channel, 

thereby complementing past work that showed the benefits of offline stores. Accounting for 

endogeneity concerns, the main effect of store openings on online sales continue to hold under 

various checks. We find that online sales for products showcased in physical stores increase for 

both high and low involvement products, suggesting that two mechanisms are at work in driving 

the online sales of showcased products. The conspicuous feature of stores helps consumers 

converge their purchase for high involvement products by providing them with additional sources 

of product information that is otherwise not available online. Furthermore, the experiential aspect 

of stores help to increase product sales by generating greater top-of-the-mind awareness of low-

involvement products. Implications for theory and practice are discussed.
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1 Introduction

With the increasing growth of e-commerce, the Internet has dramatically changed the landscape

of retail shopping. Online retailing is currently the fastest growing sector in the US and will

continue to grow at a compound annual rate of 12 percent through 2020, surpassing $1 trillion

mark by 2027(Bose 2017). As shopping behaviors shift away from the offline purchasing of goods

in brick-and-mortar stores, pundits are engaged in the ongoing debate on the role of traditional

physical retailers in the digital economy. Mirroring this academic debate, we also see a divergence

of strategies among retailers in practice. On the one hand, several major retailers in the United

States are closing physical stores. For instance, the iconic retailer Macy’s which used to be a

mainstay in America’s malls, has closed over 15% of its 650 stores in recent years (Egan 2016).

Similarly, other major retailers including Walmart and JCPenny have also pulled the plugs of

hundreds of their stores (Gustafson and Reagan 2016). On the other hand, retailers like Nike

and Nordstrom are opening new physical stores and revamping them as “concept stores” to help

customers experience and discover their products/services, so as to boost sales. Interestingly, pure

online retailers like Amazon have begun to invest in their offline presence, as seen in their chain

of grocery stores and book stores, etc. (Bensinger and Morris 2014, Addady 2016). Similarly, the

Chinese e-commerce giant, Alibaba, has invested more than $9.3 billion in offline stores since 2015

(Cadell 2017). These contradictory trends bring up questions on the role of physical stores in the

digital age, with emphasis on whether they are still of value to retailers in face of the impending

unstoppable digitization of the industry.

Apart from inconsistent strategies from different retailers, past academic studies have yielded

different insights on the effect of physical stores on online sales. Some studies have found the pres-

ence of substitutive effects wherein newly opened physical stores compete with online stores for

sales (Brynjolfsson et al. 2009, Forman et al. 2009, Choi and Bell 2011), while others found a com-

plementary effect among the two channels (Balasubramanian et al. 2005, Ansari et al. 2008). As

e-commerce technologies and practices mature, it is imperative to reexamine the inter-relationships

between the sales channels as the effects of physical stores might have evolved over time as con-

sumer mindsets shift with increasing digitization. To that end, marketing scholars have recently

attempted to investigate the cross-channel effects between online and offline stores, and to uncover
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the mechanisms that underlie these relationships (Avery et al. 2012, Wang and Goldfarb 2017).

Specifically, these studies proposed that stores fulfilled roles in the purchase funnel through two

channel capabilities: 1) conspicuous capabilities (e.g., immediate satisfaction of on-site purchase,

product information gathering through direct interaction with products and salespersons, no ship-

ping cost, etc.) and experiential capabilities (e.g., generating brand awareness and association,

increasing reach and frequency of brand message over time, etc.). In particular, both studies found

that physical stores mainly played the latter role of generating awareness of the existence of the

retailer’s brand and building its brand associations, i.e., a billboard effect. Further questions on

the role of stores follows from these findings: are the conspicuous aspects of stores less important in

the increasingly digitized world of retailing, if not, when would these capabilities matter? Recently,

Bell et al. (2017) and Kumar et al. (2019) provide evidence showing that the conspicuous benefits of

product sampling and in-store interactions can be helping in specific settings in spurring purchase

of certain products.

Despite these body of works, several gaps in the literature continue to exist. First, the studied

impacts of physical stores till date were all based on observations of the US market. Consequently,

little is known about the dynamics of the offline-online consumer behavior in retail markets beyond

the western world. Of particular interest is the Chinese retail market which has hit US$5.8 trillion

in 2018, making it on par with the size of the US market. This sizable market continues to grow at

10 percent annual rate and is projected to be one of the world’s largest consumer market, as over

60% of world’s middle-class population will reside in Asia in the next ten years. More importantly,

consumers in this market are known to possess shopping habits distinct from western consumers

(Ettenson and Wagner 1991, Wang and Lin 2009), making it hard to determine if past results

would apply to the retail market in China. Second, with the exception of Bell et al. (2017), most

existing work are faced with the challenge of not being able to directly observe if the exposure to

products showcased in physical stores led to subsequent purchase behavior online. Understandably,

this is an empirical limitation due to a lack of detailed data. Finally, extant findings on the multi-

channel relationships are derived from on retailers that carry a specific type of product, e.g., eye

glasses (Bell et al. 2017) and clothes (Kumar et al. 2019). Thus, it is unclear if these findings may

generalize to products beyond these studied goods.
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Noting these gaps, we study the impact of newly open stores of a large Chinese retailer on

the online sales of customers living near these stores. The retailer under study serves as a good

institutional setting to investigate the multi-channel relationship for a few reasons. First, it’s

a traditional offline-first retailer which carries a wide variety of products in store. Second, the

retailer has been exploring multi-channel, offline-online strategy since 2011 to which its customers

are relatively familiar with fulfilling purchases on both channels. This mature ecommerce setting

allows us to abstract away from learning effects and heterogeneity in terms of ecommerce adoption

preferences. Third, we were able to make use of a quasi-experimental setup in our estimation,

as the retailer expanded its pool of physical stores specifically during the study period. No new

stores were launched in the twelve months preceding this expansion plan. Fourth, the retailer

provided data that tracks online purchases at the household-level, which is more finer-grained

compared to that in most previous studies. Moreover, we were able to observe which products are

showcased in each physical store, allowing us to establish a stronger link between online purchases

of consumers and the newly opened store. These highly detailed information allows us to gather

more direct empirical evidence of the mechanism underlying the link between physical stores and

online purchase. Finally, the retailer provided a complete view of the transactions that occur during

the study period, covering the entire range of merchandise carried. Not only does this allow us to

derive estimates mirroring the actual magnitude of the impact of physical stores on online sales, we

are also able to arrive at a more generalized view of the store effect across various product types.

Using difference-in-differences identification coupled with propensity score matching, we find

that physical stores can complement online channel in terms of boosting sales in the Chinese market.

Specifically, our analyses reveal that following the opening of a new store, the amount of online

purchases increases by 26%, which translates to an additional online sales worth $40 thousand

per week (i.e., approximately $2 million per year). This increase in online sales occur in both

tract-level and household-level analyses. A triple difference analysis at the product-level provides

further evidence of the complementarity between physical stores and online purchases. Specifically,

our analysis shows that the increase in online sales happens only for showcased product and not

non-showcased products, indicating that the positive impact of stores materializes through product

showcasing. We further find that online purchases for products showcased in physical stores increase

for both high and low involvement products, which we interpret as evidence for conspicuous and
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experiential capabilities of stores at work. When segmenting locations by virgin territories and

tracts with existing stores, we find that the new stores in virgin territories exert a larger impact

on online purchases, though the opening of new stores in both types of locations yield positive and

significant spillovers on online sales. Analysis conducted on different groups of customers show that

physical stores drive inactive customers to purchase significantly more low involvement products,

while they encourage active customers to make more online purchases across all product types.

Our work contributes to the multi-channel marketing literature from several aspects. First,

we provide stronger evidence of the complementarity of physical stores to online purchases. In

particular, we are able to link the online purchases of certain products to the offline showcasing

of these products, which has not been shown by previous studies. This results help to dispel

the wide spread belief that physical stores are less valuable in the digital age, particularly in the

Chinese retail market. Second, evidence of the conspicuous and experiential benefits of physical

stores being simultaneously present in a single setting clarifies the role of the offline channel in the

multichannel strategy. This finding provide insights on the mechanisms through which the value of

physical stores manifest in the digital age. Third, our results also reveal nuanced insights on how

the impact of new stores on online sales varies across locations and customer types. Knowledge of

these details provide guidance to academics and practitioners alike on how best to deploy physical

stores to enhance online sales.

2 Related Work and Theoretical Background

2.1 Multi-channel Retailing

The rapid development of the Internet technologies and their applications to the retailing industry

over the past decade has made the online channel an imperative consumer touch-point. This new

marketing touchpoint bears several advantages, by which the most crucial one lies in its ability of

overcoming geographical constraints in their communications with potential customers. Retailers

have experimented with multi-channel strategies by having online storefronts to supplement their

existing pool of offline stores, to understand if this new digital channel would improve overall

business performance (Verhoef et al. 2015). These are non-trivial decisions to make as adding

new channels can affect existing channels since different channels operates quite differently in the
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customer conversion process. Brick-and-mortars work by allowing consumers to touch-and-feel

merchandise, reducing their uncertainties about products, and providing instant gratification of on-

site purchase. Internet channels, on the other hand, convey product information through product

reviews and user ratings to support decision making, and enhance shopping satisfaction by providing

a broad selection of products (Brynjolfsson et al. 2013).

Previous studies have investigated the contribution of different channels on firm performance.

Earlier studies mainly focus on the impact of adding an online channel, and documented positive

effects on sales volume (Ansari et al. 2008), financial performance (Geyskens et al. 2002) and

brand awareness (Halligan and Shah 2009). More recently, scholars started to study the impact

of physical stores on online sales performance of traditional offline and online-first retailers. These

studies yielded different insights. For instance, it was found that substitution occurs as newly

opened physical stores leads to fewer purchases and activity online, indicating the presence of

cannibalization (Brynjolfsson et al. 2009, Forman et al. 2009, Choi and Bell 2011). This is especially

true for those customers who live close to store locations (Shriver and Bollinger 2015). Yet, another

set of studies found the opposite to be true, that is, offline stores compliment online channels by

driving up online sales (Balasubramanian et al. 2005, Ansari et al. 2008).

Motivated by those contradictory findings, further studies dug deeper into the question by

investigating the underlying mechanisms of the multi-channel effect. In particular, Avery et al.

