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a b s t r a c t

Uncertainty brought about by the separation of information flow and product flow has become a critical
obstacle to e-commerce development. From the perspective of presence and uncertainty, we attempt to
determine whether live chat usage can influence consumer purchase decision and how live chat can be
used to do so. Logit regression models are adopted to analyze data collected from an online store in
Taobao.com. We find that: (1) live chat usage is positively associated with consumer purchase decisions;
and (2) the behavior of sellers when using live chat can affect consumer purchase decision.

� 2018 Elsevier B.V. All rights reserved.
1. Introduction

With the development of the Internet, online shopping has
become increasingly important to consumers. The retail sales of
physical goods in China’s online market reached 4190 billion
RMB in 2016, accounting for 12.6% of the total retail sales of con-
sumer goods with a year-on-year growth of 25.6% (Ministry of
Commerce of the People’s Republic of China, 2017). However, con-
sumers cannot experience products (e.g., by trying on shoes) when
they shop online. This limitation reduces presence and increases
uncertainty, which in turn hampers purchase decision.

Certain techniques are available to assist consumers in their
online shopping. Online product descriptions can provide basic
information, and customer reviews can convey previous con-
sumers’ opinions. In addition, some shopping sites have launched
live chat services to facilitate communication between consumers
and sellers. For example, the well-known Chinese e-commerce site
Taobao.com provides the frequently-used live chat ‘‘Ali Wang-
wang.” Morgan Stanley reported that buyers and sellers may clarify
their desires and demand through Ali Wangwang to enhance
online transactions (Ji and Meeker, 2005). However, other
shopping sites (e.g., Amazon) do not use live chat. eBay, another
shopping site, even sold Skype in 2009, which was acquired for
$2.6 billion in 2005 (Musil, 2009). Our study asks whether using
live chat affects consumer purchase decisions. If so, how to use live
chat for influencing consumer purchase decision must be
addressed.

Several studies examine the relationship between live chat
usage and consumer purchase decision. Some studies focus on
the effect of live chat usage on presence in the conversation, which
positively affects the trustworthiness of the relationship between
consumers and sellers. Such a favorable effect facilitates the forma-
tion of consumers’ purchase intention (Lu et al., 2016) and pur-
chase decision (Ou et al., 2014). Jiang et al. (2010) argued that
live chat usage facilitates the perceived interactivity (a key aspect
of presence) of consumers, leading to their affective involvement
and further purchase intention. Kang et al. (2014) emphasized
the role of live chat usage on uncertainty reduction by increasing
perceived interactivity. Tan et al. (2016) reported the positive
effect of live chat usage on consumer purchase decision for low
reputation sellers, arguing that live chat usage can help consumers
reduce product quality uncertainty. The above literature confirms
that live chat usage affects purchase decision by increasing pres-
ence. However, these studies fail to address how to use live chat
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to affect presence. In the information searching stage of users’
decision-making process, the behavior of information providers
(e.g., speed of response, frequency, and type of information) is rel-
evant to the value of information due to their effect on presence
(Song and Zinkhan, 2008) and uncertainty reduction (Weiss et al.,
2008). In the context of live chat usage, our study attempts to ana-
lyze the effect of seller behavior as information providers on social
presence and uncertainty reduction that influence purchase
decisions.

We take steps to solve these issues and fill the research gaps.
Our research: (1) re-examines the effect of live chat between con-
sumers and sellers on consumer purchase decision; and (2)
explores the behavior (response time, number of replies, and type
of information) of sellers in using live chat to increase presence
and reduce uncertainty. This study provides additional evidence
regarding the role of live chat in the online shopping context. It
also underlines the importance of the approaches in using live
chat on a seller perspective. This exploration offers comprehen-
sive insights into the antecedents of online purchase decision
and the application of Burton-Jones and Straub’s (2006) system-
atic conceptualization of information system (IS) usage in online
shopping.

The rest of this study is organized as follows. In Section 2, we
introduce related work on the effect of seller behavior on live chat
usage. In Section 3, we present our hypotheses and arguments to
justify them. In Section 4, we describe our data and specify the
model. In Sections 5 and 6, we present our results and conclude
with a discussion of the study’s contributions and implications
for theory and practice.
2. Literature review

2.1. Online shopping uncertainty

Online shopping uncertainty is the degree to which consumers
fail to make predictions regarding a product or a firm they are
dealing with (Pavlou et al., 2007). This uncertainty includes
those related to sellers and products. Many scholars believe that
seller uncertainty is mitigated by trust-building mechanisms, such
as feedback ratings and third-party escrows (Dimoka et al.,
2012; Benbasat et al., 2008). Product uncertainty is divided into
product quality and product fit uncertainties. Product quality
uncertainty refers to the difficulty to evaluate product attributes
and predict future product performance (Ghose, 2009). Product
fit uncertainty is the degree to which consumers cannot assess
whether the product attributes match their preference (Hong
and Pavlou, 2014). The problem of product fit uncertainty
becomes prominent because consumers cannot test products
when they shop online.

Prior studies explore the antecedents of product uncertainty. A
majority of the studies confirm presence and product information
as crucial factors for reducing product uncertainty (Weathers
et al., 2007; Dimoka et al., 2012; Kang et al., 2014). Presence is
discussed in the next section, given its considerable role in reduc-
ing product uncertainty and influencing other important variables
(e.g., developing trustworthy relationship). Product information
may come from sellers (e.g., product webpage descriptions and
third parties). Product webpage descriptions (e.g., textual product
description and product pictures provided by sellers) can convey
comprehensive and vivid information, thereby increasing the con-
fidence of consumers to form product evaluation (Peck and
Childers, 2003). Third-party information (e.g., online reviews
and consumer reports) can also validate postings of sellers
regarding their products. Moreover, third-party information can
provide additional cues about product attributes for consumers
to evaluate products. Other studies show that information provi-
ders’ behavior, such as timeliness and frequent response of other
consumers in product forum (Weiss et al., 2008; Adjei et al.,
2010), positively affects product uncertainty reduction. These fac-
tors are discussed later.

Product uncertainty reduction may drive consumers toward a
purchase decision. Pavlou et al. (2007) stated that product uncer-
tainty may result in suffering a loss. Consequently, consumers
reduce purchase intentions and prevent purchase decisions. Adjei
et al. (2010) found that consumers in online brand communities
purchase products after product uncertainty is reduced.

Studies regarding product uncertainty classification and ante-
cedents provide a basis for us to explore and analyze whether
and how live chat can be used to reduce product uncertainty,
thereby affecting the purchase decision of consumers. In addi-
tion, product webpage descriptions, online reviews, and ratings
are examined in this study with reference to the above
literature.

