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SUMMARY

User-generated content (UGC), such as online product reviews, chat
rooms, recommendation sites, and wikis, has grown rapidly on the Internet as a
result of the pervasiveness of online Web 2.0 technologies. Consumers share their
purchase and consumption experiences of a wide assortment of products through
online information channels. This large-scale sharing of consumption experiences
can help inexperienced consumers learn about new products and identify the
products that best match their idiosyncratic preferences. Online UGC supplements
the traditional information channels and has become a pivotal source of product
quality information for consumers. The influence of UGC has attracted the
attention of both practitioners and researchers alike. Since UGC has the potential
to attract consumer visits, increase the time spent on the site, and create a sense of
community among frequent shoppers, an increasing number of firms began
offering UGC services, such as Amazon, Yelp, Dianping, and Epinions. These
firms provide millions of reviews of diverse products and services on their
websites and attract large number of visits every day.

This dissertation has two main objectives. First, we examine how online
UGC influences individual consumers’ purchase decisions. We are particularly
interested in the impact of online UGC on individual consumers’ new product
exploration and product quality learning. Second, we examine the factors that
affect the diffusion of UGC on social media platforms (SMP). We specifically
investigate the timing effect of UGC diffusion on SMP by adopting a temporal

networks modeling approach. Applying a wide variety of theories and techniques
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drawing from economics, marketing, information systems, and psychology, we
propose and empirically validate the mechanisms through which UGC diffuses on
SMP and influences individual consumers’ new product exploration and learning
behavior.

The dissertation consists of three studies. Study One investigates the
underlying process of how individual consumers perceive and use online UGC
information to guide their new product exploration and purchase decisions. We
propose that online UGC influences an individual consumer’s new product
exploration and purchase by (1) informing consumers of more choice alternatives
in a market (information effect); (2) highlighting new choice alternatives that
have a higher expected utility than that of their prior choices (experience effect);
and (3) signaling the quality of competing choice alternatives (competition
effect). Using a unique data set that consists of online reviews of restaurants on a
popular consumer review website, consumers’ information search and clickstream
records on the same website, and consumers’ actual patronage data on restaurant
dining transactions, we specify and estimate a structural discrete choice model to
empirically evaluate the influence of online UGC on individual consumers’
decisions with respect to visiting restaurants. Our model assumes that consumers
follow a two-stage decision process. In the first stage, consumers decide whether
to explore a new restaurant. In the second stage, consumers decide which specific
restaurant to patronize. Our model estimation approach accounts for observed and
unobserved consumer heterogeneity, as well as for the potential endogeneity of

consumer search. Our results show that consumers are more likely to sample a
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new restaurant after being exposed to more UGC of previously unvisited new
restaurants. Furthermore, they are also more likely to do so when online UGC of
restaurants highlights new alternatives with a higher expected utility than that of
previously patronized restaurants. Consumers are also more price sensitive and
assign more positive weight to UGC volume when they explore new product
alternatives.

Study Two examines how consumers’ experiential learning moderates the
informational role of online UGC on an individual consumer’s purchase decision
regarding frequently purchased products. We propose a structural model to
capture consumer learning from both online UGC and consumption experiences.
Adopting the Bayesian updating framework, we demonstrate how individual
consumers perceive and interpret the information embedded in online UGC to
update their quality perceptions of products. Our model assumes that consumers
learn both the average product quality and the precision of UGC signals. We
apply our model to the context of consumer dining choice by combining data
from online reviews of restaurants and consumers’ restaurant dining records. Our
analysis leads to two important findings. First, consumers are able to learn about
restaurant quality from both online UGC and their own consumption experiences
regarding dining choice. There is a significant amount of consumer learning from
the consumers’ own consumption experiences, indeed, much more than from
online UGC. Second, neglecting consumers’ experiential learning can result in
over-estimation of the impact of online UGC on consumers’ restaurant choice.

We demonstrate how our model can be used for firms’ decisions on word-of-
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mouth marketing. Our policy simulation results suggest that the impact of online
UGC on consumer decisions decreases with the number of consumers’
consumption trips. Thus, online UGC promotions may be influential only for new
products and it is possible that the impact would be of short duration.

Study Three examines the factors which affect the diffusion of UGC on SMP.
Users’ attention is generally allocated in a rather unbalanced manner on SMP. An
important question for both researchers and practitioners is as follows: how and
why does the popular online content become popular? Previous studies have
investigated this question from a variety of perspectives. In this study, we propose
that the time when the content is generated has a significant impact on its
popularity. We investigate this timing effect of information diffusion on SMP by
adopting a temporal networks modeling approach. Our research hypotheses focus
on examining how users’ active time periods may affect the spread of information
at the dyadic level and how the temporal order of information diffusion may
affect the popularity and velocity of transmission of online content at the global
level. Using data from a popular micro-blog website, we find strong evidence that
the timing of when a piece of online content is posted has a significant effect on

the popularity of the content.
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CHAPTER 1. INTRODUCTION

1.1. Background and Motivation

User-generated content (UGC), such as online product reviews, chat
rooms, recommendation sites and wikis, has grown rapidly on the Internet as a
result of the pervasiveness of online Web 2.0 technologies. Consumers share their
purchase and consumption experiences of a wide assortment of products through
product review websites, blogs, discussion forums, social shopping and social
networking websites. According to Anderson (2006), this large-scale sharing of
consumption experiences can help people learn about new products by bridging
the chasm between unknown preferences and product awareness or needs. Chen
and Xie (2008) also suggest that online reviews are helpful for consumers to
identify the products that best match their idiosyncratic preferences. Surveys
conducted by research companies provide evidence that online user reviews have
become a pivotal source of product quality information for consumers
(ChannelAdvisor 2010; ComScore 2007). It is expected that 155 million US
Internet users will consume some form of UGC by 2013 (Verna 2009). As a new
source of product information, online UGC supplements the traditional
information channels (Chen and Xie 2008; Dellarocas 2003; Dellarocas 2006;
Mayzlin 2006) and has greater influence on consumer choice than traditional
marketing activities (Trusov et al. 2009).

From the firms’ perspective, this large-scale sharing of consumption
experiences is important for their market success because it has the potential to
reduce consumers’ uncertainty about the quality of a product or service before

their purchase decisions and thus alleviate the information asymmetry between



firms and consumers (Bass et al. 1972). This especially facilitates purchase
decisions involving experience goods whose quality cannot be inspected before
purchase. According to comScore (2007), 24 percent of Internet users seek for
and read UGC prior to paying for a service that is delivered offline. The influence
of UGC has attracted the attention of both practitioners and researchers. UGC has
the potential to attract consumer visits, increase the time spent on a site, and
create a sense of community among frequent shoppers (Kumar and Benbasat
2006). An increasing number of firms, including Amazon, Yelp, Dianping, and
Epinions, are offering UGC services. These firms provide millions of UGC on
diverse products and services on their websites and attract numerous visits daily.
In order to effectively market with UGC on digital and social media, it is
important for firms and marketers to discern how individual consumers use and
respond to online UGC. For review websites and social media operators, an
insight into how individual consumers view, perceive, and use online review
information has crucial implications in terms of website design, information
management strategies, and the use of information technologies as a means of
extending reach and enhancing the richness of consumer reviews.