(2012) developed a conceptual framework to explain the effects of multi-channel expansion. They

posit that the nature of the economic relationship between offline and online stores (i.e., substitution

or complementarity) is dependent on how closely the channel capabilities are related. If a new

channel duplicates existing capabilities or offers superior capabilities, it would cannibalize sales

from the existing channel. In contrast, additional demand in existing channels will be generated

if the new channel provides capabilities complementary to existing channel. Avery et al. (2012)

theorize that offline stores can have conspicuous or experiential capabilities, which manifest in

short-term and long-term periods, respectively. They show that having a denser store population

in an area can enhance branding effects leading to increased online purchases over time. Drawing

on the framework of Avery et al. (2012), Wang and Goldfarb (2017) emphasize the role of physical

stores in providing the information about a retailer’s existence. Using the data from a US-based

specialty retailer, they found that store openings tend to attract more first-time customers and that
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the increase in online sales is mainly driven by these new customers, suggesting that the physical

stores exert a billboard effect to draw in sales from new customers.

On the other hand, Bell et al. (2017) found that online sales of products is driven by the opening

of offline showrooms reduce uncertainty in the purchase process by providing tactile product infor-

mation to consumers. This result suggests that the conspicuous capabilities of physical stores play

an important role in helping consumers converge in their purchase decisions. We note that the evi-

dence presented in Bell et al. (2017) holds for an online-first retailer specializing in eye-wear. Under

the context of apparels and home-products (i.e., goods with non-digital attributes), Kumar et al.

(2019) found that that physical stores increase online sales through a store engagement effect, which

again demonstrates a conspicuous capability at work. In particular, the authors demonstrate the

store engagement effect by showing that the proportion of consumers who made purchases in both

online and offline stores increase at a greater rate than those who purchase online only, especially

in locations where new stores are opened relative to locations where there are no new stores. Thus

far, we have seen one set of works providing evidence of physical stores mainly working through its

experiential capability, while another set of works showing that brick-and-mortars increase online

sales via its conspicuous capabilities. Taken jointly, these evidence appears to suggest that physical

stores can only enhance online purchase through one type of capability, but not simultaneously

through both experiential and conspicuous capabilities. Thus, the question on whether physical

stores can simultaneously work through both qualities in spurring online sales remains as an open

puzzle. With the exception of Bell et al. (2017), inferences are made without directly observing how

the showcased products in physical stores influence subsequent online purchasing behaviors. Addi-

tionally, in the latter set of works, the conspicuous capabilities of physical store are demonstrated

to hold largely on fit-and-feel products (i.e., eye-wear and apparel). Apart from this narrow set of

products, we are unaware if retailers carrying other types of merchandise would stand to benefit

from conspicuous aspects of opening physical stores.

2.2 Roles of Physical Stores in Chinese Markets

Apart of the gaps identified above, the multi-channel literature is silent on the the role of physical

stores in markets beyond the western world. Yet, non-Western markets, especially that of the

Chinese market, are rapidly growing in size to the point of overtaking the US in terms of sales
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volume. Cultural value systems are recognized as a powerful force in shaping consumers’ motiva-

tions, lifestyles and product choices (Yau 1988, Tse et al. 1989, Wang et al. 2000). In particular,

Chinese values have served as a clear and consistent system for generations, to which the learning

and mastery of these value is a crucial prerequisite for achieving social status (Kindel 1985). Given

the disparity between western and oriental cultural values, it is plausible that the causal mech-

anisms underlying the purchase behaviors of the US consumer may not generalize to that of the

Chinese consumer (Kindel 1985, Yau 1988), which meant that past findings on the economic nature

of physical stores may not materialize similarly under the context of the Chinese retail market. In

fact, industry experts have opined that physical shopping complexes in China have a good chance

of surviving and thriving in the digital age, given that the lifestyle favored by Chinese consumers

support shopping visits to physical stores (Shepard 2017). Among the numerous conceptualizations

of the Chinese cultural values, the values of thriftiness and relational orientation are most pertinent

to our discussion on the potential impacts of stores on online sales.

2.2.1 Synergies with Conspicuous Capability

First, the Chinese consumer is influenced by the oriental values which emphasize thrift and value

consciousness (Wang and Lin 2009). Individuals living in collectivist cultures tend to adopt fru-

gal mindsets as they value inter-generational over individual interests, and are likely to maintain

a longer time horizon with respect to their individual consumption (West 1989). A direct con-

sequence of thriftiness and value consciousness meant that Chinese consumers, relative to their

American counterparts, are more willing to invest significant amount of efforts in obtaining prod-

uct information before making a purchase (Ackerman and Tellis 2001, Pattaratanakun and Mak

2015), so as to reduce the chances of making a bad purchase decision. Such strategic consumers are

willing to delay their purchases when they deemed product value to be uncertain (Swinney 2011),

and would actively seek out product information from various sources to affirm their value. While

the online channel offer consumers a wide variety of benefits, e.g., access to large product variety

and enables side-by-side comparison of products (Smith and Brynjolfsson 2001, Brynjolfsson et al.

2003), it does not allow for the evaluation of non-digital attributes of the product. Offline stores fill

this gap by moving undecided consumers toward purchase decisions by allowing a “full inspection”

of the product through the touching and feeling of the merchandise (Avery et al. 2012, Bell et al.
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2017, Ching and Ishihara 2012). Empirical evidence suggests that Chinese consumers actively seek

out physical stores to shop at, especially at those that are conveniently located near their living

vicinity (Ettenson and Wagner 1991). This suggests that Chinese customers appear to place a

strong emphasis on the physical examination of products to extract tactile information that are

not readily available in online descriptions.

Second, the Chinese consumer is immersed in a culture that has a strong relational orientation,

by which a distinctive set of marketing implications ensues (Wang and Lin 2009). Compared to the

Western counterpart, oriental individuals are more consensual-driven and tend to perceive them-

selves as more connected to others, such as the family and the community (Wang et al. 2000). This

difference between Western and non-Western self-construal approximates the distinction in indi-

vidualist and collectivist selves (Hsu and Marsella 1985, Markus and Oyserman 1989). Due to this

distinction in self-construal, Chinese consumers react more favorably to marketing stimulus with

connected appeals (i.e., relational ties with significant others and interdependence), while Ameri-

can participants favor marketing approaches with separated appeals (i.e., uniqueness, individuality,

independence, autonomy) (Wang et al. 2000). A strong relational orientation also influences how

Chinese consumers views the act of shopping. Because Chinese individuals value spending time

with friends and family, shopping is deemed as an important social activity as it allows people to

get together naturally (Wang and Lin 2009). Moreover, a relational orientation meant that peer

pressure and opinion leaders often serve as key influential factors in purchase decisions. This social

nature of shopping indicates that Chinese consumers prefer to develop personal relationships with

salespersons, to which greater emphasis is placed on a salesperson’s mannerism and less on the tan-

gible aspects of shopping (e.g., store return policy) (Ettenson and Wagner 1991). This emphasis on

interpersonal relationships is built on the principle of doing favors for others, which is considered

a form of social investment by which reciprocity is expected (Yau 1988). As long as shopping is

perceived to be a social occasion, physical stores and salesmanship will continue to play a significant

role in the Chinese market, even with the increasing growth of digital commerce.

Thus far, we have seen how Chinese cultural values can influence purchasing process of con-

sumers in China. The values of thriftiness and relational orientation meant that Chinese consumers

are likely to value the conspicuous capabilities of physical stores i.e., being able to physically exam-

ine merchandise, shop with friends, establish relationships with salespersons in stores. The direct
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interactions with the products and salespersons build up product interest, spur purchase intentions,

and solidify purchase decisions. Having experienced a product in store in various dimensions, cus-

tomers are likely to follow up with further product searches online (Verhoef et al. 2007), especially

at the same retailer given that the prior relational links built up with their in-store salespersons.

Moreover, with limitations on inventory size of physical stores, shopping trips can lead to online

purchase at the same retailer for a particular product variant that is not available in store (certain

models, sizes or colors are available online). These are practical instances of how physical stores

complement and encourage online sales in the Chinese market.

2.2.2 Synergies with Experiential Capability

In addition to the conspicuous capabilities at work, physical stores can also bear important experi-

ential roles in generating awareness and shaping perceptions of brand images (Jacoby and Mazursky

1984, Keller 1993). Valuable brand associations built through the offline channel may be trans-

ferred to other channels. Wang and Goldfarb (2017) showed that it is possible that the brand

salience conferred by physical stores can stimulate consumers’ purchases from the same retailer

from a different channel. On top of a “billboard effect”, it is quite possible that the experiential

aspect of physical stores may also influence brand perceptions at the product level. The awareness

and familiarity of certain products is heightened when consumers are exposed to products show-

cased in physical stores. The increased familiarity leads consumers to pay more attention to these

products when they are browsing in the online store. Specifically, the engagement with products on

display in stores produces an exposure effect which is shown to enhance consumers’ affective and

evaluative responses to these brands (Obermiller 1985). Recent exposure to a brand or product in-

creases its salience and recall rate, producing greater levels of top-of-mind awareness for showcased

merchandise, which can in turn inhibit the recall of competing products (Gruber 1969, Alba and

Chattopadhyay 1986).

The experiential capability of physical stores in enhancing the brand image of products is

particularly important in satisfying the Chinese consumers. The value conscious and consensual

nature of these consumers meant that they are inclined to adopt a risk adverse approach in making

purchase decisions, and would prefer to buy from brands that are established as the normative

standard for their reference group (Wang and Lin 2009, Yau 1988). Here, having a wider exposure
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via in-store displays to gain a top-of-mind awareness increases the likelihood of purchase conversion,

as the first brand in the Chinese consumer mind is her most probable choice (Xu 1992). At the

same time, Chinese individuals tend to conform to what others are buying as a result of their social

consensual tendency. Thus, a broader exposure through product showcasing in multiple physical

stores would be helpful in spurring purchase intents, as product familiarity is increased across a

larger consumer base. In sum, product placements in offline stores are likely to spur the purchase

volume on the online channel, via the experiential capabilities of physical stores in the Chinese

context.

2.2.3 Sales Impact on Different Products

Heightened sales due to the conspicuous and experiential capabilities of offline stores are likely

to manifest in the purchase of different product types. Prior marketing work documents that

consumer decision process differ significantly with the level of product involvement (Clarke and Belk

1979, Engel and Roger 1995). Product involvement refers to a consumer’s perceived importance

or complexity of a product (Traylor 1981, Richins and Bloch 1986). Consumers typically engage

in an “extensive search for information or a comprehensive evaluation of the choice alternatives”

(Zaichkowsky 1985) to make the right decision for high-involvement products, while customers

are less engaged in their search process when purchasing low-involvement products. Examples of

high-involvement products include costlier, durable products such as electronics, large appliances,

and furniture, to which consumers tend to expend effort in collecting product information through

product inspection and/or communicating with in-store salespersons (Laurent and Kapferer 1985).

