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This study examines how social network integration (i.e., integration of online platforms with other social
media services, for example, with Facebook or Twitter) can affect the characteristics of user-generated content
(volume and linguistic features) in the context of online reviews. Building on the social presence theory, we
propose a number of hypotheses on how social network integration affects review volume and linguistic
features of review text. We consider two natural experiments at leading online review platforms (Yelp.com and
TripAdvisor.com), wherein each implemented a social network integration with Facebook. Constructing a
unique panel dataset of online reviews for a matched set of restaurants across the two review sites, we estimate
a difference-in-differences (DID) model to assess the impact of social network integration. We find that integration with Facebook increased the production of user-generated content and positive emotion in review text,
while simultaneously decreasing cognitive language, negative emotion, and expressions of disagreement
(negations) in review text. Our findings demonstrate that social network integration works as a double-edged
sword. On the one hand, integration provides benefits in terms of increased review quantity. On the other
hand, these benefits appear to come at the cost of reduced review quality, given past research which has found
that positive, emotional reviews are perceived by users to be less helpful. We discuss the implications of these
results as they relate to the creation of sustainable online social platforms for user content generation.
Keywords: Social network integration, online reviews, natural experiment, difference-in-differences, text
analytics
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“Humans are different in private than in the presence of others. While the private
persona merges into the social persona in varying degrees, the union is never complete. Something is always held back.”
– Brian Herbert, House Corrino, 2001
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Introduction
Many online platforms have sought to supplement their homegrown communities by integrating with prominent social
networking sites like Facebook, Twitter, and Google+, a practice known as social network integration (Blanchard 2011).
Examples of social network integration include social login
(Kontaxis et al. 2012), Facebook Connect (Holliday 2009),
and instant personalization (Kincaid 2010). Social login allows a new user to register an account with an online platform
using an existing account at a social networking service, for
example, Facebook (Frutiger et al. 2014). Once a user grants
a platform access to their existing social networking account,
Facebook Connect enables automatic or user-controlled social
sharing of the user’s activities on the platform, back to the
social networking site (for instance, sharing Yelp reviews on
Facebook pages). Facebook’s instant personalization option
enables even greater levels of integration, because it allows
the partner platform to access and make use of Facebook
profile information, including the user’s name, geographic
location, and social connections (Rapp et al. 2013). In sum,
social network integration facilitates convenient user account
creation and login, provides for a more personalized user
experience, and promotes a greater perception of social
presence (e.g., cognizance of one’s audience, typically their
friends).
The objective of this study is to examine how social network
integration affects the volume and characteristics of user content generation, particularly in the context of online reviews.
We explore how social network integration influences review
volumes and the linguistic features of review text. In terms of
linguistic features, we place a specific focus on the occurrence
of (1) affective content, that is, words indicative of feelings
and emotion, such as happy, sad, or cried (Epstein 1993; Gill
et al. 2008), which may vary in both valence (positive versus
negative) and intensity (Gilovich et al. 2002; Shiv and
Fedorikhin 1999); (2) cognitive content, that is, words suggestive of reasoning and information processing, such as
cause, know, or ought (O’Neill 2002; Pennebaker and Francis
1996); and (3) negative language, that is, words related to
negation and disagreement, such as no, not, or never (Horn
2010; Lasersohn 2005). Formally, we seek to investigate the
following research question:
How does social network integration affect user
content generation (online reviews), in terms of
volume, the exhibition of affective and cognitive
language, and use of negative language?

terms of the volume of content produced, there are two
plausible countervailing mechanisms by which social network
integration may cause differences. On the one hand, social
network integration may result in more content production
because it leads to increased social interaction, which provides a greater opportunity for individuals to gain social
benefits from the content they produce (Dellarocas 2003;
Lampel and Bhalla 2007; Zhang and Zhu 2011).2 On the
other hand, social integration may cause a decrease in content
production, because it may lead users to tailor or even cease
their content generation (Das and Kramer 2013; Sleeper et al.
2013), out of fear of social disapproval by the newly
(socially) proximal audience.
Social network integration may also impact the characteristics
of content that is produced, for at least two reasons. First,
social network integration may drive a shift in the composition of the user base by inducing selection into the platform;
by facilitating the entry of a new group of individuals, who
might then produce systematically different content because
they hold inherently different personal traits. Second, social
network integration may cause existing users to change the
nature of the content they produce. Specifically, social network integration, by increasing social presence, may trigger
existing users to exhibit feelings and emotions with greater
intensity when authoring reviews (Gilovich et al. 2002; Shiv
and Fedorikhin 1999), at the expense of cognitive processing
(De Martino et al. 2006; Kahneman 2011). Additionally,
social integration, by increasing social presence, may reduce
individuals’ tendency to employ negations, which are indicative of negativity or disagreement (Davis et al. 2002; Moor et
al. 2010).
Grounded in social presence theory (Short 1974; Short et al.
1976), we propose several hypotheses relating social network
integration to the quantity and linguistic features of online
reviews. We analyze a unique data set comprised of online
reviews for a set of matched restaurants across two comparable, leading online review websites. We code the linguistic
features of the review text using Linguistic Inquiry and Word
Count (LIWC), a tool we describe in greater detail in the
methodology section. Our econometric identification strategy
hinges on two natural experiments: temporally staggered
social network integrations on Yelp.com and TripAdvisor.
com. These natural experiments allow us to infer the causal
effects of social network integration via a difference-indifferences model (Fricke 2015; Frohlich 2004).

2

We propose that social network integration may instigate
changes in the volume and linguistic features of reviews by
increasing social presence on a website. For example, in
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It is also possible that social network integration may increase content production because it typically comes paired with a social network login feature
(e.g., login via Facebook). Social login makes it easier and more convenient
for new individuals to register and enter the community (Frutiger 2014).
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Our results show that social network integration increases the
volume of online reviews that are authored, due to a combination of more rapid user entry and an increase in average
reviewing activity amongst existing users. Moreover, we find
that integration leads to changes in the linguistic features of
reviews; we observe that emotional, affective language increases while cognitive language declines. Further, we observe a decline in users’ tendency to employ negation terms,
indicative of disagreement. Finally, a series of subsequent
user-level analyses demonstrate that the changes we observe
are driven primarily by shifts in user behavior, rather than
shifts in user composition (i.e., self-selection).
Our study contributes to the literature on user content generation and the design of online review systems. While past
research has primarily focused on the consequences of online
reviews, our study provides a pioneering effort in understanding how an important system design feature—social
network integration—affects review volumes and linguistic
features of review text, by increasing social presence. Given
the recent trend of online platforms toward promoting social
network integration, it is crucial that we improve our understanding of the collateral consequences.
The findings of our study also carry important implications
for the design of IT platforms that host and heavily rely upon
user-generated content. On the one hand, social network integration appears to be a boon for online review sites. Social
network integration appears to increase content production,
which is likely to be desirable to online review platforms,
which are known to face an under-provisioning problem
(Avery et al. 1999; Burtch et al. 2017). On the other hand,
social network integration also has its downsides. Considering the past literature’s observation that consumers’
perceive negative reviews to be more helpful (Chen and Lurie
2013; Rozin and Royzman 2001), and emotional reviews as
less helpful (Baumeister et al. 2001; Hong et al. 2016; Yin et
al. 2014), the fact that we see (1) a shift away from cognitive
language toward emotional language, (2) that the latter manifests primarily as positive emotions, and (3) that consumers
employ fewer negations, suggests that, despite the apparent
benefits of greater review volumes, social network integration
may lead to content that is perceived to be less helpful, and
thus of lower quality. In sum, our findings demonstrate that
social network integration, and thus the associated increases
in social presence, can be a double-edged sword, providing
benefits in terms of increased review quantity, possibly at the
cost of perceived review quality.

Prior Literature
Social Presence and Anonymity
Social presence was originally defined as “the degree of
salience of the other person in the interaction and the consequent salience of the interpersonal relationships” (Short et al.
1976, p. 65). Modern definitions in the context of computermediated social networks refer to social presence as individuals’ awareness of their social connections in a communication interaction (Cobb 2009; Gunawardena 1995; Kehrwald
2008). The degree of social presence depends on the level of
interpersonal interactions that a communication medium
supports. For example, face-to-face communication tends to
have the most social presence, whereas text-based communication has relatively less social presence (Cui et al. 2012;
Lowenthal 2009). Social presence has been found to be a
significant predictor of user behavior in computer-mediated
interactions (Gunawardena and Zittle 1997; Richardson and
Swan 2003). In online contexts, increased social presence has
been shown to make individuals less divergent or disagreeable
in their thinking (Sia et al. 2002), to facilitate “deeper” information processing, to promote a lesser breadth of information
sharing (Miranda and Saunders 2003), and to lead to more
socially fulfilling experiences (Jiang et al. 2013).
Prior research on social presence focuses on outcomes that
largely pertain to transactions, such as trust (Ou et al. 2014),
purchase intentions (Animesh et al. 2010), and product choice
(Rhue and Sundararajan 2013). In contrast, the present study
examines users’ possible shifts in consumers’ online reviewing behavior (in terms of volume and linguistic features)
as novel outcomes that may be driven by increases in social
presence on online platforms. Recent developments in social
media have created the potential to increase social presence
on the Internet (Kaplan and Haenlein 2010) by connecting
individuals in social networks (Kane et al. 2014). In particular, online platforms have begun to implement social network integration (integration with social media services) to
improve social interaction (Kontaxis et al. 2012; Wright-Porto
2011). Social network integration leads to increases in social
presence on the adopting platforms (Rhue and Sundararajan
2013). As a platform changes from a relatively anonymous
environment to a social environment, users are likely to adapt
their behaviors to their newly proximal, salient audience
(Acquisti and Gross 2006; Daughety and Reinganum 2010;
Jones and Linardi 2014).
Of course, the corollary of increased social presence is the
loss of anonymity. Anonymity refers to a state in which iden-
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tifying information for an acting party is unknown (Hoffman
et al. 1999; Pfitzmann and Köhntopp 2001). There are two
sides to the argument about anonymity’s role in the literature.
On one hand, anonymity is an important element in preserving information privacy (Acquisti et al. 2013; Ayyagari et
al. 2011; Ba 2001; Pavlou 2011). On the other hand, anonymity contributes to online incivility, producing behaviors
ranging from racism and hatred (Reader 2012; Santana 2014)
to Internet trolling (Hardaker 2010; Phillips 2011) and cyber
bullying (Campbell 2005). Scott and Orlikowski (2014) have
recently summarized these points, arguing that anonymity is
likely to be an important issue in online reviews because it
may lead users to feel more comfortable and secure, resulting
in more frequent contributions, while at the same time raising
concerns about user regulation.
Prior studies on anonymity indicate that the presence or
absence of anonymity leads individuals to adjust their
information sharing behavior. For instance, with the loss of
anonymity, users are more likely to publicize socially desirable information (Huberman et al. 2005). When prompted to
consider their anonymity, users may become self conscious
and subsequently more conservative in their information
sharing (Burtch et al. 2015; John et al. 2009). Dissociative
anonymity leads users to intensify their information sharing
behavior, a phenomenon known as the online disinhibition
effect (Suler 2004). Building on prior research, this study
discusses how the loss of anonymity due to increased social
presence may impact users’ engagement with online platforms
and, in particular, their content contributions.

