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In this dissertation, I examine problems that related to the phenomena of online marketplace. I 

specifically study how different forms of digital communications affect consumers and how 

online sellers can strategically adopt these tools to connect with them. In this dissertation, I 

investigate the effectiveness of various digital marketing strategies, such as sponsored search, 

social media endorsement, live chat, and buyer protection program, and how both the platform 

and marketplace sellers can leverage those tools to improve their businesses. The findings 

suggest that platforms should keep providing innovation tools to help online sellers to grows, it 

will not only be beneficial to the sellers, but also be critical to the growth of online platforms. 
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Chapter 1: Introduction 
 

In the dissertation I focus on the problems that online sellers facing and investigate what 

are the strategies that online sellers can utilize in order to help them grow their business. Online 

marketplaces are increasingly adopting innovative business models that can help sellers to better 

attract customers and engage customers. Chapter 2 to Chapter 4 have separately looked several 

tools that are available to the sellers, and how their adoption of the tools can further help the 

growth of both sellers and the platform. 

The rest of the dissertation is structured as follows. In Chapter 2, I explore the two 

popular advertising tools, sponsored search and social media endorsement, in attracting web 

traffic from online sellers’ perspective. I estimate an endogenous treatment model with latent 

variable to model online traffic given sellers’ decisions on employing different advertising 

strategies. The evidences show that both sponsored search and social media endorsement are 

significant in attracting traffic, after controlling for seller self-selection behavior in choosing 

their strategies. Sponsored search has a higher impact on low-reputation sellers in bringing more 

traffic, and sellers with more return customers have higher benefit in using sponsored search in 

generating traffic. The findings are consistent with informative view of the advertising theory, 

and they provide interesting and import implications for both the platform and market 

participants. 

In Chapter 3, I examine how online sellers’ use of live chat influences their sales 

conversion probability. I argue that live chat can increase conversion probability by performing 

the functions of “informing” and “persuading”. I further explore how the two roles of live chat 

interact with existing information displayed on product pages, such as product descriptions, 
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ratings and reviews, as those types of information also help consumers mitigate uncertainties 

regarding product quality as well as product fit to their needs. I apply a random coefficient model 

in a Bayesian hierarchical framework, and test the model using a panel dataset from Taboao. The 

results suggest that live chat has a positive impact on conversion probability, and the positive 

effect is stronger when product information on webpages is less comprehensive and when 

consumers perceive higher value of the seller products. 

In chapter 4, I examine the behavior effect of both sellers and consumers after a seller 

joins the return guarantee program launched by the platform. The program is designed to help 

consumers establish trusts when they shop online. So I test the signaling effect of seller 

belonging to this program, and find that consumers do perceive this as a positive signal of 

seller’s trustworthiness, which in turn affects their browsing and purchasing behavior. Also test 

the effect of participating the program on alleviating seller moral hazard problem and find it also 

reduces the possibility of moral hazard.  

Chapter 5 provides a general conclusion of my dissertation.  

  



	

1	
	

1	

Chapter 2: An Empirical Analysis of Seller Advertising Strategies in an 

Online Marketplace1 

1. Introduction 

In online e-commerce platforms, such as Amazon and eBay, sellers have to pay fees, 

usually a percentage of total transaction amount, to platform organizers in order to participate in 

the marketplace. Taobao, China’s largest online marketplace owned by Alibaba Group, however, 

adopts a radically different business model by offering the basic platform service to sellers for 

free and generating revenues by monetizing traffic through advertising tools (Chen et al. 2016). 

Taobao’s business model with little initial barriers to entry naturally attracts a large number of 

participants to the platform. As of March 2015, Taobao had 350 million active buyers and over 

10 million active sellers, generating a combined gross merchandise value of US$394 billion 

(Alibaba Group 2015).  

Although it is easy to become a seller at Taobao, surviving and prospering in this 

competitive market is difficult (Wong and Chu 2015). When hundreds of sellers are selling some 

similar products, attracting traffic to a store becomes critical. As a result, many sellers try to 

make their products more visible by investing in advertising tools (Osawa 2013), which in turn 

will benefit the platform. Indeed, Taobao’s revenue mostly comes from advertising by sellers. 

According to a recent study, over 60% of Alibaba’s revenue comes from its online advertisement 

(iResearch 2014). The two primary advertising tools at Taobao include sponsored search 

advertising and social media endorsement. According to one of Alibaba’s IPO investment 

advisory firm, sponsored search contributed about 50-60% of Taobao’s advertising revenue, 

while the rest is generated from seller advertising through different social media channels (China 
																																																													
1 This paper is coauthored with Ming Fan and Yong Tan. 



	

2	
	

2	

Renaissance 2013).  

Taobao started sponsored search advertising service in 2007. Sellers have to bid 

keywords to have their product advertisement appear along with relevant search results on 

Taobao’s website (Figure 1). Sellers only pay when a consumer actually clicks on the 

advertisement. Social media endorsement, another advertising tool offered by Taobao, was 

launched in 2009. It allows individual endorsers, who can receive commissions from the 

transactions, to post testimonials for different products so as to direct traffic to the seller website 

(Figure 2). Usually, sellers need to announce the products they want to promote at Taobao. Then, 

the endorsers can pick the products they want to endorse, and share the product information and 

user experience at a social media platform such as blogs and microblogs. Prior literature has 

examined sponsored search and social media endorsement separately in studying their 

relationships with firm performance. Empirical work on sponsored search has focused on the 

effectiveness of different types of search keywords (Blake et al. 2015), and sponsored search as a 

driver of click-through and conversion rates for an individual advertiser (Yang and Ghose 2010, 

Agarwal et al. 2015).  Studies on paid social media endorsement are quite scant. The goal of this 

paper is to fill in the gap in the literature by studying the differential effects brought by 

sponsored search and social media endorsement jointly. 

------ Insert Figure 1 and 2 about Here ----- 

Specifically, we investigate the effectiveness of sponsored search and social media 

endorsement at Taobao. Despite the popularity of the two advertising tools, their comparable 

effects remain unclear from an empirical standpoint. The mechanisms of the two advertising 

models are different. As sponsored search can target consumers who actively searching for 

similar products, social media endorsement can reach a wider group of consumer, who may or 
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may not be close to make a purchase decision. Prior studies have examined the impact of a 

specific marketing tool on firm performance as well as consumer response (e.g. Agarwal et al. 

2015; Blake et al. 2015; Yang and Ghose 2010). Much less is known, however, on seller 

heterogeneity influences both the choices and the effectiveness of different advertising models in 

attracting traffic. Will a certain advertising model be more effective in boosting traffic for some 

sellers than others, given they vary in their reputation, clientele, and other dimensions? This 

inquiry is of great importance, as it can not only provide insights into the understanding on how 

these two advertising tools work, but also help sellers choose their optimal strategies and advise 

the platform with value-added services for its participants. We seek to explore the differential 

effects of the two advertising models. Specifically, we aim to answer the following questions: 

What type of sellers is more likely to adopt sponsored search and/or social media endorsement? 

Are those advertising strategies effective in increasing online traffic? Does the effectiveness of 

those strategies differ across different sellers, and how?  

We find evidence that both sponsored search and social media endorsement are 

significant in attracting traffic, after controlling for seller self-selection behavior in choosing 

their strategies. Our empirical results, however, suggest that the two advertising mechanisms 

work quite differently, confirming the predictions based on the informative view of advertising 

theory (Nelson 1974). Sponsored search has a higher impact on lower reputation sellers in 

bringing more traffic. For high reputation sellers, the matching effects from sponsored search 

and from organic listing could be partially substitutive for each other, which leads to an over-

exposure of those sellers and lower their marginal return from sponsored search. On the other 

hand, sellers with more return customers have higher benefit in using sponsored search in terms 

of generating traffic, which is consistent with the repeated business effect of advertising.  
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The rest of the paper is structured as follows. Section 2 reviews the relevant literature and 

discusses our research motivation. Section 3 develops the theoretical background for the 

empirical model. Section 4 introduces the dataset and illustrates the empirical model and the 

specification and identification strategies for the analysis. Section 5 provides results from 

empirical analysis and additional robustness check results. Section 6 discusses results with 

practical implications. Section 7 concludes the study with limitations and suggestions for future 

research. 

2. Prior Literature and Research Motivation 

Our study is related to the growing literature of sponsored search and social media 

endorsement in an online environment. There are quite a few studies that have looked at 

sponsored search (Athey and Ellison 2011; D. X. Chan et al. 2011; T. Y. Chan et al. 2011; 

Jeziorski and Segal 2015; Narayanan and Kalyanam 2015; Xu et al. 2012). Recent empirical 

work has examined sponsored search as a driver of click-through and conversion rates (Yang and 

Ghose 2010, Agarwal et al. 2015), and the effectiveness of different types of keywords (Blake et 

al. 2015). Specifically, Yang and Ghose (2010) used a retailer chain store’s advertising data on 

Google and estimated the interrelationship between organic search listings and sponsored search 

listing. They found that the click-through rate on organic listings have a positive interdependence 

with click-throughs on paid ads. All the performance indicators in the presence of both paid and 

organic search listings are significantly higher than those in the absence of sponsored search 

advertisements. Agarwal et al. (2015) used data from an online retailer’s keyword advertising 

campaign and examined how competing organic results affect the performance of sponsored 

search advertisement. They found that increased competition among organic listings leads to a 

decrease of click-through-rate on the sponsored search ads, but helps increase conversion rate on 
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those sponsored search ads. Blake et al. (2015) conducted a large-scale field experiment on eBay 

and found that the effectiveness of sponsored search advertisements differ for brand keyword 

search and non-brand keyword search.  

Literature on social media endorsement has been scant. It is a new mechanism to promote 

products and services, and it is different from social advertising, in which ads are targeted based 

on underlying social networks and are highlighted when a friend interacts with the ads (Tucker 

2016). Social media endorsement allows advertisers to post their promotion tasks on a platform 

and interested endorsers can take on the tasks to promote the products for monetary rewards 

(Peng et al. 2016). Two streams of research are related to social media endorsement. First, it is 

related to celebrity endorsement, which attaches the fame of a celebrity to a brand or product and 

influences consumer purchases. Celebrity endorsement has been shown to have positive effects 

on firm value (Agrawal and Kamakura 1995) and on book sales (Butler et al. 2005). Social 

media endorsement is different from celebrity endorsement in terms of the level of influences 

and the network size. The effectiveness of social media endorsement largely depends on the fan 

base and network connects of the endorser. Second, social media endorsement is also related to a 

growing body of literature that studied how word-of-mouth (WOM), especially online WOM, 

affect firm performance (Bickart and Schindler 2001; Clemons et al. 2006; Dellarocas et al. 2007; 

Duan et al. 2008; Godes and Mayzlin 2004; Gu et al. 2012; Liu 2006) and create social influence 

(Aral and Walker 2011, 2012; Fang et al. 2013; Iyengar et al. 2011; Moe and Schweidel 2012; 

Oestreicher-Singer and Sundararajan 2012; Susarla et al. 2012; Trusov et al. 2010). For example, 

Bickart and Schindler (2001) compared WOM generated from consumer and seller respectively, 

and found that consumer-generated information has a greater impact on consumer purchase 

decisions than seller-created information. Gu et al. (2012) compared internal WOM and external 
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WOM on high-involvement products, their results suggested that a retailer’s internal WOM has a 

limited influence on sales, while external WOM sources have a significant impact. However, 

those studies on online WOM all focus on vonluntary contributions from consumers, while in 

our context, endorsors clearly have a profit motivation.  

This paper also extends the literature that evaluates different drivers of web traffic. One 

of the key measures of the effectiveness of different marketing strategies is the amount of traffic 

that can be attracted since a retailer’s financial performance closely relates to its ability to attract 

traffic (Perdikaki et al. 2011), and those traffic could potentially be converted into sales and 

revenue (Benbunan-Fich and Fich 2004). Luo and Zhang (2013) investigated the predictive 

power of web traffic and consumer buzz on firm value, and found that buzz and traffic explain a 

substantial portion of the total variance of firm value. Extant research has also investigated the 

drivers and impact of online traffic (Chatterjee et al. 2003; Dewan et al. 2002; Liaukonyte et al. 

2015; Rutz et al. 2011; Wu et al. 2005). Among those, many researches focus on web traffic and 

clicks generated through advertising. For example, Chatterjee et al. (2003) examined the click 

proneness across consumers and studied the effects of exposure to repeated banner advertising 

and competing advertisements. Rutz et al. (2011) used search keyword-level data set and found 

indirect effect of sponsored search on future return traffic. We extend this body of literature and 

examine the impact on traffic brought by the two advertising strategies.  

Moreover, our study is related to the growing literature that studies business models for 

online platforms and the mechanism of two-sided markets in engaging both buyers and sellers. 

Bhargava and Choudhary (2004) developed economic models of marketplace as intermediaries 

to examine how their pricing and product line design strategies could provide value added 

services to both sellers and buyers. Soh et al. (2006) compared 19 online marketplaces regarding 
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the strategy, price transparency, and performance, and they found that marketplace should pursue 

strategies of differentiation in order to succeed. They should provide compensatory benefits for 

sellers in the case of high price transparency and for buyers in the case of low price transparency. 

More recently, Chen et al. (2016) compared the two different revenue models adopted by eBay 

and Taobao and found the advertising model creates more values for buyers and makes sellers 

better off in most scenarios.  

Our study contributes to the extant literature in the following ways. First, our study 

provides an empirical examination of two important advertising mechanisms on influencing 

traffic. Given the growing interests in both sponsored search and social media endorsement, 

empirical insights into the benefit of each strategy and their contingent effects on attracting 

traffic form an important contribution to theory and practice. Most literature have tended to 

examine the isolated impact of either advertising model, and overlook the interplay of those 

advertising strategies on traffic given sellers in different stages of decision making. Second, our 

study provides an empirical assessment of the consequences of the self-selection behavior in 

choosing advertising strategies by the sellers. Our results highlight the motivations for the sellers 

to employ different advertising strategies given their heterogeneous characteristics. Third, to the 

best of our knowledge, our research is one of the first studies to provide a rigorous quantification 

of the economic impact of online advertising for a two-sided market platform that relies on 

advertising as its main revenue source. Notably, by showing the effectiveness of sponsored 

search and social media endorsement, we could inspire other online marketplaces such as 

Amazon and eBay to offer similar advertising services to sellers, as these services can not only 

attract traffic for sellers, but also benefit the platform.  
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3. Theory 

We first investigate the type of sellers who are more likely to adopt sponsored search 

and/or social media endorsement. Studies in information systems and economics suggest that 

online sellers are usually identified by their reputation scores (Ba and Pavlou 2002; Cabral and 

Hortaçsu 2010; Jin and Kato 2006; Resnick et al. 2006). In an online environment with 

unobserved quality and asymmetric information, seller reputation – shown in observable track 

performance, user feedbacks, and other indices – is especially important to demonstrate 

trustworthiness and credibility (Cabral and Hortaçsu 2010; Houser and Wooders 2006; Jin and 

Kato 2006; Livingston 2005; Resnick et al. 2006). Ye et al. (2014) examined a reputation system 

of an online marketplace and found that user feedbacks become so important in the eyes of 

sellers that low-quality sellers coerce buyers to revoke their negative feedbacks through 

retaliation (Bolton et al. 2012). Since reputation is such an important asset of sellers, a natural 

question is whether Taobao sellers with higher or lower reputation are more likely to use 

advertising strategies. From the informative view of the advertising theory (Esteban et al. 2001; 

Nelson 1974), one main objective of advertising for sellers is to inform buyers and match their 

products to the preferences of buyers. As low-reputation sellers are less likely to appear in the 

front of the organic search list, they have stronger needs to advertise. Nevertheless, for high-

reputation sellers, they may still be motivated to advertise. In spite of the importance of 

reputation score, there are reasons to believe that reputation alone is not adequate to signal 

quality. For example, Bolton et al. (2004) utilized an experimental approach and found that 

although the feedback mechanism induces quite a substantial improvement in transaction 

efficiency, it still did not reach the levels as in a repeated business condition. In addition, 

although high-reputation sellers are more likely to appear in the front of the organic search list, 
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there is no guarantee it will absolutely happen as the ranking of the search list also depends on 

price and other factors that are proprietary to the platform. It is not straightforward, from theory, 

whether sellers with high or low reputations are more likely to advertise, and this becomes an 

interesting empirical question.  