1.2. UGC Literature
With the increasing popularity of online UGC websites, a large body of

empirical studies have documented a positive relationship between online UGC
and firm performance such as product sales (Chevalier and Mayzlin 2006;
Chintagunta et al. 2010; Duan et al. 2008a; Duan et al. 2008b; Forman et al. 2008;
Goh et al. 2013; Liu 2006; Lu et al. 2013; Moe and Trusov 2011b; Sonnier et al.

2011a; Sun 2012; Zhu and Zhang 2010) and stock returns (Luo 2009; McAlister
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et al. 2012; Tirunillai and Tellis 2012). These studies mainly focus on the
numerical measures of online UGC, such as volume (i.e., the number of UGC or
reviews), valence (i.e., average rating of UGC or reviews) and variance (i.e.,
variance of UGC ratings) in their analysis. The volume of online UGC indicates
the popularity of a product. The motivation to consider the volume of online UGC
is that when more consumers discuss online about a product, other consumers will
be more likely to become aware of it (Dellarocas et al. 2007). The valence of
online UGC or word-of-mouth carries important information about a product’s
quality and reflects the level of consumer satisfaction with it (Zhu and Zhang
2010). Variance of UGC is a measure that captures the heterogeneity in consumer
opinions or the variability associated with the attributes of a product reviewed,
and thus reflects the level of uncertainty on the product quality (Sun 2012).
Previous empirical studies generally suggested that the volume of online
reviews was positively associated with product sales, but the relationship between
the valence of reviews and product sales was mixed. For example, Chevalier and
Mayzlin (2006) found that increases in the volume and valence of a book review
can lead to an increase in book sales. However, Chen et al. (2004) found that the
valence of online reviews was not related to product sales by using a similar data
set from Amazon.com. Duan et al. (2008a) documented the importance of the
number of online reviews in influencing movie box office sales, but the valence of
online reviews was not influential. Liu (2006) found that while the volume of
online word-of-mouth was positively associated with product sales, the

relationship between the reviews’ valence and sales was insignificant. Dellarocas



et al. (2007) used a modified Bass diffusion model to study the role of online
reviews in forecasting movie revenue and found that the valence of reviews was a
better predictor than other metrics they considered. Chintagunta et al. (2010)
found that the valence, but not the volume and variance, of reviews explained the
opening day movie box office revenues. In addition, two follow-up studies
examined the moderating effects of other factors on product sales, such as product
and consumer characteristics (Zhu and Zhang 2010) and the matching of
geographical locations between those of reviewers and consumers who read the
reviews (Forman et al. 2008). At the individual consumer level, researchers also
explored how online UGC affected individual consumers’ choice decisions
(Albuquerque et al. 2012; Goh et al. 2013; Zhao et al. 2013).

Online UGC have also been studied from other perspectives. For example,
Godes and Mayzlin(2004) showed that the dispersion of conversations across
online consumer communities was the main factor that influenced sales
performance. Duan et al. (2008b) explored the positive feedback mechanism
between word-of-mouth and retail sales. Mudambi and Schuff(2010)
demonstrated that review extremity, review depth, and product type affected the
helpfulness of online UGC. A few studies have however shown that online UGC
could be biased due to several reasons, such as self-selection (Li and Hitt 2008),
pricing effects (Li and Hitt 2010), and social dynamics (Godes and Silva 2012;
Moe and Trusov 2011b; Wang et al. 2010).

Researchers also examined the roles of textual content in online UGC by

adopting text mining techniques (Das and Chen 2007). These studies extended the



UGC literature by exploring the effect of text messages on firms’ performance
(Archak et al. 2011a; Ghose et al. 2012), which gave a more comprehensive view
of online UGC’s effects. They examined the influence of multiple sources of
online communications (Gu et al. 2012) and the dynamics between online UGC
and firms’ market performance (McAlister et al. 2012; Sonnier et al. 2011a;
Tirunillai and Tellis 2012). In addition, researchers combined text mining and
other techniques such as semantic network analysis and graphic models to
understand brand associative networks, monitor market structures, and extracted
comparative relations between products from customer reviews (Decker and
Trusov 2010; Netzer et al. 2012; Xu et al. 2011).

1.3. Research Overview and Contributions

This dissertation extends the literature as follows: (1) by investigating how
individual consumers search, perceive and use online UGC information to explore
new products; (2) by examining how consumers’ experiential learning moderating
the information role of online UGC; and (3) by examining the timing factors that
affect the diffusion of UGC on social media platforms (SMP). Specifically, the
dissertation has the following unique contributions to the literature on the
individual consumer level impact of UGC and UGC diffusion. First, due to a lack
of relevant data, previous studies has implicitly assumed that consumers search
and browse online UGC related to a product or service before committing to their
purchase decisions (Chevalier and Mayzlin 2006; Gu et al. 2012; Zhao et al.
2013). However, if one cannot ascertain that consumers actually search and
browse online UGC before a purchase, the prior documented influence of online

UGC on product sales may have been spurious, biased or non-causal in nature. In
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this study, we take advantage of individual consumers’ information search records
to explicitly examine how online UGC takes effect in the purchase decision
process of individual consumers. Our uniquely rich data set in this research not
only helps us to inspect the relationship between online UGC search and choice
behaviours, it also provides crucial sources of identification for the causal effect
of online UGC on individual purchases. We illustrate how researchers can make
use of consumers’ search data to explicitly model consumers’ decision process in
the light of online UGC usage.

Second, unlike previous studies which purely investigated the impact of
online UGC on consumers’ purchase outcomes in terms of discrete choice (Zhao
et al. 2013) and expenditure (Albuquerque et al. 2012; Goh et al. 2013), this study
goes beyond to examine how online UGC influences an individual consumer’s
variety seeking choice behaviour', or more specifically, the tendency to sample
new products. Previous studies have pointed out that understanding variety
seeking behaviours has important managerial implications in terms of product
assortment, competitive positioning and pricing strategies (Kahn 1995; Sajeesh
and Raju 2010; Seetharaman and Che 2009). Surprisingly, there is a lack of
research in both Marketing and Information System literature to investigate how
online UGC influences individual consumers’ new product exploration and
variety seeking behaviour. We posit that online UGC, by highlighting the variety
of alternatives available in a market, can increase consumers’ awareness and

willingness to sample a product that they have not tried before.