Online Reviews and Social Interactions
The extensive literature of online reviews can be classified
into two broad categories. One body of work has focused on
the consequences of online reviews, conditional on their characteristics, namely volume, valence and linguistic features
(e.g., Ba and Pavlou 2002; Chevalier and Mayzlin 2006;
Dellarocas et al. 2007; Duan et al. 2008; Kwark et al. 2014;
Mudambi and Schuff 2010; Yin et al. 2014; Zhu and Zhang
2010), whereas a second has focused on the antecedents of,
and processes the underlying, review generation (e.g., Godes
and Huang et al. 2016; Luca and Zervas 2016; Silva 2012).
Our study aims to contribute to the latter category, considering the influence of social aspects on review generation.
Past work suggests that social factors significantly influence
users’ authorship of online reviews (e.g., Aral 2014; Muchnik
et al. 2013; Wang 2010; Wang et al. 2017). First, Wang
(2010) observed that, given the opportunity to establish social
image, consumers tend to write more reviews and give less
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extreme ratings. This finding suggests that users do respond
to an audience. Similarly, Zhang and Zhu (2011) leveraged
a natural experiment at Chinese Wikipedia to demonstrate that
a larger audience size incentivizes users to contribute public
content, due to potential social benefits. Other work, by Chen
et al. (2010), provides further evidence for an audience effect.
Those authors conducted a randomized experiment and found
that providing information about the average rate of review
authorship in the community could significantly increase a
subject’s own rate of authorship, if they perceived that they
were lagging behind that average. However, Chen et al. also
found the opposite effect for individuals who were initially
contributing above the average; high contributors became less
engaged once they realized they were doing more than their
fair share. Finally, other work suggests that individuals seek
to maintain social approval, once it has been obtained. For
example, Goes et al. (2014) showed that after attracting subscribers (or followers), individuals begin to author reviews
more objectively, and with greater negativity and variance in
valence; features that are known to be perceived as helpful.
The present study advances our understanding of the effects
of social network integration, and thus social presence, on
users’ authorship of online reviews. Prior work has examined
the impact of social factors on contribution quantity (Chen et
al. 2010; Huberman et al. 2009), rating negativity and extremity (Goes et al. 2014; Wang 2010). Here, we begin by considering the impact of social presence on review volume, but
we also go further, investigating the impact on linguistic
features of review content. Specifically, we provide a first
consideration of the impact of social presence implemented
by platform social network integration on review authors’
psychological processes (affect and cognition) and their use
of negative language (negations).

Hypothesis Development
In this section, we hypothesize the effects of social network
integration on online review production in terms of volume
and linguistic features. First, we focus on review volumes,
noting that sustainable platforms require a healthy volume of
content, and online reviews are subject to an underprovisioning problem (Avery et al. 1999; Burtch et al. 2017).
Second, we consider reviewers’ mental processes reflected in
language, that is, the use of affective (emotional) language
and, conversely, cognitive language, noting prior research
which has found that emotional expression can generally
reduce the perceived helpfulness of online reviews (Hong et
al. 2016; Yin et al. 2014). Third, and last, we consider individuals’ use of negations—words such as no, not, never—
which are indicative of negativity or disagreement.
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Volume Effect
Review volumes reflect the level of user engagement and thus
the sustainability of a content-based platform. Social network
integration, by increasing users’ social presence and decreasing anonymity, may affect whether a user chooses to
write a review. In particular, we consider multiple possible
mechanisms, which may countervail one another.
First, social network integration, in the form of Facebook
Connect or Instant Personalization, may lead to greater social
presence, exposing a user’s reviews to his or her friends and
thereby increasing the perceived relevance of the audience
who may ultimately read the reviews. As such, because users
are likely to be aware that their friends may benefit from their
contributions to the review platform, they may believe that
there is a potential for social benefits or reputational gains
(Zhang and Zhu 2011). This, in turn, may stimulate users to
contribute larger volumes of reviews. However, we also must
consider a countervailing mechanism. Users may fear social
disapproval, given a relative loss of anonymity (Kang et al.
2013). This suggests that users’ willingness to share their
experiences on the review platform may decline, especially
when they have had very negative experiences. This countervailing mechanism is supported by the findings of Leshed
(2009), who observed that a loss of anonymity was associated
with a decline in the number of comments users made in
online discussion forums. Further, past research has noted
that individuals often create and maintain an alternate identity
in online spaces (Froomkin 1999). When individuals’ online
anonymity is compromised, they may lose the ability to maintain their alternate persona (Scott and Orlikowski 2014).
Although it is possible that a user could simply construct a
secondary user account, from which they could post their
negative experience, this would require a new added cost of
time and effort, which many users may not wish to absorb.
Second, social network integration typically comes with a
social login feature (e.g., login via Facebook). Such features
make registration and login less time consuming. Consequently, social integration may lead to greater user enrollment
and user involvement in a platform (Drebes 2011; Kontaxis et
al. 2012). In turn, this may produce an increase in the volume
of reviews being authored on the platform.
To summarize, social network integration may lead to multiple countervailing effects. On the one hand, review volumes
may increase (1) because the greater social presence that
results from social network integration creates a greater
opportunity for users to pursue social image and reputational
gains, and (2) because social login is likely to facilitate higher
enrollment of new users and stimulate greater involvement of
existing users. On the other hand, a relative loss of anony-

mity may cause individuals to fear social disapproval from
their peers, driving them to contribute less. Bearing in mind
that (1) a majority of mechanisms (social presence and social
login) speak to a likely increase in review volumes, and
(2) social disapproval might be avoided by creating throwaway accounts, it is more likely that the positive effects of
social network integration on review volumes will dominate.
Accordingly, we propose the following hypothesis:
H1: Social network integration leads to more
reviews.

Mental Process Effects
The ability of a platform to support social connections and
interactions heightens perceived social presence and users’
awareness of other users, for example, the audience for their
reviews (Cobb 2009; Kehrwald 2008). Here, we argue that
increased social presence deriving from social network integration is likely to affect how users author reviews, in terms
of their reliance on affective versus cognitive mental processes. Affective (emotional) processes incorporate feelings
associated with the entity being evaluated, whereas cognitive
(rational) processes incorporate attributes and beliefs about
the entity (Millar and Tesser 1986). In the social psychology
literature, it has frequently been suggested that affect and
cognition are negatively correlated (Briggs 1977; Pervin and
John 1999); that when affect dominates, cognition recedes,
and vice versa. Recent neurophysiological evidence supports
this belief, having shown that affective processes and cognitive processes are supported by different areas of the brain
(Finucane et al. 2003), that is, the anterior insula supports
emotion while the dorsolateral prefrontal cortex supports cognition (Sanfey et al. 2003). Because affective and cognitive
mental processes are largely associated with two opposing
neural systems, when people draw on affective mental
processes, they are less likely to draw on cognitive mental
processes, and vice versa (De Martino et al. 2006; Talmi and
Frith 2007). Bearing the above in mind, when crafting
reviews, users might be expected to rely on one type of
mental process (affective or cognitive) at the expense of the
other. Thus, when users exhibit affective mental processes in
crafting their reviews, they are likely to express their emotions in the text of their reviews (e.g., words like happy, sad,
cried). When this happens, we might expect to observe a
decline in cognitive mental processes, and thus a reduction in
users’ application of logic and analytical thought (e.g., words
like because, therefore, think). Similarly, when cognitive
mental processes take hold, we might expect to observe an
increase in words associated with logical and analytical
thought, and a commensurate decline in words associated with
emotions.
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The emotional broadcaster theory of social sharing argues that
individuals have an intrinsic drive to share experiences in a
psychologically arousing manner (Harber and Cohen 2005).
In a social environment, individuals’ emotions are activated
and, therefore, they are more likely to share their feelings and
emotions, a behavior commonly known as emotional leakage
(Kraut 1982). Supporting this theory, Wagner and Smith
(1991) and Buck et al. (1992) both found that closer social
relationships (e.g., friends versus strangers) facilitate emotional expressiveness. It has also been found that, with
respect to the expression of emotion, similar patterns emerge
in both face-to-face communication and computer-mediated
communication (Derks et al. 2008). In the context of online
reviews, social network integration increases social presence
on the platform, which can be expected to stimulate users’
emotional expressiveness, or even trigger emotional leakage.
As a result, following social network integration, users are
more likely to draw on affective processes when authoring
reviews, and less likely to rely on cognitive processes. Therefore, we propose the following two hypotheses:
H2a:

Social network integration leads to more
language reflecting affective processes in
review text.

H2b:

Social network integration leads to less
language reflecting cognitive processes in
review text.

Inhibition Effect
Increases in social presence reduce user anonymity, which has
both benefits and pitfalls. A variety of studies in the group
decision support systems (GDSS) literature have consistently
reported that anonymity can provide the conditions necessary
for the production of innovative, creative ideas (Connolly et
al. 1990), and that users may exhibit a decline in social desirability concerns, as well as higher levels of self-esteem
(Joinson 1999). However, online anonymity has also been
shown to produce an “online disinhibition effect” (Cho et al.
2012; Suler 2004), in which individuals exhibit a greater
willingness to reveal their true, uncensored opinions,
thoughts, and preferences. Accordingly, individuals may be
more critical, disagreeable, and argumentative when they are
in an anonymous environment, with a low level of social
presence (Jessup et al. 1990). Under anonymity, individuals
have also been known to engage in a variety of behaviors that
would otherwise meet with social disapproval, ranging from
free-riding (Andreoni and Bernheim, 2009) to racism (Reader
2012; Santana 2014), Internet trolling (Hardaker 2010;
Phillips 2011), and cyber bullying (Campbell 2005).
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In the context of online reviews, review authors, once subject
to increased social presence, may become concerned about
their audience (now more likely to be comprised of offline
friends) disapproving of their tone (Lee et al. 2015). Individuals generally strive to achieve a positive social identity
(Jackson et al. 1996; Oldmeadow and Fiske 2010) because
they derive utility from being judged positively by others
(Gneezy et al. 2012). As an anonymous interviewee reported
to Kang et al. (2013, p. 2660): “I posted a very bad review
[of a restaurant]. And I guess I did that [anonymously]. I
live in a small town, so I certainly didn’t want to put my real
name....” With increases in social presence (i.e., a decline in
anonymity), we therefore expect a decline in users’ application of negative language and negations, due to an increased
desire to establish a positive social identity. This leads us to
our final formal hypothesis:
H3: Social network integration leads to fewer
negations in review text.
It is worth noting that the implementation of a social network
integration can vary substantially, in many respects. An
interesting example of this, which bears relevance to our
context, is the opt-in versus opt-out nature of the integration
event and the associated services and functionality made
available to users. In particular, Facebook Connect was an
opt-in (optional) feature, requiring that individual users
explicitly choose to accept it, whereas Instant Personalization
was an opt-out (mandatory) feature, imposed on users by
default. To opt out of Instant Personalization, users would
have been required to go through a series of steps to disable
the feature. Prior literature has suggested that opt-out designs
result in significantly higher likelihood of participation than
opt-in designs (Johnson et al. 2002; Johnson and Goldstein
2003). This tends to happen because individuals prefer to
stick with the status quo, rather than exert effort to make a
change (Samuelson and Zeckhauser 1988; Thaler and
Sunstein 2008), they are reference dependent, anchoring on
the default option (Dinner et al. 2011; Kressel et al. 2007),
and they tend to view the default choice as having the implicit
endorsement of the product designer (Chapman and Johnson
1999). We might therefore expect that Instant Personalization, a mandatory integration, would have a greater impact on
reviewing activity than Facebook Connect, an optional
integration.
However, to reliably identify the role of such moderating
conditions, it would be necessary to observe repeated treatment events under each condition. That is, a research would
need to observe repeated social network integrations of an
opt-in nature, as well as repeated events of an opt-out nature,
to isolate the moderating influence of this particular feature.