2.2. Presence of online shopping

Presence is generally defined as the perception of intimacy or
being close to another person (Lowry et al., 2009; Short et al.,
1976), including two dimensions, namely, social presence (the
feeling of psychological closeness and interpersonal interaction
in a mediated communication) and telepresence (the feeling of
being physically engaged in a mediated environment). Regarding
social presence, Lu et al. (2016) proposed that social presence in
the web, perception of other consumers, and social presence of
interaction with sellers are three important aspects of social pres-
ence in the online marketplace. Social presence can directly
reduce product uncertainty or indirectly through trust toward
sellers. Telepresence theory holds that perceived interactivity is
a considerable aspect of telepresence. Perceived interactivity can
attenuate the negative effect of product uncertainty by enhancing
the ability of consumers to obtain information (Weathers et al.,
2007; Kang et al., 2014). This feature can also help consumers
study the attitudes and integrity of sellers, which stimulates the
affective involvement of consumers by making them feel warm
and pleased and creates a positive effect on the loyalty and atti-
tude of consumers (Jiang et al., 2010; Song and Zinkhan, 2008). In
this study, presence is used to evaluate and analyze the behavior
of sellers in live chat usage to reduce product uncertainty, which
further leads to purchase decisions.

2.3. Measurement of information system usage

IS usage is a classic research topic in the IS field (DeLone
and McLean, 1992; Burton-Jones and Straub, 2006). Although
researchers occasionally adopt specific measures for IS usage,
they generally deploy similar measures (e.g., use or nonuse,
duration of use, heavy or light use, frequency of use, and num-
ber of features used) (Alavi and Henderson, 1981; Venkatesh
and Davis, 2000; Saga and Zmud, 1994). Burton-Jones and
Straub (2006) proposed a systematic approach to reconceptual-
ize IS usage by combining the user, system, and task;
moreover, they suggested individual-level system usage as
‘‘an individual user’s employment of one or more features of
a system to perform a task.”

The above literature provides a basis to measure live chat
usage in an online shopping context. Live chat is a kind of IS
for sellers and consumers to communicate with each other.
Sellers’ usage of live chat can affect consumers. In live chat,
sellers are tasked to satisfy consumer needs, such as shortening
the perceived distance between consumers and sellers online
by responding rapidly and reducing product uncertainty by
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providing relevant and adequate information. Therefore, the
way sellers use live chat or their behavior (e.g., frequency of
use) can represent measurement of live chat usage in the online
shopping context.
2.4. Behavior of information providers

In the information searching stage of users’ decision-making
processes, the behavior of information providers is relevant to
the value of information. Weiss et al. (2008) conceptualized the fol-
lowing behavior of information providers relevant to information
value: timeliness, frequency, and amount of information. Timeli-
ness refers to the speed of responses to queries of the seeker. Fre-
quency pertains to the number of contacts between information
seekers and information provider. Amount of information denotes
the total quantity of information provided to the seeker. Weiss
et al. (2008) stressed the role of information providers’ behavior
to reduce information ambiguity and remove uncertainty. In addi-
tion, Song and Zinkhan (2008) proposed the effect of quick
response on presence and underlined the required relevance of
information type vis-à-vis the queries to influence presence and
satisfaction.

As information providers, the behavior of sellers in live chat
usage plays a consequently essential role in information value
and subsequent decisions of consumers. By referring to the behav-
ior of information providers, this study attempts to explore the
effect of seller behavior in live chat usage on consumer purchase
decision.
2.5. Limitations of previous studies

There has not been much literature that has discussed the role
of live chat in the online shopping context (Jiang et al., 2010; Ou
et al., 2014; Kang et al., 2014; Lu et al., 2016; Tan et al., 2016).
Only two studies used actual transaction data to determine the
relationship between live chat usage and consumer purchase
decision. However, live chat is crucial in conveying information
to consumers on products and helping establish connections
between consumers and sellers. Consequently, there is an urgent
need or researchers to provide additional evidence to address the
increasing importance of live chat usage for consumer purchase
decisions.

All the studies have focused on how live chat influences con-
sumer purchase decision-making through presence and uncer-
tainty. However, none of them discovered how to use live chat to
influence presence and uncertainty, and subsequently contribute
to consumer purchase decisions. According to the prior literature,
the behavior of information providers can affect presence and
uncertainty in communication (Weiss et al., 2008; Song and
Zinkhan, 2008). IS usage studies also have suggested that the
extent of use will make a difference in task performance (Burton-
Jones and Straub, 2006). Hence, exploring behavior of sellers in live
chat usage is necessary to determine how it should be used, which
in turn will help to guide consumers toward making purchase
decisions.

Some studies have found that information relevant to queries of
consumers can increase presence (Song and Zinkhan, 2008) and
reduce uncertainty (Adjei et al., 2010). In live chat usage, sellers
frequently provide relevant information to queries of consumers.
However, of all the relevant information, no literature has dis-
cussed the classification and effect of each type. This study aims
to fill this gap by classifying relevant information into product
quality-related and fit-related contents based on the uncertainty
reduction literature. We further address the effect of each type
on consumer purchase decisions.
3. Research hypotheses

3.1. Effects of live chat on consumer purchase decisions

Live chat can help consumers reduce product uncertainty by
providing product information and increasing presence through
communication with sellers. For product information, consumers
(as information seekers) acquire significant information by com-
municating with sellers through live chat, thereby reducing a large
set of possible beliefs regarding products (e.g., quality and fit
issues), to a small set. Hence, uncertainty is eventually reduced.

For the effect on social presence, on the one hand, symbols (e.g.,
smileys and videos) affect the development of intimacy perception
(Ou et al., 2014). The effective use of live chat (e.g., using humorous
language, pictures, or emoticons) can facilitate mutual awareness
between consumers and sellers, making the conversation similar
to traditional face-to-face communication, which in turn increases
social presence. On the other hand, live chat enables an interactive
channel (Jiang et al., 2010), which helps accelerate verification and
negotiation processes, thereby enhancing interactivity. The
increased social presence and perceived interactivity mean a high
level of presence. The high level of presence and increased trust
because of presence (Lu et al., 2016) together contribute to remov-
ing product uncertainty (Pavlou et al., 2007). The level of product
uncertainty is negatively associated with consumer intention and
actual online purchases (Adjei et al., 2010). Therefore, we propose:

Hypothesis 1 (The Live Chat Usage Hypothesis). The live chat usage
of consumers has a positive effect on their purchase decision.
3.2. Effect of seller behavior in live chat usage on the purchase decision
of consumers

As suggested by literature on both information provider’s
behavior (Weiss et al., 2008; Song and Zinkhan, 2008) and IS usage
measurement (Venkatesh and Davis, 2000), seller behavior, includ-
ing time of response, number of replies, and type of information
may influence subsequent behavior of consumers. We first discuss
the effect of time of response and number of replies and subse-
quently explore the type of information.