Thus, the conspicuous aspect of physical stores facilitates the effortful information gathering process

that consumers engage in the purchase of high involvement products. Should Chinese consumers

value the the conspicuous aspects of physical stores, an increase in high involvement products

should ensue upon the launch of new physical stores.

On the other hand, low-cost, non-durable products like groceries, household supplies, and sundry

goods are instances of low-involvement products (Kannan et al. 2001, Gu et al. 2012) to which

consumers are relatively less worried about making bad purchase decisions compared to high in-

volvement products (Levy and Nebenzahl 2008, Mathwick and Rigdon 2004). Although consumers

do not expend significant efforts in amassing information for the purchase of low involvement prod-
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ucts, the experiential component of physical stores can play a role in increasing the purchase of

these products via exposing consumers to these products and enhancing their top-of-mind aware-

ness of these products. Hence, if the effects of experiential capabilities of stores were to exist in the

Chinese retail market, physical stores would induce an increase in the purchase of low involvement

products.

3 Empirical Context and Data Description

3.1 Empirical Context

We base our empirical analysis on one of the largest offline-first retailers in China. Similar to large

US retailers (e.g., Walmart or Target), our focal retailer has thousands of physical stores across

China. On top of physical stores, the retailer has been investing in its online presence, by having a

digital storefront since 2011. Products sold by our retailer include household appliances (e.g., TVs,

laundry machines, refrigerators), electronic devices (e.g., laptops, cameras), general merchandise

(e.g., Fast Moving Consumer Goods (FMCG), office supplies), and household commodities (e.g.,

furniture, kitchenware). In our data, we observe all online and offline purchases made by consumers

between August 2014 and March 2016 in three major Chinese cities, i.e., Beijing, Shanghai and

Nanjing. For each purchase, we have detailed information including the product, prices and quantity

purchased. In addition, we have information on the consumer’s address (i.e., latitude and longitude

coordinates) for orders placed online. Based on the dataset provided by our retailer, we are also

aware of the locations of all existing physical stores in the three cities. For each store, we are able

to see what products were showcased during the observation period. During our study period,

we observe 67 new stores launched in those three cities, which we also have information on their

location coordinates.

3.2 Sales Tract Definition

The official geographical segmentation of the Chinese cities based administrative districts is overly

broad for our purpose, as each district often contain several physical stores making it hard to isolate
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the effect of each store on online sales.1 To address this issue, we rely on a clustering-based approach

to define sale tracts in our study context. To do so, we rely on a three step procedure. First, we

amass mailing addresses (as represented by the latitude and longitude coordinates) of all customers

who have placed online orders. Using these coordinates, we use K-means clustering (Forgy 1965)

to group these locations into clusters. As a distance-based technique, K-means clustering works by

assigning geographical locations into the same cluster if they are close to one another (relative to

other coordinates). Based on the typical population size in an average neighborhood of our study

cities (TMO Group 2018), we set the clustering parameter (i.e., total number of clusters) such

that the end result of our clustering exercise produces neighborhood clusters containing 100 to 300

customers on average. Based on this criterion, our clustering algorithm generated 3000 different

clusters. Fig. 1 illustrates the clusters identified in Nanjing: the original locations of households

are represented by grey dots and the centroid of each cluster is represented by a red cross. Fig. 2

shows that the distribution of customers across different clusters is well-dispersed, validating that

our choice of the clustering parameter is appropriate and does not produce skewed outcomes.

Having established the neighborhoods for our households, we next associate neighborhoods to

the physical stores. This step allows us to understand which store is serving each customer from a

distance perspective, to create sales tracts for our study. A 5 kilometers distance is set as an initial

threshold in which customers are willing to travel to reach a store.2 The distance is measured by

the Euclidean distance between the location of a store and the center of that tract. In our final

step, we cluster the leftover neighbourhoods that are not served by any close-by stores together so

that they can form sales tracts of their own. Through this three-step procedure, 585 sale tracts

across three cities are formed. With this sale tracts define, we go on to examine the impact of a

new store on the purchase behaviors of consumers living within the same sales tract.

3.3 Descriptive Statistics

Using defined sale tracts, we generate a panel of weekly online sales volume, matched with the

indicator of whether a physical store is present in the tract in a given week. The weekly sales

1In Beijing, there are 16 administrative districts containing over 150 physical stores. This meant that each area
is served by multiple stores. The situation is similar in Shanghai and Nanjing.

2In our robustness checks, we also attempted alternative cut-offs of 2 and 10 kilometers in our definition of the
sales tracts.
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Figure 1: Clusters Discovered in Nanjing.

Figure 2: Distribution of Consumer Base of Different Clusters in Nanjing.

volume of a tract is the aggregate quantity of products ordered online by consumers living within

it. During our study period, we observe 67 instances of new store openings and no instance of store

closing. In total, our panel have 29,040 observations spanned across 86 weeks.

We include several control variables in our dataset. First, we control for the purchasing power

of consumers in each sale tract by measuring its average monthly volume of online orders for the

four largest product categories (i.e., household appliances, electronic devices, kitchen appliances,

fast moving consumer goods) in a six-month window before our actual study period (i.e., February

2014 to July 2014). Second, we use the average housing price of neighborhoods in each tract as an

another indicator of the purchasing ability of the customer base in each tract. That is, a higher

housing price implies greater spending capabilities, and vice versa. Third, we control for the size of
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Table 1: Descriptive Statistics

Observations Mean Std.Dev. Min Max

Dependent Variables
OnlineSales ($1K) 29040 80.02 885.49 0.00 40273.11
TotalSales ($1K) 29040 176.66 1087.82 0.00 42245.3
OnlineOrders (1K) 29040 1.20 13.12 0.00 1385.26
TotalOrders (1K) 29040 1.82 14.88 1.00 1386.26
Independent Variables
StoreOpening 29040 0.03 0.17 0.00 1.00
Appliances 29040 16.88 59.50 0.00 839.67
Electronics 29040 121.34 702.48 0.00 11513.25
Houseware 29040 28.03 134.49 0.00 2453.00
FMCG 29040 295.46 588.10 0.17 5555.50
HousingPrice ($) 29040 6165.09 3131.90 919.54 16038.42
Userbase 29040 1088.25 1628.80 4.00 15735.00
TractRadius (km) 29040 3.04 1.71 0.34 9.78
DistanceToCityCenter (km) 29040 32.63 22.23 0.98 109.10

the online customer base for each tract by capturing the number of customers who have ever placed

online orders in pre-observation period and the size of the tract (proxied using radius of tract in

kilometers). Finally, we also include the distance to the city center as a control variable, given

that locations closer to the city center are likely to experience greater flow of customer traffic in

stores leading to greater purchase incidence. Descriptive statistics of all independent and dependent

variables (excluding pre-observation period) are presented in Table 1.

3.4 Natural Experiment Involving Offline Store Expansion

In September 2015, our focal retailer collaborated with a property developer, to expand their offline

operations. This collaboration entails the opening of new stores in about a hundred locations. Prior

to this expansion effort, the retailer did not engage in any store openings in the last twelve months.

As seen in Fig. 3, we can clearly see that several new brick-and-mortar stores were opened after the

launch of the collaboration beginning in September 2015. The expansion plan represents a natural

shock in our study period, to which the sales tracts across the three cities experience a greater

incidence of store openings. Through this expansion effort, new stores are opened in both tracts

that do not have stores (“virgin terrorities”) and tracts that already have existing stores (from the

same retailer). By exploiting the variation in store opening across sale tracts, we can quantify the
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Figure 3: New Store Opening Over Time.

impact of physical stores on online purchases, by contrasting changes in sale volume before and

after store openings via a difference-in-difference framework.

The major challenge to empirically identifying the impact of store opening on online purchase

is the endogeneity concerns of unobserved biases that are inherent in the store launch decisions.

It is plausible that the retailer has strategically chosen to open stores in certain tracts due to

considerations of their market potential which will have profitability impacts. As a result, the mere

comparison of sales growth between those “treated” tracts and “control” tracts without accounting

for such endogeneity can lead to biased estimation of the store opening effect. We employ several

econometric techniques to account for this issue, which we described more detail next.

4 Econometric Model and Identification Strategies

4.1 Difference-in-Differences

We apply a difference-in-differences (henceforth referred to as DID) framework coupled with propen-

sity score matching to measure the effect of offline stores on online purchases. The DID model is

widely used for measuring treatment effect in a given period by contrasting the outcomes of a

treated group that received a certain intervention with that of a control group that was not ex-

posed to such intervention (Meyer 1995, Angrist and Pischke 2008). In our context, the “treated”

units are tracts with a new store opened during our observation period, and the “control” group

includes tracts without new stores. The DID framework has been generally accepted as a reliable

model to estimate the impact of physical stores in past works that study a similar question (Bell

et al. 2014, Wang and Goldfarb 2017), as it accounts for heterogeneous differences across locations
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and time. In essence, the DID estimation measures the average treatment effect of a new physical

store on the treated tract after its opening, on purchase behaviors of customers living in the tract.

Specifically, our main estimation equation for tract i in week t is:

Salesit = β0 + β1 ∗ (TreatedTract i ∗ AfterTreatment t)+

α ∗ TreatedTract i + γ ∗ AfterTreatment t + β2 ∗ Xit + µt + εit .

(1)

Our main dependent variable is the logged amount of products ordered online by customers

living in tract i at time t , i.e., Log(1 +OnlineOrdersit). TreatedTracti is a indicator on whether

a tract experiences a new store launch during the study period. It is assigned “1” if it is a treated

tract i and “0” otherwise. This binary term controls for the time-invariant geographical differences

that may exist between treated and untreated sale tracts. AfterTreatmentt is a binary variable

that indicates the post expansion period for all tracts. AfterTreatmentt is denoted as “1” after

week 60, i.e., period when offline expansion starts, and “0” before that. This variable accounts

for potential temporal-related factors that may simultaneously affect the timing of store openings

and purchase behaviors of customers across tracts (e.g., marketing campaigns and advertising

efforts to promote awareness of new store openings). The coefficient β1 for the interaction term,

i.e.,TreatedTractsi ∗ Aftertreatmentt, represents the DID estimator which captures the average

incremental effect of store opening on online sales. More specifically, it quantifies how online

purchase behaviors of customers in treated tracts change after the launch of offline stores, relative

to the same difference of control tracts during the same period. Standard errors are clustered by

tracts to allow for serial correlation over time (Bertrand et al. 2004).