Sponsored search and social media endorsement are likely to have positive effects on 

boosting traffic for Taobao sellers. As noted earlier, advertising is attractive to firms as a means 

through which they can convey information to consumers and match products to the needs of 

buyers (Bagwell 2007). The informative view of advertising theory proposed by Nelson (1974) 

argues that advertising provide information to consumers through the following two effects: 

matching effect and repeated-business effect. First, matching effect means that advertising 

contains information on product attributes and price, which can match potential buyers’ 

heterogeneous tastes and their reservation prices (Anderson and Renault 2006). Second, 

advertising has the repeated-business effect as it can rekindle memories of experiences with the 

advertised products (Nelson 1974, Hertzendorf 1993). Both sponsored search and social media 

endorsement can have the matching effect as well as the repeated-business effect. Therefore, we 

expect both sponsored search and social media endorsement can significantly contribute to the 

increase of traffic for the sellers.  

In addition to the direct effect of sponsored search and social media endorsement in 

attracting traffic, we test two predictions that are associated with the matching effect and 

repeated-business effect based on advertising theory (Nelson 1974, Bagwell 2007). First, we 

understand, in addition to the matching effect from sponsored search, organic search list, which 

is generated by the platform’s search engine based on consumer keyword input, also provides the 

same function. Thus, the effectiveness of sponsored search may depend on whether the 
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advertised products also appear in the organic list or not. High-reputation sellers are more likely 

to appear in the front of the organic search list generated by the platform’s search engine. Such 

exposure for high-reputation sellers already contains information on horizontal attributes and 

product prices, and thus can partially substitute the effects of sponsored search. In other words, 

information contained in sponsored search could be redundant when high-reputation sellers 

already have advantageous exposure in the search result list due to their high reputation. Hence, 

their marginal benefit of using sponsored search could be reduced because of over-exposure 

from both paid list and organic list. Conversely, low-reputation sellers are often in a less 

advantageous position on the search list, and the favorable spot brought by sponsored search is 

unlikely to substitute the effect of organic search list, leading to a higher marginal benefit in 

attracting potential customers. Therefore, we expect that sponsored search has a more significant 

effect on traffic for sellers with lower reputation.  

Second, we test the repeated-business effect for the two advertising mechanisms. 

Advertising may remind consumers of their previous experience with the product (Nelson 1974, 

Hertzendorf 1993), and the exposure of either sponsored search and endorsement from social 

media could be effective in attracting customers who already have interactions with the sellers 

(Blake et al. 2015). This argument is consistent with marketing literature on mere exposure of 

banner ads (Chatterjee et al. 2003; Drèze and Hussherr 2003), by which consumers tend to 

develop a preference for things merely because they are familiar with them. Sellers may induce 

the return customers by advertising and allow those buyers to go directly to the acquainted stores 

without further searching. Return customers have a much higher likelihood to click the 

sponsored search advertisements compared to new customers. Those sellers with higher 

probability of repeat business have the greatest payoff to improved consumer connection. 
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Therefore, the more return customers a seller has, the more likely sponsored search 

advertisements would be clicked on. Thus, we posit that sponsored search has a stronger positive 

effect on traffic for sellers with more return customers. Similarly, social media endorsement 

should be effective on return customers as those customers are already familiar with the products, 

and the remarks in social media such as blogs can remind the experience for the return customers.  

4. Data and Econometrics Model 

4.1. Data and Variables 

We conduct our inquiry on the effectiveness of sponsored search and social media 

endorsement based on a panel data provided by Taobao. The dataset contains 4,348 randomly 

sampled sellers in women’s fashion category, with  monthly data across  10  months  from  May 

2011 to February 2012. This is an unbalanced panel data as some sellers may enter the market 

during the period. On the next sub-section, we give detailed descriptions on the variables in the 

dataset. Table 1 provides the definitions of the main variables. Table 2 presents the summary 

statistics of the variables. 

------ Insert Table 1 and 2 about Here ------ 

Traffic is the dependent variables for our analysis, and it is the number of unique 

individual visitors that have visited any product pages of a particular seller. Specifically, we use 

the monthly total of the visits in our analysis. Traffic is a count variable and is highly skewed as 

the standard deviation is much higher than its mean (distribution is shown in Figure 3). 

------ Insert Figure 3 about Here ------ 

Sponsored search (sponsored) is a dummy variable indicating whether a particular seller 

pay for the service of sponsored search advertisement in a given month. If a seller adopts the 
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sponsored search, the variable is coded 1; otherwise, it is coded as 0. The average of the variable 

0.56, suggesting over 50% of the sellers used the sponsored search. 

Social media endorsement (social) is a dummy variable indicating whether a particular 

seller utilizes social media endorsement service from Taobao in a given month. If a seller adopts 

the social media endorsement service, the variable is coded 1; otherwise, it is coded 0. The                                     

average of the variable, as shown in Table 2, is 0.46, suggesting less than half of the sellers used 

the service in a given month during our study period. 

Reputation is the accumulative feedback scores for a seller. It indicates how well and 

how long the sellers have established themselves on the marketplace. A buyer can rate the seller 

positive, neutral, and negative after each transaction. Sellers receive (+1) point if feedback is 

positive, (+0) point if feedback is neutral, and (-1) point if the feedback is negative. These scores 

accumulate over time for each seller and the reputation score is simply the cumulative sum of 

each transaction feedback. Taobao reputation score reveals to the customers how many 

successful transactions a seller has made and also implies how successful a seller is. Reputation 

score is also one of the major indices that help customers make purchase decisions. Previous 

literature suggests that the accumulated reputation score can be a proxy for seller size, as well as 

for seller trustworthiness (Jin and Kato 2006; Rob and Fishman 2005). Especially for those 

potential buyers who had never visited the online store before, they would rely heavily on the 

reputation score to make the purchase decision.  

Return customer indicates the number of customers who have made purchases with a 

particular seller more than one time within past six months. The average number of return 

customer is 146.97, and the standard deviation is 802.29, higher than the mean, suggesting the 

distribution of the variable is skewed. Return customers are usually the source of organic traffic.  
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Average price captures the average price of all the products of a seller in a given month. 

Different sellers have different business strategy to establish themselves on the marketplace. 

Average price is a good measurement of sellers’ product scope, indicating whether a seller is a 

high-end luxury brand seller or a budget brand seller. 

Product variety indicates the breadth of product categories offered by a seller in a given 

month. Given different business model, sellers may want to focus on a limited categories of 

products or they would like to provide a large variety of products for customers to choose from. 

As shown in Table 2, the average number of product variety is 299.79, and the standard 

deviation is 719.81, suggesting sellers on the platform have very different business model in 

terms of satisfying diverse consumer needs. 

Geographical region is sellers’ physical locations that are shown on their online profiles. 

We categorize each specific location to the three major regions in China: East, West or Central. 

The official classification of the three regions in China appeared in the Seventh Five-Year 

Development Plan passed by the National Congress of China in 1986 (Wei 2013), and we follow 

the plan’s classification to derive these dummy variables. These three economic regions 

represent different levels of economic growth in China. Eastern China is the most advanced in 

terms of average income, while western China trails in economic growth. The central region falls 

between the levels of Eastern and Western China. 

The distributions for many of the above variables are highly skewed and we log 

transform the continuous independent variables in our empirical analysis.  

4.2. Empirical Model  

 Our model is estimated using the endogenous treatment procedure developed by Rabe-

Hesketh and Skrondal (2012). The technique is similar to the treatment effect approach 
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developed by Heckman (1979) but in a more generalized and flexible form. Our model includes 

two endogenous treatment variables, and we estimate the system equations simultaneously 

instead of following a two-stage estimation approach of sample selection and treatment model. In 

the following, we model the traffic equation and the selection equation of advertising strategies 

respectively. 

4.2.1. Traffic Equation 

We postulate that sellers’ advertising strategies affect web traffic. The empirical model 

begins with the standard assumption that the sellers make choices about their strategies to 

increase store traffic, where store traffic is a function of advertising strategies employed and 

other seller characteristics. Specifically, we assess the impact on traffic based on seller price 

level, reputation, number of return customers, and product variety, all of which capture different 

aspects affecting online traffic. The number of unique visits 𝑦"# is a count variable and can be 

assumed to follow a Poisson distribution. Because we find evidence of 𝑦"# being over-dispersed, 

we consider a negative binomial model as the traffic model, which is a generalization of a 

Poisson regression model that allows for over-dispersion by incorporating an individual 

unobserved effect into the conditional mean (Hausman et al. 1984). We have the traffic model as 

follows:  

𝑝 𝑦"#|𝑋"# =
Γ(α + 𝑦"#)

Γ(α)Γ(𝑦"# + 1)
(

𝛼
𝛼 + 𝜆"#

)0(
𝜆"#

𝛼 + 𝜆"#
)123,	

where α  represents the extent of over dispersion. Γ (·) is a gamma function. Therefore, the 

negative binomial model is also a Poisson-gamma mixture model. The conditional expectation 

𝜆"# is structured as:  

𝐸 𝑦"# 𝑋"# = 𝜆"# = 𝑒𝑥𝑝 𝑦",#9:𝜏< + 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"#𝜏: + 𝑠𝑜𝑐𝑖𝑎𝑙"#𝜏F + 𝑋"#𝛽 + 𝜗" + 𝜀"#: . 
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The dependent variable 𝑦"# is the number of unique visitors seller i receives at time t.  𝜀"#:  

is the unobserved error and is assumed to follow a log-gamma distribution. 𝑦",#9: is the traffic 

receipt from last period; ϑL~(0, 𝜎P)  is the fixed effect capturing individual seller heterogeneity; 

Sponsored denotes whether a seller has adopted sponsored search; social denotes whether a 

seller has adopted social media endorsement; 𝜏:	 and 𝜏F captures the treatment effect of 

advertising strategy. 𝑋"# is a vector of variables including reputation, average price, the number 

of return customer, and product variety. 

The challenge of analyzing the effectiveness of the strategies is that the choice of the 

advertising strategies could be endogenous, because the important determinants of seller using 

those strategies may be unobserved, and that these unobservable effects may be correlated with 

the random component of the traffic model. It is likely that there could be shared unobserved 

heterogeneity for adopting the strategies and attracting traffic. For example, mature sellers may 

be more likely to adopt the strategies with their financial capability, meanwhile they tend to 

attract more traffic than new sellers do. Our model accommodates the potential endogeneity of 

the self-selection through direct inclusion of latent variable 𝜋"#  in both specifications. It is 

different from fixed effect panel model where individual specific unobservable depend on 

observed covariates in an unspecified way. Instead, we use a parametric approach, models out 

the dependence between individual specific effects and the covariates, leaving only the common 

unobservables. Below we establish the traffic model as  

𝑦"#∗ = log 𝜆"# = 𝑦",#9:𝜏< + 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"#𝜏: + 𝑠𝑜𝑐𝑖𝑎𝑙"#𝜏F + 𝑋"#𝛽 + 𝜗" + 𝜋"#𝛿 + 𝜀"#: 	, 

𝜋"#
𝜀"#:
	 ~	𝒩

0
0 ,

1
0
	0
		𝜎F . 

4.2.2. Selection Equation of Advertising Strategies 
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We model sellers’ choices of each strategy that is driven by sellers’ specific variables 

indicative of their inclinations to pursue advertising strategies. Since we have two binary choice 

variables, we therefore use bivariate probit model, which allows more than one equation, with 

correlated disturbances, in the same spirit as the seemingly unrelated regression model (Greene 

2012). Equations for probability of selecting sponsored search and probability of selecting social 

media endorsement are simultaneously estimated. We model the strategy selections as a function 

of the following independent variables: reputation, average price and product variety. Although 

it is desirable to include all the variables that could possibly affect their selection of the strategy, 

we include those variables that we have information on and use the latent variable and error term 

to capture unobserved effects. Below we show the selection equation. 

  
𝑧:"# = 𝜔𝛾: + 𝜋"# + 𝜀"�F , 	𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"# = 1	𝑖𝑓	𝑧:"# > 0, 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"# = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	, 
𝑧F"# = 𝜔𝛾F + 𝜋"# + 𝜀"#` , 	𝑠𝑜𝑐𝑖𝑎𝑙"# = 1	𝑖𝑓	𝑧F"# > 0, 	𝑠𝑜𝑐𝑖𝑎𝑙"# = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	, 

𝜀"#F

𝜀"#`
	 ~	𝒩

0
0 ,

1
ρ
	ρ
	1 	 , −1	 < 	ρ	 < 	1. 

Individual observations on 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"# and 𝑠𝑜𝑐𝑖𝑎𝑙"# are available for all 𝑖 and 𝑡; ω is a 

vector of variables including reputation, average price, product variety, and geographic region. 

εLf	~N(0,1)  is the error term. πLf~N(0, ψ)  is a factor representing shared unobserved 

heterogeneity, and	δ is a factor loading. For ease of computation, we restrict	ψ = 1. 

4.2.3. Full model 

 Putting the above equations together, we have the full model as follows: 

𝑦"#∗ = 𝑦",#9:𝜏< + 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"#𝜏: + 𝑠𝑜𝑐𝑖𝑎𝑙"#𝜏F + 𝑋"#𝛽 + 𝜗" + 𝜋"#𝛿 + 𝜀"#: 	, 

𝑧:"# = 𝜔𝛾: + 𝜋"# + 𝜀"#F , 	𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"# = 1	𝑖𝑓	𝑧:"# > 0, 𝑠𝑝𝑜𝑛𝑠𝑜𝑟𝑒𝑑"# = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	, 
𝑧F"# = 𝜔𝛾F + 𝜋"# + 𝜀"#` , 	𝑠𝑜𝑐𝑖𝑎𝑙"# = 1	𝑖𝑓	𝑧F"# > 0, 𝑠𝑜𝑐𝑖𝑎𝑙"# = 0	𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒	.     

