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Channel Stickiness in the Shopping Journey for Electronics: 

Evidence from China and South Korea 

 

Abstract 

 

In today’s era of multichannel marketing, shoppers routinely use multiple channels in a single 

shopping journey; however, many researchers also report a tendency among shoppers to stay 

in one channel throughout a shopping journey, a phenomenon we refer to as “channel 

stickiness”. We investigate which determinants are linked to channel stickiness while 

accounting for individual characteristics. To this end, we compile and survey a variety of 

search behavior items. We then compare channel stickiness in two markets with differing 

levels of e-commerce experience: China (limited) and South Korea (extensive). Our results 

show that channel stickiness exists for simple products but not for complex ones. Channel 

stickiness manifests not only in markets in which shoppers have limited e-commerce 

experience but also in those with extensive experience. Offline search behavior is related to 

channel perception while online search behavior is related to content usage. Theoretical 

contributions and managerial implications are also discussed.  

 

Keywords: channel stickiness, search behavior, shopping journey, multichannel shoppers 
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1. Introduction 

 

The retail environment of today equips consumers with unprecedented capabilities to 

navigate product information and various buying options through a myriad of channels 

(Lemon & Verhoef 2016). Despite an explosion of studies on consumer behavior and 

company strategies in multichannel retailing (Heine & Berghaus 2014; Verhoef et al. 2015), 

relatively little research exists on the relationship between searches and subsequent purchases. 

For example, prior studies focus on shoppers’ multichannel usage and how valuable they are 

(Neslin & Shankar 2009). However, defining multichannel shoppers and predicting their 

behavior remains a challenge. Further, emerging evidence shows that those using multiple 

channels are not consistently profitable customers (Kushwaha & Shankar 2013). Indeed, 

there are clear segments of the market and buying situations in which searches and purchases 

occur in the same channel (Schröder & Zaharia 2008). Some studies show that shoppers in 

these segments can be more valuable and loyal in this age of channel abundance (Heitz-

Spahn 2013; Kushwaha & Shankar 2013). Thus, our goal in this study is to contribute to the 

extant literature by examining a shopping journey from searches to a purchase decision. 

We study shoppers’ tendency to stay in one channel — what we term channel stickiness 

— despite the availability of multiple channels. We especially focused on the relationship 

between search behaviors and choices of purchase channels. We study if search behavior 

itself, after controlling for other influences, is predictive of channel choices for purchases. If 

such a relationship exists, companies can design channel strategies to intercept consumers 

when they are in the process of making a purchase and guide them by using an appropriate 

channel strategy (Lemon & Verhoef 2016). To provide a structure for various types of search 

behavior, we categorize it as either offline or online, a classification often used in the 

multichannel literature (Verhoef et al. 2015). We can then conduct a systematic analysis to 

possibly link search behavior and choices of purchase channels. 
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For a deeper understanding, we further analyze the determinants of search behavior. That 

is, we look at which search behavior is related to which individual characteristics. To study 

this relationship, we examine the performance and technology risk of buying online (Forsythe 

& Shi 2003; Lim 2003) and also offline store affinity (Falk et al. 2007; Lemon & Verhoef 

2016). Second, we predict that online behavior related to content consumption and generation 

explain search behavior. We focus on these content-related behaviors because they are not 

only easy to observe but also because the recent marketing literature (Fader & Winer 2012; 

Yoon 2018) also offers rich insights into content consumption and creation (Chu et al. 2019; 

Mazzucchelli et al. 2018). Lastly, we focus on the electronics category and select products 

associated with high perceived risk and high involvement (i.e., computers, tablets and 

smartphones) since consumers undertake extensive search processes before making purchases 

(Kushwaha & Shankar 2013). The data is obtained in China and South Korea (hereafter 

Korea). Chinese e-commerce is growing fast but shoppers there have relatively limited 

experience with e-commerce. Korea’s e-commerce market has a considerably longer history 

(Deloitte Research 2017; Kim et al. 2002). The disparity in e-commerce experience yields 

interesting differences in the relationship between search behaviors and purchase channels.  

Our findings are as follows. First, channel stickiness exists. With simple products (e.g., 

computers) offline searches lead to offline purchases and online searches to online purchases. 

We do not find channel stickiness for more complex products (e.g., smartphones with service 

contracts), implying that many consumers undertake multichannel shopping when buying 

such products. Second, affinity for offline channels and the perceived risk of online channels 

leads to offline searches whereas a greater amount of online content usage leads to more 

online searches. However, the latter is only observed in markets with extensive e-commerce 

experience. Thus, our study adds to the extant literature by highlighting the important yet 

under-researched phenomena of channel stickiness in an era of multichannel marketing. 
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2. Literature and Hypotheses 

 

We investigate (1) the relationship between search behaviors and purchase channel 

choices and (2) the link between individual characteristics and search behaviors. We first 

reviewed the literature on general search behavior and subsequent channel choices, focusing 

on channel stickiness. Next, we introduce individual level constructs, drawing from the 

literature on consumers’ channel perception and content usage. Finally, we compare two 

markets with different levels of e-commerce experience and how the previously mentioned 

links are manifest in those markets. Figure 1 outlines our conceptual framework with links to 

the hypotheses we propose in the corresponding subsections.  

[Insert Figure 1 about here] 

 

2.1 Channel stickiness: From search to purchase 

Information search activities that occur before product purchases increase in both number 

and variety as information technology (IT) advances (Aoki et al. 2019; Lemon & Verhoef 

2016). In addition to traditional search behaviors such as browsing in physical stores or 

watching commercials (Rigby 2011), more cultivated behaviors have recently appeared such 

as searching on mobile phones while shopping offline (Grewal et al. 2018; Sciandra et al. 

2019) or asking for friends’ opinions via instant messaging (Campbell 2018). In this study, 

we simplify our approach by categorizing them as either offline or online, an approach well-

grounded in the field of multichannel literature. Our focus is the relationship between search 

and purchase channels along this dichotomy of offline and online.1 

Although we are interested in consumers’ decisions to stay in one type of channel, prior 

 
1 “Switching” can happen even when a consumer stays in an online (or offline) channel during search and 
purchase. For instance, a shopper can collect product information on a branded website such as ralphlauren.com 
and buy the item from a multi-brand online retailer such as zalando.de. However, in our study we only consider 

switching from online (offline) to offline (online) as channel switching. 
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studies have devoted much attention to channel switching behavior (Chou et al. 2016). This 

research focus has provided valuable insights. In the earlier years of development of the 

Internet as a retail and information channel, switching was viewed as opportunistic behavior 

that could undermine a company’s profitability (e.g., free riding, Chiu et al. 2011), and thus 

was a practice to be discouraged. However, with advances in digital retail infrastructure and 

increasing consumer demand for access to multiple channels, it has become evident that the 

online and offline channels not only compete with each other but also complement each other 

(Pauwels et al. 2011; Wang & Goldfarb 2016). As such, many researchers study consumer 

decisions to switch between channels during searches and purchases (see Table 1 for the list 

of studies). Multichannel researchers also examine the types of customers who are likely to 

become multichannel shoppers and their worth to sellers (Konuş et al. 2008; Neslin & 

Shankar 2009; Verhoef et al. 2007).  