Generally, variety seeking refers to a phenomenon that consumers engage in varied behaviours, such as
brand switching or multi-brand buying (McAlister and Pessemier 1982). In this paper, we focus on a specific
aspect of variety seeking in terms of new product exploration (Kahn 1995).
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Third, although previous studies suggests that online UGC can provide
product quality information for consumers (Zhao et al. 2013), none of them have
examined how the informational role of online UGC may change when
consumers are able to learn product quality from their own consumption
experiences. For frequently purchased products, there is informational value for
the consumer to purchase a product because that consumer can repeatedly buy the
product if he or she likes it (McFadden and Train 1996). Marketing researchers
have suggested that consumer experiential learning is of great importance in the
consumer choice process (Erdem and Keane 1996). As consumers can learn
product quality from their own consumption experiences, the informational role
of online UGC will decrease when consumers gain more experiences. Thus, an
understanding on how consumers’ experiential learning moderates the effect of
UGC on consumer choice is of great importance for marketers in evaluating the
impact of online UGC and thus provides useful guidance for firms when they run
marketing campaigns on these new social media platforms.

Fourth, the dissertation contributes to the UGC diffusion literature by
examining the timing effect of UGC diffusion on SMP. Traditional diffusion
models conceptualize the diffusion process as being determined by the effects of
innovation and imitation and ignore connection patterns between individuals
(Bass 1969; Mahajan et al. 1990). Recent studies explicitly incorporate the
interpersonal connections when examining word of mouth diffusion processes
(lyengar et al. 2011). Researchers show evidence of social contagion (or peer

effects) in diverse contexts (Bandiera and Rasul 2006; Hill et al. 2006; lyengar et



al. 2011; Katona et al. 2011). Prior research also examines the role of local and
global network structure of opinion leaders (lyengar et al. 2011; Katona et al.
2011; Moynihan 2008; Nair et al. 2010; Yoganarasimhan 2012) and the
characteristics of information content (Berger and Milkman 2012; Berger and
Schwartz 2011; Berger et al. 2010; Zhang and Moe 2012) in the diffusion process.
Surprisingly, these studies usually assume the information network is static and
neglect the impact of human activity patterns across time in the information
diffusion process (Iribarren and Moro 2009).

We next present three studies which investigate the impact of online UGC
at the individual consumer level. Study One investigates the underlying process of
how individual consumers perceive and use online UGC information to guide
their new product exploration and purchase decisions. We propose that online
UGC influences an individual consumer’s new product exploration and purchase
by (1) informing consumers of more choice alternatives in a market (information
effect), (2) highlighting new choice alternatives that have a higher expected utility
than that of their prior choices (experience effect), and (3) signalling the quality of
competing choice alternatives (competition effect). Using a unique data set that
consists of online reviews of restaurants on a popular consumer review website in
China, consumers’ information search and click stream records on the same
website, and consumers’ actual patronage data on restaurant dining transactions,
we specify and estimate a two-stage structural discrete choice model to
empirically evaluate the influence of online UGC on individual consumers’

purchase decision in visiting restaurants. Our model assumes that consumers



follow a two-stage hierarchical decision process. In the first stage, consumers
decide whether to choose from a set of new (i.e., previously unvisited) restaurants
or from a set of restaurants patronized before, conditional on their expectations
about the utility they can get from each set of choices. In the second stage,
conditional on their first stage decisions, consumers decide which specific
restaurant to patronize. We specify random coefficients for our model parameters
to capture consumers’ heterogeneous responses to online UGC. Our model
estimation approach accounts for observed and unobserved consumer
heterogeneity, as well as for the potential endogeneity of consumer search using a
control function approach (Petrin and Train 2010). Our findings show that
consumers are more likely to sample a new restaurant (1) after being exposed to
more online UGC of previously unvisited new restaurants, and (2) when online
UGC of restaurants highlight new choice alternatives with a higher expected
utility than that of consumers’ previously patronized restaurants. Results show
that information attributes from online UGC have significant influences on
consumer choice among competing products. However, consumers are
heterogeneous in terms of responses to UGC. We also find evidence that online
UGC is more influential when consumers search for information to explore a new
product. Specifically, consumers are more price sensitive and assign more
positive weight on the volume of UGC when they explore new product
alternatives.

Study Two examines how consumers’ experiential learning moderates the

informational role of online UGC on an individual consumer’s purchase decision



regarding frequently purchased products. We propose a structural model to
capture consumer learning from both online UGC and consumption experiences.
Adopting the Bayesian updating framework, we demonstrate how individual
consumers perceive and interpret the information embedded in online UGC to
update their quality perceptions of products. Our model assumes that consumers
learn both the average product quality and the precision of UGC signals. We
apply our model to the context of consumer dining choice by combining data
from online reviews of restaurants and consumers’ restaurant dining records. Our
analysis leads to two important findings. First, consumers are able to learn about
restaurant quality from both online UGC and their own consumption experiences
regarding dining choice. There is a significant amount of consumer learning from
the consumers’ own consumption experiences, much more than from online UGC.
Second, neglecting consumers’ experiential learning can result in over-estimation
of the impact of online UGC on consumers’ restaurant choice. We demonstrate
how our model can be used for firms’ decisions on word-of-mouth marketing.
Our policy simulation results suggest that the impact of online UGC on consumer
decisions decreases with the number of consumers’ consumption trips. Thus,
online UGC promotions may be influential only for new products and it is
possible that the impact would be of short duration.

Study Three examines the factors which affect the information diffusion
on social media platforms (SMP). Users’ attention is generally allocated in a
rather inequitable manner on SMP. An important question for both researchers

and practitioners is: how and why do the online popular contents get popular?
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Previous studies have investigated this question from diverse perspectives. In this
study, we propose that the time when the content is generated has a significant
impact on its popularity. We investigate this timing effect of information diffusion
on SMP by adopting a temporal networks modelling approach. Our research
hypotheses focus on how users’ active time periods may affect the spread of
information at the dyadic level and how the temporal order of information
diffusion may affect the popularity of online content at the global level. Using
data from a popular micro-blog website, we find strong evidence that the timing
when a piece of online content is posted has a significant effect on the popularity

of the content.
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CHAPTER 2. STUDY ONE

HOW DOES USER-GENERATED CONTENT INFLUENCE CONSUMERS’
NEW PRODUCT EXPLORATION? AN EMPIRICAL ANALYSIS OF
CONSUMER SEARCH AND CHOICE BEHAVIOR

2.1. Introduction

User-generated content (UGC), such as online product reviews, has grown
rapidly on the Internet with the pervasiveness of online Web 2.0 technologies.
Consumers share their purchase and consumption experiences of a wide
assortment of products through product review websites, blogs, discussion
forums, social shopping and social networking websites. According to Anderson
(2006), these large-scale sharing of consumption experiences can help people
learn about new products by bridging the chasm between unknown preferences
and product awareness or needs. Chen and Xie (2008) also suggest online reviews
are helpful for consumers to identify the products that best match their
idiosyncratic preferences. Surveys conducted by research companies provide
evidence that online user reviews have become a pivotal source of product quality
information to consumers (ChannelAdvisor 2010; ComScore 2007).

