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From Anonymity to Accountability: How Virtual Identity

Disclosure Changes the Quantity and Quality of “Likes”

ABSTRACT

An integral component of user participation in community-based platforms is giving “likes” to content
posted by others. At the same time, online social participation differs from offline social participation in
that online users are often allowed to create a virtual identity unrelated to their real-world identity. The
objective of this study is to identify the motivations behind users’ giving “likes” when their virtual
identity (i.e., username) is hidden or shown. Specifically, we leverage a natural experiment to examine the
effect of virtual identity disclosure on users’ “liking” behavior. Our identification strategy relies on an
exogenous policy change in an online community-based platform, where likers’ username was not visible
before but publicly shown after the change. Our results show that users “liked” fewer but higher quality
articles after the policy change, consistent with their protective self-presentation motivation. This study
emphasizes the significance of virtual identity, arguing that a virtual identity devoid of real-world
information should not be equated with anonymity. It also underscores the importance of protective self-
presentation over acquisitive self-presentation, suggesting that research should focus not only on the
actions users take but also on those they intentionally avoid taking. Furthermore, our study identifies
"liking" as a key channel of self-presentation, complementing the focus on posting behaviors in the extant
literature. Practically, platforms can refine their policies on virtual identity disclosure to enhance content
engagement, while content creators should tailor their offerings to meet the self-presentation needs of

their audience.
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INTRODUCTION

Community-based platforms such as social networking services (SNS; e.g., Facebook, Instagram) and
knowledge exchange websites (e.g., Stack Overflow, Quora) are prominent in today’s highly digitized
environment. A critical success factor for these platforms is user participation, and prior research has
examined how it can be influenced by platform features such as user ranking systems (Goes et al. 2016;
Shen et al. 2015), symbolic awards (Gallus 2017), interactivity (Jiang et al. 2010), social network
integration (Huang et al. 2017), and anonymity (Bapna et al. 2016; Cho and Kwon 2015). At the same
time, online social participation is distinctively different from offline social participation in that online
users are often allowed to create a virtual identity and participate anonymously. This present study seeks
to understand how a form of user participation (specifically, “liking” the content posted by others) is
affected by a specific platform feature (specifically, whether likers’ virtual identity is disclosed). Various
platforms provide a “Like” button for users to express their attitudes about the content that they consume.
For example, Facebook explains that “/clicking] Like below a post on Facebook is a way to let people
know that you enjoy it...” and Twitter describes that “Likes ... are used to show appreciation for a
Tweet.”! Although “liking” takes only one click of the button, its impacts can be nontrivial. For platforms,
the “like” feature can serve as an effective emotional sensor and thus contribute to their success (Kessler
2012). Many platforms use the “like” feature in their content ranking and recommendation algorithms.
For example, on Facebook, the number of “likes” that a post receives is a major factor that affects its
ranking in News Feed.? Also, the “like” feature can motivate user contribution and influence community
growth. Research shows that the “likes” (and their equivalents, e.g., “favorites™) that users receive affect
the quantity and quality of their contributions (Moqri et al. 2018; Qiu and Kumar 2017) and the

subsequent growth of the community (Bapna et al. 2019).

! https://www.facebook.com/help/110920455663362 (accessed October 2024), https://help.twitter.com/en/using-
twitter/liking-tweets-and-moments (accessed October 2024)
2 https://www.facebook.com/help/1155510281178725/how-news-feed-works/ (accessed October 2024)
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Despite numerous studies examining the impacts or consequences of “likes,” research on the
antecedents of “likes” is scant. Exceptions are studies that investigate the association between content
characteristics and user engagement (e.g., liking) on social media (Bapna et al. 2019; Lee et al. 2018; Shin
et al. 2019). In this study, we aim to add to the understanding of “likes” by examining the impact of
platform design/policy on users’ liking behavior and the underlying mechanism. Specifically, we
investigate how virtual identity disclosure—i.e., disclosing likers’ username—affects users’ “liking”
behavior. Whether users’ identity (virtual or real) is shown to third parties is a critical design
consideration for content-related platforms. Some platforms disclose users’ identity to others. For
example, Instagram publicly shows users’ username (i.e., virtual identity) when they “like” a post.* Other
platforms allow users to keep their identity invisible or private. For example, LinkedIn users can choose
to either reveal their name (i.e., real identity) or be shown as an “Anonymous Linkedln Member” when
viewing other users’ profile.* While previous studies mainly focus on the impact of real identity
disclosure (Forman et al. 2008; Pu et al. 2020), we show in this study that virtual identity disclosure can
also influence users’ behavior.