From the perspective of product information, a prompt
response from sellers helps information seekers to structure their
specific problems immediately and acquire a comprehensive
understanding of products (Weiss et al., 2008). Such timeliness
consequently attenuates the negative effect of uncertainty. From
the perspective of presence, telepresence theory posits that speed
is one of the medium structures influencing the users’ sense of
telepresence and medium usage (Steuer, 1992). This theory pre-
dicts that users will perceive increased interactivity in a medium
where information providers quickly respond to their requests
(Song and Zinkhan, 2008). Interactivity can help users form trust
toward sellers (Basso et al., 2001), which reduces uncertainty
(Morgan and Hunt, 1994). By contrast, slow communication is a
lack of responsiveness, which frustrates users (Andrews and
Haworth, 2002).

As for the number of replies, frequent responses from sellers
correspond to much information related to product quality and
service (Weiss et al., 2008). This rich information can help miti-
gate the information asymmetry between consumers and sell-
ers/products, thereby reducing product uncertainty. In addition,
detailed responses from sellers can help consumers effectively
understand products, enabling them to think of raising follow-
up questions. The interactive process enhances consumers’ sense
of presence, which contributes to product uncertainty reduction
(Kang et al., 2014). Reduced product uncertainty further leads
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to a purchase decision (Pavlou et al., 2007). Therefore, we
propose:

Hypothesis 2a (The Reply Speed Hypothesis). In live chat usage, the
timely reply from sellers has a positive effect on consumer
purchase decisions.
Hypothesis 2b (The Reply Frequency Hypothesis). In live chat
usage, the number of replies from sellers has a positive effect on
consumer purchase decisions.

Literature suggests that type of information is related to pro-
duct uncertainty of consumers (Adjei et al., 2010). Communication
between consumers and sellers is not simply bilaterally estab-
lished as message flows. This aspect requires that subsequent mes-
sages refer to previous ones, and must be relevant to the questions
of consumers (Song and Zinkhan, 2008). The literature on uncer-
tainty shows that although seller uncertainty is mitigated, con-
sumers still face product quality and product fit uncertainties
when shopping online (Dimoka et al., 2012; Hong and Pavlou,
2014). Considering these issues relevant to the concerns of con-
sumers, this study classifies information into product quality-
and product fit-related contents.

According to the definition of product quality uncertainty
(Dimoka et al., 2012; Ghose, 2009), product quality-related con-
tents are defined as information related to product attributes, such
as product condition and quality. Apart from information in a web-
page that displays products and feedback ratings, detailed informa-
tion provided by sellers on product attributes according to
personalized questions of consumers can help them understand
product quality. This personalized information enables the accu-
rate prediction of the future performance of a product and reduc-
tion of product quality uncertainty.

This study extends Hong and Pavlou (2014), defining product
fit-related contents as information that helps consumers deter-
mine whether the attributes of a product match their preferences.
Consumers believe that sellers should make suggestions or share
their insights regarding personalized questions (Andrews and
Haworth, 2002). Sellers who can recommend products to con-
sumers to match their preference through live chat can help con-
sumers determine the fit between product attributes and their
own preferences. Such an action will consequently reduce product
fit uncertainty.

Apart from providing relevant information, product quality-
and fit-related contents can also reduce product uncertainty
by increasing presence. First, consumers can sense the willing-
ness of sellers to assist when they give attention to the concern
of consumers regarding product quality and fit. Such experience
provides consumers an impression of warmth and friendliness,
thereby narrowing the perceived distance between consumers
and sellers. Second, the relevance of these contents to personal-
ized questions of consumers also increases their perceived
interactivity. Hence, the sense of presence of consumers is
increased, which will remove product uncertainty. So reduced
product uncertainty raises the intention of consumers to pur-
chase, which leads to an actual purchase decision. Therefore,
we propose:

Hypothesis 2c (The Product Quality-Related Contents Hypothesis).
Mentioning product quality-related contents in live chat has a
positive effect on consumer purchase decisions.
Hypothesis 2d (Product Fit-Related Contents Hypothesis). Mention-
ing product fit-related contents in live chat has a positive effect on
consumer purchase decisions.
4. Research methodology

4.1. Data collection

Data from an online skin care product store in Taobao.comwere
collected. The store opened in Taobao.com in 2009, and it mainly
sells Clinique skin care products. We obtained data about 29,801
consumers who visited this online store via computers from June
1, 2015 to December 8, 2015, including the webpages they viewed,
and the time spent on each webpage, as well as their purchase
decisions and live chat usage. We also collected information about
6517 live chat conversations with 96,422 postings (questions of
consumers and responses of sellers) in both computers and mobile
devices during the same period. The data included the content,
timestamp for each posting, and information of users who use live
chat.
4.2. Model specification and key variables

The logit model is conceptually simple and frequently used in
consumer behavior research in marketing and IS field (Olbrich
and Holsing, 2011; De et al., 2013). Such model is typically used
for situations in which one needs to predict one of only two possi-
ble values representing success and failure based on values of pre-
dictors. Olbrich and Holsing (2011) employed a logit model to
analyze 2.73 million online visiting sessions of consumers and
found that social shopping features exert a significant effect on
consumers’ decision of a click-out. De et al. (2013) checked nearly
35,000 transactions and used a logit model to estimate the influ-
ence of web technologies on the return decision of consumers. As
our dependent variable is binary (purchase or not purchase), we
propose logit models to demonstrate how live chat usage and seller
behavior will influence the purchase decision of consumers. We
formulate Model 1 to test the Live Chat Usage Hypothesis (H1)
and Model 2 to test the Reply Product Hypotheses (H2a–H2d).

logit½PðPurchasei ¼ 1jXiÞ� ¼ b0 þ b1 � LiveChatUsei þ b2 � AvgWordi

þ b3 � AvgPici þ b4 � AvgReviewi

þ b5 � AvgRatingi þ
X

b � other controlsi þ �i
ð1Þ
logit½PðPurchasej ¼ 1jXjÞ� ¼ b0 þ b1 � Speedj þ b2 � Frequencyj
þ b3 � Fitj þ b4 � Qualityj þ b5 � Serv icej
þ
X

b � Other Controlsj þ �j ð2Þ
In Model 1, Purchasei is defined as whether a consumer pur-

chased a product or not, which takes a value of 1 if consumer i suc-
cessfully paid for an order, and 0 otherwise. P(Purchasei = 1|Xi) is
the probability of consumer i purchasing the product for the given
data. Xi is a vector of independent and control variables. For the
independent variable, live chat usage (LiveChatUsei) indicates
whether a consumer used live chat, which takes a value of 1 if con-
sumer i used live chat to start a conversation with a seller, and 0
otherwise. Considering that product information and user-
generated contents may contribute to consumer purchase decision
(Chevalier and Mayzlin, 2006; Lu et al., 2016), we control the fol-
lowing variables: AvgWordi is the average number of description
words of products consumer i viewed. AvgPicturei is the average
number of pictures of products consumer i viewed. AvgReviewi is
the average number of reviews of products consumer i viewed.
AvgRatingi is the average rating of the products consumer i viewed.
Apart from the control variables we mentioned, other control
variables (including product features and browsing behavior of
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consumers) may also affect their purchase decisions (Olbrich and
Holsing, 2011; Tan et al., 2016). Thus, they are also controlled.
(See Appendix A) In addition, �i is the random error.