In this paper, we examine the impact of online UGC on individual
consumers’ new product exploration in terms of both online search and variety
seeking choice behaviors. A large number of empirical studies have investigated
the influence of online UGC on aggregate product sales in different product
categories (Chevalier and Mayzlin 2006; Chintagunta et al. 2010; Clemons et al.
2006; Duan et al. 2008a; Forman et al. 2008; Godes and Mayzlin 2004; Gu et al.

2012; Liu 2006; Moe and Schweidel 2012; Sun 2012; Tirunillai and Tellis 2012;
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Zhu and Zhang 2010). However, only a handful of studies explored how online
UGC affects individual consumers’ choice decision (Albuquerque et al. 2012;
Goh et al. 2013; Zhao et al. 2013). In order to effectively market with UGC on
digital and social media, it is important for marketers to know how individual
consumers use and respond to online UGC. For review website and social media
operators, the insight of how individual consumers view, perceive, and use online
review information has crucial implications in terms of website design,
information management strategies, and the use of information technologies as a
means to extend reach and enhance richness of consumer reviews.

This study has three unique contributions to the literature on the individual
level impact of UGC on consumers. First, due to a lack of relevant data, previous
studies has implicitly assumed that consumers search and browse online UGC
related to a product or service before committing to their purchase decisions
(Chevalier and Mayzlin 2006; Gu et al. 2012; Zhao et al. 2013). However, if one
cannot ascertain that consumers actually search and browse online UGC before a
purchase, the prior documented influence of online UGC on product sales may
have been spurious, biased or non-causal in nature. In this study, we take
advantage of individual consumers’ information search records to explicitly
examine how online UGC takes effect in the purchase decision process of
individual consumers. Our uniquely rich data set in this research not only helps us
to inspect the relationship between online UGC search and choice behaviors, it
also provides crucial sources of identification for the causal effect of online UGC

on individual purchases. We illustrate how researchers can make use of
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consumers’ search data to explicitly model consumers’ decision process in the
light of online UGC usage.

Second, unlike previous studies which purely investigated the impact of
online UGC on consumers’ purchase outcomes in terms of discrete choice (Zhao
et al. 2013) and expenditure (Albuquerque et al. 2012; Goh et al. 2013), this study
goes beyond to examine how online UGC influences an individual consumer’s
variety seeking choice behavior?, or more specifically, the tendency to sample
new products. Previous studies have pointed out that understanding variety
seeking behaviors has important managerial implications in terms of product
assortment, competitive positioning and pricing strategies (Kahn 1995; Sajeesh
and Raju 2010; Seetharaman and Che 2009). In our context, we posit that online
UGC, by highlighting the variety of alternatives available in a market, can
increase consumers’ awareness and willingness to sample a product that they have
not tried before. Positive reviews or UGC that recommend a product, can also
reduce psychological switching costs and thus encourage switching from
consumers’ prior choice to a recommended one (Li et al. 2011).

Third, we propose a structural two-stage discrete choice model based on a
random utility framework (Ben-Akiva and Lerman 1985; Chintagunta 1999) that
extends the UGC literature by demonstrating the role of UGC in consumers’
hierarchical choice process of new product exploration and variety seeking
behaviors. Specifically in this paper, we propose that online UGC plays different

roles at different stages of the consumer choice process.

2 Generally, variety seeking refers to a phenomenon that consumers engage in varied behaviors, such as brand
switching or multi-brand buying (McAlister and Pessemier 1982). In this paper, we focus on a specific aspect
of variety seeking in terms of new product exploration (Kahn 1995).
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With these contributions in mind, we propose the following three research
questions:

(1) How does consumers’ online UGC search influence new product exploration
behaviors?

(2) How do consumers’ prior product consumption experiences affect their search
or usage of online UGC to explore new products?

(3) To what extent does competition across online UGC of competing alternatives
influence individual consumers’ purchase decision, especially when they
explore new products?

Adopting the insights from the variety seeking literature (Kahn 1995;
McAlister and Pessemier 1982), Prospect theory (Kahneman and Tversky 1979)
and the brand competition literature (Laroche et al. 1994), we propose that online
UGC influences an individual consumer’s new product exploration and purchase
by (1) informing consumers of more choice alternatives in a market (information
effect), (2) highlighting new choice alternatives that have a higher expected utility
than that of their prior choices (experience effect), and (3) signaling the quality of
competing choice alternatives (competition effect).

Using a unique data set that consists of online reviews of restaurants on a
popular consumer review website in China, consumers’ information search and
clickstream records on the same website, and consumers’ actual patronage data on
restaurant dining transactions, we specify and estimate a two-stage structural
discrete choice model to empirically evaluate the influence of online UGC on

individual consumers’ purchase decision in visiting restaurants. Our model
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assumes that consumers follow a two-stage hierarchical decision process. In the
first stage, consumers decide whether to choose from a set of new (i.e., previously
unvisited) restaurants or from a set of restaurants patronized before, conditional
on their expectations about the utility they can get from each set of choices. In the
second stage, conditional on their first stage decisions, consumers decide which
specific restaurant to patronize. We specify random coefficients for our model
parameters to capture consumers’ heterogeneous responses to online UGC. Our
model estimation approach accounts for observed and unobserved consumer
heterogeneity, as well as for the potential endogeneity of consumer search using a
control function approach (Petrin and Train 2010).

Our findings show that consumers are more likely to sample a new
restaurant (1) after being exposed to more online UGC of previously unvisited
new restaurants, and (2) when online UGC of restaurants highlight new choice
alternatives with a higher expected utility than that of consumers’ previously
patronized restaurants. Results show that information attributes from online UGC
have significant influences on consumer choice among competing products.
However, consumers are heterogeneous in terms of responses to UGC. We also
find evidence that online UGC is more influential when consumers search for
information to explore a new product. Specifically, consumers are more price
sensitive and assign more positive weight on the volume of UGC when they
explore new product alternatives. These findings relating consumer new product
exploration behaviors in the context of user-generated reviews provide new

insights into how individual consumers perceive and use UGC information for
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consumption decisions, and have important implications for academic research
and practice in the information systems and marketing fields.