Huang et al./ Social Network Integration & User Content Generation

Notably, as we detail in subsequent sections, we observe only
two integration events in our sample, one each of opt-in and
opt-out. As such, we are unable to draw meaningful inferences about moderation effects related to nuances of social
network integration.
From an identification standpoint, we must also acknowledge
that multiple mechanisms may exist which would produce the
same pattern of results we have hypothesized. For example,
social network integration, by increasing social presence, may
stimulate greater user activity by increasing the potential for
reputational gains. At the same time, it is plausible that social
network integration might lead to an influx of new users,
particularly those who are most active on, or comfortable
with, Facebook. In turn, such active new users might also
contribute to the growth in review volumes, over and above
any increases in the average contributions of existing users.
Similarly, existing users might change their language use
patterns (e.g., using more affective language and expressing
less disagreement, as reflected by a decline in negative language and negations) in response to greater social presence on
the platforms. At the same time, newly entered users, arriving
as a result of social network integration, may be systematically different from existing users in their language usage,
and thus may also introduce changes in the linguistic features
of reviews. Ultimately, distinguishing between these various
mechanisms poses a difficulty; however, in the “Secondary
Analysis” section, we report on a number of secondary
analyses that enable us to unravel and eliminate some of the
mechanisms (most notably those related to self-selection).
We also report several falsification tests, which further
strengthen the identification of our study.

Research Methodology
Background
Our study considers two comparable online review platforms:
Yelp.com and TripAdvisor.com, both of which implemented
social network integrations with Facebook at different points
in time. First, we consider Yelp.com’s adoption of the Facebook Connect feature on July 2, 2009 (Holliday 2009; O’Neill
2009). Facebook Connect allows users to log into a website
using their Facebook account and to share reviews with
friends on Facebook. Facebook Connect is an opt-in feature,
in that it is up to the user to decide whether he or she would
like to adopt the feature. In other words, the implementation
of Facebook Connect did not require that users share their
reviews on Facebook; users could choose whether or not to

share their reviews, and could readily adjust the review
content conditional on that decision. Figure 1 shows the
review page with the Facebook Connect feature enabled for
a Yelp.com user.
Second, we consider TripAdvisor.com’s adoption of Facebook’s Instant Personalization feature on December 21, 2010
(Kincaid 2010; TripAdvisor 2010). With Instant Personalization, if a user visits TripAdvisor’s website while logged into
Facebook (or having logged into Facebook at any time in the
prior 30 days, with cookies enabled), TripAdvisor will gain
access to the user’s Facebook account information. Instant
Personalization then automatically presents users with personalized website content on TripAdvisor.com that shows their
Facebook friends’ travel and reviewing activities, such as
recently authored restaurant and hotel reviews, and a list of
Facebook friends’ most popular destinations. Instant Personalization is an opt-out feature, in that the feature is enabled by
default and requires that users take a series of cumbersome
actions to disable it. Although users can choose to opt out of
Instant Personalization through Facebook’s privacy controls,
this is reportedly challenging to do.3 After Instant Personalization, users will be aware that their Facebook friends can
read their reviews on TripAdvisor, and thus they are likely to
change their reviewing behavior (e.g., modify their review
content). Figure 2 illustrates the webpage with the Instant
Personalization feature for a TripAdvisor.com user.

Data and Measures
We collected data on restaurant reviews from Yelp.com and
TripAdvisor.com for a matched set of restaurants, selected at
random, located in five major cities across the United States
(New York City, Los Angeles, Chicago, Philadelphia and
Phoenix). The data contained all reviews of these restaurants
on these two websites.4 Notably, restaurant reviews have
received considerable attention in the extant literature (Lu et
al. 2013; Luca and Zervas 2016). The data contains time
stamps and review content (ratings and text), in addition to
reviewer profile and restaurant information. We created an
indicator variable to mark reviews collected from Trip
Advisor.com versus those collected from Yelp.com, and we
then pooled the data.

3

TripAdvisor Support Forum (June 9, 2012), “Facebook Link Not Wanted,”
retrieved from https://www.tripadvisor.com/ShowTopic-g1-i12105k5489397-Facebook_link_not_wanted-TripAdvisor_Support.html.

4

Our data collection took place in 2014. Tthe sample used in our main
analyses spans 2008 to 2012.
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Figure 1. Review Page with Facebook Connect Features on Yelp.com

Figure 2. Web Page with Instant Personalization Features on TripAdvisor.com

Review volume was measured as the monthly total volume of
reviews submitted to the platform about a given restaurant.
To construct measures of linguistic content, we leveraged the
latest version of Linguistic Inquiry and Word Count (LIWC),
a text analytics tool. LIWC calculates the prevalence of
different categories of words in a text document based on the
percentage of words that are matched to predefined keyword
dictionaries (Pennebaker et al. 2007). LIWC has frequently
been used in the psychology literature, and has also recently
seen increased use in the Information Systems (Goes et al.
2014; Hong et al. 2016; Yin et al. 2014) and Marketing
literature (Lurie et al. 2014; Sridhar and Srinivasan 2012).
We focused on LIWC’s measures of emotional, cognitive and

1042

MIS Quarterly Vol. 41 No. 4/December 2017

negative language. Table 1 provides examples of words in
the LIWC dictionaries for the linguistic categories we consider in this study. In addition, Table 2 presents examples of
review text containing highly emotional, cognitive, or negative language on TripAdvisor.com.
We first measured the linguistic features of each review, then
averaged them across reviews for each restaurant, aggregating
to the monthly level, to avoid issues of sparsity (i.e., to ensure
each observation included a reasonable amount of text). For
the final measures used for analyses, we take two approaches
and report results for them respectively. First, we use the raw
data that results from LIWC, including those reviews where
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Table 1. Sample Words in LIWC’s Dictionaries
Language Characteristics

Examples

Words in Category

Affective Processes

Happy, cried, abandon

915

Positive Emotion

Love, nice, sweet

406

Negative Emotion

Hurt, ugly, nasty

499

Cognitive Processes

Cause, know, ought

730

Negation

No, not, never

57

Notes: Table 1 is adopted from the “LIWC2007 Output Variable Information” table, retrieved from http://liwc.net/descriptiontable1.php. More
information on LIWC and the entire list of words that are used for matching to obtain the linguistic measures can be obtained from
http://www.liwc.net.

Table 2. Examples of Review Text
Language Characteristics

Example Reviews

Affective Processes

“The coffee is good a Cappuccino in this case, the place is super busy, super popular,
super packed, a cute fun nice ambiance on the sidewalk in Zamalek. Cute”

Positive Emotion

“Love, love, love The Oinkster! Great patio, great burgers, yummy shakes and malts,
relaxed atmosphere. My favorite place along a great strip of eateries.”

Negative Emotion

“Terrible overall. Location right by the highway, terrible noise isolation, the worst
unhealthy breakfast ever, outdated rooms, disgusting shower curtain, overpriced. Best
to avoid all together.”

Cognitive Processes

“Worn out place, trying to make it charming without really succeeding. Food was
boring, sandwiches and chips - nothing to remember at all. Did not manage to make
that little extra feel, neither with food, service or surroundings. The cottages looked as
worn out as the restaurant, would not stay here.”

Negation

“No big deal, I wouldn’t highly recommend it unless you have nothing else to do. Not a
lot of parking. Food, nothing special.”

Notes: Table 2 provides examples of review text that are measured as having a high value in the corresponding linguistic category. The underlined
text are the words matched to the LIWC dictionary for the respective categories.

Table 3. Descriptive Statistics
Mean

S.D.

Min

Max

Review Volume

Variables

4.273

4.753

1

98

Median
3

Rating

3.734

0.887

1

5

4

Words

123.782

57.929

27

281

116

Affective Processes

7.679

2.843

0

52.815

7.31

Positive Emotion

6.719

2.908

0

52.440

6.342

Negative Emotion

0.936

0.961

0

26.670

.772

15.333

3.470

0

41.987

15.317

0

25.770

.989

Cognitive Processes
Negation

1.158

1
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Table 4. Correlation Matrix
Variables
Review Volume
Rating
Words
Affective Processes
Positive Emotion
Negative Emotion
Cognitive Process
Negation

Review
Volume
1.000
0.036
0.175
0.042
0.039
0.007
–0.012
–0.045

Rating
1.000
–0.135
0.230
0.351
–0.382
–0.050
–0.230

Words

Affective
Processes

Positive
Emotion

Negative
Emotion

Cognitive
Process

Negation

1.000
–0.307
–0.319
0.054
0.098
–0.035

1.000
0.943
0.100
–0.070
–0.062

1.000
–0.233
–0.077
–0.127

1.000
0.026
0.202

1.000
0.224

1.000

no words were matched with the LIWC dictionaries. This
approach has the advantage of including reviews. At the
same time, this approach has disadvantages, because it results
in issues of sparsity. Accordingly, second, to establish
robustness, we follow the approach of Snefjella and Kuperman (2015), trimming our data, and retaining only those
monthly observations where at least one review comprising
the observation contained at least one word that could be
matched to an LIWC dictionary. Because there are no zeros
in this second sample of data, it is straightforward to then log
transform the dependent variables, to further address skewness in the variable distributions. Log transforming the
dependent variables also has the benefit of enabling percentage interpretations of the parameter estimates. Table 3
presents the descriptive statistics of the variables in our raw
data, and Table 4 provides a correlation matrix of the main
variables.