Where, we assume that the latent variable and all the error terms follow a multivariate normal 

distribution: 
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𝜋"#
𝜀"#:

𝜀"#F

𝜀"#`
~		𝒩

0
0
0
0

,

1 0 0 0
0 𝜎F 0 0
0 0 1 ρ
0 0 ρ 1

. 

Our full model framework is adopted from Rabe-Hesketh and Skrondal (2012). We use a 

maximum-likelihood approach to maximize the log-likelihood function conditional on the sum 

𝑦"#k
#l: . This conditional likelihood function does not depend on the unobserved	𝜋"#, as it is 

transformed out. Hence the estimator is consistent for the coefficients on the time-varying 

covariates and it is asymptotically normal.  

5. Empirical Analysis 

5.1. Results 

Table 3 presents the results of the selection model of advertising strategy, in which we 

investigate whether seller characteristics are related to their choices of sponsored search and/or 

social media endorsement. We find that seller reputation has positive, significant effects on the 

choice of sponsored search with estimated coefficient of 1.111 (p < 0.01). The coefficient 

estimation of reputation for social media endorsement is 0.618, and is highly significant (p < 

0.01). This finding indicates that sellers with higher reputation are more likely to adopt 

advertising strategies than those with lower reputation. 

------ Insert Table 3 about Here ------ 

In addition, we show the boxplot distribution of seller reputation over the categories of 

using either one or both strategies (Figure 4). We see a steady increase of mean reputation score 

from sellers, ranging from those who do not use any of the two tools to those who use both. This 

further confirms the tendency of adopting advertising strategies when seller reputation increases. 

Moreover, sellers’ choices of strategies also vary according to the price level, product variety, 

and geographic regions. Product variety has a negative effect on the likelihood of using 



	

18	
	

18	

sponsored search, with coefficient estimate of -0.298 (p < .01), but has no significant effect on 

social media endorsement. It shows that sellers with less product variety are more likely to use 

sponsored search, but not necessarily to use social media endorsement. Average price has a 

positive, significant effect on sponsored search, with a coefficient estimate of 0.489 (p < .01), but 

has no significant effect on using social media endorsement, suggesting that sellers with higher 

price level are more likely to use sponsored search. In sum, only reputation plays a role in sellers’ 

choices of social media endorsement, while sellers’ decisions of using sponsored search are 

affected by reputation, product variety and average price. Sellers located in the East region are 

relatively more likely to use sponsored search, while sellers located in the both the East and the 

West region are more likely to use social media endorsement.  

------ Insert Figure 4 about Here ------ 

Table 4 shows the results of the traffic model. In the base model, after we controlling for 

other factors, estimated coefficient for sponsored search is 1.378 and it is highly significant (p < 

0.01). The estimated coefficient of social media endorsement is 1.058 and it is highly significant 

as well (p < 0.01). Thus, sponsored search and social media endorsement are both effective 

strategies in boosting online traffic. Figure 5 also shows the distribution of traffic according to 

the usage level of the strategies. Sellers using social media endorsement have lower mean traffic 

than sellers using sponsored search, which is consistent with the results of the traffic model, 

suggesting that sponsored search has a higher marginal effect on traffic than social media 

endorsement. We also find that seller reputation, product variety and the number of return 

customer are all significant in increasing traffic. The estimated coefficient for reputation is 0.049 

and is highly significant (p < 0.01). The estimated coefficient for product variety is 0.191, and is 
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highly significant (p < 0.01). The estimated coefficient for return customer is 0.533 and is 

significant as well (p < 0.01). 

------- Insert Table 4 about Here ------ 

Interaction Model (I) (Table 4) shows our investigation of whether the effects of 

sponsored search and social media endorsement are complementary or substitutionary. The 

estimated coefficient for the interaction term of sponsored search and social media endorsement 

is -0.399, and it is highly significant (p < 0.01). It indicates that sponsored search has a smaller 

marginal effect on store traffic when it is used together with social media endorsement. By the 

same token, social media endorsement has a smaller marginal effect on boosting store traffic 

when coupled with sponsored search. Therefore, the effects of these two advertising strategies 

are partially substitutive.  

The interaction model (II) in Table 4 shows that sponsored search is a more effective tool 

in boosting traffic for sellers with lower reputation, with the coefficient estimation of -0.286 (p < 

0.01) for the interaction term of sponsored search and reputation. Social media endorsement 

appears less significant when interact with seller reputation. The estimated coefficient for the 

interaction term of social media and reputation is 0.024, and it is only marginally significant (p < 

0.1). This finding suggests that, compared to high-reputation sellers, sellers with lower reputation 

may have more benefit in using sponsored search, yet high reputation could somewhat bring 

marginal benefit when sellers adopt social media endorsement. Lastly, sponsored search works 

better in increasing traffic for those sellers with more return customers. The estimated coefficient 

for the interaction term of sponsored search and return customer is 0.123, and the coefficient is 

highly significant (p < 0.01). The estimated coefficient of the interactive term between social 

media endorsement and return customer is -0.011, but it is insignificant.   
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5.2. Robustness Test 

Our dataset contains sellers that adopted both strategies, therefore allows us to compare 

the effectiveness of the two strategies. However, some may argue that our results may be 

influenced by the correlation of the two strategies or the selection bias of those sellers that 

adopted both strategies. Hence, we test our empirical model based on a split sample, where we 

only include sellers who have had adopt only one strategy or none in the whole sample period as 

a robustness check to ensure that there is no such bias existed in our results. The results for the 

split sample analysis are qualitatively similar to the results of entire sample, where all the signs, 

magnitude and significance level remain the same. 

To further confirm the main effect of either strategy on increasing traffic, we also 

conduct matching techniques as robustness checks. We match sellers who resemble each other in 

all relevant characteristics and then compare the impact on traffic by using each strategy. Since 

we have two binary choice variables, we have to first match sellers that not only have similar 

characteristics but also have the same decision on adopting one of the strategies, then we treat 

the adoption of the other strategy as a treatment. We use log-transformed traffic variable as 

outcome variable and calculate the after treatment effect for each strategy on the outcome. Given 

our treatment could possibly change for every time period, we have to do the matching 

sequentially and calculate the overall after treatment effect (Wooldridge 2010). Although there 

are several matching techniques, we use propensity score matching and nearest neighbor 

matching. For propensity score matching, we have after-treatment-effect of sponsored search 

equals to 0.44, and after-treatment-effect of social media endorsement equals to 0.24. For nearest 

neighbor matching, we have after-treatment-effect of sponsored search equals to 0.64, and after-
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treatment-effect of social media endorsement equals to 0.28. Both matching technique confirms 

the effectiveness of both strategies.   

In additional to the original variables that are used in the main analysis, we check the 

validity of our results by using an alternative variable of seller reputation: seller tenure. Although 

seller tenure is usually correlated with seller reputation, whereas seasoned sellers usually have 

higher reputation, it may not function the same as seller reputation does. This way, we can 

eliminate the possibility that the impact of those strategies on traffic are caused by seller 

reputation. We find that the results pertaining to the effect of the strategies using this alternative 

variable is substantively similar to the main result: seasoned sellers are more likely to adopt both 

strategies and the effect of both strategies are still significant on increasing traffic after 

controlling for seller tenure. 

6. Discussions and Implications 

The evidence we find from the selection model of advertising strategies suggests that 

sellers with different reputation level have different preferences in choosing their advertising 

strategies. We find that sellers with higher reputation are more likely to adopt sponsored search. 

As we mentioned earlier, high-reputation sellers are the ones that have already established 

themselves on the platform, but they may still be motivated to employ advertising tools. 

Although high-reputation sellers are more likely to appear in the front of the organic search list, 

there is no guarantee it will absolutely happen as the ranking of the search list also depends on 

price and other factors. In addition, sellers with higher reputation may have more resources to 

spend on advertising, as sponsored search could be expensive. From the perspective of 

persuasive role of advertising (Bain 1956; Braithwaite 1928; Comanor and Wilson 1974), it is 
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also possible that high reputation sellers may be motivated to advertise for competitive reasons. 

However, we do not have data on market structure and it could be a topic for future research.  

From our baseline traffic model, we confirm that both sponsored search and social media 

endorsement play significant roles in increasing traffic. We also find that the two strategies, 

sponsored search and social media endorsement, are partially substitutive. Although sellers who 

employ both sponsored search and social media endorsement are able to, on average, attract  

more traffic than those who only use one tool, the marginal effect of sponsored search (social 

media) is lower when social media (sponsored search), the other tool, is also used. It is possible 

that some potential buyers are exposed to both advertising mechanisms, which lowers the 

marginal effect of each tool. 

Our results provide interesting insights on the ways the two advertising models work. 

Although sellers with higher reputation are more likely to adopt sponsored search, the effect of 

sponsored search is stronger for sellers with lower reputation. Low reputation sellers are often 

positioned in a less advantageous position in organic search, and, as a result, buyers cannot find 

them easily. By adopting sponsored search, lower-reputation sellers have higher chance to be 

matched with potential customers, and hence, the marginal benefit of sponsored search is higher 

for them. In addition, high-reputation sellers are more likely to appear in the front end of product 

search, and, if in the meanwhile their sponsored search advertisements are displayed alongside 

the organic list, it can create an over-exposure for those sellers and the effect of attracting 

customer becomes somewhat redundant. In contrast, social media endorsement works differently 

in reaching the potential customers. Customers who see the advertisement in social media 

platform usually do not have a specific purchase intention. They may follow an endorser’s link 

and visit a seller’s product page when the endorser’s post contains certain positive elements that 
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intrigue them. In this case, a high-reputation score may play a positive role in converting social 

media exposure into traffic, especially when the seller’s reputation is also mentioned in the social 

media post. 

The findings of this study suggest that return customers have a much higher likelihood to 

click the sponsored search ads compared to new customers, given the repeated exposure. 

Therefore, the traffic generating effect brought by sponsored search is stronger for sellers with 

higher number of return customer. However, we find this repeated exposure effect is not 

significant for social media endorsement. One explanation is that return customers are more 

likely to be exposed to sponsored search ads because these are targeted ads based on the product 

keywords. Return customers, because of their prior purchase records and preferences, could be 

exposed to sponsored search ads more frequently. For social media endorsement, despite its 

potential positive effect on repeated customers, the likelihood for return customers to see a social 

media post for a related store or product is low, given that the audience of the social media 

endorsement is quite general and may have little overlap with repeated customers. Thus, we do 

not find social media endorsement has significant effect on return customers.  

Our study provides insightful managerial implications to practice. In online marketplace, 

traffic is the one critical factor for sellers to succeed. It constitutes the mass of visitors that can 

potentially be converted into sales (Benbunan-Fich and Fich 2004). Indirectly, continuous web 

traffic could help sellers to gather more feedback, gain more return customers, and sustain long 

term growth. Given the importance of traffic, sellers should be aware of the value in adopting 

advertising tools. Our results have important implications to both new sellers with low reputation 

and seasoned sellers. Our results suggest that sellers’ self-selection of advertising strategies may 

not be as effective as they think. Although low-reputation sellers have higher marginal benefit 
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from sponsored search, they, ironically, are less likely to adopt sponsored search. This could be 

due to the high cost of search advertising. Sellers with lower reputation and less experience, may 

lack the strategic understanding as well as the resources for search advertising. Low-reputation 

sellers may consider increasing their investment on sponsored search for the following reasons. 

First, as out study finds out, the marginal benefit of their investment is higher than that for high-

reputation sellers. Second, bringing more traffic has some long-term, strategic benefits. With 

more traffic, a seller’s reputation and return customers with increase more quickly, and this can 

create a virtuous cycle for the sellers. 

For high-reputation sellers, while the value of sponsored search is more for low-

reputation sellers, they may still want to use sponsored search for the following reasons. First, 

the benefit in using sponsored search is still positive. Second, they are the ones with possibly 

more return customers, and sponsored search could be an effective way to target those customers 

and generate more repeated sales. Further, they may keep using sponsored search for competitive 

reasons. In addition, high-reputation sellers could consider spending resources on social media 

endorsement, which might attract new customers from a different channel.  

From the marketplace perspective, our results confirm the value of the advertising-based 

business model and provide three fold implications to the platform organizers. To begin with, 

sellers’ preferences for different advertising strategies allow the marketplace to understand the 

heterogeneous sellers better and to customize services that would benefit different sellers. As 

new sellers benefit from the freemium model to start their businesses, the platform should 

educate the sellers to utilize effective tools to gain competitive advantage. For new sellers, the 

platform should raise their awareness of various marketing tools and coach them to use those 

tools skillfully. Essentially, it is not an optimal strategy for sellers to only use the free service. 
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Adopting tools strategically would create long-term benefit for both the sellers as well as for the 

platform as advertising can create value for both of them. Further, our results can help platform 

organizers to design a good policy for the marketplace. The long-term success of the marketplace 

depends on new entrants, who bring in innovative products and help extend the reach of the 

market. However, those newcomers may lack the resources and knowledge to compete with 

incumbents. Platform should have policies that introduce various marketing tools to entrants with 

discounts or rebates. Finally, the platform should design and implement alternative mechanisms 

to engage sellers. Even though we only discuss the two popular advertising tools, there are 

alternative ways to satisfy the needs of different types of sellers and avoid direct competition. 

Prior literature has studied mechanisms such as charity-giving (Elfenbein et al. 2012) and 

warranty program (Dewally and Ederington 2006), all of which could also be leveraged by the 

platform to reduce direct competition among the participants and maintain a healthy ecosystem. 

7. Concluding Remarks 

Using data from Taobao marketplace, we explore what affect sellers’ choices of 

advertising strategy and how those choices affect online traffic for heterogeneous sellers. We 

find that high-reputation sellers are more likely to adopt advertising strategies compare to low-

reputation sellers. We also find that sponsored search is more effective for sellers that have lower 

reputation and more return customers. Compared to sponsored search, social media endorsement 

is more general and has similar effect for either new sellers or mature sellers in terms of 

attracting traffic. We also empirically identify that the two advertising strategies, social media 

endorsement and sponsored search, are partially substitutionary, and, hence, sellers should 

maximize their benefit from choosing the right strategy according to their heterogeneous 

characteristics. Given all those findings, our results produce good managerial insights for both 
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online marketplace and marketplace sellers. First, our findings provide a good foundation for 

marketplace to target their service and allow them to design better policy to accommodate the 

sellers. Our findings indicate that the adoption of those advertising strategies may not be 

uniformly beneficial to all sellers. Therefore, the marketplace has to provide sellers with the most 

effective tool, which will benefit both the platform and the sellers. Second, sellers can benefit 

from choosing the tools strategically in order to take fully advantage of the paid services. This 

insight serves to help sellers to come up with better planning and resource allocation in future 

online advertising campaign. Lastly, our paper provides empirical evidence to support the 

informative view of advertising theory. Our results show that the matching effect and repeat 

business effect are important in online advertising.  