In Model 2, Purchasej is defined as whether the consumer
who participated in conversation j purchased a product. It takes
a value of 1 if a consumer in conversation j successfully paid
for an order, and 0 otherwise. P(Purchasej = 1|Xj) is the probabil-
ity of consumer purchasing the product in conversation j for the
given data. Xj is a vector of independent and control variables.
For the independent variables, Speedj is the time interval
between the first posting of the consumer and reply of the
seller in conversation j. Frequencyj is the number of replies from
the seller to the questions of the consumer in conversation j.
Qualityj is product quality-related contents defined as whether
conversation j contains information related to product attri-
butes, such as product condition and quality. Fitj is product
fit-related contents defined as whether conversation j contains
information that helps consumers determine whether the attri-
butes of a product match their preferences. Apart from the
main variables in the Reply and Product Hypotheses
(H2a–H2d), we also control for consumers’ information of live
chat usage and online shopping as well as product features.
(See Appendix B) �j is the random error.

We obtained Qualityj and Fitj in the following procedures.
First, we randomly selected 437 conversations, which con-
tained 6476 postings. Second, we manually coded these
6476 postings into one of four groups: product quality-, pro-
duct fit-, service quality-related contents, and others. Service
quality (e.g., product return, gifts, shipping policy) may influ-
ence the purchase decision of consumers (Valvi and Fragkos,
2012). Thus, we also included service quality in the classifi-
cation. Third, we trained the algorithms of support vector
machine (SVM) and naive Bayes (NB) using 89.6% (i.e., 5800)
of the coded postings as input to build the two classification
models. Fourth, we used the two models to classify the
remaining 10.4% (i.e., 676) of the postings. The accuracy level
of SVM is 82.98%, which is higher than that of NB (78.01%).
Finally, SVM was applied to classify the remaining 89,946
postings into four groups. Qualityj takes a value of 1 as long
as one posting of the seller in conversation j is classified
into the product quality-related contents group; and other-
wise, a value of 0 is taken. Fitj and Servicej refer to product
fit and service quality-related contents, respectively, and their
measurements are similar to Qualityj.
Table 1
Descriptive statistics for all consumers.

Variable Mean Std. Dev. Min Max

Purchasei 0.03 0.17 0 1
LiveChatUsei 0.03 0.16 0 1
AvgWordi 1220.83 744.38 0 3711
AvgPici 7.60 4.25 0 18
AvgReviewi 24.21 24.35 0 130
AvgRatingi 4.79 0.13 4.2 5

Table 2
Correlation among the main variables in Model 1.

Variables Purchasei LiveChatUsei AvgW

Purchasei 1
LiveChatUsei 0.413 1
AvgWordi 0.058 0.043 1
AvgPici 0.002 0.020 0.31
AvgReviewi 0.022 0.020 0.31
AvgRatingi 0.015 0.026 0.12
5. Data analysis and results

5.1. Descriptive statistics

Table 1 shows that only 3.0% of 29,801 consumers purchased
products, so the purchase conversion rate online is low. In total,
2.7% of consumers chatted with sellers. The means of average
words and pictures for each product consumers viewed are
1,220.8 and 7.6, respectively. The means of average reviews and
ratings for each product that consumers viewed are 24.2 and 4.8,
which suggests a fairly high evaluation. Table 2 shows the correla-
tions among the main variables in Model 1.

The descriptive statistics of 6517 live chat conversations in
Table 3 show that 2381 purchase records existed after live chat
usage. The seller replied 7.6 times and provided the first reply in
677.5 s in each conversation on average. The longest time for speedj
was 80,911 s before the seller replied to the first question of con-
sumers. The seller provided product fit-related contents in 30.7%
conversations, whereas product quality-related contents were pro-
vided in 51.7%. Table 4 shows the correlations among variables
that measure the behavior of the seller.

5.2. Hypothesis testing

5.2.1. Effect of live chat usage on consumer purchase decision
Empirical results of Model 1. Table 5 reports the estimated results

for Model 1 (the full table, including other control variables, is in
Appendix C). This model significantly fits better than a null model
with only an intercept and no covariates (v2 (12) = 2,013.53,
p < .01)). The pseudo-R2 is 27%. The commonly-used pseudo-R2

statistic is employed to measure fit of logit model, that is, the
McFadden’s R2. This statistic refers to the percentage comparison
between the log likelihood of the fitted model and the null model.
Measures of pseudo-R2 do not explain the variance in the same
way as the R2 coefficient in linear regression. In addition, measures
of pseudo-R2 are not as high as R2 in linear regression, in which a
pseudo-R2 between 0.2 and 0.4 indicates a good model fit accord-
ing to McFadden (1979).

Table 5 shows that live chat, which occurred between con-
sumers and sellers, has a positive coefficient (b = 3.431, p < .01).
Moreover, the marginal effect of live chat on purchase decision is
0.30 (using the mfx command in Stata), that is, live chat usage is
associated with a 0.30 increase in the probability of the purchase
ordi AvgPici AvgReviewi AvgRatingi

9 1
1 0.123 1
4 0.256 �0.293 1

Table 3
Descriptive statistics of variables related to live chat conversations.

Variable Mean Std. Dev. Min Max

Purchasej 0.36 0.48 0 1
Frequencyj 7.63 9.72 0 122
Speedj 677.54 3,740.75 0 80,911
Fitj 0.31 0.46 0 1
Qualityj 0.52 0.50 0 1
Service 0.59 0.49 0 1



Table 4
Correlation among the main variables in Model 2.

Variable Purchasej Frequencyj Speedj Fitj Qualityj Servicej

Purchasej 1
Frequencyj 0.183 1
Speedj �0.150 �0.157 1
Fitj 0.160 0.516 �0.129 1
Qualityj 0.085 0.433 �0.188 0.452 1
Servicej 0.348 0.231 �0.175 0.029 �0.046 1

Table 5
Estimation results for the effect of live chat use on consumer purchase decision.

Variables Coefficient SE.