Econometric Identification
As noted above, our econometric identification hinges on two
natural experiments related to social network integrations that
occurred on Yelp.com and TripAdvisor.com, which we treat
as exogenous shocks to the platform users, in the form of
system changes.5 We employ difference-in-differences (DID)
estimation to identify the effects of social network integration
on the volume and linguistic features of online reviews on
each platform. The DID estimator attempts to identify causal
relationships by mimicking an experimental design in obser-

5

Note that as with most DID studies that rely on system design changes, there
may be other observed or unobserved changes in general during our observation period, which we do not operationalize in the main analyses. For
example, there are two additional events taking place around May 2010.
Controlling for these events does not affect any of the key estimates. Further,
these events do not pose a serious concern to the results given the DID
assumptions are not violated. Also, the separate DID analyses (Appendix B)
yield consistent results, indicating robustness of the results.
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vational data (Angrist and Pischke 2008). DID is a common
estimation approach, frequently used to establish causal
relationships in data where experimental manipulation is
generally difficult to implement (Card and Krueger 1994; Di
Tella and Schargrodsky 2004).
Yelp.com introduced a Facebook Connect feature on July 2,
2009, and TripAdvisor.com implemented Instant Personalization on December 21, 2010. Because Facebook Connect is an
opt-in feature while Instant Personalization is an opt-out
feature, the two social network integrations are ordered in
terms of increasing magnitude of their effects. The observation period spans from July 2008 to July 2012. We retain a
12-month pretreatment period, in advance of Yelp’s integration event. Notably, the results we present in the following
sections are not sensitive to this choice; expanding the window to 18 months or 24 months produces very similar results.
Yelp.com’s integration with Facebook constitutes the first
treatment, with activity on TripAdvisor.com at the same point
in time acting as the control group. TripAdvisor.com’s integration is the second treatment, with activity on Yelp.com at
the same point in time acting as the control group. Although
our work is not the first to employ a DID estimation in analyzing online reviews, prior research has typically employed
a single-shock DID estimation (Chevalier and Mayzlin 2006;
Liu et al. 2014; Mayzlin et al. 2014; Zhang and Zhu 2011).
For example, Liu et al. (2014) employed a single-shock DID
to identify the effect of introducing a multidimensional rating
system on the characteristics of online reviews.
Finally, it is worth noting that a key assumption underlying
the validity of the DID specification, more generally, is the
parallel trends assumption, that is, that the trend of reviewing
activity on the untreated platform can serve as a valid control
for the trend of activity on the treated platform. Following
Angrist and Pishke (2008), we assess this parallel trends
assumption empirically in Appendix A via a dynamic
difference-in-differences specification, around the Trip
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Advisor social network integration event. We also report the
results of separate, single-shock DID analyses in the for each
of the natural experiments in Appendix B.

Estimation Model
We estimate the two-treatment DID models reflected by
Equations (1) through (4). Our estimation incorporates
restaurant-level fixed effects via a within transformation,
which allow us to effectively control for restaurant-level
unobserved heterogeneity.
ln(Review Volume)ipt = β0Tripp + β1Trip_Changet + β2Tripp
∗ Trip_Changet + β3Yelp_Changet + β4Yelpp ∗
Yelp_Changet + β5ln(wordsipt) + β6 ratingipt + αi + εipt
(1)
Review Volumeipt = β0Tripp + β1Trip_Changet + β2Tripp ∗
Trip_Changet + β3Yelp_Changet + β4Yelpp ∗
Yelp_Changet + β5ln(wordsipt) + β6 ratingipt + αi + εipt
(2)
ln(Linguistic Characteristics)ipt = β0Tripp + β1Trip_Changet
+ β2Tripp ∗ Trip_Changet + β3Yelp_Changet + β4Yelpp ∗
Yelp_Changet + β5ln(wordsipt) + β6 ratingipt + αi + εipt
(3)

The key parameters of interest in these models are β2 and β4,
our DID estimates, which capture the effects of system
changes on the treatment site compared to the control site
(Angrist and Pischke 2008). In particular, β4 estimates the
effects of Yelp’s Facebook Connect on outcome variables
relative to TripAdvisor without social network integration,
and β2 captures the effects of TripAdvisor’s Instant Personalization on our outcome measures comparing to Yelp over
the time period before TripAdvisor’s social network integration. For example, in Equation (1), a positive coefficient for
β2 would suggest that TripAdvisor’s Instant Personalization
has a positive effect on review volume, compared with the
control site Yelp. Similarly, a positive coefficient for β4
would imply that Yelp’s Facebook Connect has a positive
effect on Yelp’s review volume, compared with the control
site TripAdvisor, which had not yet implement social network
integration. As β2 reflects solely a conservative estimate of
the treatment effect of TripAdvisor’s Instant Personalization
on outcome measures, a more readily interpretable estimate of
TripAdvisor’s social network integration can be achieved by
separate DID analysis. Thus, we have also reported the
separate, independent DID analyses for each social network
integration in our supplementary appendix, where the coefficients are more readily interpretable as the true treatment
effects on each platform.

Main Findings
Linguistic Characteristicsipt = β0Tripp + β1Trip_Changet +
β2Tripp ∗ Trip_Changet + β3Yelp_Changet + β4Yelpp ∗
Yelp_Changet + β5ln(wordsipt) + β6 ratingipt + αi + εipt
(4)
In these equations, i indexes restaurants, p denotes platforms
and t indexes months. Yelp is a dummy variable which is
equal to 1 if the observation pertains to reviews on Yelp.com
and 0 if the observation pertains to reviews on TripAdvisor.
com.6 Yelp_Change is a dummy variable which is equal to 1
for observations that take place following the introduction of
Facebook Connect on Yelp.com, and 0 for observations prior.
Trip_Change is a dummy variable that is equal to 1 for
observations that take place following the introduction of
Instant Personalization on TripAdvisor.com, and 0 for observations prior. Because the linguistic features of a review
might be affected by the reviewer’s opinion about the quality
of the restaurant, we also control for the average star rating
(valence) of reviews in each restaurant-month. Additionally,
because a lengthier review may provide greater opportunity
for a reviewer to express certain linguistic patterns, we also
control for the number of words appearing in the reviews.

6

Trip is the reverse coding of Yelp (i.e., Trip = 1 – Yelp).

In this section, we report the results of our DID estimations.
We test our hypotheses and then discuss the economic significance of the key estimates. Because the distributions of our
dependent variables are skewed, we report estimation results
using both raw and log-transformed outcome variables, as
well as a Poisson regression, to assess the robustness of the
findings. Further, we provide estimations based on alternative
specifications in Appendix A and B, respectively, where we
report (1) a dynamic specification around the TripAdvisor
integration, and (2) separate single-shock DID estimates of
each natural experiment. The dynamic specification provides
us with the dynamic effects of social network integration on
our outcome variables, over the months that follow, as well as
a means of evaluating the parallel trends assumption.7

7

Failure to reject the parallel trends assumption indicates that the trends in
review content in the two platforms follow a similar trajectory prior to social
network integration. If the parallel trends assumption were violated, we
would expect to observe a shift in the differences between the two platforms’
trends before social integration, implying a lack of temporal precedence,
which would preclude us from inferring a causal effect from the social network integration. Notably, we observe no such pretreatment effects in our
estimations; we only begin to observe the treatment effects after the integration.
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Volume Effect

Mental Process Effects

First, we tested the effect of social network integration on the
volume of user-generated content (DV = ln (Review Volume)
or Review Volume). Overall, our results reported in Table 5
suggest that social network integration is positively associated
with the volume of user-generated content. We observe that
both Yelp’s Facebook Connect feature and TripAdvisor’s
Instant Personalization feature increased review volumes.
This result indicates that both ease of use and reputational
benefits seem to play a role in driving up review volumes and
that their combined impacts dominate any possible negative
effects deriving from the relative loss of anonymity.

Table 6 reports our findings related to affective and cognitive
processes. We observe that social network integration leads
to an increase in the use of language related to affective
mental processes, while leading to a decline in language
related to cognitive mental processes, supporting Hypotheses
2a and 2b. Table 7 presents our findings related to positive
and negative emotions. Note that although social network
integration leads to more affective processes in general (more
emotions), when we explore different types of emotion, we
observe that integration leads to more positive emotions, yet
fewer negative emotions. These results support the idea that
social presence increases following social network integration, because users may not want their friends to perceive
them as being overly negative. The fact that we observe
increases in affective processes along with simultaneous
declines in cognitive processes also supports our theory, in
that the prior literature has suggested repeatedly that each
mental process tends to receive focus at the expense of the
other.

In terms of effect sizes, based on the DID estimates of the raw
review volume (Column 2 of Table 5), compared with the
average monthly review volume of all restaurants in the
sample (mean = 4.273), TripAdvisor’s Instant Personalization
increased review volumes by 1.275 (29.84%) and Yelp’s
Facebook Connect increased review volumes by 0.873
(20.43%). These estimates are largely consistent with those
we obtain in our log specification (Column 1 of Table 5). We
therefore find evidence in support of Hypothesis 1 that the
social integration led to increases in review volumes.
Interestingly, our result is different from Frutiger et al. (2014),
who found that social login leads to decreases in user
registration. We surmise that the different findings may be
attributable to the differences in both the study context
(Frutiger and his colleagues studied a virtual gaming platform,
and it is possible users in that setting would not want their
social connections to know that they are playing games) and
the type of social network integration (Frutiger et al. solely
focused on the social login feature). Moreover, in general,
having others know that one is playing games does not
provide the reputational or social benefits as in the case of a
review platform, where a user’s friends may observe that he
or she has contributed a review to help others in their purchase decisions.
As noted earlier, social network integration also involves the
introduction of a social login feature, making platform registration and login easier for users. In turn, an increase in the
rate of new user entry may contribute to increases in review
volumes, and possible self-selection on the part of heavy
Facebook users. As such, for the moment, we interpret our
results as the combined effect of new user entry and changes
in user behavior. However, in the “Secondary Analysis”
section, we will provide empirical evidence showing that the
bulk of these results are in fact attributable to changes in user
behavior, and not the entry of systematically different users.
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In terms of effect sizes, the DID estimates for the raw
measures (Columns 2 and 4 of Table 6; Columns 2 and 4 of
Table 7) indicate that, compared to the average occurrence of
affective processes (mean = 7.679) and cognitive processes
(mean = 15.333), amongst all reviews in our sample, Trip
Advisor’s Instant Personalization increased language usage
related to overall affective processes by 0.078 (1.02%), while
decreasing cognitive processes by 0.115 (0.75%). Similarly,
Yelp’s Facebook Connect increased language usage associated with overall affective processes by 0.776 (9.98%),
while decreasing cognitive processes by 0.386 (2.52%).
Further, compared to the average occurrence of positive
emotions (mean = 6.719) and negative emotions (mean =
0.936) in our sample, TripAdvisor’s Instant Personalization
increased language usage reflecting positive emotions by
0.128 (1.91%), but decreased negative emotions by 0.047
(5.02%). And Yelp’s Facebook Connect increased positive
emotions by 0.811 (12.07%), and decreased negative
emotions by 0.038 (4.06%), respectively.