The reasons to pay attention to channel stickiness throughout consumers’ search and 

purchase are as follows. First, consumers who forgo the option of switching and stick to one 

channel can be valuable. This is because such consumers tend to be not only loyal to the 

channel but also to a brand (Balakrishnan et al. 2014). Second, it is easier to recognize a 

pattern in loyalty to a channel and form generalizations about it than to detect a pattern in 

channel switching and arrive at generalizations. With so many alternatives available to 

consumers, their channel switching can be a complex combination of behaviors (Gensler et al. 

2017). Finally, channel stickiness is an understudied topic that can potentially provide 

immediate and actionable recommendations for practitioners. So far, only a handful of studies 

deal explicitly with loyalty to a channel (Frasquet et al. 2015).  

This loyalty, or channel stickiness, can emerge in several ways. First, consumers may stay 

in one channel en route to a decision to avoid risk in changing to another channel. Second, 

consumers may be more used to one channel or another, making it difficult to use multiple 
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channels in the first place (Kushwaha & Shankar 2013). Inertia or laziness may also keep 

consumers from switching to another channel once they are placed in one (“consistency 

principle”, Voorveld et al. 2016). For example, showrooming requires forgoing the instant 

gratification of owning products at physical stores but accepting the inconvenience of 

ordering online, waiting for a product, and tolerating the potential risk of having made a poor 

choice (Verhoef et al. 2007). Third, there may be a channel lock-in strategy that retailers may 

have designed to increase the difficulty of channel switching (Gensler et al. 2017). For 

instance, some retailers give away coupons applicable in only one channel (Rigby 2011). In 

this sense, multichannel shopping or channel switching can be seen as a disruption of the 

natural process of search behavior leading to a purchase in the same channel. If search 

behaviors match the buying situation, consumers are likelier to stick to the channel they are 

already invested in. 

We propose that it is possible to predict channel stickiness — that is, consumers staying 

in one channel from search through purchase by observing search behaviors and related 

factors. Researchers on channel choice and switching behavior have investigated various 

predictors such as channel attributes (Verhoef et al. 2007), types of products (Heitz-Spahn 

2013), purchase situations (Gensler et al. 2017), and consumer characteristics (Mcgoldrick & 

Collins 2007) (see Table 1 for an overview). The direct relationship between search behavior 

and choice of purchase channels has been investigated in a limited way by Voorveld et al. 

(2016). They find that an online search leads to an online purchase, but an offline search has 

no relationship with purchase channels. We build on their work and propose that channel 

stickiness is predictable. Further, because of the previously mentioned channel inertia, we 

hypothesize that consumers will display channel stickiness both offline and online (Schröder 

& Zaharia 2008). Although channel switching varies and does not form easily recognizable 

patterns (Avery et al. 2012), channel stickiness is easier to identify. 
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H1: Channel stickiness (i.e., product search and purchase in the same channel) is 

predictable. 

Product type is one of the most important aspects of channel choice in a shopping 

experience. Specifically, we focus on the complexity of the purchase process because with 

complexity, consumers will require more extensive searching across multiple channels. 

Technology products can be in goods (e.g., computers, smart TVs) or service formats (e.g., 

Netflix streaming, broadband plans). Some products are a combination of both, such as 

mobile phones with service contracts or an automobile lease service (Bar-Gill & Stone 2009). 

In the latter case, consumers may spend a longer time and exert greater effort in reaching the 

purchase stage because two distinct parts (goods and services) are involved, and often the 

service part is complicated (McCue 2019; Woo et al. 2019). Thus, in our research we 

investigate three products in the electronics category: computers, tablets, and smartphones. 

They share similarities as personal devices of high involvement; however, they vary in the 

degree of complexity in buying them. Computers are usually bought outright.2 Smartphone 

purchases usually involve a binding contract. Tablets can be bought either alone or with a 

contract, and thus share the characteristics of both simple and complex products.  

Because channel stickiness is a display of laziness when consumers can afford it, we will 

observe more of it when purchases involve less risk of post-purchase regret (Arora et al. 

2017). More channel stickiness will be observed with simple products that typically involve 

nothing more complicated than comparing prices of products with well-defined attributes. 

Purchases of complex products that are combinations of goods and services may require 

researching the hardware in one channel (e.g., online retailers’ website) and exploring service 

 
2 Computers also come with “service” element such as software licenses (e.g., MS Office Suite) or annual 

contracts (e.g., Antivirus programs). These are usually included in the package as part of the product and can be 

considered one of the product attributes. Smartphone contracts, however, is qualitatively different since they are 

as important if not more than the goods itself and involve binding contract that incurs considerable monthly fee 

(Bar-Gill and Stone 2009). We argue that in consumers’ mind, smartphones are a product that has two distinct 

parts while computers are mostly goods with many attributes. 
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options in another channel (e.g., a salesperson at a brick-and-mortar store). Thus, we further 

hypothesize regarding the types of products as follows: 

H1a: Channel stickiness is prominent when the product is simple (e.g., computers).  

H1b: Channel stickiness is not prominent when the product is complex (e.g., tablets or 

smartphones). 

 

2.2 The effect of consumer characteristics on search behavior 

Search behavior is explained by individual characteristics (Hahn & Kim 2013). 

Following the related literature, we focus on channel perception and content usage.3 We 

adopt the channel perception construct used by Chou et al. (2016) and measure individuals’ 

tendencies toward offline and online channels. Content usage is included based on the 

premise that individuals’ interests dictate their activities in a buying process (Lemon & 

Verhoef 2016; Woodside et al. 2019). It is measured by focusing on how consumers use the 

social communication part of various online content because nowadays a search process 

contains strong social aspects (Huang et al. 2009; Wang et al. 2012).  