To explain the effect of virtual identity disclosure in community-based platforms, we consider three
different user motivations that are relevant: (i) intrinsic utility (to express satisfaction and enjoyment), (ii)
relational motivation (to build, maintain, and/or strengthen relationships with others), and (iii) self-
presentation (to present oneself and achieve desired impressions). While these motivations are likely to
coexist, some may dominate and dwarf the others in influencing users’ liking behavior. We thus aim to
identify the dominating motivation and the impacts of virtual identity disclosure policies on content that
users “like.” This knowledge can be critical for platforms that use “likes” to determine popular content
and/or recommend content to users (e.g., collaborative filtering). Moreover, the dominating motive
behind “likes” has implications for content creators. Many content creators (e.g., influencers) strive to

produce highly engaging content, in which the number of “likes” received is a key performance indicator.

3 https://help.instagram.com/281388201973414 (accessed October 2024)
4 https://www.linkedin.com/help/linkedin/answer/49410 (accessed October 2024)
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Uncovering the dominating factor that drives users’ giving “likes” can thus help creators strategize the
form and substance of their content.

We investigate the research questions using a natural experiment on a user-generated content
platform. Our empirical strategy relies on an exogenous policy change of virtual identity disclosure on the
platform. Before the policy change, likers’ usernames were not shown; after the policy change, likers’
usernames were publicly displayed. This policy change offers a unique opportunity to compare the three
motivations for giving “likes” because, as shown below, these motivations give rise to different
predictions regarding users’ reactions to the policy change. We find that after virtual identity disclosure,
the number of “likes” on the platform decreased, but the overall quality of the “liked” content increased,
which suggests the dominant role of protective self-presentation in users’ “liking” behavior.

This study contributes insights to theory and practice. First, while most previous studies focus on the
disclosure of users’ real-world identity (see Table 1), this study suggests that even if users are allowed to
use a pseudonym unrelated to their real-world identity, disclosing the pseudonym can still alter their
behavior. Therefore, research must broaden the concept of user identity to include both virtual and real
identities.

Table 1. Studies on Identity Disclosure

Real vs. Virtual Posting vs. “Liking”
Identity Disclosure Content

Forman et al. (2008) Real Posting

Cho and Kwon (2015) Real Posting

Fredheim et al. (2015) Real Posting

Huang et al. (2017) Real Posting

Pu et al. (2020) Real Posting

Kilner and Hoadley (2005)  Virtual Posting

This study Virtual “Liking”

Second, this study adds to our understanding of user participation behaviors and motives in
community-based platforms by accounting for different motivations of user participation (i.e., intrinsic

utility, relational, and self-presentation motivation) and examines their comparative strength. Our



differentiation of acquisitive and protective self-presentation modes and the evidence for the dominant
influence help explain the inhibition effect of (real and virtual) identity disclosure that this and previous
studies find (Huang et al. 2017; Pu et al. 2020). An implication is that research on self-presentation
should consider not only the actions individuals choose to take but also activities they can engage in but
intentionally refrain from.

Third, our focus on the antecedents and motivations of “liking” also complements the research on its
consequences, thus providing a more holistic picture of the causes and effects of this form of user
participation. In addition, our emphasis on "liking" extends the focus on posting behaviors in extant
studies (see Table 1). This is meaningful as it helps the literature cover a fuller spectrum of user
participation in community-based platforms. This study also has practical implications for the strategies
of platforms and content creators. For platforms, understanding users’ motivations to give “likes” and the
effects of virtual identity disclosure can help refine community policies to encourage quality content
engagement. For content creators, our findings suggest they can enhance content engagement by aligning
their offerings with the self-presentation goals of their audience.

LITERATURE REVIEW AND RESEARCH FRAMEWORK
Virtual Identity Disclosure

Virtual identity disclosure refers to the disclosure of users’ pseudonym or username to third parties. It
differs from identity disclosure in prior literature, which relates to the situations in which users’ real-
world identity is disclosed (Forman et al. 2008; Pu et al. 2020). In practice, some platforms do not require
users to provide their real identity but disclose their virtual identity (e.g., username) to third parties during
some activities. A prototypical example is Instagram, which does not require users to submit their real
name but discloses their username in all their posts and “likes.”

The extant literature suggests that anonymity/non-anonymity in offline environments can affect
individual behaviors. According to the deindividuation theory (Zimbardo 1969), anonymity reduces self-
awareness, self-observation, and concern for social evaluation, leading to less inner constraint and self-

regulation. Therefore, under the cloak of anonymity, individuals are more likely to behave in a socially



undesirable manner and conduct otherwise inhibited behaviors. For example, anonymity could increase
group polarization, bystander apathy, and social loafing (Christopherson 2007). In contrast, when
individuals’ identity is visible (i.e., non-anonymous), they tend to be more restrained in their behaviors.
For instance, Halloween trick-or-treaters who are asked their name and address are less likely to steal
candy when left unattended than children who remain anonymous (Diener et al. 1976).