Inhibition Effect
Finally, we consider the inhibition effect of social network
integration (and thus social presence) on the use of words
indicating disagreement or conflict, namely negations (i.e.,
no, not, never). Table 8 reports our findings. Overall, we
observe that both Facebook Connect and Instant Personalization lead to fewer negations. This finding provides support
for Hypothesis 3. In terms of effect sizes, the DID estimates
for the raw measures (Column 2 of Table 8) show that com-
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Table 5. Effect of Social Network Integration on Review Volume
Variables

(1) ln(Review Volume)

(2) Review Volume

Trip

–0.649***(0.019)

–2.543***(0.132)

Trip_Change

0.261***(0.006)

1.230***(0.037)

Trip * Trip_Change

0.376***(0.014)

1.275***(0.111)

Yelp_Change

0.043**(0.014)

0.209**(0.076)

Yelp * Yelp_Change

0.194***(0.015)

0.873***(0.084)

ln(words)

0.184***(0.004)

0.733***(0.023)

Rating
Constant
Observations

0.014***(0.003)

0.075***(0.012)

–0.075**(0.023)

–0.429**(0.135)

139,239

139,239

Within R-squared

0.220

0.146

Number of Restaurants

3,968

3,968

Restaurant Fixed Effect

Yes

Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05

Table 6. Affective and Cognitive Processes

Variables
Trip

(1)
ln(Affective
Process)

(2)
Affective Process

(3)
ln(Cognitive
Process)

(4)
Cognitive
Process

–0.083***(0.010)

–0.184***(0.053)

0.026***(0.005)

0.342***(0.064)

Trip_Change

0.043***(0.002)

0.307***(0.018)

0.005***(0.001)

0.077***(0.022)

Trip * Trip_Change

0.022***(0.006)

0.078*(0.038)

–0.007***(0.003)

–0.115*(0.046)

Yelp_Change
Yelp * Yelp_Change
ln(words)

–0.036***(0.011)

–0.489***(0.055)

0.022***(0.006)

0.374***(0.067)

0.075***(0.011)

0.766***(0.060)

–0.023***(0.006)

–0.386***(0.073)

–0.220***(0.002)

–1.959***(0.015)

0.041***(0.001)

0.793***(0.018)

Rating

0.090***(0.001)

0.605***(0.009)

–0.012***(0.001)

–0.201***(0.011)

Constant

2.651***(0.013)

14.422***(0.086)

2.564***(0.007)

12.158***(0.104)

137,158

137,479

135,043

137,479

Observations
R-squared

0.146

0.162

0.016

0.019

Number of Restaurants

3,963

3,965

3,958

3,965

Restaurant Fixed Effect

Yes

Yes

Yes

Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05
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Table 7. Positive and Negative Affective Processes

Variables
Trip
Trip_Change
Trip * Trip_Change
Yelp_Change
Yelp * Yelp_Change
ln(words)

(3)
ln(Negative
Emotion)

(4)
Negative Emotion

–0.152**(0.052)

0.087***(0.021)

–0.022(0.018)

0.303***(0.018)

–0.045***(0.005)

0.006(0.006)

0.035***(0.007)

0.128***(0.037)

–0.200***(0.014)

–0.047***(0.013)

–0.043***(0.012)

–0.509***(0.054)

0.061**(0.021)

0.017(0.019)

(1)
ln(Positive
Emotion)

(2)
Positive
Emotion

–0.102***(0.011)
0.048***(0.002)

0.093***(0.012)

0.811***(0.059)

–0.123***(0.022)

–0.038+(0.021)

–0.255***(0.003)

–1.948***(0.015)

–0.257***(0.005)

–0.013*(0.005)

Rating

0.183***(0.002)

1.020***(0.009)

–0.283***(0.003)

–0.416***(0.003)

Constant

2.308***(0.015)

11.836***(0.084)

2.248***(0.029)

2.570***(0.029)

Observations

136,760

137,479

109,450

137,479

R-squared

0.233

0.221

0.124

0.127

Number of Restaurants

3,963

3,965

3,936

3,965

Restaurant Fixed Effect

Yes

Yes

Yes

Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1

Table 8. Effect of Social Network Integration on Negation
Variables
Trip

(1) ln(Negation)

(2) Negation

0.394***(0.014)

0.523***(0.019)

Trip_Change

–0.018***(0.005)

0.028***(0.007)

Trip * Trip_Change

–0.113***(0.010)

–0.086***(0.014)

0.079***(0.015)

0.058**(0.020)

Yelp_Change
Yelp * Yelp_Change

–0.106***(0.016)

–0.058**(0.022)

lnwords

–0.235***(0.004)

–0.020***(0.006)

Rating

–0.192***(0.002)

–0.327***(0.003)

1.851***(0.023)

2.331***(0.031)

118,205

137,479

R-squared

0.135

0.094

Number of Restaurants

3,944

3,965

Restaurant Fixed Effect

Yes

Yes

Constant
Observations

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05
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pared to the average linguistic score of negation in all reviews
(mean = 1.158), TripAdvisor’s Instant Personalization decreased negations by 0.086 (7.43%), and Yelp’s Facebook
Connect decreased negations by 0.058 (5.01%).

might be caused by changes in user behavior, rather than selfselection. Exploring these mechanisms might thus be a
fruitful avenue for future work to explore.

Falsification Tests

Secondary Analysis
User-Level Analysis
We elaborate on our findings, with the objective of further
identifying the multiple mechanisms underlying our observed
effects. In particular, we consider that the increase in review
volumes, as well as the shifts in language use, might plausibly
have arisen from changes in the composition of the user base,
changes in user behavior, or some combination of the two. In
order to assess these three possibilities, we collected additional data at the user level from TripAdvisor.com. In doing
so, we identified every user who contributed at least one
review in our initial sample on TripAdvisor. We then collected every review ever written by these users, including the
reviews they may have written about restaurants that did not
appear in our initial sample. We used these data to construct
a user-level panel of reviewing activity.
Here, we examine whether the users who entered TripAdvisor
after the social network integration were systematically different from the preexisting users in their language use,
focusing on reviews authored after the integration had taken
place. To answer this question, we conducted an additional
analysis, assessing the relationship between language use and
user tenure. We operationalized user tenure via an indicator
of whether a user registered before or after the social network
integration. Table 9 reports our findings on the relationship
between language use and user tenure. The results show that
the reviewers’ language use does not depend on whether the
authors had registered before or after social network integration took place, providing null evidence for users’ selfselection. We report an additional analysis in Appendix C
using an alternative operationalization of tenure, namely a
continuous measure (number of months since the user registered on the platform), which produces consistent results.
Acknowledging that an absence of evidence on self-selection
does not constitute evidence that our results are entirely
attributable to changes in behavior, we report an additional
analysis looking at within-user changes in behavior, before
and after TripAdvisor’s social network integration, in Appendix C. However, because all of the data in question is
obtained from a single platform, those results constitute pre/
post comparisons, and thus provide only correlational evidence that the observed effects related to changes in language

We conduct a number of falsification tests, intended to help
rule out spurious correlation. Because there is no theoretical
reason to expect that a website feature like social network
integration would bear a relationship with the occurrence of
common words, such as articles (e.g., a, an, the), filler content
(e.g., I mean, you know), or numbers (e.g., second, thousand),
we would not expect to observe a significant effect on these
measures. Thus, if we were to observe a significant effect, it
would raise questions about the validity of our main results.
Fortunately, as the results in Table 10 demonstrate, we
observe no significant effects of social network integration on
these outcome variables, lending further credence to our
identification strategy.

Additional Robustness Checks
We conclude our analyses with a set of robustness checks.
First, due to the fact that some of the depedent variables might
be codetermined, it is likely that the error terms are correlated
in the separate models for each dependent variable. Therefore, we validate the robustness of our main findings by reestimating the main models (Equations 1–4) using seemingly
unrelated regression (SUR). In particular, we demeaned all
dependent variables to enable within estimation. We then
jointly estimate the demeaned dependent variables, allowing
error terms to be correlated. The results of SUR are reported
in Table 11. As reported in Table 11, the SUR estimates are
consistent with the main results, further indicating robustness
of main results.
Second, because the dependent variables in our study are
count (review volume) or quasi-count (linguistic features) in
nature, we have conducted another robustness check by using
fixed effects Poisson with Quasi-Maximum Likelihood
estimation. The results are reported in Table 12, and the
estimates are largely consistent with our main findings.
Third, although not a serious concern, because the time
window of our analyses spans over two years, it is possible
that there are seasonal trends for which our DID analyses did
not account. Here we further conduct the analyses by further
controlling for seasonal trends (with 11 dummy variables, i.e.,
February, March, April, ..., December). The results presented
in Table 13 are largely consistent with our main findings.
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Table 9. Effects of User Tenure on Review Language Characteristics

Variables
Reg_after_change
ln(words)
Rating
Constant
Observations
R-squared
Number of Restaurants
Restaurant Fixed Effect
Time Fixed Effect

(1)
Affective
Process
–0.062
(0.048)
–3.064***
(0.047)
0.634***
(0.020)
18.327***
(0.247)
46,355
0.259
2,755
Yes
Yes

(2)
Positive
Emotion
–0.076
(0.047)
–3.079***
(0.048)
1.037***
(0.021)
15.960***
(0.244)
46,355
0.290
2,755
Yes
Yes

(3)
Negative
Emotion
0.011
(0.014)
0.009
(0.012)
–0.406***
(0.011)
2.368***
(0.094)
46,355
0.088
2,755
Yes
Yes

(4)
Cognitive
Process
–0.104
(0.068)
0.936***
(0.043)
–0.185***
(0.026)
12.150***
(0.292)
46,355
0.022
2,755
Yes
Yes

(5)
Negation
–0.029
(0.018)
0.046**
(0.014)
–0.444***
(0.010)
3.116***
(0.099)
46,355
0.064
2,755
Yes
Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05

Table 10. Falsification Tests
Variables
Trip
Trip_Change
Trip * Trip_Change
Yelp_Change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of Restaurants
Restaurant FE

(1) Article
0.354***(0.064)
–0.074***(0.014)
0.054(0.041)
–0.072(0.070)
–0.012(0.072)
0.103***(0.017)
0.150***(0.009)
7.468***(0.093)
137,479
0.012
3,965
Yes

(2) Filler
–0.065***(0.010)
–0.013***(0.003)
0.007(0.006)
–0.004(0.011)
–0.013(0.011)
0.018***(0.003)
–0.036***(0.002)
0.303***(0.017)
137,479
0.013
3,965
Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05
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(3) Numbers
0.085***(0.022)
–0.011*(0.005)
–0.003(0.014)
–0.025(0.023)
0.021(0.024)
0.102***(0.006)
–0.022***(0.003)
0.316***(0.031)
137,479
0.005
3,965
Yes
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Table 11. SUR Estimation Results