Channel perception. Channel perception consists of affinity toward an offline channel 

(offline affinity) and of perceived risk toward an online channel (online risk). Offline affinity 

can be observed in some consumers who prefer physical stores, notwithstanding the 

advantages of those online (Rohm & Swaminathan 2004). These consumers include those 

who are loyal to brands and stores (Konuş et al. 2008) and those who prefer to learn of high-

involvement products through sales representatives (Molesworth & Suortti 2002). Thus, we 

associate offline affinity with customers inclined to search offline. To them, online risk is a 

 
3 Consumers’ perception of risk is a multidimensional construct that captures the type and degree of expected 
loss resulting from the purchase and use of products/services (Law and Ng 2016; Murray and Schlacter 1990). 
Possible loss categories while using online as the purchase channel are financial, performance, psychological, 

social, and convenience loss (Arndt 1967; Forsythe and Shi 2003). Lim (2003) further identifies technology risk 
and vendor risk in the context of e-commerce. The subsequent studies investigate the risk perception and 
willingness to buy online (Dimoka et al. 2012), its interaction with trust (Lim 2003), and its relationship with 

the service outcome (Pires et al. 2004). 
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potential loss because of products that fail to meet expectations (Horton 1976) and also may 

also reflect a dislike of not being able to touch or feel products (Forsythe & Shi 2003) or a 

distrust of websites. Both subconstructs relate to deep-seated preferences that drive 

consumers to prefer an offline channel; thus, we conjecture that channel perception is related 

to offline channel stickiness. On the other hand, the lack of a strong preference for one 

channel over another does not indicate a preference for an online channel. Thus, channel 

perception will not be correlated with online channel stickiness. 

Content usage. With increasing easy access to a wealth of online content, many studies 

have examined users’ content usage behavior when explaining stock returns (Tirunillai & 

Tellis 2012), product sales (Duan et al. 2008), and subsequent content utilization behavior 

(Moe & Schweidel 2013). In following this steam of literature, we presume that online 

content usage is related to search behaviors occurring both offline and online. We identify 

two distinct patterns of content usage, one aimed at an unidentified mass (“broadcast 

content”; Barasch & Berger 2014) and the other targeting close or intimate others 

(“narrowcast content”).4 Broadcast content targets an anonymous audience and thus the 

contents are more likely about message sender (Halvorsen 2019). Narrowcast content is 

aimed toward close others and tends to be created with specific others in mind (Wang et al. 

2012; Zhao & Xie 2011). Offline search behavior involves interactions with vivid stimuli and 

actual persons but online search behavior has to do with virtual stimuli and digital media-

mediated communication. Accordingly, we hypothesize that content usage is predictive of 

online search behavior but not of offline search behavior.  

H2: Offline and online search behaviors are correlated with channel perception and 

 
4 We adopt the terminology used in Barasch & Berger (2014) and expand slightly the meaning of the terms. In 
the study, narrowcasting is used for a single audience and broadcasting for multiple audiences. In our study, we 

adapt the terms and use them for a limited known audience versus an unlimited unknown audience (also see 
Zhao & Xie 2011). We differentiate between these two content-generation behaviors because previous studies 
show that the motivation behind the action (Sepp et al. 2011; Wang et al. 2012) and the content of the message 

(Barasch & Berger 2014) differs based on the audience. 
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content usage. 

H2a: Offline search behavior is correlated with channel perception. 

H2b: Online search behavior is correlated with content usage. 

 

2.4 The role of e-commerce experience (China and Korea) 

The variety and amount of pre-purchase search activities may depend on market 

conditions, especially the collective cumulative technological experience of the market 

(eMarketer 2014). When a new infrastructure such as an electronic commerce platform is 

introduced in a formerly entirely brick-and-mortar economy, the market as a collective entity 

undergoes numerous failures, successes, deceptions, and trust building (Verhoef et al. 2015). 

The beginning may bring many premature attempts at business models and creation of crude 

scams that result in disappointments and mistrust. As experience accumulates, the overall 

market settles into a model that works and learns how to adjust expectations (Sun & Zhang 

2006). This accumulated experience with e-commerce can determine how consumers use 

different channels for searches and purchases. 

As such, we study two countries that have had differing levels of e-commerce experience 

although they are currently at similar stages of market maturity: China and Korea. Both are 

rapidly growing consumer markets in Asia with somewhat analogous cultural backgrounds 

(Kim et al. 2002), as measured by the Hofstede’s scores (see Table A.1 of Web Appendix; 

Hofstede 1984). However, China and Korea started adopting e-commerce at different points 

in time, which results in a gap in their accumulated experience of e-commerce (Uncles 2010; 

Zipser et al. 2016). E-commerce development in Korea began in the early 2000s (Kim 2001), 

but in China, it began around 2010 (Deloitte Research 2017; Mackie 2011). This, in turn, 

affects the degree of channel stickiness and the relationship between individual tendencies 

and channel search behavior. 
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Specifically, consumers in countries with extensive e-commerce experience will display 

less channel stickiness. Channel stickiness can be because of high risk perception in one type 

of channel or a lack of experience with the online channel. This tendency will be higher in 

markets with limited e-commerce experience (Chang et al. 2017; Chou et al. 2016). As for 

search behavior, offline search behavior and its correlate (channel perception) will not differ 

across the two markets because they are similar in terms of offline (nonelectronic) commerce 

experience. However, online search behavior and their correlates (channel perception and 

content usage) will have closer relationships in markets with extensive e-commerce 

experience because such markets will have more established behavioral patterns in content 

usage and online searching. Thus, we hypothesize the country differences as follows. 

H3: Channel stickiness is more prominent in countries with limited e-commerce 

experience. 

H4: Offline and online search behaviors are correlated with channel perception and 

content usage but vary depending on e-commerce experience at the country level. 

H4a: Offline search behavior is correlated with channel perception regardless of e-

commerce experience. 

H4b: Online search behavior is correlated with channel perception and content usage only 

in countries with extensive e-commerce experience. 

 

3. Data and Measures 

 

3.1 Data collection 

An online survey was conducted in China and Korea in July 2015 in cooperation with a 

major global marketing research firm. We used a stratified multistage probability sampling 

design so that the responses would be representative of the population (see Table A.2 of Web 
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Appendix for their summary statistics). Those who purchased at least one product among 

computers, tablets, and smartphones within 12 months of the time of the survey are included 

in the final data, resulting in 718 respondents from China and 380 from Korea.  

 

3.2 Variables for search and purchase 

Respondents were asked to indicate whether they had bought any item among computers, 

tablets, and smartphones in the past 12 months. If they had, they were further asked if the 

purchases were made offline or online. An offline purchase is coded as 0, and online as 1. 

Next, the respondents were given a list of search behavior items to indicate which activities 

were done before each purchase, and each behavior was characterized as either offline or 

online. The search behavior items were compiled through an extensive search of related 

academic and trade sources.5 We measure the intensity of each search behavior dimension 

(offline and online) by counting the number of checked items in those dimensions.  