2.2. Literature Review
2.2.1. Online UGC, Reviews and Word-of-mouth

Our current study is related to the literature that examines the impact of
UGC on firm performance. With the increasing popularity of online UGC
websites, a large body of empirical studies have documented a positive
relationship between online UGC and firm performance such as product sales
(Chevalier and Mayzlin 2006; Chintagunta et al. 2010; Duan et al. 2008a; Duan et
al. 2008b; Forman et al. 2008; Goh et al. 2013; Liu 2006; Lu et al. 2013; Moe and
Trusov 2011b; Sonnier et al. 2011a; Sun 2012; Zhu and Zhang 2010) and stock
returns (Luo 2009; McAlister et al. 2012; Tirunillai and Tellis 2012). These
studies mainly focus on the numerical measures of online UGC, such as volume
(i.e., the number of UGC or reviews), valence (i.e., average rating of UGC or
reviews) and variance (i.e., variance of UGC ratings) in their analysis. The
volume of online UGC indicates the popularity of a product. The motivation to
consider the volume of online UGC is that when more consumers discuss online
about a product, other consumers will be more likely to become aware of it
(Dellarocas et al. 2007). The valence of online UGC or word-of-mouth carries
important information about a product’s quality and reflects the level of consumer
satisfaction with it (Zhu and Zhang 2010). Variance of UGC is a measure that
captures the heterogeneity in consumer opinions or the variability associated with
the attributes reviewed of a product, and thus reflects the level of uncertainty on

the product quality (Sun 2012).
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Online UGC have also been studied from other perspectives. For example,
Godes and Mayzlin (2004) showed that the dispersion of conversations across
online consumer communities is the main factor that influences sales
performance. Duan et al. (2008b) explored the positive feedback mechanism
between word-of-mouth and retail sales. Mudambi and Schuff (2010)
demonstrated that review extremity, review depth, and product type affect the
helpfulness of online UGC. A few studies have however shown that online UGC
can be biased due to several reasons, such as self-selection (Li and Hitt 2008),
pricing effects (Li and Hitt 2010), and social dynamics (Godes and Silva 2012;
Moe and Trusov 2011b; Wang et al. 2010). Researchers also examined the roles
of textual content in online UGC by adopting text mining techniques (Das and
Chen 2007). These studies extended the UGC literature by exploring the effect of
text messages on firms’ performance (Archak et al. 2011a; Ghose et al. 2012),
which give a more comprehensive view of online UGC’s effects. They examined
the influence of multiple sources of online communications (Gu et al. 2012) and
the dynamics between online UGC and firms” market performance (McAlister et
al. 2012; Sonnier et al. 2011a; Tirunillai and Tellis 2012). In addition, researchers
combined text mining and other techniques such as semantic network analysis and
graphic models to understand brand associative networks, monitor market
structures, and extract comparative relations between products from customer
reviews (Decker and Trusov 2010; Netzer et al. 2012; Xu et al. 2011).

To the best of our knowledge, only a handful of empirical studies have

explored the impact of online UGC on individual consumers’ purchase decisions
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(Albuquerque et al. 2012; Goh et al. 2013; Zhao et al. 2013). Albuquerque et al.
(2012) developed a modeling approach that explains individual level choices of
visiting a UGC platform, creating and purchasing content as a function of
consumer characteristics and marketing activities. Goh et al. (2013) examined the
relative impact of social media brand community contents from consumers and
marketers on consumers’ apparel purchase expenditures. Zhao et al. (2013)
proposed a structural learning model to study the effect of online reviews on
consumer purchases of an experiential product (i.e., books). However, all these
prior-mentioned studies lacked individual consumer-specific UGC site visitation
and search behavior data, and thus do not focus on how online UGC search
influences new product exploration choice behaviors. To examine the impact of
online UGC on consumer choice, a critical concern is that consumers may not
have searched for information from online UGC prior to their purchases. If such is
the case, the documented positive influence of online UGC on product sales may
have been spurious (e.g., due to other unobserved influences), biased (e.g.,
consumers who browsed UGC related to a product may not have been the ones
who bought the product) and non-causal (e.g., due to reverse causation or
simultaneity) in nature.
2.2.2. Variety Seeking Behavior

Our paper is related to the variety seeking literature. Variety seeking has
been defined and modeled from different perspectives by psychologists, consumer
behaviorists, marketers, and economists (Givon 1984; Kahn 1995; McAlister and

Pessemier 1982; Sajeesh and Raju 2010; Seetharaman and Che 2009; Simonson
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1990). Generally, variety seeking refers to a phenomenon that consumers engage
in varied behaviors, such as brand switching or multi-brand buying (McAlister
and Pessemier 1982). In this study, we define and contextualize variety seeking as
consumers’ tendency to try or sample a new product that they have not purchased
before. Variety seeking is pervasive because of the tendency of individuals to
seek diversity in the choice of search and experience goods, or commodity and
differentiated products or services in their daily life (Givon 1984). Variety
seeking may arise over time, such as when consumers go to different restaurants
from one dining occasion to the next or choose diverse places to take a vacation.
Consumers can also seek variety within purchase occasions by choosing a
portfolio of products from different firms or brands at one time (Simonson 1990).
In sum however, we note that in the information systems literature, there has been
surprisingly no research that examines variety seeking behavior as an outcome on
part of consumers. While there have been some studies that examine the effect of
online UGC on loyalty of consumers to stores or brands (Gauri et al. 2008), it is
critical to note that in the marketing literature, consumers’ variety seeking is not
the flipside of loyalty, but is considered to potentially co-exist with inertia (habit
persistence) within individuals (Bawa 1990; Roy et al. 1996).

As to why and when consumers seek variety, the literature has identified
three main motivating factors of consumers’ variety seeking behaviors: satiation,
external situations, and preference uncertainty (Harlam and Lodish 1995; Kahn
1995; McAlister and Pessemier 1982; Simonson 1990). Satiation means that

consumers seek variety because of their internal or personal desire for variety. For
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example, a consumer who drinks milk every morning may get weary of its taste
after some time, and therefore switches to apple juice. Researchers modeled such
variety seeking by assuming that consumers can derive utility from the change
itself, irrespective of the brands he or she switched to or from (Givon 1984;
Sajeesh and Raju 2010; Seetharaman and Che 2009). An alternative approach to
measure such variety seeking assumed that consumers become satiated after
exposure to some attributes and seek alternatives that offer some other attributes
(McAlister 1982). Variety seeking triggered by an external situation refers to the
scenario when consumers seek variety due to external constraints (McAlister and
Pessemier 1982), such as multiple needs, multiple situations, and multiple uses,
rather than an immediate internally derived need for variety. For example,
consumers may seek to try out different restaurants across different occasions
because of the multiple preferences of family members. Previous studies
investigating such external situations in variety seeking have also explored the
effect of price promotions (Kahn and Louie 1990; Kahn and Raju 1991) and retail
environment (Menon and Kahn 1995). Lastly, variety seeking due to consumers’
preference uncertainty typically implies that consumers seek variety so that they
can have a portfolio of options as a hedge against future uncertainty or as a means
to protect their continued interest in their favorite options (Harlam and Lodish
1995).

In this study, we focus on the following aspects of consumer variety
seeking behavior. First, we investigate consumers’ tendency to sample a new

product that they have not purchased before, such that we can focus our efforts on
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examining how online UGC affects consumers’ new product exploration. Second,
our research context focuses on discrete choice situations where consumers
choose one unit of a product (from a choice set of competing substitutes) at each
purchase occasion but seek variety across purchase occasions over time. Third,
unlike most existing literature, which treat variety seeking as an independent
variable in their analysis, we model a consumer’s new product exploration
behavior as a decision variable and explicitly investigate how it can be influenced
by online UGC, as an external triggering situation or stimuli (Anderson 2006;
Chen and Xie 2008; Dellarocas 2003; Mayzlin 2006).