Variables
Trip
Trip_Change
Trip*Trip_Change
Yelp_Change
Yelp*Yelp_Change
ln(words)
Rating
Constant
Observations
Chi-squared
R-squared
Number of Restaurants
Restaurant Fixed Effect

(1)
Review
Volume
–2.282***
(0.068)
1.146***
(0.023)
1.263***
(0.050)
0.108
(0.073)
0.857***
(0.079)
0.823***
(0.019)
0.071***
(0.011)
–4.895***
(0.104)
137,479
21688.440
0.136
3,968
Yes

(2)
Affective
Process
–0.170***
(0.052)
0.299***
(0.018)
0.104**
(0.038)
–0.519***
(0.056)
0.794***
(0.061)
–1.785***
(0.014)
0.540***
(0.008)
5.724***
(0.080)
137,479
22725.120
0.142
3,968
Yes

(3)
Positive
Emotion
–0.185***
(0.052)
0.288***
(0.018)
0.178***
(0.038)
–0.536***
(0.055)
0.831***
(0.060)
–1.807***
(0.014)
0.881***
(0.008)
4.530***
(0.079)
137,479
32621.130
0.192
3,968
Yes

(4)
Negative
Emotion
0.025
(0.018)
0.013*
(0.006)
–0.072***
(0.013)
0.014
(0.019)
–0.030+
(0.021)
0.020***
(0.005)
–0.342***
(0.003)
1.200***
(0.027)
137,479
16163.490
0.105
3,968
Yes

(5)
Cognitive
Process
0.277***
(0.062)
0.044*
(0.021)
–0.117**
(0.045)
0.363***
(0.066)
–0.399***
(0.072)
0.706***
(0.017)
–0.182***
(0.010)
–2.612***
(0.095)
137,479
2379.630
0.017
3,968
Yes

(6)
Negation
0.455***
(0.019)
0.022***
(0.007)
–0.083***
(0.014)
0.055**
(0.020)
–0.055*
(0.022)
0.000
(0.005)
–0.272***
(0.003)
0.880***
(0.029)
137,479
11750.890
0.079
3,968
Yes

Notes: Standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.15

Table 12. Estimation Using Fixed Effects Poisson

Variables
Trip
Trip_Change
Trip*Trip_Change
Yelp_Change
Yelp*Yelp_Change
ln(words)
Rating
Observations
Wald Chi-squared
Number of Restaurants
Restaurant Fixed Effect

(1)
Review
Volume
–0.862***
(0.026)
0.265***
(0.007)
0.607***
(0.021)
0.078***
(0.021)
0.207***
(0.022)
0.194***
(0.005)
0.017***
(0.004)
139,189
7306.120
3,918
Yes

(2)
Affective
Process
–0.030**
(0.011)
0.040***
(0.002)
0.014*
(0.006)
–0.062***
(0.011)
0.100***
(0.012)
–0.250***
(0.002)
0.083***
(0.001)
137,427
18765,460
3,914
Yes

(3)
Positive
Emotion
–0.037**
(0.012)
0.046***
(0.002)
0.025***
(0.006)
–0.073***
(0.013)
0.122***
(0.013)
–0.282***
(0.003)
0.165***
(0.002)
137,427
28033.220
3,914
Yes

(4)
Negative
Emotion
–0.092**
(0.028)
0.013*
(0.006)
–0.035*
(0.018)
0.020
(0.030)
–0.036
(0.032)
–0.003
(0.007)
–0.389***
(0.004)
137,396
12483.610
3,901
Yes

(5)
Cognitive
Process
0.022***
(0.006)
0.005***
(0.001)
–0.007*
(0.004)
0.024***
(0.006)
–0.025***
(0.006)
0.052***
(0.002)
–0.013***
(0.001)
137,427
1735.680
3,914
Yes

(6)
Negation
0.382***
(0.020)
0.027***
(0.006)
–0.041**
(0.013)
0.049*
(0.020)
–0.047*
(0.022)
–0.016*
(0.006)
–0.247***
(0.003)
137,410
9850.850
3,907
Yes

Notes: Standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05
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Table 13. Estimation with Adjustment for Seasonality

Variables
Trip
Trip_change
Trip * Trip_Change
Yelp_change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of Restaurants
Restaurant Fixed Effect
Seasonality

(1)
Review
Volume
–2.532***
(0.132)
1.111***
(0.037)
1.291***
(0.111)
0.282***
(0.076)
0.881***
(0.084)
0.719***
(0.023)
0.074***
(0.012)
0.061
(0.132)
139,239
0.151
3,968
Yes
Yes

(2)
Affective
Process
–0.180***
(0.053)
0.301***
(0.019)
0.079*
(0.038)
–0.489***
(0.056)
0.770***
(0.060)
–1.959***
(0.015)
0.606***
(0.009)
14.458***
(0.089)
137,479
0.163
3,965
Yes
Yes

(3)
Positive
Emotion
–0.147**
(0.052)
0.294***
(0.018)
0.129***
(0.037)
–0.508***
(0.055)
0.816***
(0.059)
–1.948***
(0.015)
1.020***
(0.009)
11.864***
(0.087)
137,479
0.221
3,965
Yes
Yes

(4)
Negative
Emotion
–0.022
(0.018)
0.008
(0.006)
–0.047***
(0.013)
0.016
(0.019)
–0.038+
(0.021)
–0.013*
(0.005)
–0.416***
(0.003)
2.577***
(0.031)
137,479
0.127
3,965
Yes
Yes

(5)
Cognitive
Process
0.343***
(0.064)
0.079***
(0.023)
–0.117*
(0.046)
0.375***
(0.067)
–0.385***
(0.073)
0.794***
(0.018)
–0.201***
(0.011)
12.127***
(0.107)
137,479
0.020
3,965
Yes
Yes

(6)
Negation
0.523***
(0.019)
0.027***
(0.007)
–0.087***
(0.014)
0.060**
(0.020)
–0.058**
(0.022)
–0.019***
(0.006)
–0.327***
(0.003)
2.338***
(0.033)
137,479
0.094
3,965
Yes
Yes

Notes: Cluster-robust standard errors in parentheses; ***p < 0.001, **p < 0.01, *p < 0.05

Discussion

characteristics within users who had registered prior to the
social integration event on TripAdvisor.com.

Key Findings
The aim of this paper is to examine the effects of social
network integration on the volume and linguistic features of
online reviews. First, we find that social network integration
with Facebook increased the volume of reviews on both
Yelp.com and TripAdvisor.com. Second, we find that social
network integration generally increased the prevalence of
emotional language in review text, but a parallel decline in
cognitive language. Breaking down emotional language into
positive and negative, we further observe that the increase is
largely attributable to an increase in positive emotions. Third,
and last, we observe a significant decline in the use of negations, indicating a decline in disagreement or negativity.
Subsequent analyses at the user level demonstrate that the
observed effects of social network integration on both volume
and language use are driven at least in part by changes in user
behavior, rather than mere self selection, as we observe significant changes in average reviewing activity and language
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Taken together, although social network integration delivers
apparent benefits, in terms of increases in review volumes and
a decline in disagreement, when we consider that past work
has found that emotional, positive, and conforming reviews
tend to be perceived as less helpful (Chen and Lurie 2013;
Hong et al. 2016; Yin et al. 2014), it seems that social network integration constitutes a double-edged sword, providing
some benefits in terms of review quantity, possibly at the cost
of perceived quality.

Implications
This study contributes to several important streams of IS
research. First, this study adds to recent discussion on the
potential value and impact of social media (Huang et al. 2015;
Kane 2014; Kane et al. 2014; Luo et al. 2013). While prior
studies examined the effect of social media on firm value
(Luo et al. 2013), and the influence of social media on work-
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related content (versus leisure-related content) sharing
behavior within the firm’s working environment (Huang et al.
2015), we unravel the effects of online review platforms’
integration with social media websites (social network integration) on user content generation.
Second, this study also extends prior research on social presence, anonymity, and online reviews in several ways. Past
work on social presence has focused on limited outcomes
such as trust (Ou et al. 2014), purchase intentions (Animesh
et al. 2011), and consumer product choices (Rhue and Sundararajan 2013). We expand prior research by considering
another outcome, users’ authorship of online reviews, considering their volumes and linguistic features. In addition,
prior studies on anonymity have mainly emphasized privacy
implications (Acquisti et al. 2013; Ayyagari et al. 2011) and
online disinhibition effects (Reader 2012; Santana 2014; Suler
2004). We present empirical evidence that anonymity (or its
absence) can affect language use as well.
Finally, previous research on the social aspects of online
reviews, and user-generated content more broadly, have
focused on outcomes such as contribution quantity (Chen et
al. 2010; Huberman et al. 2009), evaluation negativity, and
extremity (Goes et al. 2014; Wang 2010). This study considers a novel aspect: the linguistic features of review
content. Our study provides the first empirical evidence suggesting increases in the social elements of an online review
platform may cause existing reviewers to write more often,
with more emotional language and less cognitive language, as
well as to employ less negative language.
This study carries important practical implications for firms
operating IT platforms that host and heavily rely upon user
generated content. Given the recent trend toward social
network integration by various online platforms, it is crucial
that we improve our understanding of the possible unintended
consequences of social integration and, in turn, social presence and anonymity (Kane 2015). Specifically, we have
found that social presence increases the contribution volume
of online reviews. This result suggests that social network
integration is likely to be most useful for online review
websites (or websites that host other forms of user-generated
content) that face challenges of under-provision (Avery et al.
1999; Burtch et al. 2017). In addition, our results also show
that integration leads to decreases in cognitive language,
along with increases in the use of (primarily positive) emotional language. Past work has noted that emotional, positive
reviews are perceived by consumers to be less helpful (Chen
and Lurie 2013; Hong et al. 2016; Yin et al. 2014). Thus, our
results suggest that review platforms, if implementing social
network integration, should consider pairing the system
change with attempts to nudge users to be less emotional and

more logical when authoring their reviews, in an effort to
maintain or enhance review quality.