 

3.3 Variables for individual characteristics 

Channel perception. Channel perception consists of two constructs: offline affinity and 

online risk.6 Online risk measures if respondents prefer to touch and feel products before 

buying them to experience some product attribute or if they are unsure of product quality or 

 
5 Table B.1 in the Web Appendix shows the list of 20 items, along with the references. Offline and online search 
variables are defined as the average number of items chosen among a total of nine and eleven items, respectively. 
Tables B.2 and B.3 present the corresponding values and correlation matrices. In Table B.4, we ensure the 
reliability and the validity of the scales by conducting confirmatory factor analyses (CFA). The fit statistics 

include the goodness of fit index (GFI), the adjusted goodness of fit index (AGFI), the root mean residual 
(RMR), the normed fit index (NFI), and the root mean square error of approximation (RMSEA) (Segars and 
Grover 1993; Teo and Yu 2005). In our study, the values are 0.95, 0.94, 0.01, 0.58, 0.05, respectively, indicating 
a good fit of the model. The convergent validity for the constructs is supported, with all the factor loadings 

being significant at p < .05. 
6 See Tables C.1 – C.3 in the Web Appendix for the items and statistics. Items for online risk are adapted from 

Jacoby & Kaplan (1972) and Forsythe & Shi (2003), and those for offline affinity are from Lim (2003) and 
Ratnasingham & Kumar (2000). The values of GFI, AGFI, RMR, NFI, and RMSEA are 0.95, 0.93, 0.03, 0.76, 
and 0.05, respectively, indicating a good fit. The factor loadings are all significant at p < .05, supporting 

convergent validity. Note that the items are measured using a scale ranging from 0 (never) to 3 (daily).  
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brand authenticity in an e-commerce situation. As such, online risk captures respondents’ 

belief in transaction security and trust toward a website. Offline affinity is measured by 

asking if it is easier to buy in actual stores, if consumers prefer to shop with friends, or if they 

prefer personal assistance.  

Content usage. As described earlier in the literature review, online content usage consists 

of broadcast content usage and narrowcast content usage.7 Broadcast content usage includes 

content consumption behavior such as how much time respondents spend with TV shows, 

movies, video clips, radio, or music streaming services online. It also measures user- 

generated content aimed at an unlimited mass and includes blogging or uploading multimedia 

content to bulletin board systems (BBS). In contrast, narrowcast content usage includes 

content-generating behavior targeting a limited known audience and includes instant 

messaging, emailing, and social networking.  

 

3.4 Control variables 

We include the degree of social interaction for each dimension — that is, offline-social 

and online-social behavior — because social influence is becoming an increasingly important 

part of retail strategy (Del et al. 2019; Kim et al. 2017). Behavior involving others is 

classified as being social.8 To control for alternative explanations, we also included general 

online orientation and shopping behavior variables. The general online orientation is related 

to whether one’s lifestyle is compatible with online activities: for example, if a delivery from 

online retailers fits conveniently into one’s lifestyle. Technical aptitude measures how adept 

 
7 See Tables C.1 – C.3 in the Web Appendix for the items and statistics. As mentioned earlier, items for 
broadcast content and narrowcast content usage are adapted from Barasch & Berger (2014) and Leonardi et al. 

(2013). The values of GFI, AGFI, RMR, NFI, and RMSEA are 0.95, 0.93, 0.03, 0.76, and 0.05, respectively, 
indicating a good fit. The factor loadings are all significant at p < .05, supporting convergent validity. Note that, 

as with the previous ones, the items are measured using a scale ranging from 0 (never) to 3 (daily). 
8 See Table B.1 in the Web Appendix for the items on search behavior. These items, including social 

interactions, are the last three items in each dimension: offline-social behavior items are numbers 7 to 9, and 

online-social behavior items are numbers18 to 20.  
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respondents are at using online tools. The classification is provided in the Web Appendix 

(Table B.1).  

As for general shopping behavior, respondents answered questions about the diversity of 

their purchase categories (variety of products bought over the past 12 months), proportion of 

durable products among all types, and the ratio of online shopping expenditures (frequency) 

to total shopping expenditures (frequency). Respondents’ demographic data was also 

collected and includes such aspects as age, gender, marital status, annual household income, 

residential area, and educational background. The research firm confirmed that the sample 

represented well the overall population of electronics shoppers in China and Korea. Table A.1 

in the Web Appendix shows their demographics. 

 

4. Model-Free Evidence  

 

We explore the main variables to obtain insights into the relationship between search 

behaviors and purchase channels (Table 2) and individual characteristics that may be related 

to search behaviors (Table 3). Both tables present summary statistics, first for the pooled data 

and then for each country.  

[Insert Tables 2 and 3 about here] 

 

4.1 Choices of purchase channels 

Table 2 helps exploration of which dimension of search behavior is related to which 

purchase channel. To be specific, Panel [A] reports the ratio of purchase incidents that 

occurred online by product categories, and Panel [B] reports the intensity of the given search 

behavior, measuring the proportion of checked items in each dimension of search behavior. In 

terms of purchase channels, about one third are bought online; that is, 40%, 35%, and 30% of 
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the overall buyers of computers, tablets, and smartphones bought online. However, a cross-

country comparison shows that these numbers differ dramatically between the two countries: 

In China, 25%, 26%, and 28% of the purchase incidents in the respective categories occur 

online, whereas for Korea, the corresponding numbers are 62%, 64%, and 35%. These are in 

line with recent reports that although China is the world’s largest e-commerce market and 

consumers are increasingly purchasing online, physical stores continue to dominate (Zipser et 

al. 2016). The gap also represents the difference in the accumulated experience of e-

commerce between the countries at the time of data collection (Shuyang et al. 2014). Notably, 

smartphones in Korea are bought offline more often than other electronic goods because of an 

accompanying mobile service contract that consumers prefer to discuss face-to-face with a 

representative (Ediket 2017). 

In their search behavior, consumers show similar behavior for computers and tablets but 

not for smartphones. Specifically, consumers engage in fewer search activities for 

smartphone purchases, especially online. Again, because smartphone purchases are often tied 

with mobile service contracts, consumers start the search from a limited set of choices and 

generally engage in fewer pre-purchase search behaviors. There are some recognizable 

differences in the patterns between the countries. In general, consumers in Korea do more 

online searches. As for specific products, Korean consumers use offline and online channels 

for searching almost equally but online is used considerably more for tablets. Chinese 

consumers use offline channels considerably more to search for all types of products.  

 

4.2 Determinants of search behaviors 

Table 3 helps us examine the individual determinants of search behaviors without a 

formal model. Panel [A] summarizes search behavior in terms of average number of items in 

the two dimensions of search behavior (offline and online) picked by the subjects. The cross-
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country comparison shows similar patterns as in the three-product category statistics from 

Table 2. That is, Chinese consumers search offline considerably more than Korean consumers, 

and the latter search online more than the former. 