2.3. Research Hypotheses

Consumers often need to make purchase decisions under uncertainty
because they usually lack information about product quality, seller reputation or
other available product alternatives. To examine the influence of online UGC on
individual consumers’ new product exploration behaviors, we need to understand
what kinds of information online UGC can provide for consumers and how
consumers perceive and use information embedded in online UGC. In the
following paragraphs, we focus on developing hypotheses based on the context of
UGC'’s influence on consumers’ variety seeking for frequently or repeat purchase
experience goods (as opposed to one-time purchase goods such as books).

2.3.1. Information Effect: Consumer Awareness

Economics and marketing researchers have emphasized the crucial role of
consumer information search on consumer choice behavior for years (Mehta et al.
2003; Nelson 1970; Stigler 1961). Researchers argue that online UGC are helpful

for consumers to identify the products that best match their idiosyncratic
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preferences (Anderson 2006; Chen and Xie 2008). According to recent market
surveys (ChannelAdvisor 2010; ComScore 2007), online UGC has become a
pivotal source of product information to consumers. We argue that an information
role of online UGC is to suggest or highlight other choice alternatives which
consumers are not previously aware of (Anderson 2006; Chen and Xie 2008;
Nelson 1970). This role is especially important when the products are highly
differentiated or the market is highly competitive such that there are a large
number of choice alternatives. In such cases, consumers may continually make
purchase choices among products which they are already aware of (Nelson 1970).
When other new choice alternatives are highlighted to them, consumers have the
incentive to try these new products because satiated consumers of a repeatedly
chosen good (especially a hedonic one) can derive utility from the change itself,
irrespective of the alternative he or she switches to or from (Givon 1984;
Seetharaman and Che 2009). Thus, we hypothesize that an individual consumer’s
higher extent of search of online UGC on new products will lead to a higher
probability of new product exploration, i.e., variety seeking.

H1: A consumer is more likely to choose a new product when he or she

searches more new product alternatives from online UGC.

2.3.2. Experience Effect: Consumer Prior Experiences

In addition to providing consumers with new choice alternatives, online
UGC can provide detailed product quality information such that consumers are
able to evaluate and compare different product alternatives (Chan et al. 2012b;

Zhao et al. 2013). This role is especially important for experience goods which
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consumers cannot inspect product quality before their purchase or consumption.
In a highly differentiated and frequently purchased product market, consumers
usually have their own specific choice sets. Consumers may generally be loyal to
a small set of choice alternatives and seek variety by switching from one product
to another (Bawa 1990; Kahn et al. 1986). By searching online UGC, consumers
can identify and more importantly, evaluate the expected utility or value of these
new choice alternatives. Here, we examine how consumers’ prior consumption
experiences, i.e., the products consumers have purchased and consumed before, in
relation to relative quality levels of new alternatives highlighted in online UGC,
can influence the likelihood of new product exploration.

Prospect theory provides a relevant foundation to address how individual
consumers’ prior consumption experiences influence their new product
exploration. According to Prospect theory, consumers have reference-dependent
preferences and consumers are averse to losses (Kahneman and Tversky 1979).
Reference dependence implies that a consumer’s current consumption choice
depends on his or her reference point. Loss aversion implies that the consumer is
averse to negative departures from a reference point. We argue that consumers’
prior consumption experiences establish consumers’ referent points, i.e., the
expectations about the maximum utility they can receive from their prior choice
sets (KOSzegi and Rabin 2006). Consumers may seek variety in consumption
choices based on the benchmarks set by these reference points. Given that

consumers are loss averse, especially relative to the referent benchmarks, they are
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thus more likely to try new alternatives which afford a higher level of utility
(Kahneman and Tversky 1979; Loewenstein and Prelec 1993).

Online UGC provides the necessary quality information of new product
alternatives and products which consumers are already familiar with. The uniform
scaling of online UGC ratings makes the measurement and comparison of
different products direct and convenient. Consumers can easily evaluate the
relative attractiveness of products that they are unfamiliar with by comparing with
the products they have purchased before. At the same time, when new alternatives
highlighted by online UGC can provide higher expected utility, this generally
signals a high benefit and low (psychological) cost of switching or seeking variety
(Li et al. 2011). We call this the experience effect of online UGC. Thus, we
hypothesize:

H2: A consumer is more likely to choose a new product when the new

products he or she searches from online UGC can provide higher utility

than that of prior choice alternatives.

Here, we emphasize that online UGC or reviews provide researchers an
alternative method to measure consumers’ experiences. Researchers usually
measured consumers’ consumption experiences by conducting surveys or
interviews (Scott and Keiser 1984). Some empirical studies modeled consumers’
prior experience as a time-invariant unobserved consumer heterogeneity
component in fixed or random effects models or assumed that it follows a specific

distribution (Erdem and Keane 1996). Online UGC provides a new information
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source which researchers can use to explicitly formulate variables that measure
consumers’ prior consumption experiences (Zhao et al. 2013).
2.3.3. Competition Effect

We name the last role of online UGC as the competition effect, which
addresses the effect of online UGC of competing product alternatives on
consumers’ choice behavior. Previous research has found that consumers’
judgments are relative in nature and they are affected by the context under which
judgments are made (Laroche and Brisoux 1989; Laroche et al. 1994). In
choosing amongst brands, consumers’ choice of a certain brand is not only
determined by the attributes of that brand, but also by the attributes of competing
brands (Abe and Tanaka 1989; Kapoor and Heslop 2009; Laroche and Brisoux
1989; Laroche et al. 1994; Lynch et al. 1991). Applying the same logic to the
influence of online UGC, we argue that consumers’ judgment for one product is
not only influenced by online UGC of the focal product but also by those of
competing products in a choice set (Li et al. 2011).

Previous empirical studies of UGC generally found that the volume of
online UGC is positively associated with product sales, but the relationship
between the valence of reviews and sales is mixed. For example, Chevalier and
Mayzlin (2006) found that increases in the volume and valence of book reviews
can lead to an increase in book sales. However, Chen et al. (2004) found that the
valence of online UGC is not related to sales by using a similar data set from
Amazon.com. Duan et al. (2008a) documented the importance of the number of

online UGC in influencing movie box office sales, but the valence of online UGC
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is not influential. Liu (2006) found that the volume but not the valence of online
word-of-mouth is positively associated with product sales. Dellarocas et al. (2007)
found that the valence of reviews is a better predictor of movie revenue than other
metrics they considered. Chintagunta et al. (2010) found that the valence, but not
the volume and variance, of reviews explains opening day movie box office
revenues. Clemons et al. (2006) found that the variance of ratings and the strength
of the most positive quartile of reviews have a significant impact on the sales
growth of craft beers. Sun (2012) showed that a higher standard deviation of
ratings on Amazon improves a book’s relative sales rank when the average rating
is lower. In summary, based on findings from these mostly aggregate level
studies, we posit that at the individual consumer level, there is a significant
influence of information attributes from online UGC on consumer choice (Huang
et al. 2009; Zhao et al. 2013). In addition, we expect that consumer’ responses to
information from online UGC are heterogeneous such that some consumers are
more sensitive to information from online UGC than others. Therefore, we
hypothesize the following:

H3: Information attributes from online UGC have a significant influence

on a consumer’s choice decision among competing alternatives.