We believe there are several possible extensions of this study. Our sample is limited to 

one product category, i.e. women’s fashion, in the marketplace, in which consumer and seller 

behavior might be different when it comes to the sales of other product type. Therefore, checking 

for generalizability of results across different marketplaces or product categories would be 

interesting for future research. Future studies could also test other perspectives of the advertising 

theory and provide explanations for sellers’ motivations in adopting advertising tools. Further, it 

will be interesting to see whether advertising models can complement other business models 

such as transaction-fee based ones.  
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Chapter 3: Assessing the Effectiveness of Live Chat on Conversion 

Probability: Evidence from an Online Marketplace2 

1. Introduction 

According to a study by Morgan Stanley, one important factor contributed to the success 

of  Taobao, the biggest e-commerce platform in China, is its live chat system, WangWang, 

which facilitates buyer-seller communications (MorganStanley Ltd 2005). Over the years, many 

online retailers, including Nordstrom.com, Kohl’s, and Walmart.com, have also come to 

embrace live chat for the purpose of improving customer service and facilitating transactions on 

their websites. A survey by J. D. Power in 2013 indicates that live chat has become the leading 

contact source for the online channel, as 42% of customers use live chat in comparison to 23% 

use email and 16% use other social media. More importantly, online satisfaction is the highest 

among customers who use the chat feature (J.D.Power 2013). 

Consumers usually start their online shopping by browsing and comparing different 

products. They typically initiate live chat requests in the middle of the online shopping when 

they want help from a live person to answer specific questions about product features or delivery 

(Clarkson 2010). Similar to brick-and-mortar stores, the two fundamental tasks of an online 

seller are: (i) attracting traffic to the store, and (ii) converting the traffic into purchases 

(Perdikaki et al. 2011). Consumers are likely to abandon product pages or shopping carts if their 

burning questions remain unanswered (Clarkson 2010), and live chat can certainly facilitate the 

second task and improve sales. In this paper, we seek to establish that live chat can substantially 

influence consumer purchase decision and increase conversion probability. 

																																																													
2 This paper is coauthored with Ming Fan and Jianqing Chen. 
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We argue that the live chat in an online marketplace plays two roles in connecting sellers 

and consumers. The first role is to inform consumers about specific product and service 

attributes. Most of the consumers start live chat requests when they are interested in a certain 

product but have questions about the product or transaction. Therefore, live chat service allows a 

seller to engage visitors with purchase intent and address their burning questions in making 

purchasing decisions. Second, live chat can guide customers by making suggestions and 

highlighting the values of the products when the seller and buyer have real-time conversations. 

Just like in a physical store, where a sales representative can add value by helping customers 

select the right product, in an online store, the seller can better understand customer needs and 

reach out to the customers by making recommendations and suggestions. Understanding the 

relative importance of these two roles can help online seller allocate their resources and serve 

their customers more efficiently. In the meantime, the effectiveness of the two roles of live chat 

could depend on the existing information on product pages, such as product descriptions, ratings 

and reviews, as those types of information also help consumers mitigate uncertainties regarding 

product quality as well as product fit to their needs (Chen and Xie 2008; Kwark et al. 2013). Our 

research seeks to address the following interrelated questions: Is there a heterogeneity among 

different types of sellers in offering live chat service? How does a seller’s effort on live chat 

affect the seller’s traffic conversion? How does the effectiveness of live chat depend on existing 

website information?  

Despite the increasing recognition that live chat is critical in facilitating online 

transactions, there is a lack of empirical work examining such effect. Recently, Ou et al. (2014) 

find that buyers’ effective use of online communication tools cultivates swift guanxi and trust by 

enhancing the buyers’ perceptions of interactivity. As a result, these buyers are more likely to 
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make repeat purchases. Nonetheless, as Ou et al. (2014) focused on whether online 

communications would increase repurchases, the sample of their survey study was limited to 

those who already have made a purchase with the seller, and the effect of live chat on converting 

store traffic to transactions has not been addressed. In addition, we examine the effect of live 

chat based on second-hand, objective data from sellers, and thus offer a direct approach in 

investigating the effect of live chat.  

Our empirical findings show evidence of live chat effort in driving online conversion rate. 

However, the effects of live chat are different given the existing information perceived by 

consumers. The informative effect of live chat could complement information loss on the product 

page, while the persuasive effect of live chat is stronger under the situations when consumers 

give preferences toward the seller/product.  

The rest of the paper is structured as follows. Section 2 reviews relevant literature and 

highlights our theoretical contribution. Section 3 provides descriptions of the research context 

and develops the theoretical background for the empirical model. Section 4 introduces the dataset 

and variables. Section 4 illustrates the empirical model and specifications. Section 5 provides 

results from empirical analysis. Section 6 concludes with a discussion of practical implications, 

contributions, and limitations. 

2. Literature Review 

The need for online shopping help is evident from prior studies (Zhu et al. 2009), and a 

great amount of prior research is formed in the fields of computer-mediated communication 

(CMC). CMC includes many different types of technologies such as email, online communities, 

chat and so on. IS literature has focused on the social structures that emerge when people use 

these applications, as well as the design and implementation issues associated with constructing 
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communication technologies. Many studies have focused on the interface of online consumer 

trust and communication technologies. Recently, the effect of CMC technologies has been 

studied empirically in the context of online communities, such as crowdsourcing platforms (e.g., 

Blohm et al. 2016; Burtch et al. 2016), communities for user-generated content (e.g., Johnson et 

al. 2015; Zeng and Wei 2013), and online feedback systems. However, research on the effective 

use of live chat service in facilitating sales performance in C2C marketplace is still limited. 

Yadav and Varadarajan (2005) present a conceptualized model of interactivity from a 

marketplace perspective, and argue that interactivity is what perceived valuable by consumers in 

the online marketplace. Ou et al. (2014) adopted media synchronicity theory and apply that in the 

context of online marketplace, they found that CMC technologies can help building swift guanxi 

between buyer and seller, so that they can facilitate repeat purchasing behavior.  

Our work also relates to a large body of literature that examined marketing 

communication mix. With the rapid growth of Internet, the elements of marketing 

communication mix have also evolved. live chat is deployed as one new element in the 

marketing communications mix (Bucklin et al. 2009; Chen and Xie 2008). Numerous research 

have examined the impact of marketing communication mix implemented outside the website 

(e.g., display ads, e-mails) in enabling conversions at the website (Chan et al. 2011; Chatterjee et 

al. 2003; Ghose and Yang 2009; Manchanda et al. 2006; Rutz and Bucklin 2011). In particular, 

Li and Kannan (2014) integrate the effects of a variety of marketing communications (e.g., 

search, display ads, e-mails, referral engines) on website visits and conversion, they found that 

the attribution of each channel to the overall conversion rate is different given different brand 

strength of the firms. Their work explains the nature of carryover and spillover effects across 

various online marketing mix elements, yet their data doesn’t contain the live chat channel. To 
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the best of our knowledge, very few studies have examined why and how live chat is effective as 

an important form of marketing communication mix.  

We adopted our theory from economics literature and examined the two roles of live chat. 

The first is the persuasive role, wherein advertising alters consumer’s tastes and creates spurious 

product differentiation and brand loyalty (Bagwell 2007). The second is the informative role, 

wherein advertising reduces search costs that otherwise may deter a consumer from learning of 

each product’s existence, price and quality (Bagwell 2007). Both of the two roles have been 

widely discussed in the context of advertising (e.g. Braithwaite 1928; Hertzendorf 1993; Nelson 

1974; Robinson 1969). We contribute to this body of research by demonstrating how live chat 

could also fulfill the two roles, and we show that it is of special importance to subject the two 

roles to the empirical evaluation of live chat.  

Our study contributes to the growing literature that looks at different driving forces of 

conversion rate. A number of papers focus on using clickstream data to analyze the conversion 

effects of website visits (Moe and Fader 2004; Sismeiro and Bucklin 2004) and advertisement 

clicks (Agarwal et al. 2011; Manchanda et al. 2006; Xu et al. 2014). For example, Sismeiro and 

Bucklin (2004) used clickstream data to develop a model of online buying by linking the purchae 

decision to what visitors do and to what they are exposed to while at the shopping site. Their 

finding suggests that the more time and effort that visitors invest in the site, the more likely they 

are to eventually buy at the site. They also find that a site’s offering of a electronic decision aid 

(such as comparison matrix tool) does not increase conversion rate. Xu et al. (2014) studied the 

effects of various types of online advertisements on purchase conversion. Their results show that 

display ads have a relatively low direct effect on conversion rate but they are likely to stimulate 

subsequent clicks on other advertisements, which then lead to purchases. 
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3. Research Context and Theoretical Framework 

3.1 Research Context 

To address our research questions, we study seller behaviors on Taobao.com, one of the 

largest online marketplace in the world. In 2004, Taobao launched its live chat service, 

“WangWang,” as a tool to facilitate communication between buyers and sellers. Although it is 

functionally similar to standalone instant messaging applications such as Skype and MSN, 

WangWang is imbedded in Taobao website and its icon is displayed on product description 

pages. When a potential buyer logs in at the marketplace, WangWang is automatically activated 

and the buyer can see whether a seller is online, indicated by the color of the icon. If a seller is 

online, the buyer can chat with the seller. WangWang not only supports live chat, but also allows 

file transfers. As such, sellers can send additional product images or related certificates to 

interested buyers upon request. Buyers can use the tool to ask a wide range of questions, such as 

product features, shipping, and return policies. 

Industrial reports have argued that live chat service, which is absent in eBay, is an 

important advantage that makes Taobao more competitive against eBay in China 

(MorganStanley 2005, Ou and Davison 2009). WangWang improves customer services by 

facilitating real-time communication between buyers and sellers and also fulfill the needs of 

many Chinese consumers with haggling habit. However, sellers’ dedication to use the tool varies 

broadly---some sellers reply to buyers’ questions promptly and make real-time conversation with 

buyers most of time, while others do not. The data on the usage of live chat among sellers 

provides us a unique opportunity to investigate how sellers’ responsiveness in live chat 

influences buyers’ conversion probabilities. 

3.2 Theoretical Framework 
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Product Quality and Fit 

In making online shopping decisions, consumers have to consider quite a few factors such as 

brand, product description, price, availability, and shipping. All these factors can be broadly 

categorized to two dimensions: product quality and fit (Kwark et al. 2014). Product quality refers 

to the degree of excellence of the product, and consumers prefer high quality rather than low 

quality, everything else being equal. In the case of women’s apparel, how well an apparel has 

been made and packaged is about the quality. Although quality usually cannot be measured 

directly, in an online environment, product ratings and reviews can serve as an indicator of the 

quality and, thus, could affect consumers’ purchase decisions.  

The fit of a product refers to the degree of being in agreement with a consumer’s need. Fit 

is consumer specific, and consumers may have different preferences for the same attribute 

(Kwark et al 2014, Mendelson and Parlakturk 2008). For instance, for women’s apparel, buyers 

have different preferences for its color and size. On a shopping website, sellers typically provide 

fit information through detailed product description in text and pictures. In the case of women’s 

apparel, sellers on Taobao typically provide information such as designer, product color, size, 

and fabric, which is all about the fit. Besides product description, online product review could 

also provide information regards to the fit. For example, some reviews contain the buying 

consumer’s height and weight and whether the size fits his/her figure after trying it on. 

Although information such as product ratings, reviews, pictures, and detailed product 

descriptions help customers to know different aspects of a product, there are still tremendous 

uncertainties regarding product quality and fit, which cannot be easily addressed. For example, a 

certain style of clothing may look good or not that good with other pieces. Those issues require 

the help from experienced sales associates who understand both the products and customers. 
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Role of Live Chat 

Consumers usually start live chat requests when they have already been attracted to an online 

store and are browsing various products. If they cannot quickly find answers to their questions, 

customers are likely to abandon their browsing and shopping carts (Clarkson 2010). Live chat 

service allows a seller to engage visitors with purchase intent and address their critical questions 

regarding their purchasing decisions. The use of live chat can not only provide additional 

information to consumers to reduce product quality and fit uncertainty, but also influence 

consumer preferences by introducing and promoting certain products. As an important element 

of the expanded Internet-based marketing communication mix (Bucklin et al. 2009), live chat, 

just like service representatives in brick-and-mortar stores, can ensure immediate customer 

service and effectively convert interested browsers into actual buyers. We aim to investigate the 

role of live chat in improving a store’s conversion rate by looking at two major tasks of 

marketing communication that live chat can deliver: informative effect and persuasive effect 

(Keller 1987, 2001). 

First, live chat allows sellers to provide customers with timely information, which will 

reduce overall uncertainties and help customers better assess a product’s fit to their needs. This is 

the informative effect of live chat. Compared to shopping in physical stores, online shopping is 

associated with more uncertainties because customers cannot touch and feel the products 

(Devaraj et al. 2002; Dimoka et al. 2012; Kim and Krishnan 2015; Zhu and Zhang 2010). When 

customers are browsing through products across different sellers, they rely on the pictures, 

product descriptions, and product reviews to make purchase decisions. Nonetheless, customers 

may often have questions that are not answered by the information on product pages, or the 

answers may not be easily located in product descriptions and reviews. All those uncertainties 
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may either impede consumers who would have a good fit with the product from purchasing, or 

impose search costs on consumers and deter a consumer from learning of the product. When a 

seller provides information through live chat, the seller can address a buyer’s questions directly 

and can reduce a buyer’s uncertainty regarding the product’s fit to her/his need. When 

uncertainties are reduced and consumers possess more product-related information, they will be 

more likely to purchase a product that fits their needs (Goh, Heng, and Lin 2013). In the case of 

women’s fashion, customers may ask for detailed information on fabrics, size, and color. Such 

questions, if not answered, could hold customers back from making the purchase. With 

additional information obtained through live chat, uncertainties can be alleviated. As a result, a 

potential buyer is more likely to find a product that matches her needs, and has more desire to 

complete the transaction.  

Second, live chat provides sellers an opportunity to engage conservations with customers 

and “lobby” customers by highlighting the positivity of the products, and thus a customer’s 

perceive quality or valuation of a product might be enhanced, which we name persuasive effect 

of live chat. In contrast to the informative effect of live chat via which buyers learn more about a 

product’s fit to their needs, persuasive effect may occur via sellers’ elaboration on the quality or 

value of the product. For instance, via WangWang sellers on Taobao often quote positive 

testimonies from buyers to illustrate the great value of a product, highlight recent orders and 

sales figures to indicate the popularity of a product, elaborate on how well a product has been 

made or how durable a product is, and reiterate the good rating as a proof of the good quality of a 

product. All these types of positive statements via live chats can influence consumer evaluation 

of the seller and the product, and make consumers more likely to make up their minds and make 

purchase.  
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Combining the functions of live chat through the informative effect and persuasive effect, 

we have reasons to argue that sellers with higher live chat responsive rates can better address the 

customers’ needs, enhance customer experience, and reduce the abandonment of product and 

sales pages. Thus, we hypothesize:   

Hypothesis 1: A higher live chat responsive rate is associated with a higher sales conversion rate 

for sellers.  

In addition, we aim to examine how the two functions of live chat interact with the 

existing information dimensions so that we can further understand this communication 

mechanism. We argue that the two functions of live chat—informing and persuading—could 

have differential effects as a result of how consumers perceive product fit and value from the 

existing information on the product page. While the informative role of live chat—in terms of 

providing additional desired information—could be a natural supplement to the fit information 

consumers are seeking, the persuasive role may largely depend on the perceived value of a 

customer toward a product. 