LiveChatUsei 3.431*** 0.093
Control Variables
AvgWordi 3.16E�04*** 5.98E�05
AvgPici 0.033** 0.015
AvgReviewi 0.002 0.002
AvgRatingi �0.224 0.381
Other Controls

Intercept �3.111* 1.820
N 29,801
Log-likelihood �2,928.65
v2 (12) 2,013.53***

Pseudo R2 0.271

* p < .1
** p < .05.
*** p < .01.

Table 6
Effect of live chat usage controlling for consumers’ urgency to purchase.

Variables Coef. SE

LiveChatUsei 3.418*** 0.096
Control Variables
AvgWordi 2.92E-04*** 6.58E-05
AvgPici 0.013 0.016
AvgReviewi 0.002 0.002158
AvgRatingi �0.413 0.419
DiversityDegreei �0.096** 0.040
SimilarityDegreei 0.052* 0.031
DirectBrowsei 1.182*** 0.085
Other Controls

Intercept �2.453 2.078
N 29,801
Log-likelihood �2,819.10
v2 (15) 1,978.34***

Pseudo R2 0.2985

* p < .1.
** p < .05.
*** p < .01.
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decision of consumers compared with the non-existence of live
chat usage. Therefore, the Live Chat Usage Hypothesis (H1) is
supported.

Product descriptions (descriptive words and pictures) and user-
generated contents (ratings and number of product reviews) are
also examined (Dimoka et al., 2012; Chevalier and Mayzlin,
2006; Lu et al., 2016). The effects of average words and pictures
of the products are significant and positive (b = 3.16E�04, p < .01;
b = 0.033, p < .05, respectively), and the marginal effects of average
words and pictures are 5.00E�06 and 5.27E�04, respectively. The
effects of average rating and number of reviews are insignificant.
The descriptive statistics show that the average rating of products
is relatively high, with a mean of 4.789 and small standard devia-
tion of 0.132. Most reviews and ratings are positive and similar to
each other. These reviews and ratings may not be helpful to con-
sumers because consumers cannot rely on them to distinguish
one product from another. Therefore, consumers do not depend
on reviews and ratings when making a purchase decision.

As for the other control variables, consumers who spend more
time on product pages, view more product webpages, look around
for men’s products or come from a wealthier city are more eager to
conduct purchase decision than those who do not. Consumers who
view new arrival products and products with sub category are less
likely to purchase. Product price influences the purchase decision
of consumers negatively.

However, LiveChatUsei is an endogenous variable potentially
related to some unobserved variables. In the following section,
we attempt to alleviate the endogenous issue by measuring other
related variables, and use the coarsened exact matching (CEM)
method to improve the estimation of causal effects.

Robustness check. One of the most important unobserved vari-
ables in our context is consumers’ desire to purchase, that is, con-
sumers with a strong desire to buy tend to use live chat.
Accordingly, we used the following variables to measure con-
sumers’ urgency to purchase.

DiversityDegreei is the degree to which consumer i is distracted
from his or her initial shopping goal. The more diverse the products
a consumer view, the weaker the initial purchasing desire she has,
and this consumer unlikely makes a purchase. This variable is mea-
sured by the number of different categories of viewed products.
SimilarityDegreei is the degree to which consumer i concentrates
on his or her desire to buy. We assume that the more similar prod-
ucts a consumer browse, the more likely he or she will finally make
a purchase decision. SimilarityDegreei is measured by the number
of browsed products belonging to the category of the first product
he or she viewed in the store that day. DirectBrowsei is used to
determine how consumer i obtains access to the online store. This
variable takes a value of 1 if consumer i is directed by links in shop-
ping favorite lists, shopping collections, or purchase history to
access the store. These consumers have once visited the online
store, and they have additional knowledge regarding the store
and its products (Meyer, 1982). DirectBrowsei takes a value of 0 if
consumer i accessed the store by searching related products or
clicking banner advertisement links. These consumers may have
no shopping experience in this store, and are unfamiliar about
the quality of products sold, suggesting that they are in a high level
of uncertainty. Table 6 reports the estimated results for Model 1
with three new variables.

The estimated results in Table 6 show that less diversity of
viewed products, more viewed products belonging to the category
of first viewed product, and having once visited the online store are
all associated with increased purchase probability (the full table,
including other control variables, is in Appendix D) After control-
ling for consumers’ urgency to purchase, the effect of live chat
use on purchase decision remains positive (b = 3.418, p < .01).
The effect of the average number of pictures is insignificant. The
effects of the rest control variables remain stable.

Thereafter, we used CEM to compare the purchase decisions of
those with and without live chat (treated and control consumers,
respectively). The CEM method uses an exact match on coarsened
variables and runs the analysis on the uncoarsened, matched data.



Table 8
Effect of live chat use with matched sample.

Variables Coef

LiveChatUsei 2.80 (0.41)***

Intercept �3.89 (0.38) ***

N 5144
Log likelihood; v2 (1) �606.49; 47.62***

*** p < .01.

Table 9
Estimation results for the effect of seller behavior in live chat usage.

Variable Coef SE

Frequencyj 0.013*** 0.004
Speedj �3.50E�05*** 3.86E�06
Fitj 0.662*** 0.076
Qualityj 0.136* 0.073
Control Variables
Servicej 1.506*** 0.072
ChatDiversityDegreej �0.150* 0.084
ChatSimilarityDegreej �0.046 0.029
RptDialoguej 0.569*** 0.105
Other Controls
Intercept �3.451* 1.803
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This method does not require the researcher to set the size of the
matching solution ex ante, but check for balance ex post, which is
a requirement in most common matching methods (Blackwell
et al., 2009). The basic idea is that the different purchase decisions
between the control and treated consumers after matching are due
to whether they are treated (i.e., live chat usage).

Factors influencing the choice of consumers to use live chat
must be determined before performing CEM (Subramanian and
Overby, 2017). For the 797 consumers who used live chat, 65.12%
began using it after they finished browsing or when they were
browsing the last webpage. Thus, their browsing experience in
the online store would have influenced the live chat usage of con-
sumers. In this study, all product/webpage feature variables,
urgency to purchase, and other control variables were used as
determinants of live chat. We then matched treated and control
consumers with all these variables.

Continuous control variables are coarsened into bins of each
10th percentile width. For dummy variables, we utilized exact
matching. To ensure that the procedure resulted in comparable
matches, we examined the balance between the treated and con-
trol groups. We first calculated the means of control variables for
the treated and control consumers in each stratum in the matched
sample. We then used a t-test to examine whether the means of
these strata differ significantly between the two groups. Table 7
shows the results. (The full table, including other control variables,
is in Appendix E).