Panel [B] of Table 3 shows the average scores of each individual characteristic construct 

introduced in the literature. As for individual characteristics, the numbers can be interpreted 

meaningfully when compared across the countries. Korean consumers perceive higher online 

risk, showing that accumulated experience in e-commerce does not always reduce the 

perception of risk in using online channels. Chinese consumers prefer brick-and-mortar shops 

more than Koreans do. This is in line with the previous observations that they use offline 

stores more than 70% of the time for buying all three types of electronic goods. As for 

content usage, Korean consumers generate and consume both broadcast and narrowcast 

content significantly more than Chinese consumers do. The gap is especially greater for 

narrowcast content usage, indicating that Korean consumers use substantially more close-

relationship communication. 

 

5. Model  

 

The model-free evidence reveals the overall relationship among the main variables. The 

formal relationships are investigated in the following model-based analyses. We investigate 

two related but distinct topics in this study. First, we analyze the relationship between search 

behavior and choice of purchase channel. Second, we investigate how individual 

characteristics are related to the categories of search behavior. We use two distinct models for 

these two topics. In the first step, we model the probability of choosing online instead of 

offline as the purchase channel for each purchase p in product category k, in country c. 

Specifically, we use a logistic regression model as follows: 
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logit (ckp) = 1,ck  Offlineckp + 1,ck  Onlineckp + 0,ck + ck  Controlsckp     (1) 

where c identifies country (1=pooled, 2=China, and 3= Korea) and k identifies product 

category (1=computer, 2=tablet, and 3=smartphone). Controlsckp is an array containing 

measures for observed heterogeneity in Table 3 (e.g., residential area, annual household 

income, education, etc.) and Kck is the corresponding parameter vector. 

In the second step, we use a count model to model the intensity of each dimension of 

search behavior at the individual level. We use four equations with the same explanatory 

variables but different dependent variables. The dependent variables are the intensities of 

each dimension of search behavior, measured as the number of different behaviors chosen. 

We assume that the intensity of each search dimension d by respondent i in country c, , is 

Poisson distributed with parameter . The model is as follows: 

ycdi ~ Poisson (cdi), and  

log (cdi) = 1,cd  OfflineAffinitycdi + 2,cd  OnlineRiskcdi +                     (2) 

3,cd  BroadcastContentcdi + 4,cd  NarrowcastContentcdi +  

0,cd + cd  Controlscdi     

where d indicates the pre-purchase search dimension (1=offline, 2=online). The 

explanatory variables include constructs capturing individual tendencies and online 

behavior, as explained in the literature. Specifically, the effects of channel perception are 

captured by γ1,cd and γ2,cd , respectively. The parameters γ3,cd and γ4,cd measure the effects 

of content usage. As in Equation (1), the vector of control variables is expressed as 

Controlscdi and its corresponding vector is Kcdi. Note that the Poisson distribution 

assumption is appropriate for our setting because the intensities in the dimensions of 

search behavior are count data having similar values of means and variances (Agresti 

2002). 
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6. Empirical Results 

 

Tables 4 and 5 show the estimation results using the pooled and country-specific datasets, 

respectively. 

[Insert Tables 4 and 5 about here] 

 

6.1 Choices of purchase channels (H1) 

We first investigate the relationship between the categories of search behavior and the 

choices of purchase channels. In H1, we hypothesize that channel stickiness is predictable. 

Specifically, in H1a and H1b, we hypothesize that channel stickiness varies depending on 

product complexity. Note that negative (positive) estimates for offline (online) search indicate 

a tendency to buy offline (online). The estimation results show that for computers, a simple 

product, channel stickiness appears in both online and offline channels (β1,11 = - 3.42, p < .00; 

β2,11 = 2.33, p < .05). However, no such stickiness is found for smartphones, a typically 

complex product; the relationship is not significant for the offline channel and only 

marginally significant for the online channel (β2,13 = 1.26, p < .10), Thus, we accept H1, H1a 

and H1b. Note that for tablets, which can be considered either a simple or complex purchase, 

channel stickiness is manifested for online (β2,12 = 2.58, p < .05) but not offline purchases. As 

expected, simple products do not require extensive searching, and consumers prefer to 

simplify the buying process. For complex products that require extensive searching, 

consumers tend to do multichannel shopping.  

 

6.2 Determinants of search behaviors (H2) 

In the second stage of the analyses, we step back in the buying process and investigate 

the individual determinants of choosing one dimension of search behavior over another. Table 
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4, Panel [B], presents the results. We hypothesize in H2 that offline search behavior is related 

to channel perception (H2a), and online search behavior is related to content usage (H2b). 

Channel perception consisted of offline affinity and online risk. The results show support for 

H2a because offline search is significantly related to offline affinity (γ1,11 = 0.11, p < .01) and 

perceived online risk (γ2,11 = 0.12, p < .01). That is, consumers who prefer the offline channel 

and think an online transaction involves risk tend to do offline searches disproportionately 

more. Unsurprisingly, online search behavior is also significantly related to online risk (γ2,12 = 

0.15, p < .01). This implies that when consumers feel the online channel impose risks, they 

not only increase their offline searches but also search online more to reduce such risks.  

We expected online content usage to be related only to online search behavior (H2b). As 

expected, offline search behavior does not show any correlation. Online search behavior is 

significantly related to broadcast content behavior (γ3,12 = 0.15, p < .01) and thus, we 

conclude that H2b is supported. That is, the more consumers generate and consume reviews, 

blog posts, videos, and BBS posts, the likelier they will do online search behavior. 

Narrowcast content behavior is not related to online search behavior, indicating that the use 

of social network services is not predictive of online search. 

 

6.3 Cross-country differences (H3 and H4) 

Earlier, we noted that the two countries, China and Korea, differ in their cumulative 

experience of e-commerce at the market level. Specifically, Korea had at least a 10-year head 

start, although China has recently grown considerably in the use of e-commerce. In H3, we 

postulate that channel stickiness is more prominent in a country with less e-commerce 

experience (i.e., China). The results do not support this hypothesis because, depending on the 

product and channel, the results vary (see Table 5). For instance, for simple products such as 

computers, both China and Korea display channel stickiness in the offline channel (β1,21 = - 
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5.12, p < .00; β1,31 = - 4.88, p < .01) but only in China for the online channel (β2,21 = 3.66, p 

< .05). For complex products such as smartphones, China shows channel stickiness for the 

online channel (β2,23 = 1.87, p < .05) but Korea favors the offline channel only marginally 

(β1,33 = - 2.98, p < .10). For an intermediate product such as a tablet, China displays channel 

stickiness only marginally (β2,22 = 2.32, p < .10) To summarize, Chinese consumers show 

stickiness in the offline channel for simple products, but choose the online channel for a 

variety of products. Koreans display offline stickiness for simple products but use 

multichannels when the product is complex. We conclude that accumulated market 

experience with e-commerce is not a direct predictor of channel stickiness.   