Limitations
Our work is subject to a number of limitations. First, our
measures are relatively simplistic and the accuracy of the
results depends on how comprehensive the LIWC dictionaries
are. However, LIWC has recently been successfully applied
by a number of scholars in Information Systems (Goes et al.
2014; Yin et al. 2014) and Marketing (Lurie et al. 2014;
Sridhar and Srinivasan 2012).
Second, due to the observational nature of our data, although
multiple empirical tests suggest that self-selection is not a
serious issue, we are not able to completely rule out selection
as a partial explanation for our results. This is primarily
because users had the ability to opt-in or opt-out of the social
network integration. In turn, this may suggest that our results
are driven in large part by a subset of users who chose to
accept the integration, or users who had Facebook accounts.
Although our data does not enable us to identify which users
accepted the integration features, or which users have Facebook accounts, we do not believe this should be a significant
concern. Again, as noted previously, opting out of the Trip
Advisor integration, while feasible, was reportedly difficult
for users to perform. Additionally, our user-level analyses
suggest no evidence that users who entered the platform
following TripAdvisor’s integration were systematically different from preexisting users. That said, future work that
disentangles behavioral change from self-selection in the
setting of social network integration is warranted. Similarly,
because we examine only two platforms and treatment events,
we are not able to estimate a relative time model that simultaneously controls for platform-specific time trends, while
separately estimating the dynamics of treatment effects.
Third, as noted in our hypothesis development, even though
we have argued that TripAdvisor’s opt-out implementation
might have been expected to have stronger effects than Yelp’s
opt-in implementation, we are unable to draw robust conclusions from the relative magnitude of the two treatment effects.
Again, this is because the two treatments are likely to have
been heterogeneous in a variety of respects, beyond the opt-in
versus opt-out aspect. Future work might therefore look to
disentangle moderating factors that can exacerbate or attenuate the strength of effects of these treatments have on various
outcome measures.
Fourth, although we have empirically evaluated the parallel
assumption via a dynamic DID specification, underlying
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differences may still exist between the two platforms we have
studied that we have not considered here. As such, in keeping
with other prior studies that have employed a similar research
design (Mayzlin et al. 2014), our results should be interpreted
with some caution. Finally, to the question of generalizability, given that we have studied integration events involving
a particular type of social network, namely Facebook, it is
conceivable that our findings would not generalize outside of
the Facebook population. However, even if this were the
case, Facebook now boasts more than 1.5 billion users. Accordingly, such users are unlikely to be representative of the
broader user population (that is, users who lack a Facebook
account would quite possibly constitute a minority). Taken
together, the above deliberation suggests that our results are
likely to be both generalizable and not driven predominantly
by self-selection.

Future Research Directions
There is significant potential for future work in this space.
First, it would be useful to explore other text mining techniques, such as topic modeling, to undertake a more nuanced
textual analysis in an automated fashion. Second, we have
merely focused on a few aspects that social network integration may impact. Future research can extend our study by
exploring other outcomes of social network integration. For
example, researchers can examine the impact of integration on
psychological distance. Social network integration might
change the perceived social distance among users on the
online platforms, which in turn may affect word usage
(Holtgraves 2003). Additionally, our results suggest that
social network integration functions as a double-edged sword
that increases review quantity yet decreases review quality.
Yet, in this paper, we were not able to provide direct evidence
of review quality or the net benefit of social network integration for users. Future work might thus explore the net
impact on social welfare from social network integration.
Third, this study assumes that online friends in social networks are likely to overlap with offline friends. Future work
could extend our study by collecting data on small markets
where people actually know each other offline. Fourth, as we
articulated earlier, there are a variety of moderating factors
which might amplify or attenuate the magnitude of the observed treatment effects. One example of particular interest
that we have highlighted is the opt-in versus opt-out nature of
the implementation. It might be fruitful for scholars to empirically evaluate the differences between opt-in and opt-out
implementations in this context going forward. Finally, future
studies could further improve causal inference of the effect of
social presence on user content generation via experimental
manipulations of reviewer social presence or anonymity.
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Appendix A
Assessing Pretreatment Trends Using a Dynamic
Difference-in-Differences Model
A key identifying assumption of the DID specification is the existence of parallel trends between the treatment and control group, leading up
to the treatment. Under a dynamic difference-in-differences specification, it is possible to test the assumption of parallel trends explicitly. In
particular, by interacting the treatment indicator with time dummies, we can explore relative changes in the trends of our dependent variables
across the treatment and control groups around the time of treatment. Our aim in doing so is to assess whether the treatment effects recovered
in the traditional DID analyses were plausibly due to a preexisting dynamic, which began before the treatment took place (i.e., a failure of the
parallel trends assumption). Specifically, the DID’s assumption of parallel trends would be violated if we were to observe a pretreatment trend
in the same direction as the post-treatment effect; such an observation would imply that the effect began to manifest prior to the treatment.
As we discuss in the main text of the paper, TripAdvisor’s Instant Personalization is an opt-out feature and the effect is presumably more salient
than Yelp’s Facebook Connect (an opt-in feature), therefore we use the time window around TripAdvisor’s exogenous shock to examine the
relative difference in differences in our dependent variables, between TripAdvisor and Yelp, across multiple periods of time, both before and
after the treatment event. We implement the approach suggested by Angrist and Pishke (2009), interacting our platform dummy, Trip, with
our time (monthly) dummies. Notably, this sort of approach has seen extensive use in recent IS work (Burtch et al. 2016; Chan and Ghose 2014;
Greenwood and Wattal 2017).
We estimate a platform fixed effect, Trip, a set of absolute time (monthly) dummies τt (e.g., January 2011, February 2011), their interactions,
and a vector of restaurant fixed effects. Our econometric specification is thus as detailed in Equation A1. We plot the coefficients associated
with each month*Trip interaction, omitting the month of integration (December 2010) from the estimation (i.e., the coefficients reflect
difference-in-differences estimates relative to the month of treatment).
DVipt = Tripp + τt + Tripp ∗ τt + γ1ln(wordsipt) + γ2 ratingipt + αi + εipt
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(a) Review Volume

(b) Affective Process

(c) Positive Emotion

(d) Negative Emotion

(e) Cognitive Process

(f) Negation

Figure A1. Visualization of Treatment Effects Over Time on DVs

In the above equation, i denotes restaurants, p indexes platforms and t indicates months. Figure A1 presents visualizations the coefficient
estimates associated with our time dummy interactions for our DVs. As shown, we observe no evidence of pre-treatment trends (i.e., trends

A2
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beginning prior to the date of treatment that lie in the same direction as the post-treatment trend). Accordingly, although the pre-treatment
trends are not strictly parallel, the fact that the treatment drives a near immediate reversal in the difference in differences suggest that we have
identified the true treatment effect. Moreover, over our period of study, we do not observe a peak in any of the treatment effects, suggesting
that the effects continue to progress in magnitude beyond our window of observation.
Beyond the above, to further rule out the possibility that some other significant event (e.g., system changes) confounded the Instant
Personalization treatment, we scoured TripAdvisor’s press releases1 and Google News for articles related to Yelp. We found no mention of
any significant changes to the TripAdvisor or Yelp interfaces between December 2010 and April 2011, indicating that our results are unlikely
driven by spurious relationships
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Appendix B
Separate DID Analyses
As an additional robustness check, we report separate/single-shock DID analyses for the two exogenous shocks, to evaluate the robustness of
our main findings, which were obtained via a double DID specification. We estimate the following models, where the parameter of interest
(i.e., the DID estimate) is β2
ln(ReviewVolume)ipt = β0 Tripp + β1 Trip_Changet + β2 Tripp ∗ Trip_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(1)

ReviewVolumeipt = β0 Tripp + β1 Trip_Changet + β2 Tripp ∗ Trip_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(2)

ln(ReviewVolume)ipt = β0 Yelpp + β1 Yelp_Changet + β2 Yelpp ∗ Yelp_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(3)

ReviewVolumeipt = β0 Yelpp + β1 Yelp_Changet + β2 Yelpp ∗ Yelp_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(4)

ln(Linguistic Characteristic)ipt = β0 Tripp + β1 Trip_Changet + β2 Tripp ∗ Trip_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(5)

Linguistic Characteristicipt = β0 Tripp + β1 Trip_Changet + β2 Tripp ∗ Trip_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(6)

ln(Linguistic Characteristic)ipt = β0 Yelpp + β1 Yelp_Changet + β2 Yelpp ∗ Yelp_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(7)

Linguistic Characteristicipt = β0 Yelpp + β1 Yelp_Changet + β2 Yelpp ∗ Yelp_Changet + β3 ln(wordsipt) + β4 ratingipt + αi + εipt

(8)

First, we report the separate DID analyses results for review volume in Table B1 and Table B2, where we observe that, compared with Yelp,
the review volume of TripAdvisor increased by 38.8% after implementing Instant Personalization. Similarly, compared to TripAdvisor, the
review volume of Yelp increased by 18.2% after integrating Facebook Connect.
Second, we present the separate DID results for mental processes. Based on Tables B3 and Table B4, we observe that, compared with Yelp,
affective processes on TripAdvisor increased by 1.8%, whereas cognitive processes decreased by 0.9% after implementing Instant
Personalization. Additionally, positive emotion on TripAdvisor increased by 3% while negative emotion decreased by 21%. According to
Table B5 and Table B6, compared with TripAdvisor, affective processes on Yelp increased by 6.4%, while cognitive processes declined by
2.4% after implementing Facebook Connect. Further, positive emotion on Yelp increased by 7.8% but negative emotion decreased by 10.2%.
Third, we show separate DID analyses results for the inhibition effect in Table B7 and Table B8. We observe that, compared with Yelp as the
baseline control group, the use of negations on TripAdvisor decreased by 11.9% after implementing Instant Personalization. Similarly,
compared with TripAdvisor, language references to negation on Yelp decreased by 8.1% after integrating with Facebook Connect.