In Table 7, AvgWordi and SimilarityDegreei show significant dif-
ferences after matching, but the difference contains minimal prac-
tical significance (difference in means: AvgWordi, 0.14;
SimilarityDegreei, 0.06). Overall, the matching results show that
treated and control consumers are quite comparable after
matching.

Using the matched sample, we estimated a logit model to test
the effect of live chat usage:

logit½PðPurchasei ¼ 1jXiÞ� ¼ b0 þ b1LiveChatUsei þ �i ð3Þ
We fit the above model with the matched sample using

weighted regression, with the weights provided by the CEM proce-
dures (Iacus et al., 2012). Table 8 shows the results, which are sim-
ilar to the previous results in Tables 5 and 6.
N 6517
Log-likelihood �3,468.040
v2 (19) 1,187.18***

Pseudo R2 0.189

* p < .1.
*** p < .01.
5.2.2. Effect of seller behavior in live chat usage on consumer purchase
decision

Empirical results of Model 2. To address the endogenous problem
that the seller may sense consumers’ strong purchase desire and
thus behave differently, we also controlled for consumers’ urgency
Table 7
Means comparison for treated and control consumers for Hypothesis 1.

Variable # Strata # Treated Consumers # Control Consumers Mean:

Panel A. Before matching (full sample)
AvgPici – 797 29,004 8.12
AvgWordi – 797 29,004 1,414.5
AvgReviewi – 797 29,004 27.21
AvgRatingi – 797 29,004 4.81
DiversityDegreei – 797 29,004 1.55
SimilarityDegreei – 797 29,004 3.89
DirectBrowsei – 797 29,004 0.36

Panel B. After matching (matched sample)
AvgPici 168 223 4921 8.76
AvgWordi 168 223 4921 1,428.3
AvgReviewi 168 223 4921 26.65
AvgRatingi 168 223 4921 4.81
DiversityDegreei 168 223 4921 1.05
SimilarityDegreei 168 223 4921 1.44
DirectBrowsei 168 223 4921 0.16
to purchase. ChatDiversityDegreej is measured by the number of
product categories mentioned in conversation j. ChatSimilar-
ityDegreej is the degree to which the consumer concentrates on
their desire to buy, and is measured by the number of discussed
products belonging to the category of the first product he or she
mentioned in conversation j. RptDialoguej refers to whether con-
versation j happens between sellers and a consumer who has pre-
viously communicated with sellers within a week. RptDialoguej
takes a value of 1 if the consumer once had a conversation with
the seller, and 0 if otherwise.

Table 9 reports the estimation results for Model 2 (the full
table, including other control variables, is in Appendix F). The
time of the first reply is negatively related to the purchase deci-
sion of consumers (b = �3.50E�05, p < .01). Thus, speed of the
first reply positively affects the purchase decision of consumers.
Treated Consumers Mean: Control Consumers Difference in Means t-stat

7.59 0.53 3.48
1 1,215.5 199.01 7.45

24.13 3.08 3.52
4.78 0.21 4.53
1.74 �0.19 �2.64
1.51 2.38 34.7
0.23 0.13 8.76

8.77 �0.001 �1.99
1 1,428.18 0.14 2.07

26.64 0.01 1.88
4.8 0.001 1.38
1.05 0 0
1.38 0.06 3.23
0.16 0 0
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Therefore, the Reply Speed Hypothesis (H2a) is supported. Fre-
quency of seller replies positively influences the purchase deci-
sion of consumers (b = 0.013, p < .01). Therefore, the Reply
Frequency Hypothesis (H2b) is supported. Product quality- and
fit-related contents significantly affect purchase decision regard-
ing information type, supporting both the Product Quality-
Related Contents Hypothesis (H2c) and the Product Fit-Related
Contents Hypothesis (H2d).

Next, consider the results shown in Table 9.
Product fit-related contents greatly affected the decisions of

consumers compared with product quality-related contents. It
makes sense because consumers can obtain product quality infor-
mation from other sources such as website description, whereas
consumers can only obtain adequate information on fit-related
question from chatting with the seller.

Product descriptions provided on webpages are too general to
satisfy the personal issues of consumers. Reviews and comments
regarding a product from other individuals can occasionally be
helpful for the fit question of consumers, only if the following con-
ditions hold. First, former consumers had the same product-fit
related uncertainty, and with similar skin condition (in our case)
as this consumer. Second, these former consumers were willing
to provide feedback after trying the products. Third, this consumer
is willing to spend time looking for a specific answer from thou-
sands of reviews. Chatting with the seller is more convenient and
efficient than searching specific product fit-related contents in
the reviews because sellers have accumulated fit information from
previous cases of consumers. Then, they act as agents transmitting
the fit information of former consumers (which may not be written
in reviews) to the current consumer. Hence, the consumer can
acquire information to reduce product fit-related uncertainty
immediately.

Among the other control variables, consumers with high mem-
bership rank (i.e., more expenditure in the e-commerce site than
others), who mention products with lower price or more pictures,
and who previously chatted with sellers within a week or male
consumers are likely to make a purchase decision.

Robustness check. Other unobserved variables may still exist
apart from the urgency of consumers to purchase. Thus, we used
the CEM method to compare the purchase decision of those who
want to obtain product fit-related contents from sellers (treated
consumers) with those who do not obtain product fit-related con-
tents (control consumers). Refer to Appendix G for details. The
results of the comparison between consumers who obtain product
quality-related contents from sellers with those who do not dis-
Table 10
Effect of seller behavior in live chat usage with matched samples.

Variable Coef SE

Frequencyj 0.010** 0.005
Speedj �3.40E�05*** 4.57E�06
Fitj 0.591*** 0.084
Qualityj 0.157* 0.082
Control Variables
Servicej 1.701*** 0.078
ChatDiversityDegreej �0.077 0.095
ChatSimilarityDegreej �0.060** 0.030
Other Controls

Intercept �2.972 2.000
n 6014
Log-likelihood �3,213.491
v2 (14) 937.90***

Pseudo R2 0.187

* p < .1.
** p < .05.
*** p < .01.
cuss product quality-related contents are quite similar. Thus, the
results are not presented.

We fit Model 2 with the matched sample using weighted
regression. Table 10 shows the results. (The full table, including
other control variables, is in Appendix G) The results are similar
to the previous results in Table 9. Purchase decisions were posi-
tively affected by product fit-related contents mentioned in the
chat (b = 0.591, p < .01). Product quality-related contents also sig-
nificantly influenced purchase decisions (b = 0.157, p < .1). The
effects of other variables are quite similar too.
6. Conclusion

6.1. Key findings

This study analyzed the relationship between live chat usage
and consumer purchase decisions using data from a skin care
product store. Our results confirm that consumers who chat
with sellers tend to make a purchase. During live chat, the
behavior of sellers, including their fast and frequent replies, as
well as the product quality- and fit-related contents provision,
increase the possibility that consumers will make purchase
decisions.