Previous studies have demonstrated the inhibition effect of real identity disclosure in community-
based platforms. For example, real name disclosure can lead to less content generation in corporate online
communities (Pu et al. 2020), and the integration of SNS accounts can cause a decrease in inflammatory
comments (Cho and Kwon 2015), politicized topics (Fredheim et al. 2015), negations (Huang et al. 2017),
and total comment quantity (Fredheim et al. 2015). Research also finds that a visible browsing record can
make users browse fewer profiles on dating websites (Bapna et al. 2016). Interestingly, if the platform
requires users to provide their real identifying information (e.g., real name, identification number, etc.)
but does not show the identifying information publicly, it will not produce an inhibition effect on users’
behavior (Cho and Kwon 2015; Kilner and Hoadley 2005); this clearly highlights the influence of identity
disclosure on users.

While there are numerous studies on anonymity/non-anonymity in offline environments and real
identity disclosure in online platforms, research on virtual identity disclosure is scant, and its impact
remains unclear. On the one hand, users can register a new virtual identity at a low cost or have multiple
virtual identities at the same time. They can also easily manipulate their online profiles or forge fictional
identities completely different from their real-world identities; such behaviors can be observed in
accounts of users maintaining alternate personas in online communities (Froomkin 1999) and involving in
identity deception (Tsikerdekis and Zeadally 2015). As such, users who find their virtual identity
associated with a negative reputation or blocked by a platform can simply switch to another account
(Tsikerdekis and Zeadally 2014). The relatively low effort in creating and maintaining virtual identities
suggests that users may not care significantly about such identities, especially compared to their real-

world identities.



On the other hand, as users can be identified and traced by the unique and persistent user ID of their
virtual identity, they may perceive accountability for their online behaviors even if their virtual and real-
world identities are not linked (Ma and Agarwal 2007). Users can strive to establish an image associated
with their virtual identity and maintain a consistent persona through their platform activities. For instance,
Twitter users can shape their online persona by maintaining the topic distribution of their self-tweets and
retweets (Geva et al. 2019). At times, individuals identify more with their online selves than with their
real-world identities; users with high self-identity verification in platforms feel that other members
appreciate their skills and contributions, and they believe that their online personas cannot be easily
substituted (Kuem et al. 2020). Given the contrasting theoretical possibilities, it is unclear how much
users value their online identities and whether their reactions to virtual identity disclosure mirror their

responses to real identity disclosure.

Users’ “Liking” of Content

This study focuses on users’ “liking” behaviors, the nature of which differs from that of content
generation. First, “liking” is a response to others’ content (Hayes et al. 2016) and takes only a click of a
button. By contrast, generating content is a form of direct expression that can require extensive effort
(e.g., writing answers in online knowledge exchanges (Wasko and Faraj 2005) and making predictions in
online prediction platforms (Qiu and Kumar 2017)). Second, while users’ content can be elaborative and
contain high clarity (e.g., readable and objective product reviews (Goes et al. 2014)), their “likes” lack
nuances and can lead to high levels of communicative ambiguity (Sumner et al. 2018). For example, a
“like” given to a detailed restaurant review that discusses both food and service is not informative about
whether the liker agrees with the food description or service evaluation. Third, content posting can be
used for monetization, especially for virtual identities with many followers, whereas "liking" has little, if
any, monetizing effect. That “liking” and content generation are fundamentally different (in terms of
purpose, effort, etc.) implies that users will likely have different considerations for the respective

activities. As such, we need to cautiously apply knowledge about users’ content generation behaviors



when studying users’ “liking” behaviors. For example, although research shows identity disclosure affects
content generation (Huang et al. 2017; Pu et al. 2020), we should carefully examine its influence on
“liking” using perspectives that closely align with users’ corresponding motivations and considerations
for this activity. Doing so can offer distinct theoretical and practical implications, which is important as
the “like” feature is integral on many platforms.