H4: Consumers show significant heterogeneity in terms of responses to

information attributes from online UGC.

The literature on the economics of information suggests that consumers
search for information prior to purchase in order to reduce their uncertainty about

the decision (Nelson 1970; Stigler 1961). Greater uncertainty then should

27



presumably lead to more extensive search (Punj and Staelin 1983; Urbany et al.
1989). Since consumers are likely to have more uncertainty on products which
they are unfamiliar with or have not purchased before, we posit that online UGC
will be more influential on consumers’ purchase decision when they are
considering the choice of a new product not sampled or purchased before.
H5: Online UGC has a more significant influence when a consumer is
choosing from a set of new products, compared to when he or she is
choosing from a set of products with prior purchase experiences.

2.4. Data Descriptions
24.1. Research Context and Data

We evaluate our research hypotheses in the context of consumers’
restaurant dining choices. Such a context is appropriate for two reasons. First, the
restaurant industry is typically quite competitive, especially within a major
metropolitan city from which our data set is based on. Consumers usually seek
varieties in restaurant dining choices in terms of food quality, restaurant
ambience, service standard, cuisine type, and location. Therefore, it is a very apt
context to investigate consumers’ new product exploration behaviors. Second,
restaurants and their associated cuisine offerings and services are essentially
experience goods which consumers usually do not have full information about
their quality before their first patronage. Online information channels, such as
UGC and reviews, exert a substantial influence on consumers’ choice of
experience goods (Gu et al. 2012; Huang et al. 2009).

Our novel data set is compiled from four unique sources: online reviews of

restaurants from a popular consumer reviews website in China, restaurant
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attributes information (e.g., location and promotions), consumers’ web page
browsing data on the website, and their restaurant dining transaction records. The
overall timeline of our data set spans from 2003 to 2008. The restaurant reviews
information spans from April 2003 to March 2008. Consumers’ dining transaction
records span from May 2005 to March 2008. Detailed information of restaurants’
attributes is available from January 2006 to March 2008. Consumers’ web page
browsing data spans from January 2008 to March 2008.

We gathered the restaurant reviews data from Dianping.com (similar to
Yelp.com), where consumers can share their experiences or reviews of restaurants
and eateries in each major city. The restaurant reviews information includes
consumers’ ratings of restaurants in terms of overall quality, food taste, restaurant
ambience, and service quality. The ratings scale ranges from 0 to 4, 0 being very
bad and 4 being very good. We use the overall quality rating in our empirical
analysis. In addition, reviewers can post information about the average price for
each person, recommended dishes, and detailed qualitative comments for each
restaurant. Restaurants are classified differentially by the review site in terms of
geographical areas, price level, and cuisine type. Restaurants are located in 11
areas of the sampled city, divided into 5 different price levels, and categorized
into offering 17 cuisine types. Other information on the restaurants includes that
of promotions such as the availability of discount or promotional coupons and the
promotional time period. Consumers’ web browsing data includes the consumer’s
anonymized identity, accessed web page’s URL, accessed restaurant’s identifier,

access date and time, as well as the IP address. Consumers’ restaurant dining
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records were collated from information gathered using the review website’s
loyalty program member cards. The website distributes loyalty program member
cards to their registered users. When consumers patronize a restaurant which has a
joint partnership program with the review web site, they could get discounts and
accumulate membership points by using the loyalty member card in each visit.
Our consumer transactions data are thus sourced from restaurant customers who
are also members of the review site’s loyalty program. These dining transactions
data include consumer’s anonymized identity, restaurant’s name, dining
expenditure, and transaction date.
2.4.2. Consumer Search and Consideration Set

Consumers’ web page browsing records play two crucially important roles
in our study. First, this data can help us ascertain that consumers do search and
use online UGC information before their purchases and thus provide a crucial
source of identification for the parameters in our econometric model. If we cannot
ascertain this, it will be hard for us to argue that consumers’ purchase decisions
are influenced by online UGC because information from UGC may merely reflect
restaurants’ quality at large. Second, this data can help us ascertain which specific
web pages of restaurants consumers have searched and visited. This information
can help us define a consumer’s consideration set at each purchase occasion.

Researchers have pointed out the importance of consideration set in
consumers’ decision process because a consumer has limited information-
processing abilities and thus he or she cannot make explicit utility comparisons

across a large number of choice alternatives available on an online reviews site
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(Andrews and Srinivasan 1995; Shocker et al. 1991). Prior studies have defined
consideration set as a subset of alternatives that survive a screening process and
receive serious consideration during the purchase occasion (Gilbride and Allenby
2004; Shocker et al. 1991). In our current study, both consumers’ prior restaurant
dining records and their UGC browsing data are used to define consumers’
consideration sets. A consumer’s consideration set at a specific trip consists of
two groups of restaurants. One is a group of restaurants that the consumer has
patronized before. These are the choice alternatives that a consumer has prior
consumption experiences and thus can easily recall their quality. The other is a
group of unvisited restaurants that consumers have searched before the transaction
within a 7 days’ time window. On Dianping.com, consumers can search and filter
restaurants by their own screening rules. If they are interested in a specific
restaurant, they can click onto the homepage of the restaurant to search for more
detailed information®. Thus, we regard the new restaurants a consumer has
searched before a transaction trip as the alternatives that the consumer has no
experiences on but is interested in.
2.4.3. Consumer Trip Level Panel Data

Our final panel sample data includes 798 consumers’ 3335 dining records
in 215 restaurants in the period between December 2007 and March 2008.
Consumers are included only if their web page browsing histories are observable.
This is because we need to make sure the consumers in our sample do search for
information from online UGC. To obtain the panel data set for our empirical

analysis, we require each consumer to have at least 3 transactions in the sample

® The screenshots of Dianping.com are shown in the appendix.
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time period. In addition, a consumer needs to have at least 1 transaction before
December 2007 in order to be included in the final panel. This criterion is used to
define each consumer’s prior choice set and to decide whether a consumer
chooses a new restaurant at his or her first trip in the sample period. The
restaurants included in our final sample are those that were patronized by our
sampled consumers from December 2007 to March 2008. The summary statistics
for the online reviews associated with these restaurants are shown in Table 2-1.