In H4, we postulated that channel search behavior and its antecedents have varying 

relationships, depending on the market-level e-commerce experience. H4a links directly to H2a, 

which states that offline search behavior is correlated with channel perception; we postulated 

that this relationship does not differ, depending on accumulated e-commerce experience. The 

results show that, indeed, both markets show significant relationships between channel 

perception and the amount of offline searching, giving support to H4a. For China, both offline 

affinity (γ1,21 = 0.15, p < .01) and online risk (γ2,21 = 0.13, p < .01) showed significant and 

positive relationships, but for Korea, only online risk (γ2,31 = 0.13, p < .01) showed significant 

correlation with an offline search amount. This slight discrepancy may be because in markets 

with more e-commerce experience, offline affinity does not necessarily discourage consumers 

from making use of the online channel.  

Finally, H4b links directly to H2b, which states that online search behavior is correlated 

with content usage; we postulated that this relationship is strong for markets with extensive 

experience with e-commerce. The results show that this is indeed the case (H4b supported), 

because in Korea online search behavior is positively correlated with online risk perception 

(γ2,32 = 0.27, p < .01) and broadcast content (γ3,32 = 0.17, p < .05), but in China there are no 
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significant relationships. We explain that with more experience with e-commerce, online 

search behavior is better established and its patterns are readily recognized. Specifically, 

when there is higher online risk perception, experienced consumers increase their online 

searches to mitigate the risk. Also, online broadcast content usage is linked directly to online 

search behavior in markets with much e-commerce experience. Note that narrowcast content 

behavior is not linked to any type of search behavior.  

  

7. Discussion and Conclusion 

 

We first investigate the relationship between pre-purchase search behavior and the 

purchase channel and then the individual determinants of search behaviors. We also examine 

whether two markets with different amounts of e-commerce experience show discrepancies in 

channel stickiness and relationships. Our most revealing empirical finding is that channel 

stickiness can be predicted to some extent by what consumers do before their purchases. 

However, this predictability does not apply to channel switching. Using our empirical 

findings, we draw the following insights. 

Purchase channels. We find support for channel stickiness. Specifically, the complexity 

of products determines how much consumers stick to one type of channel. If a product is 

relatively easy to compare and purchase, consumers tend to stick to one channel. However, if 

a product is a combination of goods and services and thus complex, consumers do not stick to 

one channel. Stickiness is not necessarily stronger for markets with limited e-commerce 

experience. Instead, markets with differing amounts of e-commerce experience display 

different patterns of stickiness, but not necessarily more or less of it.  

Search behaviors. Fear of loss because of uncertainties in an online channel leads 

consumers to display certain patterns of search behavior. The fear that products bought on 
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online will not perform well leads consumers to search offline for information. Also, a strong 

preference for offline shops encourages offline searching. Curiously, in markets with 

extensive e-commerce experience such as Korea, perceived online risk encourages consumers 

to do more online searches rather than less. Online content usage, especially broadcast 

content such as BBS or blog posting, is predictive of online searching only for markets with 

extensive e-commerce experience. This is not true for narrowcast content. This suggests that 

online communication with an unlimited, unknown audience differs qualitatively from that 

with close others (Barasch & Berger 2014). 

Channel stickiness. Previous studies show that channel switching within a shopping 

journey is difficult to predict and theorize (Frasquet et al. 2015). As a result, shopping 

behavior is typically characterized as random, unpredictable, and changeable (Konuş et al. 

2008). This poses challenges for multichannel marketers but also highlights the importance of 

uncovering patterns where we can. Understanding channel stickiness can be valuable in this 

sense. By knowing the kind of consumers who tend to stay in one channel and the situations 

that lead to it, marketers can better design a multichannel strategy to serve this type of 

consumer. As previous studies show, the most valuable customers can be those who stay in 

one channel, and those who switch channels can be less loyal to the brand and the retailer 

(Kushwaha & Shankar 2013). By identifying the situation and the groups of customers who 

display channel stickiness, firms can devise plans to better serve them. 

The insights from the individual determinants of search behavior offer a good guide for 

devising such a plan. Individual characteristics such as channel perception cannot be easily 

measured unless explicitly questioned. Our research reveals that the ensuing actions in terms 

of search behavior are highly related and can be deduced. Online content usage is relatively 

easy to observe (Tirunillai & Tellis 2012), and thus this data can be readily used to predict 

consumers’ search behavior. A firm channel strategy can be designed to reflect an 
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understanding of different consumer characteristics and their channel behavior. Finally, we 

observed the choices of purchase channels across two countries with differing levels of e-

commerce experience. This implies that, depending on the type of market a firm is operating 

in, managers should adapt their multichannel strategies (Ko et al. 2004).  

 

8. Contributions, Implications and Future Research 

 

8.1 Theoretical contributions 

We contribute to the growing body of literature devoted to the investigation of 

multichannel market environments. So far, most of the previous studies have been focused on 

multichannel users and their contributions to firms (Neslin & Shankar 2009). Further, much 

of the investigation has been carried out to optimize firms’ efforts to serve a segment of the 

market that uses the multiple channels of one firm (Montaguti et al. 2016). Our study adds to 

this stream of work by shedding light on other parts of the consumer base and on shopping 

situations in which shoppers stay in one channel despite many alternatives. We find that, 

given our framework and data, only channel stickiness patterns are predictable. Our study is 

also the first attempt to connect search behaviors and channel choices. The existing literature 

investigates correlations and determinants that lead to certain channel choices but — with a 

few exceptions — do not formally study if search channels can predict purchase channels 

(Voorveld et al. 2016). Our results are not only insightful but applicable for channel strategies 

because firms can deploy them wherever they encounter potential buyers. 

 

8.2 Managerial implications  

Our results show that shoppers act predictably in certain situations and thus multichannel 

strategies can be devised to better serve consumers in those situations. First, for simple 
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products not requiring extensive information, consumers tend to stick to one channel. For 

those shopping situations, channel lock-in strategies may be especially effective (Frasquet et 

al. 2015). In contrast, products that combine physical goods and services such as smartphones 

and contracts can benefit from a sound multichannel strategy in which online and offline 

channels complement each other to complete a purchase.  