In our model, we also control for observed covariates, Xit, which include each sale tract’s average

housing price, distance to central area of the city, size of customer base (via number of customers

and tract radius), customers’ past purchase behaviors, and week-fixed effects, ut. These covariates

and time fixed-effects control for the observed differences across tracts and systematic changes over

time.

We also attempt an alternative DID specification by which we utilize an indicator to denote

the launch of each store (i.e., concurrent variation across tract and time), so that the individual
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tract-level fixed effects can be included in the specification to account for unobserverable factors

related to the location. Arguably, tract-fixed effects might be able to do a better job than the use

of covariates, given that the use of covariates leaves questions on unobservables of tract differences

not being accounted for. The alternative estimation equation for tract i in week t is as follows:

Outcomeit = β0 + β1 ∗ Treated it + αi + µt + εit . (2)

where Treatedit is denoted as “1” after a new store is opened in tract i after week t and “0”

otherwise. Similar to the previous model, the coefficient β1 captures the marginal change in online

purchases in sale tracts served by new stores relative sale tracts that do not have stores in the same

time period. αi controls for the unobserved characteristics of each tract that might have an impact

on its online sales.

4.2 Propensity Score Matching

In addition to the use of the DID framework and covariates, we rely on propensity score matching as

another defence against endogeneity concerns. The matching process helps to derive a set of control

tracts that share similar characteristics with that of the treated tracts, such that each treated sale

tract is paired up with a control tract that has a similar propensity of being treated (more details

on matching are provided in Section 4.2). Assuming that matching is effective in accounting for

effects from the unobservables, the regressions based on a matched set of tracts would abstract

away from extraneous factors that are simultaneously correlated with the treatment status and the

outcome, allowing for an unbiased estimate to be derived (Rosenbaum and Rubin 1983).

Given that a major source of endogeneity lies in the strategic decisions of launching stores in

certain tracts, we match tracts based on their profitability potential using the set of covariates

listed earlier, i.e,. sales volume of four largest product categories, average housing prices, user

base size, tract radius and distance to city center. At the same time, these factors are likely to

affect customers’ purchase behaviors and should be accounted for so that tracts under consideration

would be more similar. In the first three columns of Table 2, we present summary statistics for

those variables before and after matching. In the pre-matched variables, we observe significant
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Table 2: Illustrative Summary Statistics-Mean(SD)

BeforeMatch AfterMatch Std.bias

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Treated Control Mean Diff Std.bias Treated Control Mean Diff Std.bias Improvement (%)

Appliances 2.56 1.74 0.82*** 0.38 2.56 2.62 −0.06 0.02 93.8
(1.16) (1.25) (73.83) (1.16) (1.30) (3.37)

Electronics 3.37 2.19 1.18*** 0.42 3.37 3.31 0.06 0.02 95.7
(2.06) (1.82) (59.76) (2.06) (1.88) (1.89)

Houseware 2.73 1.95 0.78*** 0.33 2.73 2.80 −0.07 0.03 92.3
(1.22) (1.46) (68.27) (1.22) (1.32) (3.40)

FMCG 5.34 4.17 1.17*** 0.24 5.34 5.40 −0.06 0.01 95.4
(1.45) (1.85) (86.06) (1.45) (1.41) (3.92)

HousingPrice ($) 5780.44 6217.82 −437.38** 0.07 5780.44 5904.31 −123.87 0.02 70.9
(2997.26) (3146.31) (11.56) (2997.26) (3186.38) (2.40)

Userbase 1839.30 985.29 854.01*** 0.58 1839.30 1982.77 −143.47 0.08 87.0
(1663.19) (1596.76) (52.92) (1663.19) (2650.17) (7.42)

TractRadius (km) 3.87 2.39 1.48*** 0.46 3.87 3.76 0.11 0.03 93.7
(1.60) (1.64) (95.62) (1.60) (1.67) (0.36)

DistanceToCityCenter (km) 26.76 33.43 −6.67*** 0.22 26.76 26.58 0.18 0.01 96.9
(17.06) (22.73) (44.02) (17.06) (18.83) (1.26)

differences between control and treated tracts. For instance, the monthly average amount of online

purchases of different types of products of customers who live in treated tracts tend to be higher

than control tracts; the treated tracts tend to have a larger user base size than the control tracts;

and treated tracts are generally closer to city centers relative control tracts. These differences are

aligned with our intuition that retailers do not open stores in random locations, but are guided by

a combination of market potential and growth opportunities of locations.

Our baseline matching uses one-to-one matching with replacement to derive the control tracts

that are most similar to the treated tracts under a caliper size set to be the standard deviation

of the propensity scores. In addition, we also tried three nearest neighbors matching to assess

whether inclusion of more control tracts would affect the results. Under the baseline matching

process, appropriate matches are derived. Columns (5) to (7) in Table 2 show that the differences

between the treated and control means are greatly reduced and are no longer significantly different

(i.e., based on t-test on mean difference) after matching. Following Haviland et al. (2007), we

conduct a balance check by comparing the standardized bias before and after matching. As shown

in Columns (4) and (8), the biases between the two groups are greatly reduced after matching,

with a 70 to 90 percent reduction across different covariates as shown in Column (9). These results

affirm that those two groups are statistically similar after matching.
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4.3 Individual and Product level Analysis

The aforementioned analysis aims at identifying aggregate sales increase in a tract due to the new

store opening. It is also meaningful to further break tract sales down into individual sales, e.g.,

household sales, to examine how each household reacts to a store’s entry into the neighborhood.

To do so, we use stratified sampling to randomly pick 20,000 households from different sale tracts.

Under this sampling strategy, more households are sampled from tracts with higher population

density. We then use the weekly household purchase volume as an alternative dependent variable

in Equations (1) and (2). Should the store entry have a positive impact on nearby households’

online purchase, we should see the DID estimate having a significant coefficient.

In addition to performing a finer level analysis at the individual level, we also attempt to conduct

our analysis at the product level. Given that the exposure to products showcased in physical store

is one of the main mechanisms by which physical stores induce and stimulate online purchases,

it would be sensible to assess if a statistical relationship exists between showcased products and

online purchase in each tract. A unique advantage we have through our unusually rich dataset is

the ability to see the products that are showcased in each store at each period. By exploiting the

variation in products showcased across stores and time, we apply a third layer of differencing to our

formal DID framework to arrive at a triple-difference estimation approach (henceforth referred to

as DDD) model (Matsa and Miller 2013). As an extension of DID, an additional layer of differences

can make parallel trends assumptions across different groups more plausible. In our setting, the

DDD estimator compares the changes in the outcome variables, e.g., amount of online purchases of

each product category before and after its showcasing in a tract with the corresponding difference

in other tracts where those products never get showcased in the same time period. The DDD

specification is as follows:

Outcomeijt = β0 + βDDD
1 ∗ Showcased ijt + αi + γj + µt + εijt . (3)

where Showcasedijt is denoted as 1 after a product is showcased in tract i after week t and 0

otherwise. Under this setting, βDDD
1 measures the change in the difference in product sales before
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and after showcasing in certain tracts, compared to sales difference of the same set of products over

the same period in other tracts where those products are not on display. On top of the tract and

week fixed effects, we include a product level fixed effects in our specification to alleviate potential

confounding trend arising from product-specific characteristics (e.g., the sales of popular products

may increase even without showcasing, popular products might be more likely to be showcased

than non-popular products). The tract level fixed effects further helps to account for the fact that

some products are better received in certain areas than others, with or without showcasing. In our

DDD analysis, we utilize the universal product code (UPCs) to identify individual products based

on their model and variant. However, an analysis at the UPC level is met with operational concerns

given that the global set of products sold by our retailer is enormous. To resolve this operational

issue, we randomly sample ten distinct UPC codes from each of the fourteen product categories3

that the retailer carry, resulting in the use of 140 unique products in our DDD regressions. To

check if the results are robust, we randomly sampled products thrice and repeated the respective

regressions to arrive at three sets of DDD estimates.

While a DDD estimation based on product level showcasing is insightful, we are only able

to cover a select set of products in this analysis. To further ascertain that the showcasing of

a particular product in the physical store has an influence on online sales of that product, we

perform an additional check where we consider all products by splitting them into two groups

based on whether they have ever been showcased in a tract before. Specifically, we tabulate the

online sales volume of products that have been showcased in a tract and products that have not

been showcased before in a tract, and use that as dependent variables in Equations (1) and (2).

Should the showcasing of product play a role in inducing greater online purchase, we should see

the DID estimate having a significant coefficient on the online sales of showcased products. An

absence of a significant DID estimate for the online sales of non-showcased product will affirm that

the increase in online sales comes mainly from exposing consumers to products showcased in stores.

31. imported snacks and healthcare 2. sundry goods 3. food and drinks 4. skin care 5. household supplies
6. maternity 7. electronic devices 8. houseware 9. laundry machine and refrigerator 10. A/C 11. PC/laptop 12.
kitchenware 13. TV 14. communication
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5 Empirical Results

5.1 Impact of Stores on Online Sales

We first present our main results based on the DID setup. Table 3 shows the regression results

from different models (i.e., OLS with log-transformed online purchase volume: Equation 1, Negative

Binomial, and specification with tract fixed effects: Equation 2). We run each model using both

unmatched and matched samples to see how the results might differ. From the results, we could

see that the DID estimates from different models are positive and significant across various models,

which indicate that online sales volume of a tract increases after the launch of a new store in the

same tract. Results on matched samples also indicated that the launch of physical stores has a

significant positive impact on online sales, albeit with a smaller magnitude. Based on the coefficient

estimate of the main model using matched samples (i.e., Column 2 of Table 3), the online sales

of tracts with new physical stores increases by 25.8% on average. Using average monetary sales

values, this additional online sale volume induced by new stores translates into approximately US$40

thousand per week, which equates to an average annual increase of US$2 million. We also note

that the coefficient magnitudes derived under Equation 1 and Equation 2 are highly comparable,

suggesting that the chosen set of covariates is as proficient as the tract fixed effects in capturing

extraneous effects. In all, these results suggest evidence of a complementarity effect between offline

and online channels.