This study makes the following contributions. First, our
research addressed and confirmed the importance of live chat
on the purchase decisions of consumers. Apart from webpage
features and product forums (Hong and Pavlou, 2014; Dimoka
et al., 2012), our study explains that live chat acts as an impor-
tant medium in uncertainty reduction and relationship establish-
ment by providing information and increasing presence.
Compared with other relevant literature on live chat (Jiang
et al., 2010; Lu et al., 2016), our study goes beyond the depen-
dent variable of purchase intention. Instead, consumer purchase
decisions were used to reflect the actual decision of consumers
after live chat. This research aids in understanding the antece-
dents of online shopping decision with additional comprehensive
insights.

Second, our research has explored live chat usage through
sellers to influence consumer purchase decisions, extending
the studies on the effect of live chat (Tan et al., 2016; Ou
et al., 2014). Prior literature focused on the effect of live chat
(Ou et al., 2014; Jiang et al., 2010; Kang et al., 2014), and
neglecting approaches regarding live chat usage may make a
difference. As suggested by the literature on IS usage
(Burton-Jones and Straub, 2006), and the behavior of informa-
tion providers, our study develops measures for live chat
usage. We also conduct intensive study to prove that of the
measures for live chat usage, response speed, response fre-
quency and information type are key factors that determine
consumers’ final decision.

Finally, our research extended and provided evidence for uncer-
tainty reduction theory. We analyze the information type in live
chat based on the classification of uncertainty in marketing litera-
ture into product quality- and product fit-related contents (Hong
and Pavlou, 2014). We disclose that although both product
quality- and product fit-related contents can positively affect con-
sumer purchase decision, product fit-related contents are signifi-
cant, underlining the urgency to solve personalized questions of
consumers, and matching their preference in the online
marketplace.
6.2. Managerial implications

This study establishes the following managerial implica-
tions for sellers to use live chat. First, live chat between



Table C1
Full Estimation Results for Model 1.

Variables Coefficient SE.

LiveChatUsei 3.431*** 0.093
Control Variables
AvgWordi 3.16E-04*** 5.98E-05
AvgPici 0.033** 0.015
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consumers and sellers is important, especially for consumers
who have never been to the store before. Sellers can take
advantage of monitoring tools (e.g., Shengyicanmou provided
by Taobao.com) to identify new consumers and allow an
experienced staff to communicate with them. Second, sellers
should reply to consumers as quickly as possible because a
rapid reply can promptly provide information before the
uncertainty results in a negative effect. Moreover, a quick
response can leave consumers with a good impression of
high-quality service, thereby leading to a pleasant online
shopping experience.

Third, sellers can convey rich and comprehensive information
to consumers by replying frequently, thereby helping reduce
uncertainty and transform information seekers into consumers.
Finally, sellers can provide more contents regarding the fit
between products and the preference of a consumer, as well as
product quality when the consumer starts several conversations.
A conversation after another in several days indicates that the con-
sumer still seriously considers purchasing the product. In this sit-
uation, additional product fit-related contents may look
trustworthy, which tend to convince a consumer about the suit-
ability of the product.

6.3. Limitations

This study also has some limitations. First, though our models
were empirically tested to be valid, other explanatory variables
that we did not control for may possibly have exerted influence
on the purchase decisions of consumers. These include such
things as their demographic information (income, age, and per-
sonalities), context factors (website technology, the existence of
competing products and brands), and social factors interaction
of consumers within the brand community) (Casper 2007; De
et al., 2013; Naylor et al., 2012; Mallapragada et al., 2016;
Adjei et al., 2010; Moslehpour et al., 2016). However, we did
not obtain these variables because of resource and data limita-
tion. We suggest researchers to consider these variables in future
research.

Second, the data analyzed in this study came from a store sell-
ing skin care products, which are typical experience goods (Nelson,
1974). Consumers may rely on different kinds of information when
they buy other products. Thus, users of our findings should be cau-
tious in applying them in other contexts.
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AvgReviewi 0.002 0.002
AvgRatingi �0.224 0.381
AvgPricei �0.001* 3.90E-04
AvgTimei 7.07E-05*** 1.73E-05
SubCategoryi �0.662*** 0.135
NumNewi �0.176*** 0.048
NumPrdctPagei 0.150*** 0.012
Genderi �0.537*** 0.112
GDPRanki �0.005*** 0.001

Intercept �3.111* 1.820
N 29,801
Log-likelihood �2,928.65
v2 (12) 2,013.53***

Pseudo R2 0.2713

* p < .1
** p < .05.
*** p < .01.
Appendix A. Control variables for Model 1

Apart from the variables stated in Section 4.2, product fea-
tures and browsing behavior of consumers may also affect con-
sumer purchase decision (Olbrich and Holsing, 2011; Tan et al.,
2016). Thus, these factors are controlled in this study. AvgPricei
refers to the average number of prices in product pages that
consumer i viewed. SubCategoryi takes a value of 1 if any of
the viewed products have different specifications for consumer
i to choose, such as different colors and sizes of the blusher
and moisturizing lotion, respectively. Otherwise, SubCategoryi
takes a value of 0. NumNewi refers to the number of viewed
new arrival products. AvgTimei denotes the average time
consumer i spent in each of the browsed products. NumPrd-
ctPagei refers to the number of products viewed by consumer
i. Genderi refers to the suggested gender of products consumer
i viewed, which takes a value of 1 if products consumer i
viewed are for women and 0 if otherwise. GDPRanki denotes
the GDP rank of city, where consumer i conducted online
browsing behavior in 2015 according to the China National
Bureau of Statistics (Yue, 2015).

Appendix B. Control variables for Model 2

Apart from the main variables in Hypotheses 2a-2d, live chat
usage and online shopping information consumers obtained are
controlled, as well as product features. CreditLevelj refers to the
credit of the consumer when conversation j occurred, which
was evaluated by former sellers. MemberLevelj refers to the
membership rank of the consumer when conversation j hap-
pened, which was associated with their total expenditure in
Taobao.com. ActiveLevelj denotes the activeness of the consumer
in live chat tool usage when conversation j took place, which
was associated with the time spent in live chat dialogues from
signing up. WangGenderj refers to the gender of the consumer.
ChatPrdctWordj refers to the average number of words in the
webpages of products which were mentioned in conversation
j. ChatPrdctPicj is the average number of pictures in the web-
pages of products which were mentioned in conversation j.
ChatReviewj refers to the average number of reviews of products
which were mentioned in conversation j. ChatRatingj denotes
the average rating of products which were mentioned in con-
versation j. ChatPricej refers to the average price of products
which were mentioned in conversation j. ChatNewj refers to
the number of mentioned products in conversation j, which
were also new arrival products. PrdctMentionedj was a binary
variable, taking a value of 1 if a consumer mentioned a product
in conversation j.