Second, in today’s retail environment with its countless channels, it is crucial to intercept 

consumers in their searches for future purchases and base communications with them on an 

understanding of their behavior (Verhoef et al. 2015). Our research shows that in e-commerce 

markets with limited experience, uncertainty about online channels drives consumers offline 

to search for alternatives; however, in markets with extensive e-commerce experience, this 

uncertainty causes consumers to increase their searches across all channels. It is clear that in 

younger markets, consumers deal with their fears through avoidance, but in mature markets, 

consumers attempt to resolve uncertainty by undertaking more searches. Thus, in markets 

with a short e-commerce history, retailers with both offline and online stores should leverage 

their offline stores to cater to those consumers who exclusively search offline. It may help to 

use retail brand awareness to encourage the use of online stores (Huang et al. 2004) if the 

goal of the strategy is to “educate” consumers. In highly experienced e-commerce markets, 

retailers should focus on informing and addressing any concerns consumers have about 

online commerce. If the fear arises from uncertainty about product performance, it may help 

to include promotional videos or virtual showrooms in retail sites (Kelleher 2018; Kim et al. 

2018). If the technology risk is the issue, the website can feature a live chat service to address 

immediate concerns cost effectively (Nizri 2018). 

 

8.3 Limitations and directions for future research  

Future research can improve on our study in several ways. First, we limit our 
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investigation to electronic durables. Although we gain a deeper understanding of this industry 

and control for differing product characteristics, it may add to the understanding of the 

phenomena to investigate different types of products, such as experience goods. Second, we 

rely for our analysis on survey data that are subject to recall accuracy and the 

conscientiousness of the respondents. In future studies, data can be collected directly through 

purchase data to verify our findings. Third, new ways of gaining information on products are 

constantly being introduced. For instance, shopping assistance using artificial intelligence is 

becoming more sophisticated and beginning to be used extensively (Nizri 2018). Devices 

with augmented reality are being tested for online shopping assistance (Hilken et al. 2017). 

Moreover, various devices, including mobile phones, are increasingly being used for 

shopping assistance (Kim et al. 2017; Soni et al. 2019). Accordingly, there may be more 

relevant ways to classify search behavior than those we have explored in this study. 
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Table 1. Literature for channel switching and stickiness 

 Channel 

behavior 
Determinants Product categories 

Frambach et al. (2007) Both 
Internet experience, offline experience, channel accessibility,  

channel attitude 
Complex services (home mortgages) 

Mcgoldrick & Collins (2007) Switching Channel attributes, category, demographics Grocery, apparel, home entertainment 

Verhoef et al. (2007) Switching Channel attributes, channel attitudes 
Financial products, experience goods, 

computers, apparel 

Konuş et al. (2008) Both Psychographics, demographics Various (24 categories) 

Schröder & Zaharia (2008) Stickiness Consumer orientation, motives, risk aversion Shopping in general 

Cortiñas et al. (2010) Switching Adoption and use of financial products Financial products 

Pookulangara et al. (2011) Switching 
Hedonic and utilitarian beliefs toward retail channels,  

self-efficacy, subjective norms 

Shopping in general (categorized by 

hedonic and utilitarian products) 

Heitz-Spahn (2013) Switching Shopping motives, sociodemographic, categories Various (6 categories) 

Mau et al. (2015) Switching Consumer and policy characteristics Insurance 

Chou et al. (2016) Switching Perceived risk, switching costs Shopping in general 

Voorveld et al. (2016) Both 
First versus repeat purchase, product involvement,  

search versus experience products 
Various (44 categories) 

Chiou et al. (2017) Switching Customer-salesperson relationships, attitude toward online shopping Cosmetics 

Gensler et al. (2017) Switching Channel perception, contextual factors Various (10 categories) 

Chang et al. (2017) Switching Self-efficacy, attractiveness of stores, switching costs Shopping in general 

Arora & Sahney (2018) Switching Perceived benefit, perceived ease, online trust Shopping in general 
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Table 2. Basic statistics for purchase channel analyses 

 

[A] Dependent variables: Purchase channel 

  
 Pooled China Korea 

  N Mean S.D. N Mean S.D. N Mean S.D. 

Computer 232 0.40 0.49 138 0.25 0.44 94 0.62 0.49 

Tablet 244 0.35 0.48 188 0.26 0.44 56 0.64 0.48 

Smartphone 487 0.30 0.46 377 0.28 0.45 110 0.35 0.48 
 

Note: Online purchase is coded as 1 and offline as 0.  

 

[B] Independent variables: Search behaviors 

  
Pooled China Korea  

Mean S.D. Mean S.D. Mean S.D. 

Computer       

Offline search 0.25 0.19 0.28 0.18 0.21 0.20 

Online search 0.20 0.19 0.19 0.18 0.22 0.20 

Tablet       

Offline search 0.25 0.18 0.25 0.18 0.24 0.18 

Online search 0.20 0.17 0.19 0.16 0.27 0.19 

Smartphone        

Offline search 0.23 0.18 0.24 0.18 0.21 0.18 

Online search 0.16 0.16 0.16 0.15 0.19 0.19 
 

Note: The intensity of search behavior is measured as the proportion of checked items in each 

search behavior dimension. 
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Table 3. Basic statistics for search behavior analyses 

 

[A] Dependent variables: Search behaviors 

 
 Pooled China Korea 

 Mean S.D. Mean S.D. Mean S.D. 

Offline search 1.97 1.52 2.12 1.53 1.68 1.46 

Online search 1.62 1.63 1.50 1.53 1.84 1.78 
 

Note: The dataset includes 718 respondents from China and 380 from Korea. Offline and online search 
variables are defined as the average number of items chosen among a total of nine and 11 items, respectively. 

 

[B] Independent variables: Individual characteristics 

 
 Pooled China Korea 

 Mean S.D. Mean S.D. Mean S.D. 

Channel perception a        

Offline affinity 0.44 0.61 0.46 0.62 0.41 0.58 

Online risk 0.62 0.60 0.61 0.57 0.65 0.65 

Content usage a        

Broadcast content 1.52 0.64 1.49 0.63 1.57 0.65 

Narrowcast content 2.07 0.76 1.91 0.78 2.37 0.60 

Controls: Degree of social interaction       

Proportion of social interaction offline 0.46 0.38 0.45 0.37 0.48 0.40 

Proportion of social interaction online 0.15 0.26 0.13 0.26 0.17 0.27 

Controls: General online orientation a       

Online lifestyle   0.47 0.66 0.39 0.61 0.62 0.72 

Technical aptitude 0.14 0.38 0.15 0.37 0.11 0.39 

Controls: General shopping behavior       

Purchase category diversity 8.88 4.81 8.91 4.99 8.82 4.45 

Proportion of durable products 0.41 0.20 0.44 0.20 0.35 0.17 

Ratio of online to total b 0.29 0.28 0.23 0.28 0.38 0.27 
 

Note: a The constructs are measured as the average score across items constituting each construct, measured 
on a three-point scale. b The variable is defined as the ratio of online shopping frequency to total shopping 
frequency. 
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Table 4. Estimation results with pooled data 

 

[A] Purchase channel 

  
Computer Tablet Smartphone 

 Est. S.E. Est. S.E. Est. S.E. 