In addition to online purchases, we also run a regression analysis for total purchase volume in

each tract (sum of online and offline sales volumes). The results show that following the opening

of a new store in a tract, total sales from that tract rises significantly (β1 = 0.41, p < .01 based

on the main model). Specifically, the total sales volume increases by about 50% on average, which

is worth US$198.8 thousand on a weekly basis. Upon checking with the store managers from our

retailers, their internal information show that the additional sales is able cover the cost of operating

the new stores, i.e., positive profits are made.

Next, we assess the validity of the parallel trends assumption underlying the DID approach.

To do so, we include the interactions of week dummies and the treatment indicator to our main

regression specification (i.e., adding
∑

w=26,...,85 βw(TreatedTract i ∗µw ) to Equation (1)) to capture

the effect of store opening over time. Fig. 4 visualizes the estimated coefficients βw before and after
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Table 3: Impact of Store Opening on Online Sales (Volume)

OLS (logged) NB FixedEffect

(1) (2) (3) (4) (5) (6)
Unmatched Matched Unmatched Matched Unmatched Matched

Unmatched Matched

TreatedTractsi∗ 0.25*** 0.23*** 0.41*** 0.39***
Aftertreatmentt (0.06) (0.07) (0.13) (0.10)
TreatedTractsi −0.07 −0.04 −0.36*** −0.03

(0.05) (0.06) (0.09) (0.07)
Aftertreatmentt −0.32*** −0.41*** −0.18 −0.73***

(0.04) (0.09) (0.14) (0.22)
Treated 0.24*** 0.20***

(0.06) (0.07)
DistanceToCityCenter (km) 0.05 0.07 0.06 −0.06

(0.05) (0.08) (0.11) (0.10)
Userbase 0.29*** 0.14 0.08 0.14

(0.05) (0.09) (0.07) (0.11)
HousingPrice ($) 0.07 0.06 −0.04 −0.05

(0.05) (0.10) (0.08) (0.13)
Appliances 0.12*** 0.11*** 0.13 0.06

(0.04) (0.04) (0.09) (0.04)
Electronics −0.01 −0.02 0.07 0.02

(0.03) (0.03) (0.06) (0.04)
Houseware 0.19*** 0.45*** 0.20* 0.30**

(0.06) (0.12) (0.11) (0.15)
FMCG 0.53*** 0.41*** 0.58*** 0.45***

(0.04) (0.06) (0.07) (0.07)

Observations 29040 6395 29040 6395 29040 6395
City fixed effect Yes Yes Yes Yes
Week fixed effect Yes Yes Yes Yes
Tract fixed effect Yes Yes
R2 0.87 0.87 0.46 0.58
Pseudo R2 0.11 0.12

*significant at 10%;**significant at 5%;***significant at 1%

the launch of each store. From the figures of both the unmatched (Fig. 4 (a)) and matched sample

(Fig. 4 (b)), the coefficients are mostly non-significant, indicating an absence of a pre-treatment

trend. For coefficients that are significant, we note that they are negative in nature, which goes

against the concern that treated tracts bear certain characteristics which allowed them to gain

a greater sales volume even without the treatment. Trend lines plotted to approximate the sales

volume before and after the store launches across tracts (i.e., dashed lines) showed that sales growth

before retail expansion is rather flat, suggesting the chosen set of covariates is sufficiently effective
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in accounting for profitability potential of the tract locations, reduces the concern of unobserved

tract effects at play in affecting the purchase patterns of consumers. We notice that some of

the coefficient estimates become positive and significant in the period after stores are launched

in treated tracts. More coefficients are significant after the stores are opened for over a month,

which goes to show that the positive impact of physical stores do not surface immediately. This

makes intuitive sense, given that it takes time for customers to gain awareness of new stores and

to take time to make store visits. The fact that significant and positive impacts of physical stores

are strictly restricted to the post-treatment period further assures us that a pre-treatment trend is

absent and that the parallel trend assumption is satisfied. We also note that the positive impact

on sales in the post treatment extends beyond six months, which we interpret as a sign that the

complementary impact of physical stores is not simply a novelty effect that diminishes over time.

(a) Unmatched Sample

(b) Matched Sample

Figure 4: Coefficients of the Weekly Interactions Before and After Offline Expansion.
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5.2 Robustness Checks

We conduct a series of robustness checks to validate the consistency of the main effect under

different assumptions and conditions. In particular, we examine whether the results are robust

with respect to a finer unit of analysis, alternative definitions of sale tracts and outcome variables,

and accounting for additional external factors that might have driven online sales.

First, we conduct our analysis at the household level, wherein we examine how the volume of

online purchases of each household change after a new store is opened nearby. In our analysis, we

also consider households that are located in those matched tracts to address potential endogeneity

concerns. Results of various models are displayed in panel A of Table 4. All of these results show a

significant increase in online purchases at the household level, after offline stores are launched in the

neighborhood. Based on these results, it is likely that our results are robust towards endogeneity

concerns related to unobserved household level factors which we explicitly account for using a finer

level of analysis.

For the second set of robustness check, we assess whether the main results are sensitive to the

size of sale tract defined. Instead of assuming each store’s reach to be effective in serving a distance

of five kilometers, we attempted narrower and broader cutoff thresholds. In particular, we set the

thresholds of 2 and 10 km to arrive at alternative sales tracts.4 The results from these two extra

thresholds are shown in panel B and C of Table 4. We can see that the effect of physical stores on

online purchases remains positive and significant across different specifications and samples.

In our third robustness check, we adopt (Wang and Goldfarb 2017)’s definition of sale tracts

by which we treat each existing store as the center of a tract, and then defining its service area by

including households that are within a 5 km radius of the store. For cases where two stores are less

than 5km to each other, we would combine these stores as a single tract when they are less than

2km apart. If they are more than 2 km apart, we divide the area between them evenly to form two

tracts.5 Results based on this alternative tract definition are shown in panel D of Table 4. DID

estimates are consistent with our main results in that they remain positive and significant.

4A 2 km scope can be seen as a store that is of walking distance, and a 10 km scope is able to capture consumers
who are willing to drive to reach a physical store.

5Only a few cases fall into this category in our dataset. Most stores are geographically well dispersed with little
overlaps.
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In our fourth robustness check, we test the sensitivity of the main results to an alternative

measurement of online sales. While the earlier results inform us that online sale volume has increase

as a result of store openings, it does not inform us on whether the dollar value of these sales have

also increased. It is plausible that the increased amount of online purchase may be driven by the

greater purchase level of less expensive products. To assess for this possibility, we use the dollar

value of purchases as an alternative outcome variable. Panel E of Table 4 shows that the DID

estimate remains positive and significant when dollar amount is used as the dependent variable.

In particular, we find that the launch of a new store leads to an average increase of 16% in the

monetary amount transacted in the online channel of the retailer. Thus, the qualitative conclusion

from the results remains similar to the main results under an alternative sales measure.

Finally, we consider whether the increase in sales might be an artifact of promotional events of

the retailer. It is plausible that the launch of the new stores were intentionally made to coincide with

festive occasions and holidays, where Chinese consumers have habits to purchase more. Based on

the annual online and offline promotion plans provided by the retailer (e.g., 2015 Chinese New Year

- week 31, Suning Anniversary Day - week 50, Double 11 - week 67.), we remove observations from

the weeks when major online promotions were held. Regression results of this check is documented

in panel F of Table 4, The coefficients from different models are positive and significant, after

accounting the promotional effect. This test rules out the possibility that the observed increased

in sales is driven by promotional efforts of the retailer, but is largely due to a true complementary

impact from the physical store.

5.3 Product level Analysis

The exposure of showcased products in physical stores is a plausible mechanism of inducing greater

level of online purchases. If evidence of this mechanism can be empirically verified, the causal link

between offline stores and online purchases would be strengthened. As described earlier, we rely

on a DDD framework that exploit the variation in product showcasing across tract and time to

identify this effect. Our analysis results are reported in Table 5. We find that online purchases

of those showcased products significantly increase after they are being showcased in offline stores.

The findings are consistent across different model specifications.
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Table 4: Robustness Checks.

OLS (logged) FixedEffect

(1) (2) (3) (4)
Unmatched Matched Unmatched Matched

(A) Household Purchases 0.05*** 0.03*
No.obs = 110451/45876 (0.02) (0.02)

unmatched/matched 0.05*** 0.03*
(0.02) (0.02)

(B) Service Radius=2km 0.26*** 0.22***
No.obs = 36384/4787 (0.07) (0.07)

unmatched/matched 0.24*** 0.23***
(0.07) (0.08)

(C) Service Radius=10km 0.22*** 0.22***
No.obs = 21308/8974 (0.06) (0.07)

unmatched/matched 0.20*** 0.18***
(0.06) (0.07)

(D) Alternative Tract Definition 0.32*** 0.24***
No.obs = 12918/5165 (0.06) (0.07)

unmatched/matched 0.30*** 0.19***
(0.06) (0.07)

(E) Sales in Dollar Values 0.22*** 0.15***
No.obs = 29040/6395 (0.05) (0.06)

unmatched/matched 0.23*** 0.15***
(0.04) (0.05)

(F) Removing Promotion Effect 0.24*** 0.22***
No.obs = 26626/5875 (0.05) (0.07)

unmatched/matched 0.25*** 0.21***
(0.06) (0.07)

*significant at 10%;**significant at 5%;***significant at 1%

As an additional check, we consider all products carried by the retailer to assess if the launch of

a store affects the online sales of showcased and non-showcased products in Table 6. Results show

that a newly opened store significantly affects the amount of online purchase of showcased products

(Model 1), but not so for products that are not showcased (Model 2). This is another evidence
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Table 5: Effect of Product Showcase on Online Sales (Volume)

Sample1 Sample2 Sample3

(1) (2) (3) (4) (5) (6)

Showcase 0.03*** 0.03*** 0.06*** 0.05*** 0.02*** 0.01**
(0.00) (0.01) (0.00) (0.01) (0.00) (0.01)

Observations 246992 246992 265912 265912 235812 235812
Tract fixed effect Yes Yes Yes Yes Yes Yes
Week fixed effect Yes Yes Yes Yes Yes Yes
Pdt.Category fixed effect Yes No Yes No Yes No
Product fixed effect No Yes No Yes No Yes
R2 0.05 0.04 0.06 0.06 0.03 0.03

*significant at 10%;**significant at 5%;***significant at 1%

Table 6: Effect of Offline Showcase on Online Sales (Volume)

OLS(logged) FixedEffect

(1) (2) (3) (4)
Showcased NotShowcased Showcased NotShowcased

TreatedTractsi∗ 0.22*** 0.02
Aftertreatmentt (0.06) (0.06)
TreatedTractsi 1.42*** −1.53***

(0.38) (0.44)
Aftertreatmentt −0.41*** −0.20**

(0.06) (0.09)
Treated 0.18*** 0.04

(0.06) (0.06)

Observations 6395 6395 6395 6395
R2 0.57 0.30 0.44 0.39

*significant at 10%;**significant at 5%;***significant at 1%

showing that when products are displayed in stores, customers living in the vicinity of these stores

are more likely to purchase those products online. The absence of a sales increase of products that

are not showcased goes to show that the main mechanism through which the positive impact of

physical stores work is through the exposure of products to consumers in stores.