Table B1. TripAdvisor DID Volume Effect
Variables
Trip
Trip_Change
Trip * Trip_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1) ln(Review Volume)
–0.841***(0.018)
0.257***(0.006)
0.388***(0.014)
0.247***(0.005)
0.014***(0.003)
–0.124***(0.026)
112,262
0.220
3,964
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1
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(2) Review Volume
–3.482***(0.132)
1.210***(0.037)
1.377***(0.116)
0.952***(0.027)
0.082***(0.015)
–0.353*(0.143)
112,262
0.140
3,964
Yes
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Table B2. Yelp DID Volume Effect
Variables
Yelp
Yelp_Change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1) ln(Review Volume)
0.612***(0.021)
0.006(0.015)
0.182***(0.016)
0.149***(0.006)
0.006(0.003)
–0.462***(0.041)
47,151
0.195
3,178
Yes

(2) Review Volume
2.117***(0.119)
–0.010(0.067)
0.858***(0.078)
0.573***(0.029)
0.026*(0.013)
–1.570***(0.231)
47,151
0.150
3,178
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1

Table B3. TripAdvisor DID Affective and Cognitive Processes

Variables
Trip
Trip_Change
Trip * Trip_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1)
ln(Affective
Process)
–0.160***(0.006)
0.042***(0.002)
0.018**(0.006)
–0.235***(0.003)
0.094***(0.002)
2.745***(0.015)
110,337
0.152
3,958
Yes

(2)
Affective
Process
–0.967***(0.033)
0.294***(0.017)
0.095*(0.037)
–1.797***(0.017)
0.593***(0.009)
13.971***(0.096)
110,669
0.143
3,961
Yes

(3)
ln(Cognitive
Process)
0.051***(0.003)
0.004**(0.001)
–0.009*(0.003)
0.039***(0.002)
–0.012***(0.001)
2.571***(0.009)
108,368
0.015
3,953
Yes

(4)
Cognitive
Process
0.739***(0.056)
0.067**(0.022)
–0.115+(0.059)
0.855***(0.028)
–0.198***(0.015)
11.860***(0.154)
110,669
0.020
3,961
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1

Table B4. TripAdvisor DID Positive and Negative Affective Processes

Variables
Trip
Trip_Change
Trip * Trip_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1)
ln(Positive
Emotion)
–0.196***(0.006)
0.047***(0.003)
0.030***(0.007)
–0.270***(0.003)
0.188***(0.002)
2.410***(0.016)
109,966
0.236
3,958
Yes

(2)
Positive
Emotion
–1.016***(0.043)
0.292***(0.018)
0.096*(0.047)
–2.154***(0.024)
1.101***(0.011)
12.815***(0.126)
110,669
0.228
3,961
Yes

(3)
ln(Negative
Emotion)
0.225***(0.014)
–0.044***(0.005)
–0.210***(0.015)
–0.300***(0.007)
–0.295***(0.003)
2.425***(0.033)
86,307
0.129
3,929
Yes

(4)
Negative
Emotion
0.025(0.015)
0.006(0.007)
–0.053**(0.016)
–0.020*(0.008)
–0.436***(0.006)
2.656***(0.054)
110,669
0.128
3,961
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1
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Table B5. Yelp DID Affective and Cognitive Processes

Variables
Yelp
Yelp_Change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1)
ln(Affective
Process)
0.076***(0.011)
–0.035**(0.012)
0.064***(0.013)
–0.193***(0.004)
0.076***(0.002)
2.498***(0.024)
46,767
0.103
3,174
Yes

(2)
Affective
Process
0.083(0.089)
–0.443***(0.098)
0.650***(0.100)
–1.620***(0.030)
0.474***(0.015)
13.174***(0.181)
46,821
0.114
3,174
Yes

(3)
ln(Cognitive
Process)
–0.013*(0.006)
0.025***(0.007)
–0.024**(0.007)
0.063***(0.003)
–0.011***(0.001)
2.458***(0.015)
46,807
0.022
3,174
Yes

(4)
Cognitive
Process
–0.389***(0.087)
0.346***(0.104)
–0.354***(0.107)
0.646***(0.036)
–0.172***(0.021)
13.151***(0.206)
46,821
0.015
3,174
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1

Table B6. Yelp DID Positive and Negative Affective Processes

Variables
Yelp
Yelp_Change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1)
ln(Positive
Emotion)
0.097***(0.012)
–0.040**(0.013)
0.078***(0.014)
–0.226***(0.005)
0.171***(0.003)
2.118***(0.027)
46,670
0.191
3,173
Yes

(2)
Positive
Emotion
0.063(0.088)
–0.433***(0.096)
0.662***(0.098)
–1.622***(0.029)
0.862***(0.014)
10.768***(0.178)
46,821
0.175
3,174
Yes

(3)
ln(Negative
Emotion)
–0.052*(0.022)
0.049*(0.024)
–0.102***(0.025)
–0.231***(0.009)
–0.253***(0.005)
2.054***(0.050)
38,299
0.112
3,108
Yes

(4)
Negative
Emotion
0.036(0.022)
0.038(0.023)
–0.047+(0.026)
–0.024**(0.009)
–0.434***(0.006)
2.650***(0.048)
46,821
0.101
3,197
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, + p < 0.1

Table B7. TripAdvisor DID Inhibition Effect
Variables
Trip
Trip_Change
Trip * Trip_Change
ln(words)
Rating
constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

(1) ln(Negation)
0.509***(0.010)
–0.018***(0.005)
–0.119***(0.011)
–0.265***(0.006)
–0.200***(0.003)
1.993***(0.030)
93,870
0.143
3,937
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1
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(2) Negation
0.576***(0.018)
0.026***(0.007)
–0.068***(0.019)
–0.006(0.009)
–0.351***(0.005)
2.355***(0.053)
110,669
0.093
3,961
Yes
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Table B8. Yelp DID Inhibition Effect
Variables
Yelp
Yelp_Change
Yelp * Yelp_Change
ln(words)
rating

(1) ln(Negation)
–0.389***(0.017)
0.061***(0.017)
–0.081***(0.018)
–0.231***(0.008)
–0.170***(0.004)

(2) Negation
–0.543***(0.030)
0.042(0.033)
–0.038+(0.024)
–0.047***(0.012)
–0.285***(0.007)

constant
Observations
R-squared
Number of restaurants
Restaurant Fixed Effect

2.138***(0.044)
40,877
0.121
3,139
Yes

2.855***(0.071)
46,821
0.098
3,174
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1

Appendix C
Additional Analyses
Table C1 reports changes in user-level monthly reviewing volumes and language characteristics over the two year period surrounding
TripAdvisor’s social network integration (12 months before and after the event). This simple pre/post user-level data enables us to gain some
sense of whether behavior appeared to change within users as a result of the treatment. For review volumes, we estimate the effect of
TripAdvisor social network integration on users’ average monthly number of reviews. For the linguistic features, due to limited scalability
of the LIWC software to process large amounts of textual data, we randomly sampled a subset of users who jointly authored a total of
approximately 750,000 reviews. Amongst these reviews, 96,356 were authored within our two year time window. Considering the results in
Table C1, we observe that the social network integration is significantly associated with changes in all of our outcome variables, suggesting
that our results may be attributable to within-user changes in behavior. One caveat of this analysis, however, is that we are unable to account
for underlying time trends and other factors, because there is no true control group (all data comes from a single platform). Thus, this evidence
is merely correlational, and thus circumstantial. Future work might therefore explore the relative roles of selection versus within-user changes
in behavior.
Table C2 reports an additional analysis using a continuous measure (number of months since the user registered on the platform) of user tenure.
This analysis yields similar results for the binary user tenure variable.
Table C3 reports robustness checks of our main analyses (log-transformed DVs) while controlling for seasonal trends (with 11 dummy variables,
i.e. February, March, April, ..., December). These results are largely consistent with our main findings.

MIS Quarterly Vol. 41 No. 4—Appendices/December 2017

A7

Huang et al./ Social Network Integration & User Content Generation

Table C1. Effect of Social Network Integration on Within User Review Volume and Language
Characteristics

Variables
Trip_Change
Constant
Observations
F-Statistic
Number of Users
User Fixed Effect

(1)
Review
Volume
0.792***
(0.017)
2.288***
(0.012)
244,978
2164.85***
70,450
Yes

(2)
Affective
Process
0.103*
(0.044)
6.480***
(0.036)
96,356
5.44*
5,174
Yes

(3)
Positive
Emotion
0.139***
(0.041)
5.501***
(0.034)
96,356
11.34***
5,174
Yes

(4)
Negative
Emotion
–0.033*
(0.013)
0.748***
(0.010)
96,356
6.64**
5,174
Yes

(5)
Cognitive
Process
–0.165**
(0.219)
7.927***
(0.044)
96,356
7.05***
5,174
Yes

(6)
Negation
–0.036*
(0.014)
1.304***
(0.011)
96,356
6.63**
5,174
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05

Table C2. Effects of Continuous User Tenure on Review Language Characteristics

Variables
ln(tenure)
ln(words)
Rating
Constant
Observations
R-squared
Number of Restaurants
Restaurant Fixed Effect
Time Fixed Effect

(1)
Affective
Process
0.019
(0.016)
–3.065***
(0.047)
0.634***
(0.020)
18.270***
(0.249)
46,341
0.259
2,755
Yes
Yes

(2)
Positive
Emotion
0.029
(0.016)
–3.081***
(0.048)
1.036***
(0.021)
15.883***
(0.245)
46,341
0.290
2,755
Yes
Yes

(3)
Negative
Emotion
–0.008
(0.005)
0.010
(0.012)
–0.406***
(0.011)
2.386***
(0.093)
46,341
0.088
2,755
Yes
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05
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(4)
Cognitive
Process
0.030
(0.019)
0.935***
(0.043)
–0.185***
(0.026)
12.053***
(0.293)
46,341
0.022
2,755
Yes
Yes

(5)
Negation
0.010
(0.006)
0.045**
(0.014)
–0.444***
(0.010)
3.088***
(0.100)
46,341
0.064
2,755
Yes
Yes
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Table C3. Estimation with Adjustment for Seasonality (Log-Transformed Outcomes)

Variables
Trip
Trip_change
Trip * Trip_Change
Yelp_change
Yelp * Yelp_Change
ln(words)
Rating
Constant
Observations
R-squared
Number of Restaurants
Restaurant Fixed Effect
Seasonality

(1)
ln(Review
Volume)
–0.647***
(0.019)
0.238***
(0.006)
0.379***
(0.014)
0.059***
(0.014)
0.195***
(0.015)
0.182***
(0.004)
0.014***
(0.003)
0.001
(0.024)
139,239
0.224
3,968
Yes
Yes

(2)
ln(Affective
Process)
–0.083***
(0.007)
0.041***
(0.002)
0.025***
(0.005)
–0.035***
(0.007)
0.076***
(0.008)
–0.220***
(0.002)
0.090***
(0.001)
2.655***
(0.012)
137,158
0.146
3,963
Yes
Yes

(3)
ln(Positive
Emotion)
–0.101***
(0.008)
0.046***
(0.003)
0.040***
(0.006)
–0.042***
(0.008)
0.094***
(0.009)
–0.255***
(0.002)
0.183***
(0.001)
2.311***
(0.013)
136,760
0.234
3,963
Yes
Yes

(4)
ln(Negative
Emotion)
0.087***
(0.017)
–0.040***
(0.005)
–0.200***
(0.012)
0.057**
(0.019)
–0.123***
(0.020)
–0.257***
(0.005)
–0.283***
(0.003)
2.254***
(0.027)
109,450
0.125
3,936
Yes
Yes

(5)
ln(Cognitive
Process)
0.007
(0.005)
0.008***
(0.002)
–0.004
(0.003)
0.033***
(0.005)
–0.031***
(0.005)
0.077***
(0.001)
–0.012***
(0.001)
2.377***
(0.008)
137,272
0.030
3,962
Yes
Yes

(6)
ln(Negation)
0.394***
(0.014)
–0.016***
(0.005)
–0.114***
(0.010)
0.078***
(0.015)
–0.106***
(0.016)
–0.234***
(0.004)
–0.192***
(0.002)
1.855***
(0.024)
118,205
0.135
3,944
Yes
Yes

Notes: Cluster-robust standard errors in parentheses. ***p < 0.001, **p < 0.01, *p < 0.05, +p < 0.1
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