Table 2-1: Summary Statistics of Restaurant Reviews
Mean SD Min Max

Number of ratings (in thousands) 045 049 0.01 379
Average rating of taste 1.83 0.24 1.08 250
Average rating of ambience 178 044 057 297
Average rating of service 164 042 084 3.46
Average price per person (in hundreds) 0.89 0.76 0.25 7.36
Variance of taste ratings 0.66 0.13 0.08 1.26
Variance of ambience ratings 0.57 016 022 124
Variance of service ratings 0.72 0.19 023 149
Variance of price per person 0.32 121 0.00 13.34
Average rating of overall quality 175 032 1.08 263
Variance of overall quality 0.65 0.13 035 112
Number of popular dish tags (in tens) 0.80 0.66 0.00 220
Number of restaurants 215

Table 2-2: Summary Statistics of Consumer Search

D days window Whether consumers search UGC  Number of UGC searches
prior to visiting restaurant Mean SD Mean SD
=1 0.44 0.50 1.56 3.28
D=2 0.61 0.49 2.58 4.37
D=3 0.73 0.44 3.46 5.58
D=4 0.81 0.39 4.18 6.15
D=5 0.89 0.32 491 6.83
D=6 0.94 0.24 5.57 7.57
D=7 0.99 0.11 6.27 8.43
Number of transactions 3335
Number of consumers 798
24.4. Consumer Search and Variety Seeking

Table 2-2 presents the summary statistics of consumers’ search of online

UGC. We define a web page browsing record as a “search” activity only when (1)
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the restaurant a consumer browsed is included in our final sample®, (2) the
website browsing happened in a D days’ time window before a specific
transaction trip. As we can see from Table 2-2, consumers do search online UGC
before their dining trips. However, the time window we choose will affect the
extent to which we can identify consumers’ searches. If we choose 1 day as the
time window to define the scope of consumer search, we find that consumers
searched online UGC in 44% of the transaction trips. If we use 7 day as the time
window, we find that consumers searched online UGC in 99% of transaction trips.
Table 2-2 also presents the number of consumer UGC searches before each
transaction. Although it is likely that consumers are heterogeneous in terms of
retrieving information from memory such that they may or may not be able to
recall their search results which happened 7 days’ before, we nevertheless use a 7
days’ time window to define the scope of consumer search for two reasons. First,
a 7 days’ time window can help us to ascertain the extent of search for most of
transactions (99%). Second, this time window can provide us a reasonable
number of new choice alternatives in consumers’ consideration sets (as shown in
Table 2-3). We observe that 499 consumers chose a restaurant that they had not
patronized before and had no online search records within a 7 days’ time window
in 757 transactions®. These transactions happened in 154 restaurants. For these
observations, we consider the restaurant a consumer chose as a new restaurant and

include it in the consumer’s consideration set at that specific trip®. It is common

4 Consumers can search any restaurant. However, we only have transactions data for restaurants that are
included in our sample.

® We have 1830 such transactions when using a 1 day time window to define the scope of consumer search.

% In other words, we assume a consumer had searched the restaurant on the UGC site before the transaction if
she finally chose it. We argue that consumers may have searched such a restaurant outside the 7 day window
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in the literature to include the chosen alternative in a consumer’s consideration set
when researchers deal with the issue of large choice sets using a sampling
approach (Lemp and Kockelman 2012). In our context, we do not adopt the
random sampling approach used in some literature (McFadden 1978; Nerella and
Bhat 2004) because we can observe consumers’ information search records on the
online UGC web site.

Table 2-3 shows the summary statistics of online UGC search and variety
seeking choice behavior for consumers in our final sample. There are about 5 trips
for each consumer on average and consumers searched online UGC information
for 99% of all transactions’. On average, consumers accessed restaurants’ web
pages 6.27 times to search UGC information before a trip. 73% of these searches
were for new restaurants (4.74 times for new restaurants and 1.53 times for old
ones). Consumers searched 2.88 new restaurants and 0.64 old ones on average.
Based on our definition of consumers’ consideration set, we find that consumers
on average considered 10.6 restaurants which include 3.1 new restaurants and 7.5
old ones in one purchase occasion. Consumers patronized a new restaurant in
55% of all transactions. There is an 84% chance that a consumer switched away

to another restaurant across two restaurant trips.

or on another computer with a different IP address or without logging in with a registered user identity.
However, we caution that we may potentially over-estimate the impact of online UGC if such a restaurant
entered the consumer’s choice set through offline factors or influences.

" The high percentage of online UGC search suggests that our sampled consumers do search and use online
UGC before their purchase decisions. Since we only require consumers in our final sample to search online
UGC at least once in the three months’ time period, the high percentage of search implies that search
behaviors are stable and consistent in our sample period.
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Table 2-3: Consumer Search and Variety Seeking Statistics

Variables Mean SD Min Max
Trip search dummy (1 if search) 0.99 0.11 0.00 1.00
Number of searches at one trip 6.27 8.43 0.00 144.00
Number of searches for new restaurants 474 7.33 0.00 138.00
Number of searches for old restaurants 153 2.86 0.00 39.00
Percentage of searches for new restaurants 0.73 0.36 0.00 1.00
Number of new restaurants searched 2.88 3.84 0.00 80.00
Number of old restaurants searched 0.64 0.80 0.00 7.00
Percentage of new restaurants searched 0.75 0.34 0.00 1.00

Total number of restaurants in consideration set  10.61 6.73 3.00 83.00
Number of new restaurants in consideration set 3.10 3.84 0.00 80.00
Number of old restaurants in consideration set 750 550 1.00 47.00
New restaurant choice dummy (1 if choose new) 0.55 0.50 0.00 1.00

Restaurant switch dummy (1 if switch) 0.84 0.37 0.00 1.00
Number of trips 497 262 3.00 17.00
Number of transactions 3335
Number of consumers 798

2.5. Econometric Model Specification

Traditionally, it has been assumed that consumers evaluate a product
alternative in terms of the utility to be derived from selecting that alternative and
subsequently choose the alternative yielding the maximum utility. The underlying
assumption that consumers spend time and efforts to evaluate a large number of
alternatives is increasingly being questioned (Andrews and Srinivasan 1995;
Fotheringham 1988; Gilbride and Allenby 2004; Liu and Arora 2011; Shocker et
al. 1991). Researchers have proposed that consumers can use various decision
rules to simplify complicated decision tasks (Gilbride and Allenby 2004). An
alternative assumption is that consumers make decisions based on a hierarchical
or sequential decision process whereby a subset of similar alternatives is selected
from the universal set, and the final choice is chosen from the reduced set
(Fotheringham 1988; Shocker et al. 1991). In this study, we propose a two-stage
choice model by assuming that consumers follow a hierarchical decision process.
At the first stage, a consumer decides whether to choose from a set of new
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restaurants that he or she has no prior consumption experience or from a set of
restaurants patronized before. At the second stage, the consumer decides which
specific restaurant to patronize. We specify our two-stage choice model below.
2.5.1. First-Stage Decision: Whether to Patronize a New Restaurant?
On a transaction trip at time t, consumer i’s utility of choosing a new
product alternative is:

U =a, +yZ,+ AV + gilt )

it,c=new

where ¢; is the consumer-specific fixe