6 Mechanisms and Heterogeneous Effects

6.1 Conspicuous and Experiential Roles of Stores

Thus far, we have seen evidence of a positive, complementary effect of physical stores on online sales,

particularly through the exposure of products to consumers in stores. Despite these findings, the
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finer mechanisms that drive this positive relationship remains unclear. As discussed in our literature

review, there are two main ways in which physical store can facilitate more online purchases, namely

through the conspicuous and experiential characteristics of stores. The purchase of high involvement

products tend to require a more comprehensive evaluation as they are costlier and have a larger

number of attributes to consider (Hansen 1985). Here, the conspicuous aspect of stores would

be helpful in the conversion process as it allows consumers to physically experience products and

getting advice from salespersons about the products. On the other hand, the purchase of low

involvement products involves lower risks, and tend to be largely driven by top-of-mind awareness

of products that can be built up by product exposure facilitated through the experiential aspect

of stores. Thus, by examining the types of products that experienced an increase in online sales in

tracts that experience the launch of new stores, we are able to identifying which roles are at work

in the purchase conversion process.

To do so, we first partition all products into high and low involvement types. We rely on two

different methods to segment the products so that various definitions of product involvement are

considered. We begin by using a simplistic approach of categorizing products based on their prices.

Two thresholds were utilized: the the 10th percentile (representing products that cost $250 or

less) and 25th percentile (representing products that cost $650 or less). Products that cost more

than these threshold values are deemed as high involvement products, while those that are below

the thresholds are classified as low involvement products. We also rely on a clustering approach,

where product features such as price, purchase frequency and purchase volume are considered.

Specifically, products with higher prices, lower purchase frequency and volume are classified as

high involvement products, while those with lower prices, higher purchase frequency and volume

are labeled as low involvement products. After these product types are identified, we run separate

regressions on each of these product types.

The results of our analysis are shown in Table 7. Under a price-based classification (i.e., first

two rows), we see that DID estimator for all products and showcased products are positive and

significant, for both the high and low involvement products. The results are qualitatively similar

under a more elaborate classification scheme that considers multiple product attributes (i.e., third

row). These results provide initial evidence that both the conspicuous and experiential aspects of

physical stores are at work in driving online purchases.
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Table 7: Impact of Stores on Online Sales (Split by Product Involvement)

High Involvement Low Involvement

(1) (2) (3) (4)
All Showcased All Showcased

Store Opening 0.12** 0.20*** 0.22*** 0.20***
(Clustering-based classification) (0.05) (0.06) (0.07) (0.06)

Store Opening 0.10* 0.14** 0.22*** 0.21***
(10th percentile price-based classification) (0.05) (0.05) (0.07) (0.06)

Store Opening 0.15** 0.20*** 0.21*** 0.20***
(25th percentile price-based classification) (0.06) (0.07) (0.07) (0.06)

Observations 6395 6395 6395 6395

*significant at 10%;**significant at 5%;***significant at 1%

The classification the products into two broad high-low categories can be rigid given that there

might nuances underlying each product that can influence consumer’s consideration in their pur-

chase process. To gain deeper insights on how physical stores may influence online purchases

of different products, we adopt a more fine-grained categorization by splitting products by store

categories provided by the retailer. Through this categorization, there are eight major product

categories, including laundry machines, TVs, kitchen-based electronics, cell phones, kitchenware,

household supplies, skin care products, and food and drinks. We conduct the same analysis on the

sales volume of these product categories.

The results are shown in Table 8. The results in this analysis generally agree with our earlier

intuition. Products that requires a greater efforts in information collection via physical examination

and communications with salesperson (i.e., laundry machines, TVs, kitchen electronics and cell

phones) are enjoying greater online purchase volumes in tracts that experience the launch of new

stores. The more expensive items such as laundry machines and TVs experience an increase of

about 15-17% and the relatively less costly items such as kitchen electronics and cellphones see

an increase of about 18-24%. the first row we show the results for four types of high-involvement

products products that typically involve more sophisticated decision process, i.e., requires further

investigation, e.g., through touch-and-feel or trying out, before purchase. From the results we could

see that in most cases, new store opening or product showcasing leads to more online purchases.

For examples of low-involvement categories of products showed in the second row, although not all

of them have significant sales increase after store opening, certain categories, e.g., food and drinks,
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Table 8: Effect of Stores on Online Sales (Fine-grained Categorization)

LaundaryMachine TV KitchenElectronics Cellphone

(1) (2) (3) (4) (5) (6) (7) (8)
ALL Showcased All Showcased All Showcased All Showcased

Store Opening 0.12*** 0.14*** 0.12* 0.16*** 0.03 0.17*** 0.17*** 0.24***
(0.03) (0.03) (0.06) (0.06) (0.05) (0.05) (0.06) (0.06)

Kitchenware HouseholdSupplies SkinCare FoodDrinks

(9) (10) (11) (12) (13) (14) (15) (16)
ALL Showcased All Showcased All Showcased All Showcased

Store Opening 0.08* 0.08** 0.16** 0.17*** 0.05 0.07 0.24*** 0.25***
(0.04) (0.04) (0.07) (0.05) (0.06) (0.05) (0.09) (0.07)

Observations 6395 6395 6395 6395 6395 6395 6395 6395

*significant at 10%;**significant at 5%;***significant at 1%

typical FMCGs like household suppliers, can significantly benefit from new stores or showcase in

stores. Those findings provide valuable implications on retailers decisions on offline store product

assortment and shelf space distribution to achieve multi-channel synergy.

One of them is building and maintaining relationship with customers by providing a space for

them to be exposed to various products or collect more information about the products they are

interested in. Inspired by those theories, we conduct more analysis to unfold the evolution of cus-

tomers’ purchase patterns driven by new stores. In particular, we examine how different groups of

customers, e.g., active and inactive customers, react to store opening in their neighborhood. Al-

though there has been different ways to identify active and inactive customers proposed in previous

literature (Schmittlein et al. 1987, Fader et al. 2005), it has been shown that simple hiatus heuristic

6 works fairly well in practice (Mumford 1995, Wübben and Wangenheim 2008). Drawing on this

heuristic, in our study we define active customers as those who have been placing online orders

in previous 6 months and inactive customers as those who didn’t purchase anything online from

Suning in the past 6 months (Gigerenzer and Gaissmaier 2011). For different groups of customers,

we look at different relevant outcomes including the number of customers made purchases, total

number of orders placed, number of orders of high- and low-involvement products placed.

6If a customer has not purchased within a certain number of months (the hiatus), the customer is classified as
inactive; otherwise, the customer is classified as active.
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Table 9: Impact of Store Opening on Online Sales (Split by Customer Group)

Inactive Customers Active Customers
(last purchase before 6 months) (last purchase within 6 months)

(1) (2) (3) (4) (5) (6) (7) (8)
Number Order All Order High Order Low Number Order All Order High Order Low

Store Opening 0.04* 0.17** 0.03 0.17** 0.10** 0.22*** 0.11** 0.21***
(0.02) (0.08) (0.03) (0.08) (0.04) (0.07) (0.05) (0.07)

Observations 5753 5692 6323 5719 6395 6395 6395 6395

*significant at 10%;**significant at 5%;***significant at 1%

The results are displayed in Table 9. From the results we can see that more inactive customers

start to making online purchases after a new store is opened in their neighborhood (column (1)).

Specifically, according to our estimation, around 4% more inactive customers become active online,

which also leads to more amount of orders placed by those customers as is shown in column (2).

Interestingly, taking a closer look at the different types of products they buy online (column (3)

and (4)), we see that these customers purchase significantly more (around 18.5%) low involvement

products, although not as many high involvement products. We take this as a sign of inactive

customers re-bonding with the retailer by making less complex purchase decisions. Nevertheless,

for those already active customers, our results show that following the addition of a new store

their group size grows significantly, i.e., approximately 10% more active customers (column (5))

start making frequent online purchases, which accounts for around 25% more online orders in total

(column (6)). In contrast to inactive customers, besides low involvement products (column (7)),

those active customers also buy significantly more high involvement products (column (8)). Our

conjecture is that active customers are more loyal and tend to take more advantage of nearby stores

for purchase decision support, thus, are easier to be converted online should offline engagement

alleviate their concerns of products, especially for high involvement products.

6.2 Impact of New Stores on Different Types of Products

As mentioned earlier in Section 2.2, consumers’ purchase decision processes might differ from prod-

uct types.
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6.3 Impact of New Stores in Different Territories

To study the heterogeneity of store opening effect across various types of locations, we conduct

the analysis on different subsets of observations. Results are displayed in Table 10. Specifically,

column (3) and (4) show the impact of new stores when they are opened in virgin locations, i.e.,

locations where there are none preexisting Suning stores. Compared to the effect estimated from

all types of locations (i.e., column (1) and (2)), we observe stronger impact (i.e., bigger coefficients)

of new stores on online purchases of consumers who live in areas without preexisting stores. In

contrast, as is shown in column (5) and (6), although we still observe significant effect of new stores

when they are opened in Suning’s more established locations, the effect sizes are much smaller than

those in virgin locations. Results in column (7) and (8) are from regression that is restricted to

Non-Virgin locations only (i.e., excluding tracts without any new or preexisting stores) and again

the results show significant yet weaker impact of store opening on online sales. Here we detect a

slightly different heterogeneous effect from the study of Wang and Goldfarb (2017) where there is

no significant effect on online sales when the store is opened in a Non-Virgin location. We attribute

this to the fact that US consumers are more indifferent to commuting distance for shopping than

Chinese consumers who rely on public transportation more than automobiles (Kwan et al. 2014).