When sellers have already provided detailed information such as product detail-views 

and size charts, less demand is desired for this type of information via live chat. Therefore, the 

relationship between live chat and purchase conversion is contingent on the comprehensiveness 

of product information. When detailed information has already been provided, live chat is of less 

value in terms of addressing customers’ specific concerns and questions regarding product fit. In 

other words, live chat plays a more important role in converting potential buyers when the 

product description on the item page is less comprehensive, or live chat is likely to be less useful 

in the presence of already abundant detailed product information. Therefore, we expect that the 
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positive effect of live chat on conversion is stronger when sellers have less detailed product 

information on product pages, and we have the following hypothesis: 

Hypothesis 2: Live chat responsiveness has a larger impact on conversion rate when sellers have 

less detailed product information. 

persuasion is more likely to succeed when a potential customer already has a positive 

impression or feeling toward the product (Ahluwalia 2002); that is, when the customer perceives 

higher utility from a product, persuading is more likely to work. Researches in social psychology 

have widely examined the conditions that can make persuasion more likely to succeed, and it is 

well established that individuals are more likely to be persuaded by someone they like (Cialdini 

2001, Cialdini and Goldstein 2004). Prior research indicates that consumers’ expected utility of 

an online product is higher when the product has a higher product rating and/or a lower price 

(Kwark et al. 1014). Product rating can reflect product quality and has been shown to be a 

critical factor in consumers’ purchase decision (Chevalier and Mayzlin 2006; Clemons et al. 

2006; Dellarocas et al. 2007; Dewan and Ramaprasad 2012). Additionally, price also plays an 

important role in shaping customers’ perceived utility of a product. For example, Kim and 

Krishnan (2015) find that consumers are unlikely to buy expensive products online especially 

with the presence of product uncertainty. When consumers already have a high perceived value 

toward a product or a store, it is much easier for the seller to use, for example, positive 

testimonies or scarcity of the products to promote the products. In summary, we expect that live 

chat can be more effective in persuading customers and has a more positive effect on conversion 

when customers perceive higher utility from the product—that is, when either the product rating 

is higher or when the product price is lower. Therefore, we hypothesize: 
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Hypothesis 3: Live chat responsiveness tends to have a larger impact on conversion rate when 

the product rating is higher.  

Hypothesis 4: Live chat responsiveness tends to have a larger impact on conversion rate when 

the product price is lower. 

We further investigate with the role of live chat on conversion with the presence of online 

reviews. Previoius research have found that customer reviews are the most effective user 

generated social tactic for driving sales(Dhar and Ghose 2010). However, there is a significant 

amount of noisy information in these kind of social content, and it might have different 

interaction effect with live chat. On one hand, While online reviews provide plenty of 

information to consumers, the volume of reviews also signals the popularity of a product (Zhu 

and Zhang 2010) and is important in driving sales (Duan et al. 2008; Godes and Mayzlin 2004). 

Reviewers may reveal information in the fit dimension which may work as substitutive to the 

live chat service provided by sellers. On the other hand, quality signals through volume of 

reviews can complement the persuasive effect of live chat. If the quality dimension dominates, 

we expect live chat, in terms of persuading consumers, can be more effective when review 

volume is higher. If the fit dimension dominates, we expect live chat, as a source of product 

information, to be less effective when review volume is higher. Combining the two perspectives, 

we arrive at two competing hypotheses: 

Hypothesis 5a: Live chat responsiveness tends to have a larger impact on conversion rate when 

review volume is higher.  

Hypothesis 5b: Live chat responsiveness tends to have a lower impact on conversion rate when 

review volume is higher.  
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4. Data and Variables  

Our dataset consists of aggregated monthly information of 2,469 sellers on Taobao in the 

category of women’s clothing. We have a unique dataset that records seller’s operation and 

performance for a 10-month period since May 2011.  We have data regarding sellers’ response 

rate of their live chat service and their monthly traffic data such as total web traffic and 

converted traffic. Our dataset also contains seller business information such as number of repeat 

customers and return product ratio. We also have detailed information for each seller including 

seller rating, number of reviews, average price, and number of product pictures. Table 5 lists 

detailed variable description. The summary statistics of the variables are displayed in Table 6. 

We discuss these variables in detail below.  

------ Insert Tables 5 and 6 about Here ------ 

Total traffic is the number of unique web visitors that have browsed the seller’s products. 

Similarly, paid traffic is the number of unique web visitors that ended up making purchases with 

the seller. Conversion rate is calculated as paid traffic divided by total traffic. From the 

summary statistics we can see the average conversion rate is about 2%. This number is consistent 

with current industry average for e-commerce, where a typical conversion rate is 1.33%-3.6%. 

(Bez 2016) 

Response rate is a ratio measuring sellers’ responsiveness on live chat. It is calculated 

based on total number of responded conversation divided by the number of live chat requests 

from customers. In our sample, the average response rate is about 57%.  

Reputation refers to the cumulative product rating score for each seller over time. Prior 

literature suggests that reputation score can be a good proxy for seller size, as well as overall 

trustworthiness (Dellarocas 2003; Jin and Kato 2006; Elfenbein et al. 2012). In our dataset sellers’ 
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reputations score ranging from 139 to 347,041, whereas the distribution is highly skewed. The 

mean of reputation variable is 10,164.56, and the standard deviation is 17,773.66. 

Repeat customer refers to the number of customers who have made more than one 

purchases with the seller during the past 6 month. It varies significantly from seller to seller, 

ranging from no return customers to as high as 1,976 return customers.  

New product refers to the number of new products launched by a seller within each 

month. The variable is also highly skewed, with the mean equals to 74.19 and standard deviation 

equals to 211.21. 

Return ratio is the percentage of product returns within a month. It is interesting to see 

that the average return ratio is close to zero, indicating the majority of sellers in our sample have 

a very low return rate. 

Price refers to the average price of all the products for a seller, shown in Chinese Yuan. It 

represents price levels of the sellers. Different price levels may attract different segments of 

consumers. Our summary statistics show that seller price ranges widely and have a skewed 

distribution. The average is 170.76, which is about $27, and the standard deviation is 162.41. 

Rating refers to the detailed seller ratings for the sellers. The rating is a moving average 

of the scores a seller received in the past six months, and a customer can rate the seller on 

product quality as compared to description, service, and shipping, at a scale from from 1 to 5. 

Thus, the seller rating is a measure of store product and service quality. The average rating is 

4.76, and the standard deviation is 0.17.  

Review refers to the total number of newly-added product review for a seller in a month. 

On average, a seller accumulates 441.15 product reviews every month, with the standard 

deviation of 806.42. 
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Picture refers to the average number of pictures listed on sellers’ product pages. We 

operationalize it as a proxy of how much detailed product information a seller provides on the 

product pages. On average, sellers post 4 pictures on each product. 

5. Empirical Model  

In this section we discuss how we develop our two stage model in a hierarchical Bayesian 

framework. Bayesian hierarchical models have been widely used in marketing and is a useful 

tool for modeling multi-faceted, non-linear phenomena, especially in analyzing (i) individual 

level decision making, and (ii) the differences of preferences and sensitivities among individuals 

(Allenby et al. 2005). Furthermore, heterogeneity can be better represented through Bayesian 

approach. For example, traditional econometrics methods use regression intercepts to model 

heterogeneity. With random coefficient model, we don’t have to confine the differences to 

intercepts only, and we can model heterogeneity in slope coefficients (Rossi et al. 2005). We 

apply random coefficient model in the second stage to empirically identify whether live chat 

effectiveness is contingent on other factors related to consumer decision making. Specifically, 

we model live chat response rate as a function of seller characteristics, and, in the second stage, 

we model conversion probability as a function of live chat response rate with a distribution of 

coefficients across sellers. We describe our model in details below. 

5.1. Modeling Live Chat Response Rate  

To control for potential endogeneity, we first model live chat response rate as a function 

of seller characteristics, including reputation, price level, the number of repeated customer, 

return product ratio, and the number of new products. Basically, sellers’ endogenous effort on 

providing live chat service is closely related to their own characteristics and heterogeneity. 

Therefore, we choose these instrument variables that are relevant to sellers’ tenure and resources, 
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active level and price level. First of all, reputation is a good measurement of seller, it usually 

indicates a seller’s overall size and how well a seller has developed herself on the marketplace. 

Compare to low reputation sellers, high reputation sellers usually have more capability and 

resources to invest in their businesses. Second, sellers with different pricing level and clientele 

may have different behavior in terms of investing in live chat. Sellers with different price level 

may attract different types of customers; thus the behavior of sellers would also be different. 

Third, sellers’ active level on launching new products is also a good indictor of seller type. For 

example, if a seller launches new product quite often, he/she may want to seek more channel to 

promote these products or make customers aware of their new products. Additionally, we also 

control seller’s return ratio in the model, as people may argue that live chat may happen after 

sales, because some customers may request chat in order to return a product. However, given our 

dataset, we see the average return ratio is almost zero, which indicates almost no after-sales chat 

service needed. The model is estimated through a panel data fixed effect approach, where we 

included 𝑢"  as a fixed effect, 𝑢"~𝑁(0, 𝜎oF), and the unobserved error term 𝜀"~𝑁(0, 𝜎pF). The 

model works as a control function for modelling conversion probability in the second stage of 

estimation.  

𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒_𝑟𝑎𝑡𝑒"#

= 𝛾< + 𝛾:𝑅𝑒𝑝𝑢𝑎𝑡𝑖𝑜𝑛"# + 𝛾F𝑁𝑒𝑤_𝑃𝑟𝑜𝑑𝑢𝑐𝑡"# +	𝛾`𝑃𝑟𝑖𝑐𝑒"# 	

+ 	𝛾t𝑅𝑒𝑝𝑒𝑎𝑡_𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟"# + 𝛾w𝑅𝑒𝑡𝑢𝑟𝑛_𝑅𝑎𝑡𝑖𝑜"# + 𝑢" + 𝜀"# 

Control function approach is a computationally simple method used in two-stage 

estimation. It is similar to two-stage least square estimation, but in a more flexible way. 

Wooldridge (2014, 2015) has shown that the control function could also be used in non-linear 

function as long as it is in the linear exponential family. In the first stage, we regress the live chat 
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response rate on a set of exogenous instrumental variables. We use the bootstrap method to 

obtain valid standard errors from the first stage, with the number of bootstrap replications set to 

200. Later in the second stage, the residual from the first stage regression is included as a new 

covariate in the binomial model to control for endogeneity.  

5.2. Modeling Conversion Probability 

To model the conversion probability, we adopt a binomial model, in which each paid 

traffic 𝑦"# equals to the number of “success” out of “total traffic” trials. Following the binomial 

regression framework (Gelman and Hill 2006), we model the converted traffic following a 

binomial distribution: 

𝑦"#	~	𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙 𝑛"#, 𝑝"# , 

where, yLf denotes the number of converted traffic in the current period t for seller i; 	nLf denotes 

the total number of traffic visiting a seller store in the period; and 	pLf  is the conversion 

probability. By incorporating individual heterogeneity into the conversion probability, we have 

the following model on conversion rate:  

𝑝"# = 𝑙𝑜𝑔𝑖𝑡9: 𝑥"#} 𝛽" + 𝛼" + 𝜁"# , 

where, 

𝑥"#} 𝛽" = 	𝛽< + 𝛽:"𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒_𝑟𝑎𝑡𝑒"# + 𝛽F"𝑙𝑜𝑔(𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛",#9:). 

In the above model, 𝐶𝑜𝑛𝑣𝑒𝑟𝑠𝑖𝑜𝑛",#9: denotes the lagged term of  conversion rate in the 

prior period for store i, which models the carryover effect to future conversion rate; 𝛼 is the 

seller level fixed effect, 𝛼"~𝑁(0, 𝜎0F) . This model also accommodates over-dispersion. 

According to Gelman et al. (2007), a direct way to construct overdispersed binomial distribution 

is add normal error on the logistic scale. 𝜁"#  is a data level error, and has its own normal 
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distribution 𝜁"#~𝑁(0, 𝜎�F). The model reduces to binomial when 𝜎�F = 0; otherwise it is over-

dispersed. 

To capture the unobserved heterogeneity, we also specify a distribution of coefficients 

across sellers. It follows a standard hierarchical formulation (Rossi et al. 2005): 

𝛽" = Δ𝑍" + 𝑣", 

where,   

Z} = (1, 𝑃𝑟𝑖𝑐𝑒, 𝑅𝑎𝑡𝑖𝑛𝑔, 𝑅𝑒𝑣𝑖𝑒𝑤, 𝑃𝑖𝑐𝑡𝑢𝑟𝑒). 

This specification of Z and the hierarchical model above allow for a main effect and an 

interaction for sellers’ product characteristics and information. For example, the effectiveness of 

live chat may be different depending on the seller product rating or price level. The delta matrix 

(Δ) is the coefficient matrix to be estimated.  Furthermore, we model the unobserved error terms 

to be correlated and to follow a multivariate normal distribution,	[vL:, vLF]′	~MVN(0, Σ), where Σ 

is a 2×2 covariance matrix. 

6. Empirical Analyses and Results 

To estimate our model, we apply an MCMC methods using a Hamiltonian Monte Carlo 

algorithm. In particular, we run 4 chains for 1,000 iterations and use the last 2000 iterations to 

compute the posterior distribution of the model parameters. To ensure convergence, we test our 

model with different starting values and we find that all the chains are stable and converge to the 

same value.  

We first present the results of the first stage parameter estimation in Table 7. The 

coefficient of reputation is 0.28 (p<0.01), indicating sellers with higher reputations tend to have 

higher response rates. The coefficient of average price is -0.06 (p<0.01), suggesting average 

price is negatively related to live chat response rate. In other words, sellers with lower price level 
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usually put more effort on responding to live chat. The coefficient of new product is 0.10 

(p<0.01), indicating sellers who are active with more new products tend to respond to live chat 

more diligently. The coefficient of repeat customer is -0.02 (p<0.01), suggesting that sellers with 

more new customers tend to be more responsive to live chat requests. We also find that return 

ratio is negatively related to live chat response rate, with a coefficient of -0.39, indicating that 

sellers with lower return ratio have higher response rate. As mentioned before, we include return 

ratio in the model to control the effect of return on live chat. The results tend to rule out that live 

chat response is in response to return related issues.  