Search behaviors       

Offline search -3.42 ** 1.00 -1.57 + 0.94 -0.35  0.64 

Online search 2.33 * 1.02 2.58 * 1.03 1.26 + 0.73 

Controls: Degree of social interaction          

Proportion of social interaction offline 0.08  0.44 0.39  0.42 -0.59 * 0.30 

Proportion of social interaction online -0.31  0.80 -1.84 * 0.81 1.01 * 0.46 

Controls: Demographics       

Age -0.36 * 0.16 -0.24  0.17 -0.04  0.11 

Urban 0.06  0.33 0.32  0.31 0.07  0.21 

High income 0.92 ** 0.35 -0.02  0.32 0.28  0.22 

University or higher -0.32  0.35 -0.05  0.36 0.40 + 0.24 

Female -0.85 * 0.35 -0.76 * 0.33 -0.63 ** 0.22 

Married 0.45  0.39 0.10  0.38 -0.02  0.26 

Country a -1.76 ** 0.35 -1.74 ** 0.39 -0.24  0.26 

Constant 1.93 ** 0.68 1.52 * 0.74 -0.59   0.50 

Log-likelihood -83.40 -99.19 -184.53 
 

Note: a Country is coded as 1 if Korea and 0 if China. **, * and + indicate significance at p<0.01, p < .05 and p 
< .10, respectively.  
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[B] Search behavior 

 

 Offline search  Online search 

 Est. S.E. Est. S.E. 

Channel perception     

Offline affinity 0.11 ** 0.03 0.03  0.04 

Online risk 0.12 ** 0.04 0.15 ** 0.04 

Content usage      

Broadcast content 0.02  0.04 0.11 * 0.05 

Narrowcast content -0.04  0.04 -0.01  0.04 

Controls: Degree of social interaction       

Proportion of social interaction a -0.18 ** 0.06 0.35 ** 0.09 

Controls: General online orientation       

Online lifestyle   0.08 * 0.03 0.13 ** 0.03 

Technical aptitude 0.09  0.06 0.14 * 0.06 

Controls: General shopping behavior       

Purchase category diversity 0.02 ** 0.00 0.02 ** 0.01 

Proportion of durable products 0.04  0.12 0.02  0.14 

Ratio of online to total  -0.30 ** 0.08 0.11  0.09 

Controls: Demographics       

Age -0.03  0.02 -0.08 ** 0.02 

Urban 0.04  0.05 -0.02  0.05 

High income 0.02  0.05 0.01  0.05 

University or higher -0.05  0.05 0.07  0.05 

Female -0.02  0.05 -0.13 * 0.05 

Married 0.10 + 0.06 0.01  0.06 

Constant 0.54 ** 0.15 0.82 ** 0.18 

Log-likelihood -1514.21 -1273.88 
 

Note: a Proportion of social search is computed as the proportion of items with social nature among respective 
channel search behaviors (i.e., offline and online). For the full list of items, see Table B.1 of Web Appendix. **, * 

and + indicate significance at p<0.01, p < .05 and p < .10, respectively.  
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Table 5. Estimation results with country-specific data 

 

[A] Purchase channel  

 
 

Computer Tablet Smartphone  
China Korea China Korea China Korea 

Search behavior    

Offline search -5.12 ** -4.88 * -1.18  -2.73  0.40  -2.98 + 

Online search 3.66 * 4.10  2.32 + 3.60  1.87 * 0.23  

Controls: Degree of social interaction             

Proportion of social interaction offline -0.12  1.56  0.72  -0.54  -0.58  -0.93  

Proportion of social interaction online 0.55  -2.63  -1.70  -1.61  1.01 + 1.13  

Controls: Demographics    

Age -0.79 * 0.06  -0.29  -0.15  -0.01  -0.12  

Urban 0.18  -0.69  0.22  1.46  0.05  0.08  

High income 0.85 + 1.75 * 0.02  -0.12  0.35  0.06  

University or higher -0.27  -1.54 + -0.08  -0.55  0.35  0.71  

Female -0.58  -1.01  -0.74 + -0.62  -0.63 * -1.00 * 

Married 0.70  1.83 * -0.09  0.87  0.01  -0.15  

Constant 1.39  0.01  -0.12  0.92  -1.25 * 0.73  

Log-likelihood -63.35 -29.58 -99.44 -30.33 -208.99 -62.57 
 

Note: For the full version of estimation results, including standard errors, see Table D.1 of Web Appendix. **, * 
and + indicate significance at p<0.01, p < .05 and p < .10, respectively.  
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[B] Search behavior 

 

 Offline search Online search 

 China Korea China Korea 

Channel perception 

Offline affinity 0.15 ** -0.04  0.03  -0.02  

Online risk 0.13 ** 0.14 * 0.09  0.27 ** 

Content usage         

Broadcast content 0.01  0.04  0.11 + 0.17 * 

Narrowcast content 0.00  -0.03  -0.03  -0.02  

Controls: Degree of social interaction         

Proportion of social interaction -0.10  -0.32 ** 0.32 ** 0.33 * 

Controls: General online orientation         

Online lifestyle   0.15 ** 0.02  0.18 ** 0.02  

Technical aptitude 0.08  0.11  0.15 + 0.16 + 

Controls: General shopping behavior         

Purchase category diversity 0.01 * 0.03 ** 0.02 ** 0.01  

Proportion of durable products -0.09  0.18  0.22  -0.10  

Ratio of online to total  -0.23 * -0.37 * 0.21 + -0.13  

Controls: Demographics         

Age 0.00  -0.04  -0.04  -0.12 ** 

Urban 0.05  0.02  0.04  -0.11  

High income -0.01  0.00  0.04  -0.01  

University or higher -0.03  -0.03  -0.02  0.20 * 

Female 0.03  -0.15 + -0.08  -0.17 * 

Married 0.09 + 0.12  -0.08  0.08  

Constant 0.50 ** 0.41  0.51 * 1.12 ** 

Log-likelihood -1026.17 -475.05 -779.53 -481.52 
 

Note: For the full version of estimation results, including standard errors, see Table D.2 of Web Appendix.  **, * 
and + indicate significance at p<0.01, p < .05 and p < .10, respectively.  
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Figure 1. Conceptual framework 

 

  

 