Thus, additional stores bring more convenience to nearby customers.

We also conduct a similar analysis to see how purchase behaviors of different groups of cus-

tomers change when the new store is opened in aforementioned different types of locations. The

results are show in Table 11, from which we can see that the results for virgin locations are quite

similar to the overall results in Table 9, i.e., inactive customers buy significantly more low involve-

ment products online (column (4)), yet not high involvement products; active customers living in

those virgin locations buy more of all types of products online after a new store is opened nearby

(columns (5) to (8)). However, when a new store is opened in area with preexisting Suning stores,

those inactive customers remain inactive in every respect, for example, amount of online purchases,

purchases of high- and low-involvement products. One possible explanation is that inactive cus-

tomers don’t necessarily have a strong attachment with Suning, and thus opening more stores might

not necessarily get more of their attention given that existing stores meet their needs for purchase

decision support already. Nevertheless, this doesn’t mean opening new stores in those territories is
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Table 10: Effect of Stores Opened in Different Types of Locations

All Locations Virgin Locations With Existing Stores With Existing Stores (subset)

(1) (2) (3) (4) (5) (6) (7) (8)
Unmatched Matched Unmatched Matched Unmatched Matched Unmatched Matched

TreatedTractsi∗ 0.25*** 0.23*** 0.29*** 0.30** 0.15*** 0.13* 0.22*** 0.14*
Aftertreatmentt (0.06) (0.07) (0.08) (0.12) (0.06) (0.07) (0.06) (0.07)
TreatedTractsi −0.07 −0.04 −0.16* −0.04 −0.07 −0.01 −0.11** −0.05

(0.05) (0.06) (0.08) (0.11) (0.05) (0.05) (0.05) (0.05)
Aftertreatmentt −0.32*** −0.41*** −0.24*** −0.37** −0.31*** −0.40*** −0.45*** −0.45***

(0.04) (0.09) (0.06) (0.16) (0.05) (0.09) (0.06) (0.08)
Dist2cen (km) 0.05 0.07 −0.04 0.05 0.04 0.00 0.06 −0.01

(0.05) (0.08) (0.07) (0.20) (0.05) (0.08) (0.06) (0.07)
Userbase 0.29*** 0.14 0.36*** 0.17 0.29*** 0.10 0.24*** 0.12

(0.05) (0.09) (0.06) (0.13) (0.05) (0.11) (0.06) (0.11)
HousingPrice ($) 0.07 0.06 0.08 0.11 0.06 −0.01 −0.14* −0.08

(0.05) (0.10) (0.06) (0.15) (0.05) (0.12) (0.07) (0.09)
Appliances 0.12*** 0.11*** 0.15** 0.11 0.11*** 0.07* 0.13*** 0.03

(0.04) (0.04) (0.06) (0.08) (0.04) (0.04) (0.05) (0.02)
Electronics −0.01 −0.02 −0.05 −0.07 0.02 0.02 0.07*** 0.06*

(0.03) (0.03) (0.06) (0.04) (0.03) (0.03) (0.02) (0.03)
Houseware 0.19*** 0.45*** 0.29** 0.54*** 0.16*** 0.31** 0.17** 0.23

(0.06) (0.12) (0.12) (0.12) (0.06) (0.13) (0.08) (0.14)
FMCG 0.53*** 0.41*** 0.50*** 0.39*** 0.55*** 0.54*** 0.45*** 0.58***

(0.04) (0.06) (0.05) (0.08) (0.04) (0.07) (0.06) (0.08)

Observations 29040 6395 18084 3192 27078 4433 10956 3203
R2 0.87 0.87 0.78 0.79 0.87 0.90 0.78 0.89

*significant at 10%;**significant at 5%;***significant at 1%

meaningless as we see active customers living there still have a tendency to make more purchases

from Suning, especially high involvement products, indicating the critical value of physical stores

in retaining customers and stimulating purchases.

7 Implications and Future Research

The advent of digital commerce has spurred dramatic changes in consumers’ shopping behaviors

and thus the landscape of retailing industry in the past two decades. One of the most significant

phenomena is the growing prominence of online players like Amazon, moving cheese of traditional

store-based retailers, e.g., Macy’s, Sears, Walmart, etc. To counter the power shift, many retailers

have adopted multi-channel strategies which involve adding new channels to existing channel mix

and managing customers across channels. As the retailing industry moves further in the digital

age, whether physical stores still matter and how they matter become important questions for all

retailers who scramble for their market share in this industry. This paper is one of the recent

studies that quantify the impact of offline store on retailers’ online business performance. Built on
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Table 11: Customer Maintenance in Different Types of Locations

Virgin Locations

Inactive Customers Active Customers
(last purchase before 6 months) (last purchase within 6 months)

(1) (2) (3) (4) (5) (6) (7) (8)
Number Order All Order High Order Low Number Order All Order High Order Low

Store Opening 0.05 0.23** 0.01 0.22* 0.15** 0.29** 0.15*** 0.28**
(0.03) (0.11) (0.01) (0.11) (0.06) (0.12) (0.05) (0.12)

Observations 3192 3192 3192 3192 3192 3192 3192 3192

Locations with Existing Stores

Inactive Customers Active Customers
(last purchase before 6 months) (last purchase within 6 months)

(9) (10) (11) (12) (13) (14) (15) (16)
Number Order All Order High Order Low Number Order All Order High Order Low

Store Opening 0.03 0.22 0.07 0.21 0.03 0.12* 0.17** 0.09
(0.03) (0.14) (0.07) (0.14) (0.04) (0.07) (0.08) (0.07)

Observations 4433 4433 4433 4433 4433 4433 4433 4433

*significant at 10%;**significant at 5%;***significant at 1%

the framework of Avery et al. (2012), we investigate what happens to consumers’ online purchases

when a retailer opens a store locally. Exploiting Suning, one of the major traditional offline first

retailers in China, radical offline expansion as a natural shock to induce more store opening, we

use a difference-in-differences identification coupled with propensity score matching to measure the

impact of offline store on purchase behaviors of customers who live in the vicinity of new stores.

We first find that on average the launch of a new offline store enhances online weekly purchase

by 26% per tract. Increased amount of online purchases can be translated into sales values of

approximately US$40 thousand per week, which can add up to US$2 million increase in Suning

annual sales. The result is consistent when we look at stores opened in different types of territories,

i.e., locations with or without preexisting Suning stores, although we do observe larger effect when

new store is launched in a virgin territory. This is a slightly different finding from Wang and

Goldfarb (2017) where no effect was detected when a new store is opened in area with prior brand

existence, which we conjecture is due to the fact that in Chinese retailing market convenience of

closer store matters more to consumers in terms of brand association building. Overall, our results

provide strong empirical evidence that offline and online channels can be coordinated to create

cross-channel synergy.
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Drawing on consumer purchase decision process related theories, we assume that the comple-

mentarity of offline store to online channel is stemming from the conspicuous aspect of physical

stores. To justify the argument, we show that the effect of store opening on total online purchases

is mostly driven by product showcasing, i.e., an important conspicuous capability of offline stores

to convert consumers. Product level analysis also reveals that the online purchase of the same

product significantly increases in tract after it is showcased, while not in tract where it is not avail-

able in store. This finding directly confirms the benefit of physical stores’ conspicuous capability,

i.e., providing a space for nearby customers to get more exposure to or a better inspection of the

products they are interested in.

We also uncover nuanced effects of store opening on different types of products and different

groups of customers. Specifically, following the product involvement theory, the impact of product

showcasing can materialize differently for high and low involvement products. Our analysis reveals

that the positive effect of product showcasing is actually not limited to high involvement products

as theory suggests; indeed we find that low involvement products benefit from showcasing as well

which we argue is due to product-level “billboard effect”, i.e., being exposed to the products

showcased in store can lead to awareness of product availability and trigger online purchase later

on. We also measure the value of offline stores through the lens of customers. In particular, our

results show that inactive customers start making more online purchases, although mostly of low

involvement products, after offline store opening. This indicates that offline stores is valuable in

retaining potential churning customers. We also observe increasing online purchases from active

customers for both high and low involvement products, which again suggests the value of physical

stores in managing retailer-customer relationship.

Our main results are in general consistent with Avery et al. (2012), Wang and Goldfarb (2017),

Bell et al. (2017) and Kumar et al. (2019). Those studies and this one together provide strong

evidences of the complementary role of offline stores to online sales, which helps retailers to reduce

their negative concerns regarding showrooming. Although Avery et al. (2012) didn’t specifically

test the underlying mechanism of such complementarity, they emphasized a brand-building role of

offline stores in their theoretical framework. Wang and Goldfarb (2017) take a step further and

identifies the awareness-focused billboard effect, while Bell et al. (2017) and Kumar et al. (2019)

emphasize the product fit communication role of physical stores using retailing settings where
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mostly fit-and-feel products are carried, e.g., eyeglass, clothes. Our study focuses on one important

conspicuous capability, i.e., product showcasing, of offline stores using general retailing settings as

in Avery et al. (2012) and Wang and Goldfarb (2017), yet in the Chinese market.

This study provides several managerial insights for retailing practice and implications for future

research. First, our findings suggest the positive impact of offline stores, providing much-needed

guidance for retailers in terms of effective offline channel expansion to complement their online

channel. Such a finding is important to practitioners as it justifies the value of opening new

stores in online competition in digital age. Second, our results provide empirical evidences that

offline stores enhance online sales through product showcasing, that is, increase in online sales only

occurred for products that are showcased in the store. This finding underscores the benefit of

conspicuous capability of physical stores which helps to alleviate negative concerns of showrooming

for retailers. Third, we also uncover nuances regarding product showcasing, e.g., the impact is

not limited to high involvement products as previous theories suggest, although there are indeed

variances regarding what types of products can benefit more from showcasing than others. Those

findings provide valuable insights for retailers in terms of effective product placement and shelf

space distribution in physical stores to better complement their online channel. In addition, we

also show that offline stores can be an important vehicle for maintaining customer relationship and

preventing customer churning, which is even more valuable to retailers in the long term.