------- Insert Table 7 about Here ------- 

The second stage coefficient estimates are presented in Table 8. Panel A shows the main 

results. Live chat response rate has a significant and positive impact on conversion, with a 

posterior mean of coefficient equal to 0.42. Also, there is significant carryover effect from last 

period, with a posterior mean of coefficient equal to 27.50. Panel B shows estimation from 

random coefficients. This hierarchical specification sheds light on how the effect of live chat is 

influenced by the existing seller level characteristics that are directly available to consumers. On 

one hand, to access the effect of informative role, we find that the random coefficient of the 

interaction effect between live chat and picture is -0.05, and is statistically significant, therefore 

hypothesis H1 is confirmed. This indicates that when a seller has on average fewer detailed 

pictures, live chat has a more positive effect on conversion probability. On the other hand, to 

access the effect of persuasive role, we find that the posterior mean of coefficient that captures 

interaction effect between live chat and rating is 1.09 and is statically significant. This indicates 

that the effect of live chat is increased when rating is at a higher level, therefore hypothesis H2 is 

confirmed; The posterior mean of coefficient that captures the interaction effect between live 
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chat and price is -0.3 and statistically significant, which shows that the effect of live chat is 

increased when price is at a lower level, therefore hypothesis H3 is confirmed; The posterior 

mean of coefficient captures interaction effect between live chat and reviews is 0.08, and is 

significant and positive. Therefore, we confirmed hypothesis H4a. It also implies that the volume 

of review actually signals the quality of the seller, so that the effect of live chat is increased when 

sellers have a higher review volume. All these findings indicate that the effect of live chat on 

conversion is more positive when product price is lower, when product rating is higher, and 

when the review volume is larger.  

------- Insert Table 8 about Here ------- 

7. Discussion and Implications 

Discussions 

Based on our analysis, there is significant heterogeneity among sellers in providing live 

chat services. Their effort level on investing in live chat is correlated with the characteristics of 

online sellers, which are mainly related to sellers’ quality (e.g. reputation) and their operational 

activities (e.g. number of new products, number of repeat customers). Reputation is one good 

indicator to measure online sellers’ business ability or quality. On one hand, each online seller 

has to establish their reputation from every single transaction they have made. As customers all 

prefer to shop with high reputation sellers, the need to earn high reputation reduces adverse 

selection and leads to an increased exit of low quality sellers (Hui et al. 2016). Therefore, with 

higher reputation, sellers are more dedicated to provide better services. On the other hand, sellers 

with high reputation are usually the ones that have established themselves on the market. Their 

ability to spend more resources on customer services is a lot higher than the new sellers. We also 

find that sellers’ effort level is dependent on their operational activities. For example, when 
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sellers have new products to launch, they will want to promote those products and put more 

effort on live chat services. Therefore, we observe positive correlation between live chat 

response rate and the number of new products. Similarly, sellers with less repeat customers will 

want to focus more on customer service so that to increase their customer retention.  

After controlling for seller’s self-selection bias, the significant effect of live chat on 

conversion rate highlights the importance of using live chat. On average, if the live chat response 

rate increases 10%, the conversion probability could increase by 4.29%, all else equal. Although 

this number seems small, given the high volume of online traffic, it could still make a big 

difference for many sellers. Especially for sellers with a large volume of traffic, improving live 

chat response rate will be beneficial to them. 

The results from the random coefficient model confirmed our hypotheses that the effect 

of live chat does interact with the existing information dimensions. The differential effects of 

informative role and persuasive role are also confirmed. First, the informative role plays a 

significant role when product information is not comprehensive. When detailed information has 

already been provided, the informative role is less played in terms of addressing customers’ 

concerns and questions regarding product matches. Our results show that there are two ways for 

consumers to access fit information, either through the product page, or through live chat. 

Therefore, the informative function of live chat could complement information loss on the 

product page. Second, live chat has a more positive effect on conversion when customers 

perceive higher value from the product. In online marketplace, review and ratings not only 

reduces information asymmetry but also enhance consumer valuation of the product. Although 

the utility function is different for different consumers, higher quality and lower prices are 

always preferred by consumers. We are able to identify the persuasive effect of live chat under 
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the situations when consumers give preferences toward the seller/product. In other words, live 

chat shift its role from informing consumers to influence consumers when there are indictors of 

high valuation of the product/sellers.  

Implications 

The results from our empirical analyses provide implications to online marketplace 

sellers. Many sellers invest in different kinds of advertising tools to increase online traffic, these 

investment are often wasted if there is no actual conversion being made. Given the average 

conversion rate for online marketplaces is only 2%, there is a great room for sellers to improve 

their online sales conversion. Live chat becomes a low cost and value added services to all the 

online sellers. In particular, it would be beneficial to invest in live chat for sellers that have a 

high volume of traffic.  

Additionally, sellers should strategically utilize live chat service with the information 

they can provide to consumers. As we identify the informative role and persuasive role of live 

chat, it would become more efficient for sellers to utilize live chat under different circumstances. 

When sellers offer live chat service, they should pay attention on the way to approach customers. 

During a live chat, sellers can compliment a buyer’s choice and highlight the positive things 

about their products, thus cultivating positive interpersonal feeling that is conducive to leading 

interested customers to make purchase. Ou et al. (2014) have shown that buyers who use instant 

messages to chat with sellers tend to have more trust and positive personal relationship with the 

seller. In addition, sellers could indicate how popular a certain item is among other buyers or 

even celebrities by showing the picture of celebrities using the same product, and the possible 

low inventory level of the item. In this way, potential customers are more likely to make up their 

mind and make the purchase. 
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8. Conclusion 

The Internet has significantly expanded the ways that stores and markets communicate 

and interact with consumers (Sonnier et al. 2011). Internet advertising, word-of-mouth (WOM) 

reputation systems, and online reviews have fundamentally changed the way consumers search 

and purchase goods in an online environment (Bucklin et al. 2009). While online advertising and 

WOM have amassed a large amount of research, studies on the effect of live chat remains scant. 

In this paper, we focus on investigating the effectiveness of live chat on increasing conversion 

probability. We take seller heterogeneity into consideration and apply a Bayesian hierarchical 

model in our analysis. Our study complements the limited set of empirical literature examining 

the live chat effectiveness from a seller perspective. After accounting for the endogeneity 

problem of live chat effort by sellers, we demonstrate the positive impact of live chat on 

conversion probability.  

Our study contributes to the traditional marketing communication literature. We stress the 

important role of live chat in communication to buyers, elaborate its major functions of 

informing and persuading, demonstrate its positive impact on increasing conversion, and most 

importantly, show how such impact vary across different sellers. Our results provide important 

implications for online retailing practices. First, we show that sellers’ heterogeneous efforts on 

using live chat are related to seller attributes. Those sellers that are likely to invest in live chat 

are also the ones with better reputation and a greater potential to grow. Second, we highlight the 

importance of coordination between live chat services and information perceived by consumers. 

On one hand, our findings suggest that when product information is not complete on the item 

page, the inform function of live chat is even more crucial in increasing conversion.  On the 

other hand, sellers should know that live chat service is more effective when consumers perceive 
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higher utility from their products, which occurs when the price is lower, the rating is higher, and 

the review volume is larger.   

Although this research improves our understanding of live chat and its implication in 

improving seller performance, there are still some interesting questions that merit further 

investigation. First, our data is limited at an aggregated level and we are unable to identify the 

level of engagement for each live chat session. Additionally, we are unable to separate behavior 

from post purchase live chat service. Although the post purchase return ratio is quite low for our 

sample, it is possible that, for some customers, live chat happens after they make purchase, 

whereas our analysis is limited to pre-purchase behavior. With data availability, future research 

could use click-stream data to exam consumer behavior when live chat can be evaluated in each 

session. Second, since consumer perceive product information and form expected utility at the 

same time, we are unable to disentangle the extent to which live chat effect contributes the most. 

Perhaps future studies could examine the content of live chat messages and subsequent consumer 

behavior experimentally.  
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Chapter 4: The Treatment Effect of Buyer Protection Program in online 

Marketplace: Evidence from Taobao3 

1. Introduction 

Consumer feedback and reviews are becoming increasingly importantly in online markets. 

According to a recent study, restaurants that increased their ranking on Yelp by one star raised 

their revenues by 5 to 9 percent (Johnston 2013). Despite the enormous popularity and success of 

online reputation systems (Ba and Pavlou 2002, Dellarocas 2003, Resnick et al. 2006, Cabral and 

Hortacsu 2010), there are a number of problems. First, the ratings and reviews could be subject 

to fraud and user manipulation. In 2013, New York State regulators caught 19 companies that 

were writing fake reviews online for various companies (Streitfeld 2013). It was also reported 

that sellers at eBay engaged in fake transactions to boost their reputation scores (Gomes 2006), 

and some businesses often threatened and retaliated against customers who wrote bad reviews 

(Tuttle 2014). As a result, consumers have become more skeptical of the authenticity of online 

reviews. A survey suggests that 1 in 4 people believe customer ratings are biased or fake 

(Johnston 2013).  Second, reputation systems could be an entry barrier for newcomers because 

establishing a good reputation could be a lengthy process, and entrants have difficulty competing 

with established sellers without a good reputation score (Roberts 2011). In addition, sellers who 

have achieved a high reputation may become insensitive to small changes in their reputation 

scores and lack incentives to maintain quality service over time (Fan et al. 2003).  

Just like the physical world, online markets may have to reply on a multifaceted approach 

to reduce information asymmetry and build trust. In physical stores, in addition to word-of-

mouth and advertisement, retailer also use warranties and money-back guarantees to obtain trusts 
																																																													
3	This paper is coauthored with Ming Fan and Jianqing Chen.	
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from consumers. Recently, online companies and platforms have introduced similar consumer 

protection programs. For example, online marketplaces, such as eBay and Taobao, now provide 

the buyer protection program. The program covers transactions once purchased products are not 

delivered or do not match the ones described in listings. If a buyer does not receive the item as 

described and is unable to resolve the case directly with the seller, then the platform refunds the 

cost of the item and the shipping charge. Although this emerging mechanism in online 

marketplaces shows promise, rigorous studies on this subject are scant. This paper aims to fill the 

gap by empirically investigating the effects of the online warranty and guarantee programs. 

 We study a specific product guarantee program at Taobao, the largest online marketplace 

in China. The marketplace launched a consumer protection initiative in 2007 that includes a 

Return Guarantee Program (RGP). Since its inception, the program has been embraced by sellers 

to varying degrees across a range of product categories. For instance, in the clothing category, 

the program has been quite popular: In May 2011, about 50% of the sellers participated in the 

RGP. 

The objective of this study is to examine whether the participation of buyer protection 

program bring impact on both seller and consumer behavior. We focus on how the market 

mechanism affects buyers’ purchase decisions, and whether there are positive influences on 

sellers’ subsequent behavior. We first look at two different types of consumer behavior when a 

customer sees the sign indicating the seller joined the buyer protection program: the browsing 

behavior and their purchasing behavior. Then we test whether the changes from consumer 

behavior will further influence sellers’ behavior, from the perspective of reducing adverse 

selection and moral hazard. 
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In addressing these questions, the paper contributes to the rich literature in e-commerce 

and information systems. We approach the problem from both signaling and moral hazard 

perspectives. On one hand, we show that the benefit for sellers to join this program is to signal 

their trustworthiness to the buyers so that to increase more sales. On the other hand, because of 

the hidden nature of sellers’ behavior, empirical work on moral hazard of participants in online 

markets is scarce. Empirical evidence on the behavior effects of the RGP can help the 

marketplace organizers better design programs and mechanisms that incentivize market 

participants to behave in desired ways. Also, our study focuses on an online mechanism that has 

received limited attention in prior information systems research, and the results of our study 

contribute to this important research stream.  

The rest of the paper is organized as follows: We review the existing literature in Section 

2, followed by research context and theories in Section 3. In Section 4, we describe our data, 

research design, and empirical analysis. We present the results in Section 5 and our discussion 

and managerial implications in Section 6. Section 7 concludes the paper. 

2. Literature 

Warranties and guarantees are provided by product sellers, and they serve as less than full 

insurance against unsatisfactory performance (Cooper and Ross 1985, Heal 1977, Lutz 1989). 

For example, stores offer money-back guarantees for products and allow a buyer to return the 

product for a full refund of purchase price within a certain period (Moorthy and Srinivasan 1995). 

Companies offer product warranties largely because of uncertainties and risks in market 

transactions. In brick-and-mortar stores, customers may not be able to assess product quality for 

experience goods, such as appliances and electronics. Even for search goods, whose features and 
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qualities can be quickly revealed after an inspection, uncertainties exist because consumers are 

increasingly using the online channel and cannot evaluate products before delivery.  

From the sellers’ perspective, two theories are relevant to warranty provisions. First, 

warranties or guarantees can be used by sellers to signal product quality (Lutz 1989, Spence 

1977). Second, warranties can serve as an incentive for manufacturers to improve product quality 

and reduce the moral hazard problem (Cooper and Ross 1985, Lutz 1989). Both theories assume 

the existence of information asymmetry in the marketplace (Akerlof 1970); however, the nature 

of the asymmetry is different. The signaling theory assumes that product quality is exogenous 

and information asymmetry takes place because sellers have better knowledge about the product 

quality than buyers. When buyers lack product information, they might not be willing to 

purchase in the market. Product warranties or guarantees can be used as a way for firms to signal 

their product quality. In Spence’s model (1977), high warranties signal high quality. High-

quality producers can afford to offer close to full warranties because their products are unlikely 

to break. Low-quality producers cannot imitate the strategy because of the high warranty cost. 

Signaling theory, nevertheless, is unable to explain different warranty practices in the real world, 

where the relationship between warranties and product quality is more complicated. Empirical 

studies find that high-quality products are not always sold with higher warranties (Bryant and 

Gerner 1978, Priest 1981).  

From the view of the second theory, information asymmetry also exists regarding buyers’ 

and sellers’ actions, which can directly affect product performance. Cooper and Ross (1985) 

developed a model in which moral hazard plays an important role. In contrast to the signaling 

model, product or service quality is chosen by the seller rather than being exogenously given. 

Under such an environment, warranty policies act as an incentive mechanism affecting the 
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behavior of both buyers and sellers. For example, when some sellers have a high cost in 

providing warranties, they might opt to reduce their warranty coverage and instead raise product 

quality.  

Lutz (1989) also develops a model that is consistent with empirical evidence. The model 

assumes that product quality is hidden and the seller has to choose the warranty level. Consumers 

then decide their maintenance effort, which affects the performance of the product. The model 

shows that high-quality sellers might actually choose a low warranty, particularly when 

consumers increase their maintenance efforts because they conjecture that the product is of high 

quality. The studies by Cooper and Ross (1985) and by Lutz (1989) demonstrate the importance 

of the behavioral effect of product warranties. Product warranties and guarantees can serve as a 

vehicle to establish economic incentives for sellers to optimize their production efforts (Priest 

1981).  

Empirical studies in this area have focused on the signaling role of product warranties 

(e.g., Bryant and Gerner 1978, Chu and Chintagunta 2011, Kelley 1988, Priest 1981, Wiener 

1985). The results are mixed. Studies have found both positive and negative relationships 

between warranty coverage and product reliability. A handful of studies on warranty programs 

provided by online sellers have recently been conducted (Dewally and Ederington 2006, Li et al. 

2009, Robert 2011). The study by Dewally and Ederington (2006) tests the association of 

different signaling strategies and price differentials. Li et al. (2009) analyze data from eBay 

auctions and find that signals regarding direct quality indicators and seller credibility (e.g., 

picture postings, guarantees, reputation scores, and third-party payment method) lead to 

increased bidder participation. Roberts (2011) uses auction data on tractor sales, and the study 

finds that the “guaranteed or your money back” promise does not substitute for reputation, either 
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in determining price or the probability of sales. The study attributes the results to possible delays 

in buyer response to the guarantee and to skepticism about reimbursement in the event of fraud.  