Appendix C

Table C1.
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Appendix D

Table D1
Table D1
Effect of Live Chat Usage While Controlling for Consumer Urgency to Purchase.

Variables Coef SE

LiveChatUsei 3.418*** 0.096
Control Variables
AvgWordi 2.92E�04*** 6.58E�05
AvgPici 0.013 0.016
AvgReviewi 0.002 0.002158
AvgRatingi �0.413 0.419
AvgPricei �3.99E�04 3.70E�04
AvgTimei 5.96E�05*** 1.81E�05
SubCategoryi �0.502*** 0.137
NumNewi �0.133*** 0.048
NumPrdctPagei 0.115*** 0.024
Genderi �0.442*** 0.116
GDPRanki �0.006*** 0.001
DiversityDegreei �0.096** 0.040
SimilarityDegreei 0.052* 0.031
DirectBrowsei 1.182*** 0.085

Intercept �2.453 2.078
N 29,801
Log-likelihood �2,819.10
v2 (15) 1,978.34***

Pseudo R2 0.2985

* p < .1.
** p < .05.
*** p < .01.

Table F1
Estimation results for the effect of communication quality and contents.

Variable Coef SE

Frequencyj 0.013*** 0.004
Speedj �3.50E-05*** 3.86E-06
Fitj 0.662*** 0.076
Qualityj 0.136* 0.073
Control Variables
Servicej 1.506*** 0.072
ActiveLevelj 2.92E-06* 1.61E-06
MemberLevelj 0.228*** 0.039
CreditLevelj 0.023 0.021
WangGenderj �0.311*** 0.088
ChatPrdctWordj 9.00E-06 5.76E-05
ChatPrdctPicj 0.234*** 0.013
ChatReviewj 0.003 0.002
ChatRatingj �0.115 0.367
ChatPricej �0.001*** 3.02E-04
ChatNewj �0.131* 0.072
PrdctMentionedj �0.022 0.078
ChatDiversityDegreej �0.150* 0.084
ChatSimilarityDegreej �0.046 0.029
RptDialoguej 0.569*** 0.105

Intercept �3.451* 1.803
N 6517
Log-likelihood �3,468.040
v2 (19) 1,187.180***

Pseudo R2 0.189

* p < .1
*** p < .01
Appendix E

Table E1
Table E1
Comparison of Means for Treated and Control Consumers for Hypothesis 1.

Variable # Strata # Treated Consumers # Control Consumers Mean Tr

Panel A. Before matching (full sample)
AvgTimei – 797 29,004 403.77
AvgPici – 797 29,004 8.12
AvgWordi – 797 29,004 1414.51
AvgReviewi – 797 29,004 27.21
AvgPricei – 797 29,004 133.2
AvgRatingi – 797 29,004 4.81
SubCategoryi – 797 29,004 0.25
NumNewi – 797 29,004 0.79
NumPrdctPagei – 797 29,004 5.26
Genderi – 797 29,004 0.79
GDPRanki – 797 29,004 32.18
DiversityDegreei – 797 29,004 1.55
SimilarityDegreei – 797 29,004 3.89
DirectBrowsei – 797 29,004 0.36

Panel B. After matching (matched sample)
AvgTimei 168 223 4921 491.17
AvgPici 168 223 4921 8.76
AvgWordi 168 223 4921 1,428.31
AvgReviewi 168 223 4921 26.65
AvgPricei 168 223 4921 176.25
AvgRatingi 168 223 4921 4.81
SubCategoryi 168 223 4921 0.41
NumNewi 168 223 4921 0.4
NumPrdctPagei 168 223 4921 1.45
Genderi 168 223 4921 0.81
GDPRanki 168 223 4921 32.28
DiversityDegreei 168 223 4921 1.05
SimilarityDegreei 168 223 4921 1.44
DirectBrowsei 168 223 4921 0.16
Appendix F

Table F1
eated Consumers Mean Control Consumers Difference in Means t-Stat

183.12 220.65 5.48
7.59 0.53 3.48
1215.5 199.01 7.45
24.13 3.08 3.52
129.56 3.64 0.84
4.78 0.21 4.53
0.32 0.07 4.05
0.31 0.47 18.44
1.78 3.48 34.81
0.87 �0.08 �7.02
36.45 �4.27 �3.17
1.74 �0.19 �2.64
1.51 2.38 34.7
0.23 0.13 8.76

394.91 96.25 0.93
8.77 �0.001 �1.99
1,428.18 0.14 2.07
26.64 0.01 1.88
176.06 0.19 1.24
4.8 0.001 1.38
0.41 0 0
0.38 0.02 1.8
1.39 0.06 3.23
0.81 0 0
33 �0.71 �1.6
1.05 0 0
1.38 0.06 3.23
0.16 0 0
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Appendix G. Effect of communication quality and contents with
matched samples

To match consumers discussing product fit-related contents
with sellers (treated consumers) to those who do not (control con-
sumers), we used consumers’ information on live chat usage and
online shopping (ActiveLevelj, MemberLevej, CreditLevelj), gender
(WangGenderj), and whether this chat is a repeat dialogue in a
week (RptDialoguej) as the antecedent variables of talking about
product fit-related contents. We then matched treated and control
consumers using all these variables.

We coarsened continuous variables (ActiveLevelj and
CreditLevelj) according to their distribution. They are coarsened
into bins with a 10th percentile width for each. For categorical
variables (MemberLevelj, WangGenderj, RptDialoguej), we used exact
matching. The balance between treated and control groups were
examined, and no significant difference was found. Overall, the
matching results showed that treated and control consumers are
quite comparable after matching. Table G1 shows the results of
Model 2 with matched sample.
Table G1
Effect of Communication Quality and Contents with Matched Samples.

Variable Coefficient SE

Frequencyj 0.010** 0.005
Speedj �3.40E�05*** 4.57E�06
Fitj 0.591*** 0.084
Qualityj 0.157* 0.082
Control Variables
Servicej 1.701*** 0.078
ChatPrdctWordj �3.80E�05 6.53E�05
ChatPrdctPicj 0.251*** 0.015
ChatReviewj 0.001 0.002
ChatRatingj �0.13 0.412
ChatPricej �0.001*** 3.35E-04
ChatNewj �0.183** 0.077
PrdctMentionedj 0.071 0.081
ChatDiversityDegreej �0.077 0.095
ChatSimilarityDegreej �0.060** 0.030

Intercept �2.972 2.000
N 6014
Log-likelihood �3213.49
v2 (14) 937.90***

Pseudo R2 0.187

* p < .1.
** p < .05.
*** p < .01.
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