There are several limitations of this research. First, our contribution is mainly providing evi-

dences from a quasi-experimental setting to support some hypotheses that were proposed in pre-

vious studies rather than developing theories through generating hypotheses per se. Arguably, as

mentioned earlier our findings are still of great value given the dilemma of channel choice that

most conventional stores are facing in the digital age and the current situation where much less

empirical guidance are available. Second, data availability issues suggest that caution is warranted

in understanding the measured effect of offline store opening. For example, we are constrained in

working with one retailer, i.e., Suning, although it is so far a major traditional offline first retailer

in China. We lack data on Suning’s competitors in terms of their strategic management planning

and marketing communications which can affect customers’ online purchases as well. In addition,

although we have all the transactions of both online and offline purchases which help us to iden-

tify the effect of product showcasing, for those orders placed online, we can not observe directly
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whether customers indeed make the purchases after their store visits. The other limitation due to

data availability involves testing customer-based heterogeneity in the effects. Since we only have

transactions for a certain period of time, we are not able to identify new customers who started

placing orders after store opening and thus can not measure the impact of offline stores on customer

acquisition. Instead, we look at customers with different purchase frequencies and fortunately are

still able to identify some heterogeneous effects of store opening on different groups of customers.

Notwithstanding these limitations, our study documents a substantial economic impact of the

offline store opening using the major retailer in Chinese market. In particular, we reveal that the

additional distributional channel can well complement online business through product showcasing

and customer relationship management.

References

Ackerman D, Tellis G (2001) Can culture affect prices? a cross-cultural study of shopping and retail prices.

Journal of Retailing 77(1):57–82.

Addady M (2016) Amazon wants to open 2,000 grocery stores across the U.S. Fortune, October .

Alba JW, Chattopadhyay A (1986) Salience effects in brand recall. Journal of Marketing Research 363–369.

Angrist JD, Pischke JS (2008) Mostly harmless econometrics: An empiricist’s companion (Princeton uni-

versity press).

Ansari A, Mela CF, Neslin SA (2008) Customer channel migration. Journal of Marketing Research 45(1):60–

76.

Avery J, Steenburgh TJ, Deighton J, Caravella M (2012) Adding bricks to clicks: Predicting the patterns of

cross-channel elasticities over time. Journal of Marketing 76(3):96–111.

Balasubramanian S, Raghunathan R, Mahajan V (2005) Consumers in a multichannel environment: Product

utility, process utility, and channel choice. Journal of Interactive Marketing 19(2):12–30.

Bell DR, Gallino S, Moreno A (2014) The store is dead–long live the store. MIT Sloan Management Review

.

Bell DR, Gallino S, Moreno A (2017) Offline showrooms in omnichannel retail: Demand and operational

benefits. Management Science 64(4):1629–1651.

Bensinger G, Morris K (2014) Amazon to open first brick-and-mortar site. Wall Street Journal .

Bertrand M, Duflo E, Mullainathan S (2004) How much should we trust differences-in-differences estimates?

The Quarterly journal of economics 119(1):249–275.

Bose N (2017) U.S. online retail sales likely to surpass $1 trillion by 2027: FTI. Reuters, October .

Brynjolfsson E, Hu Y, Rahman MS (2009) Battle of the retail channels: How product selection and geography

drive cross-channel competition. Management Science 55(11):1755–1765.

38



Brynjolfsson E, Hu Y, Smith MD (2003) Consumer surplus in the digital economy: Estimating the value of

increased product variety at online booksellers. Management Science 49(11):1580–1596.

Brynjolfsson E, Hu YJ, Rahman MS (2013) Competing in the age of omnichannel retailing (MIT).

Cadell C (2017) Amazon’s grocery push playing catch up with chinese e-commerce giants. Reuters .

Ching AT, Ishihara M (2012) Measuring the informative and persuasive roles of detailing on prescribing

decisions. Management Science 58(7):1374–1387.

Choi J, Bell DR (2011) Preference minorities and the internet. Journal of Marketing Research 48(4):670–682.

Clarke K, Belk RW (1979) The effects of product involvement and task definition on anticipated consumer

effort. ACR North American Advances .

Egan M (2016) Macy’s is closing another 100 stores. CNN Money, August 11.

Engel JF, Roger D (1995) Blackwell (1982), consumer behavior. New York: Holt, Renehard, and Winston .

Ettenson R, Wagner J (1991) Chinese (vs. US) consumer behavior: A cross-cultural comparison of the

evaluation of retail stores. Journal of International Consumer Marketing 3(3):55–71.

Fader PS, Hardie BG, Lee KL (2005) “counting your customers” the easy way: An alternative to the

pareto/nbd model. Marketing science 24(2):275–284.

Forgy EW (1965) Cluster analysis of multivariate data: efficiency versus interpretability of classifications.

Biometrics 21:768–769.

Forman C, Ghose A, Goldfarb A (2009) Competition between local and electronic markets: How the benefit

of buying online depends on where you live. Management science 55(1):47–57.

Geyskens I, Gielens K, Dekimpe MG (2002) The market valuation of internet channel additions. Journal of

marketing 66(2):102–119.

Gigerenzer G, Gaissmaier W (2011) Heuristic decision making. Annual review of psychology 62:451–482.

Gruber A (1969) Top-of-mind awareness and share of families: An observation. Journal of Marketing Research

6(2):227–231.

Gu B, Park J, Konana P (2012) Research note—the impact of external word-of-mouth sources on retailer

sales of high-involvement products. Information Systems Research 23(1):182–196.

Gustafson K, Reagan C (2016) Walmart to close 269 stores as it retools fleet. CNBC .

Halligan B, Shah D (2009) Inbound marketing: Get found using google, social media .

Hansen F (1985) Involvement of interest or what? Advances in Consumer Research 12:257–260.

Haviland A, Nagin DS, Rosenbaum PR (2007) Combining propensity score matching and group-based tra-

jectory analysis in an observational study. Psychological methods 12(3):247.

Hsu FL, Marsella AJ (1985) Culture and self: Asian and Western perspectives (Tavistock Publications).

Jacoby J, Mazursky D (1984) Linking brand and retailer images: Do the potential risks outweigh the potential

benefits? Journal of Retailing 60(2):105–122.

Kannan P, Chang AM, Whinston AB (2001) Wireless commerce: marketing issues and possibilities. Pro-

ceedings of the 34th Annual Hawaii International Conference on System Sciences, 6–12.

Keller KL (1993) Conceptualizing, measuring, and managing customer-based brand equity. Journal of Mar-

keting 57(1):1–22.

39



Kindel TI (1985) Chinese consumer behavior: historical perspective plus an update on communication

hypotheses. Association for Consumer Research Special Volumes 186–190.

Kumar A, Mehra A, Kumar S (2019) Why do stores drive online sales? Evidence of underlying mechanisms

from a multichannel retailer. Information Systems Research 30(1):319–338.

Kwan MP, Chai Y, Tana (2014) Reflections on the similarities and differences between chinese and us cities.

Asian Geographer 31(2):167–174.

Laurent G, Kapferer JN (1985) Measuring consumer involvement profiles. Journal of Marketing Research

22(1):41–53.

Levy S, Nebenzahl ID (2008) The influence of product involvement on consumers’ interactive processes in

interactive television. Marketing Letters 19(1):65–77.

Markus H, Oyserman D (1989) Gender and thought: The role of the self-concept. Gender and thought:

Psychological perspectives, 100–127 (Springer).

Mathwick C, Rigdon E (2004) Play, flow, and the online search experience. Journal of Consumer Research

31(2):324–332.

Matsa DA, Miller AR (2013) A female style in corporate leadership? Evidence from quotas. American

Economic Journal: Applied Economics 5(3):136–69.

Meyer BD (1995) Natural and quasi-experiments in economics. Journal of Business and Economic Statistics

13(2):151–161.

Mumford A (1995) Intuition: The new frontiers of management. Industrial and Commercial Training

27(11):v.

Obermiller C (1985) Varieties of mere exposure: The effects of processing style and repetition on affective

response. Journal of Consumer Research 17–30.

Pattaratanakun JA, Mak V (2015) Culture moderates biases in search decisions. Psychological Science

26(8):1229–1240.

Richins ML, Bloch PH (1986) After the new wears off: The temporal context of product involvement. Journal

of Consumer Research 13(2):280–285.

Rosenbaum PR, Rubin DB (1983) The central role of the propensity score in observational studies for causal

effects. Biometrika 70(1):41–55.

Schmittlein DC, Morrison DG, Colombo R (1987) Counting your customers: Who-are they and what will

they do next? Management science 33(1):1–24.

Shepard W (2017) How china’s shopping malls survive and thrive in the e-commerce age. Forbes, October .

Shriver S, Bollinger B (2015) A structural model of channel choice with implications for retail entry. Shriver:

Columbia Business School, Colubia University .

Smith MD, Brynjolfsson E (2001) Consumer decision-making at an internet shopbot: Brand still matters.

The Journal of Industrial Economics 49(4):541–558.

Swinney R (2011) Selling to strategic consumers when product value is uncertain: The value of matching

supply and demand. Management Science 57(10):1737–1751.

TMO Group TG (2018) 2018 china ecommerce insights. TMO Group, March .

40



Traylor MB (1981) Product involvement and brand commitment. Journal of Advertising Research .

Tse DK, Belk RW, Zhou N (1989) Becoming a consumer society: A longitudinal and cross-cultural content

analysis of print ads from hong kong, the people’s republic of china, and taiwan. Journal of consumer

research 15(4):457–472.

Verhoef PC, Kannan PK, Inman JJ (2015) From multi-channel retailing to omni-channel retailing: intro-

duction to the special issue on multi-channel retailing. Journal of Retailing 91(2):174–181.

Verhoef PC, Neslin SA, Vroomen B (2007) Multichannel customer management: Understanding the research-

shopper phenomenon. International Journal of Research in Marketing 24(2):129–148.

Wang CL, Bristol T, Mowen JC, Chakraborty G (2000) Alternative modes of self-construal: Dimensions of

connectedness–separateness and advertising appeals to the cultural and gender-specific self. Journal of

Consumer Psychology 9(2):107–115.

Wang CL, Lin X (2009) Migration of chinese consumption values: traditions, modernization, and cultural

renaissance. Journal of business ethics 88(3):399–409.

Wang K, Goldfarb A (2017) Can offline stores drive online sales? Journal of Marketing Research 54(5):706–

719.

West P (1989) Cross-cultural literacy and the pacific rim. Business Horizons 32(2):3–14.
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