The purpose of this study is to examine the consequences of the use of the RGP on the 

behavior of both online consumers and sellers. We contribute to the literature and identify 

implications for the operation of online marketplaces in the following areas. First, some 

empirical studies (e.g., by Dewally and Ederington 2006, Li et al. 2009, and Robert 2011) have 

studied buyers’ reactions to warranty or guarantee programs, but none of them have studied their 

browsing and purchasing behavior under the treatment of the guarantee program. With the aid of 

a unique dataset, we have the information about monthly consumer browsing and purchase 

decision with each seller, while observing the differences of these and compare their behavior 

before and after the participation. 

Second, the context of the study provides a good test case for mechanisms to improve 

market efficiency. Theoretical work on signaling (Spence 1977) and moral hazard (Cooper and 

Ross 1985, Lutz 1989) provide interesting questions that we can study empirically. The online 

nature of the business has exacerbated the information asymmetry problem in the marketplace. 

The need for sellers to signal quality is high. Even more important is providing incentives for 

sellers to invest the efforts necessary to serve their online customers. Investigating empirically 

how market participants react to such a program—one that provides signaling opportunities, as 

well as incentives—provides interesting results. 

3. Study Context and Theoretical Framework 

3.1 Study Context 

We study the use of the RGP for sellers in the clothing category of the marketplace. 

Before the introduction of the Consumer Protection Initiative in 2007, the marketplace we study 
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used a reputation system similar to that of eBay, where a buyer can rate a seller as positive, 

neutral, or negative after each transaction. The seller receives +1 point if the feedback is positive, 

0 points if the rating is neutral, and -1 point if the rating is negative. Reputation scores for a 

seller accumulate over time. 

The Consumer Protection Initiative comprises several separate programs, including a 

repair warranty program, authentic product assurance, and the RGP. These programs are meant 

to be tailored to different products, whose warranty requirements might vary. For example, a 

repair warranty is useful for electronic products, which might require repair services, while 

authentic product assurance is valuable for products that have strong brand recognition.  

Clothing products in the marketplace are supplied by a large number of vendors, and 

most of the sellers do not have strong brand identities. Sellers usually must compete on style and 

price. Many customers shop for the latest designs and also seek bargains. One big concern from 

customers is that the delivered products can look very different from the images on the website. 

In addition, proper sizing can be difficult to gauge. Before the introduction of the RGP, return 

and exchange policies varied widely among the sellers. The return and exchange process could 

be quite difficult because of the lack of consumer protection in the retail industry in general. 

After the RGP’s implementation, customers could return or exchange purchased products more 

easily. According to the rules set up by the marketplace organizer, the participating sellers in the 

RGP are required to unconditionally refund or exchange products for customers within seven 

days after product delivery. To join the program, sellers have to make a deposit of 1,000 RMB 

(about $160) in the marketplace. After joining the program, a seller can include the RGP logo for 

eligible products, and the seller’s buyers can be compensated by the marketplace from the funds 

deposited when they have problems or disputes with the seller in returning purchased products. 
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Because the program reduces the risks associated with online purchases, sellers might find the 

RGP useful in attracting more customers.  

3.2 Theoretical Framework 

Significant information asymmetry exists in the online marketplace between sellers and 

buyers that could negatively affect the efficiency of the market and the welfare of all market 

participants. Because customers lack information about product quality and seller trustworthiness, 

they are reluctant to purchase products from unknown sellers or may have had a bad experience 

in shopping in the online market. We aim to study the impact of the RGP in terms of both 

consumer behavior and seller behavior. Our first objective of the research is to investigate how 

the RGP affects consumer behavior in terms of their browsing and purchasing behavior. 

Basically, consumers could perceive return guarantee as an alternative indicator of seller 

trustworthiness. Once the trust is established, consumers may tend to have close look on these 

sellers’ products. Therefore, RGP can reinforce sellers’ status no matter whether the seller has 

high or low reputation. The reason is that reputation score is an imperfect measures of seller 

trustworthiness. For example, online reputation score can be manipulated. Some strategic sellers 

who received negative ratings retaliated by giving the buyers negative ratings. One purpose of 

the retaliation is to induce mutual withdrawal of the negative ratings so that the negative records 

for the sellers can be removed (Bolton et al. 2009). There are other reported examples that some 

sellers develop high reputation scores by selling lower value items first and then switching to 

high-value categories (Gomes 2006). Buyers, who are aware of the potential problems associated 

with reputations, understand the noisy nature of reputation scores and will discount the 

reputation scores. The RGP can help reinforce a good reputation because sellers who participate 

in the RGP should be perceived to be more reliable.  As a result, consumers will be more likely 
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to develop trust and purchase intension with the seller. The direct consequences are that they will 

like to spend more time on the seller’s website, maybe browse more products and eventually 

purchase more items.  

The second objective of the study is to evaluate whether the RGP has any behavioral 

effects in addition to its signaling function. Reputation concerns could provide incentives for 

sellers to work hard initially; but as careers progress, these incentives might disappear (Tadelis 

2002). How to provide sustained incentives for sellers over time is an important question. If the 

RGP provides an incentive to sellers, it can complement reputation scores because of the 

difference in their root sources of motivation. The motivation to work hard under reputation 

systems comes from internal career concerns, while the incentive to do so under guarantee 

programs comes externally from the contracts in the market. Whereas internal motivation for 

sellers might disappear overtime, the contractual commitment still binds. In addition, logic 

suggests that sellers who offer return guarantees are more likely to adjust their behavior, putting 

forth more effort to improve their product or service quality. Being proactive is in the sellers’ 

interest to avoid high return and exchange costs later on. Therefore, we expect to see a positive 

effect from RGP participation on service efforts of the sellers.  

4. Data 

4.1. Data Source 

Our unique dataset includes 3548 sellers in the category of “clothing” products. We pick 

the clothing category for two reasons: First, it is one of the largest categories in the marketplace 

being studied, and second, return guarantee is applicable to this category. As suggested, buyers 

might find that the delivered clothes do not match the online descriptions and images, or that the 
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fit is wrong and, as a result, might want to return or exchange the products they bought. Our 

dataset consists observations from May 2011 to March 2012.  

4.2. Variables  

We have the data about whether sellers participate in the RGP program, and the sellers’ current 

status, including reputation score, dynamic seller rating, and their operational information. We 

also have aggregated consumer browsing and purchasing data for each seller. The definitions of 

the variables are presented in Table 9. We discuss these variables in detail in the following 

paragraphs. 

------ Insert Table 9 about Here ------ 

Guarantee is a dummy variable, indicating whether a seller participates in the RGP or not.  

Reputation refers to the cumulative reputation score for each seller. Similar to eBay’s 

reputation system, a buyer can rate the seller positive, neutral, and negative after each transaction. 

The seller receives +1 point if the feedback is positive, 0 point if the rating is neutral, and -1 

point if the rating is negative. These scores accumulate over time for each seller. Prior literature 

suggests that the accumulated reputation score can be a proxy for seller size, as well as for seller 

trustworthiness (Rob and Fishman 2005, Jin and Kato 2006). 

The variable DSR is the average product rating for a seller in the past six months. In 

addition to its cumulative reputation score, a seller also receives product quality ratings from 

buyers, ranging from one star to five stars. Note that the product rating is a relative measure of 

product quality, and a buyer is advised to rate a product based on whether the one received is 

consistent with the description on the website. Thus, DSR is a measure of overall seller quality.  

We have several variables related to the sellers’ operation. Product variety refers to the 

number of products a seller carries. Average Price is the average price of all the products the 
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seller carries. Bookmark indicates how many times the seller has been marked favorite by 

consumer. Paid Advertising and Social Endorsement are the two popular tools sellers usually 

adopt to attract traffic.  

We also have outcome variables that measure consumer browsing behavior with each 

seller. Customer average page views (CAPV) measures how many seller product pages averagely 

a consumer browses. High CAPV often indicates that consumers are highly engaged and willing 

to explore more of sellers’ products. Average order value (AOV) measures a consumer’s average 

purchasing value with the seller, higher AOV usually indicates consumers tend to buy more 

products or spend more money with the seller, therefore a good indicator of seller growth 

potential. Traffic and Conversion are both crucial to the success of online sellers. Traffic 

measures sellers’ popularity and their ability to obtain customer. Conversion measures sellers’ 

ability to turn traffic into sales. %PositiveReview measures the percentage of overall sales that 

have been reviewed positively. The descriptive statistics of the variables are displayed in Table 

10.  

------ Insert Table 10 about Here ------ 

4.4. Research Design and Empirical Analysis 

It is possible that sellers’ specific unobserved factors may jointly determine sellers’ 

decision to participate the buyer guarantee program. There could be endogeneity issues arising 

because of self-selection that need to be considered for identification of the effect of buyer 

guarantee program. To resolve this issues, we utilize propensity score matching in combination 

with difference in difference analysis. A DID estimator represents the difference in pre and post 

participation differences between two groups of sellers, the treatment group (sellers who 

participate) and the control group(sellers who do not participate).  
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The challenge is to compose the control group that comprises sellers who are very similar 

to the treatment group sellers in all aspects but for the fact that they have not participate the 

program. The difference in behavior between the two groups can then be attributed to the 

participation of the program. Therefore, we conduct the propensity score analysis using a logistic 

model formulation because the program participation is binary. We then perform the process of 

matching the treatment and control group using the estimated propensity score. We used “nearest 

neighbor matching”, and we are able to match 466 treated sellers to equivalent control sellers. 

The logistic regression results are presented in Table 11.  

------ Insert Table 11 about Here ------ 

We check to see if the underlying assumptions of the PSM process hold. We check if 

there is substantial overlap in the characteristics of the sellers who participate the program and 

those who do not. Figure 6 also shows the matching result before and after matching, and this 

shows evidence for the existence of common support. 

------ Insert Figure 6 about Here ------ 

We then perform propensity score matching for the matched control and treatment group, 

we use four outcome variables to measure consumer and seller behavior respectively. In terms of 

consumer behavior, we use CAPV, AOV and Conversion to measure their browsing and 

purchasing behavior after they see the seller they are visiting has participated in RGP. We also 

measure if participating in RGP could alleviate the behavior of moral hazard. We study changes 

in seller performance measure: DSR and percentage of positive reviews. We provide the results 

in the next section. 

5. Results 

5.1. Results for consumer behavior 
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We display the difference-in-differences values for different outcome variables for the 

treatment and control groups before and after the seller join the guarantee program. We exam 

whether there are significant changes of consumer behavior in terms of their browsing and 

purchasing behavior. We measure consumer browsing behavior through customer average page 

view(CAPV) which reflects the depth of consumer visits with the seller. The results are 

presented in Table 12. As can be seen from the table, the increase for CAPV is not significant for 

the control group, but this increase is significant for the treatment group (0.071 after participation 

versus 0.034 before participation). However, the difference-in-difference result is not significant 

(0.036, t-test=1.07). This suggests that participation in the RGP doesn’t positively influence the 

consumer browsing behavior.  

------ Insert Table 12 about Here ------ 

We later measure consumer purchasing behavior through both average order value (AOV) 

and conversion. AOV reflects the value of consumer purchases, and conversion shows the 

effectiveness of signaling. The results are presented in Table 13. As can be seen from the table, 

the difference-in-difference result of before and after seller participating the program is very 

significant (1.83, t-test=10.19). This suggests that consumers tend to purchase more valuable 

items when they know that the seller participates in the RGP.  

------ Insert Table 13 about Here ------ 

The increase for conversion is not significant for the control group and treatment group, 

but the increase of difference-in-difference is marginally significant for conversion (Table 14). It 

suggests that there is some signaling effect of RGP that could attract customers to make 

purchases with the seller. 
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------ Insert Table 14 about Here ------ 

5.2. Results for seller behavior 

 Besides signaling good quality to the consumers, participating in the RGP also could 

affect seller behavior. We use this matching and difference-in-difference approach to measure 

the changes in seller performance: DSR and %PositiveReview. Basically, we observe whether 

there are increases in sellers’ DSR and the percentage of positive reviews for both control and 

treatment group before and after the program participation. We present the results in Table 15 

and Table 16.  

------ Insert Table 15 and 16 about Here ------ 

The results in Table 15 show there is significant increase of DSR for the treatment group, 

while before participation, treatment group has a significantly lower DSR than the control group. 

This further confirms that participation to the program impacts seller performance rating, or in 

other words, sellers provides better products or services after they join the program. The results 

in Table 16 also shows that the increase of positive review is significant. Before participation, 

the treatment group has lower percentage of positive review compared to the control group, 

although after the participation there is no significant differences between the two groups, the 

difference-in-difference is significantly positive. Therefore, both DSR and %PositiveReview has 

suggested that sellers performance was significantly increased after they participate in RGP. 

6. Discussions and Implications for Practice 

6.1. Discussions 

Our results suggest a positive and significant treatment effect of the RGP on both 

consumer and seller behavior. We find that the signaling effect on consumer purchase is 

significant, where there is significant increase in sales conversion after the seller participates in 
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the program. Although we didn’t find significant impact on consumer browsing behavior, we 

find that consumer order value increases after the participation. It indicates that consumers tend 

to buy more expensive products after they see the RGP participation. Previous study (Kim and 

Krishnan 2015) has found that consumers are unlikely to buy expensive products online 

especially with the presence of product uncertainty. This further confirms our result that the 

treatment effect of RGP alleviates product uncertainty, so that consumers become less 

conservative and tend to buy more expensive products. 

In studying the effect of RGP participation on sellers’ behavior, we find that the program 

can alleviate moral hazard behavior, where sellers have increased rating and positive review after 

the participation. It could simply because sellers tend to put more effort on their products and 

services after they join the program, otherwise consumers will eventually return the products 

under the guarantee program. The program itself acts like  

6.2. Implications for Practice 

The results of the study provide interesting implications for improving the performance 

of electronic marketplaces. RGPs provide several benefits, including reinforcing the existing 

reputation system and giving sellers incentives to invest on service. First, RGPs provide value to 

the market by allowing high-reputation sellers to further differentiate themselves from other 

sellers. Given the problems associated with reputation systems, as identified previously, a good 

reputation score may be too noisy to prove the trustworthiness and reliability of the sellers. RGPs 

can complement the reputation scores and help buyers to feel more comfortable with these sellers. 

Second, RGPs can provide utility to buyers by mitigating the risks in online shopping. In 

addition, our results also show that RGPs have an added behavioral effect on sellers. They show 

that market participants could change their behavior after participating in a RGP. Therefore, 
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market organizers can design programs and mechanisms to encourage certain behavior from 

participants. Conducting follow-up studies and evaluating both the behavior change of market 

participants and whether a program achieves its designed goals after it is implemented are 

important steps to take.  

One direct implication for the marketplace is to put the RGP logo in a more prominent 

position on seller pages. Currently, in the marketplace studied, the reputation scores are 

presented in a more prominent place than the RGP logo, and they serve as the attention catcher. 

As a result, buyers might naturally use reputation scores as the first criterion in screening sellers. 

In addition, a marketplace could explore other ways to allow quality sellers to compete more 

effectively with incumbents. Prior literature has studied the possibility of tradable reputations 

(Tadelis 2002, Xu et al. 2008), so that quality sellers can acquire good reputations to jump-start 

their business. However, this proposal could still be expensive for startup buyers who lack 

financial resources.  

7. Conclusions 

Our study examines an RGP in a large online marketplace in China. We try to answer the 

questions of whether the use of the RGP has any behavioral effect on sellers in improving service 

quality, as well as on consumers in terms of their browsing and purchasing behavior. Our results 

show that the RGP has a positive effect on both sellers and consumers. The signaling effect on 

consumers is significant which leads higher conversion and higher price purchases. Also, we find 

that participating in RGP could alleviate online sellers’ moral hazard problem. 
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Chapter 5: Conclusion 

In this dissertation, I use data from Taobao marketplace, and examine the problems that 

related to the behavior of online sellers and how they could improve their performance by 

utilizing different tools that are available to the marketplace platform.  In essay 1, I explore what 

affect sellers’ choices of advertising strategy and how those choices affect online traffic for 

heterogeneous sellers. I empirically identify that the two advertising strategies, social media 

endorsement and sponsored search, are partially substitutionary, and, hence, sellers should 

maximize their benefit from choosing the right strategy according to their heterogeneous 

characteristics. The results produce good managerial insights for both online marketplace and 

marketplace sellers. First, our findings provide a good foundation for marketplace to target their 

service and allow them to design better policy to accommodate the sellers. Our findings indicate 

that the adoption of those advertising strategies may not be uniformly beneficial to all sellers. 

Therefore, the marketplace has to provide sellers with the most effective tool, which will benefit 

both the platform and the sellers. Second, sellers can benefit from choosing the tools strategically 

in order to take fully advantage of the paid services. This insight serves to help sellers to come 

up with better planning and resource allocation in future online advertising campaign. In essay 2, 

I focus on investigating the effectiveness of live chat on increasing conversion probability. I take 

seller heterogeneity into consideration and apply a Bayesian hierarchical model in our analysis. 

This study complements the limited set of empirical literature examining the live chat 

effectiveness from a seller perspective. After accounting for the endogeneity problem of live chat 

effort level by sellers, we demonstrate the positive impact of live chat on conversion probability. 

As a low cost and value added services to all the online sellers, live chat would be beneficial to 

sellers that have a high volume of traffic. Also, the importance of coordinating the informative 
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role and persuasive role highlights that sellers should strategically utilize live chat service with 

the information they can provide to consumers. In essay 3, we find that the signaling effect of 

return guarantee program is significant. Consumers tend to establish trust with the sellers who 

have participate the program. As a result, consumers are more likely to make purchases with the 

seller and spend on higher price products. There also exists positive correction effect on the 

sellers. We find significantly higher review ratings and more positive reviews for the sellers after 

they have participated the program. This indicates that the program has alleviated the moral 

hazard behaviors among online sellers.  
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LIST OF TABLES 

 
TABLE 1 

Main Variable Descriptions 

Variable Variable Definition 

Traffic Total number of unique visitors that visited any product page of a 
seller website in a given month. 

Reputation Reputation score accumulated through ratings over time. 

Product Variety Total number of different products listed by a seller within a 
month. 

Average Price The average price of all the products within a month. 

Return Customer The number of customers who have made purchases with the 
seller more than one time within past six months. 

Sponsored Binary variable indicating whether sellers have adopted 
sponsored search advertising or not in a given month; 
sponsored=1 if sponsored search is used; otherwise, sponsored=0. 

Social Binary variable indicating whether sellers have adopted social 
media endorsement or not in a given month; social=1 if social 
media endorsement is used; otherwise, social=0. 

East A dummy variable indicating whether the seller is located in the 
East region of China; East=1 if a seller is located in the East 
region; otherwise, East=0. 

West A dummy variable indicating whether the seller is located in the 
West region of China; West=1 if a seller is located in the West 
region; otherwise, West=0. 

Central A dummy variable indicating whether the seller is located in the 
central region of China. Central=1 if a seller is located in the 
central region; otherwise, Central=0. 
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TABLE 2     
Summary Statistics 

Variable Mean Std. Dev. Min Max 

Traffic 15,857.25 64,925.05 0 2,389,328 

Reputation 8,820.69 49,470.78 0 2,218,195 

Product Variety 299.79 719.81 1 90,787 

Average Price 154.30 193.19 0.733 6,648.57 

Return Customer 146.97 802.29 0 30,182 

Social 0.46 0.50 0 1 

Sponsored 0.56 0.50 0 1 

East 0.87 0.34 0 1 

West 0.04 0.19 0 1 

Central 0.10 0.29 0 1 

Note: Total number of observation N= 28619 
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TABLE 3 
Probit Estimates for Selection Model 

Variable Sponsored Social 
Reputation 1.111*** 0.618*** 

 (0.018) (0.016) 
Product Variety -0.298*** 0.031 

 (0.021) (0.020) 
Average Price 0.489*** 0.029 

 (.028) (0.026) 
East 0.287*** 0.211** 
 (0.088) (0.083) 
West -0.289 0.520*** 
 (0.159) (0.147) 
Constant -8.484*** -5.243*** 
 (0.215) (0.194) 
Note: Total number of observation N= 28619 
         All the continuous variables are log-transformed 
         Standard error in parentheses 
        *p < 0.10, **p < 0.05, ***p < 0.01 
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TABLE 4     
Traffic Equation Estimates for Advertising Strategies 

Variable Base Model Interaction 
Model (I) 

Interaction 
Model (II) 

Reputation 0.049*** 0.041*** 0.376*** 
 (0.008) (0.008) (0.011) 
Product Variety 0.191*** 0.188*** 0.221*** 

 (0.008) (0.008) (0.008) 
Return Customer 0.533*** 0.537*** 0.470*** 

 (0.007) (0.007) (0.013) 
Sponsored 1.378*** 1.543*** 0.996*** 

 
(0.027) (0.031) (0.086) 

Social 1.058*** 1.326*** -0.862*** 

 (0.024) (0.035) (0.080) 
Sponsored* Social  -0.399***  

  (0.037)  
Sponsored*Reputation   -0.286*** 

 
  (0.014) 

Social*Reputation   0.024* 

   (0.013) 
Sponsored*Return Customer   0.123*** 

   (0.015) 
Social*Return Customer   0.001 

 
  (0.013) 

Constant 3.691*** 3.677*** 3.344*** 
 (0.057) (0.057) (0.061) 

𝜗" -0.343*** -0.342*** 0.365*** 

 (0.009) (0.009) (0.009) 
π 0.600*** 0.598*** -0.463*** 
 (0.014) (0.014) (0.014) 
lnalpha -0.683***   
 (0.021)   
Note: Total number of observation N= 28619 
          All the continuous variables are log-transformed 
          The model also contains lag term of traffic variable 
          Standard error in parentheses 
         *p < 0.10, **p < 0.05, ***p < 0.01 
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TABLE 5 
Variable Definition 

Paid traffic Total number of unique web visitors that made purchases 

Total traffic Total number of web visitors 

Conversion Paid Traffic divided by total traffic 

Response rate Average live chat response rate for each seller 

Reputation Reputation score accumulated through ratings over time 

New product Total number of new products launched within a month 

Price The average price level of all the products  

Repeat customer The number of customers who have made more than one purchase with 
the seller during the past 6 month. 

Return ratio Percentage of products being returned  

Rating Dynamic product rating, moving average of past 6 month. 

Picture Total number of product pictures posted on product pages 

Review Total number of monthly review seller received 
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TABLE 6 

Summary Statistics 

Variable Mean Std. Dev. Min Max 

Total Traffic 19170 36539.06 45 991000 

Paid Traffic 311.9 587.56 0 14500 

Conversion 0.02 0.02 0 0.80 

Reputation 10,164.56 17,773.66 139 347041 

New Product 74.19 211.21 0 9829 

Price 170.76 162.41 6.65 2638 

Repeat Customer 148.02 222.18 0 1976 

Return Ratio 0.00 0.01 0 1 

Response Rate 0.57 0.26 0.002 0.99 

Rating 4.76 0.17 1 5 

Picture 17.65 15.05 0 192.97 

Text 501.62 435.52 0 3122.59 

Review 441.15 806.42 0 15836 

           Note: Number of observations (10-month period): 22,220  
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TABLE 7 

FIRST STAGE PARAMETER ESTIMATION 

𝐑𝐞𝐩𝐮𝐭𝐚𝐭𝐢𝐨𝐧(𝐋) 0.28*** 
(0.01) 

𝐍𝐞𝐰	𝐩𝐫𝐨𝐝𝐮𝐜𝐭(𝐋) 0.10*** 
(0.00) 

𝐏𝐫𝐢𝐜𝐞(𝐋) -0.06*** 
(0.01) 

𝐑𝐞𝐩𝐞𝐚𝐭	𝐜𝐮𝐬𝐭𝐨𝐦𝐞𝐫(𝐋) -0.02*** 
(0.00) 

𝐑𝐞𝐭𝐮𝐫𝐧	𝐫𝐚𝐭𝐢𝐨 -0.39*** 
(0.10) 

CONSTANT -1.56*** 
(0.12) 

𝝈𝒖 0.29 

𝝈𝜺 0.23 

          Note: Total number of observation N= 22220 
                    P<0.1*, P < 0.05**, P < 0.01*** 

                  (L)The natural logarithm form of the variable. 
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TABLE 8 

SECOND STAGE PARAMETER ESTIMATION 

Panel A: Posterior Distribution of 𝜷 

 Mean 
(s.e) 

Intercept -4.81*** 
(0.02) 

Response	rate 0.42*** 
(0.03) 

Conversionf9: 27.50*** 
(0.55) 

𝜎0 0.23*** 
(0.01) 

𝜎�  0.35*** 
(0.00) 

Panel B: Posterior Distribution of 𝚫 

 intercept Picture(®) Rating Price(®) Review(®) 

Response	rate 0.23*** 
(0.03) 

-0.06** 
(0.02) 

1.04*** 
(0.14) 

-0.30*** 
(0.02) 

0.08*** 
(0.01) 

Conversionf9: 27.23*** 
(0.56) 

0.68 
(0.56) 

-7.04 
(3.21) 

2.60*** 
(0.63) 

0.70 
(0.34) 

 Note: Total number of observation N= 22220 
  P<0.1*, P < 0.05**, P < 0.01*** 
           (L)The natural logarithm form of the variable. 
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TABLE 9  

Variable Definitions of Essay 3 

Variable Definition 

Guarantee A dummy variable indicates whether a seller uses the RGP or not. It equals 
1 when a seller uses the program and 0 otherwise. 

Reputation Cumulative reputation score of a seller.  
DSR Average dynamic seller rating for a given seller in a month 
Traffic Total incoming traffic for a seller in a given month 
Average Price Average price of all the products a seller carries. 
Product Variety Total number of products a seller carries during the month.  
Bookmark Number of times the seller has been favorited by consumers 

Paid Advertising A dummy variable indicates whether a seller uses paid search advertising 
or not. It equals 1 when a seller adopts it and 0 otherwise. 

Social 
Endorsement 

A dummy variable indicates whether a seller uses social endorsement or 
not. It equals 1 when a seller adopts it and 0 otherwise. 

CAPV Customer average page views for a given seller in a given month 
AOV Customer average order value for a given seller in a given month 
Conversion Total conversion rate during a month for a given seller 
%PositiveReview Percentage of positive reviews the seller has received in a given month 
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TABLE 10  

Descriptive Statistics of Essay 3 

 Mean Std. Dev. Minimum Maximum 

Guarantee 0.27 0.44 0 1 
Traffic 2033.88 11577.77 0 413,844 

Reputation 835.69 3257.55 1 59,868 

Average Price 135.81 164.81 0.73 3,810 

Product Variety 184.62 390.81 1 12,526 

Bookmark 63.39 868.80 0 37,867 

Paid Advertising 0.09 0.29 0 1 

Social Endorsement 0.10 0.30 0 1 

CAPV 2.73 10.75 0 492.93 

AOV 173.20 358.07 0 6724 

Conversion 0.038 0.084 0 1 

DSR 3.62 2.15 0 5 

%PositiveReview 0.96 0.19 0 1 

Note: N = 3,548 
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TABLE 11 
Logit Regression Model of Sellers’ Participation Of 

Buyer Protection Program 
𝑹𝒆𝒑𝒖𝒕𝒂𝒕𝒊𝒐𝒏(𝑳) -0.090*** 

(0.02) 
𝑷𝒓𝒐𝒅𝒖𝒄𝒕𝑽𝒂𝒓𝒊𝒆𝒕𝒚(𝑳) -0.043 

(0.032) 
𝑨𝒗𝒈𝑷𝒓𝒊𝒄𝒆(𝑳) 0.080* 

(0.04) 
𝑩𝒐𝒐𝒌𝒎𝒂𝒓𝒌𝒆𝒅(𝑳) 0.283*** 

(0.03) 
SponsoredSearch 0.828*** 

(0.14) 
SocialEndosement 0.567*** 

(0.13) 
𝑻𝒓𝒂𝒇𝒇𝒊𝒄(𝑳) 0.050* 

(0.03) 
Constant -1.65*** 

(0.23) 
										Note: Total number of observation N= 4910 
                    P<0.1*, P < 0.05**, P < 0.01*** 

                  (L)The natural logarithm form of the variable. 
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Table 12 
Difference in Difference: Customer Average Page View of Treatment Vs. Control 

Groups 
 Treatment Control Difference t-test 
Before Participation 1.217 1.184 0.034 1.03 
After Participation 1.178 1.107 0.071 3.26 
Difference -0.039 -0.076 0.036 1.07 
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Table 13 

Difference in Difference: Average Order Value of Treatment Vs. Control Groups 

 Treatment Control Difference t-test 
Before Participation 3.420 3.989 -0.569 -3.77 
After Participation 4.749 3.478 1.270 9.71 
Difference 1.328 -0.511 1.83 10.19 
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Table 14 

Difference in Difference: Conversion of Treatment Vs. Control Groups 

 Treatment Control Difference t-test 
Before Participation 0.035 0.045 -0.010 -1.81 
After Participation 0.045 0.042 -0.003 0.52 
Difference 0.010 -0.003 0.014 1.94 
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Table 15 

Difference in Difference: Dynamic Seller Rating of Treatment Vs. Control Groups 

 Treatment Control Difference t-test 
Before Participation 3.100 4.002 -0.902 -6.45 
After Participation 4.657 3.261 1.396 11.86 
Difference 1.557 -0.741 2.298 11.25 
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Table 16 

Difference in Difference: Percentage Positive Review of Treatment Vs. Control 
Groups 

 Treatment Control Difference t-test 
Before Participation 0.864 0.950 -0.087 -4.70 
After Participation 0.987 0.988 -0.001 -0.17 
Difference 0.123 0.038 0.086 4.86 
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Figure 2     
Illustration of Social Media Endorsement 
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Figure 3     

Distribution of Online Traffic 
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Figure 4     

Distribution of Reputation by Strategies 
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Figure 5     
Distribution of Traffic by Strategies 
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Figure 6 

Distribution of Propensity Score Before and After Matching 
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