Motivations of User Participation in Platforms

Table 2. Motivations of User Participation in Platforms

Motivations of User Behavior Comparative
Study User Behavior Intrinsic . Self- sglel:ll%it]ill: '
utility Relational presentation motivations
Schau and Gilly (2003) Posting content \
Hennig-Thurau et al. Visi‘Fing platform, N N
(2004) posting content
Wasko and Faraj (2005) Posting content \ \
Ma and Agarwal (2007) Posting content \
Sheldon et al. (2011) Visiting platform \
Xia et al. (2012) Providing files \
Shriver et al. (2013) Posting content \ \ \
éo()lllt;;l and Stephen Posting content \ \ \
Zeng and Wei (2013) Posting content \
Goes et al. (2014) Posting content \
Jabr et al. (2014) Posting content \
Qiu and Kumar (2017) Posting content \
Moqri et al. (2018) 8%?2?;2&% to \ \
Geva et al. (2019) Sharing content v
This study “Liking” content \ \ \ \

We posit that the effect of virtual identity disclosure on users’ “liking” behavior depends on their

motivations to give “likes.” Based on the extant literature, we identify three motivations of user

participation that are relevant in our context: intrinsic utility, relational, and self-presentation. Table 2

provides a summary. We consider the implications of virtual identity disclosure for the respective

motivations to pinpoint the dominating motivation in users’ “liking” behavior. As shown in Table 3,



different motivations give different predictions about the impact of virtual identity disclosure on the
quantity of “likes” and the quality of “liked” content. We submit that virtual identity disclosure's overall
or net effect on users’ “liking” behavior depends on the dominating motivation.

Table 3. Theoretical Development

Self-Presentation
Effect of virtual identity Intrinsic Utility Relational — :
disclosure on: Acquisitive Protective
Quantity of “likes” No change Increase Increase Decrease
Quality of “liked” content No change No change Increase Increase

Intrinsic utility motivation. Users can give “likes” to express their approval for the content that they
enjoy, agree with, and/or find useful; this is what platforms (e.g., Facebook and Twitter) typically assume
users do with this feature (see footnote 1). Such “liking” is based primarily on the intrinsic value of the
content to the focal users and independent of whether the likers’ identity is visible to others. Ceteris
paribus, if intrinsic utility motivation dominates, the policy change of disclosing likers’ virtual identity
should not substantially affect the amount and the quality of the content that users “like.”

Relational motivation. Individuals have a fundamental need for social relationships, leading them to
reach out and interact with others (Baumeister and Leary 1995; Berger 2014). Prior research shows that
this need motivates people to participate in online communities. People use social media to cope with
their feelings of disconnection (Sheldon et al. 2011), share news and information to enhance social bonds
(Milkman and Berger 2014), and blog to facilitate interaction or socializing with others (Shriver et al.
2013).

In online communities, “liking” allows users to indicate that they have read certain content and find it
useful or interesting. In this sense, “liking” serves as a signal of attention and support, which facilitates
the building, maintaining, and strengthening of social relationships with others, particularly with content
creators (Ellison et al. 2014). Hayes et al. (2016) conceptualize the “like” feature on social media as a
“paralinguistic digital affordance” that facilitates user interactions, similar to phatic communication like
waving and nodding. Giving “likes” can also help users gain reciprocal “likes” from others, which

improves their popularity and relational standing in the community; as reciprocity is based on a sense of



mutual indebtedness, which can give rise to ongoing social exchanges between two individuals, we
classify it as relational motivation, following Wasko and Faraj (2005). However, a necessary condition
for “likes” to affect social relationships is that likers’ identities are visible to others. Therefore, if
relational motivation dominates in users’ “liking” behavior, virtual identity disclosure should increase the
number of “likes” they give. However, as this kind of “likes” is largely driven by users’ desire to initiate
and maintain relationships with content creators (Sumner et al. 2018), virtual identity disclosure may not
affect the quality of content users “like.” To enhance their relationship with the content creators, users
who are driven strongly by relational motivation can “like” the content regardless of its quality to signal
that they have attended to it.

Self-presentation motivation. Self-presentation is how individuals present themselves and project a
desired impression (Goffman 1959). Self-presentation or image motivation captures the idea that
individuals are influenced by others’ perceptions and the desire to be well-regarded by others (Ariely et
al. 2009). Following extant literature, we view self-presentation and privacy-maintaining as two sides of
the same coin (Bartsch and Subrahmanyam 2015), as both are achieved by controlling the information
available to others about oneself. Previous studies find that users control their self-presentation on social
networking sites using privacy settings (e.g., restricting others’ access to their profile and posts) (Chen
and Marcus 2012) and engage in selective information disclosure to preserve privacy when using instant
messaging (e.g., self-censoring what they say) (Kobsa et al. 2012). Leary (1996) suggests that individuals
shape their images not only by describing themselves in specific ways but also by omitting certain
information from their self-descriptions. Goffman (1959, p. 141) also indicates that self-presentation
involves “the overcommunication of some facts and the under-communication of others.” Based on these
perspectives, maintaining privacy is akin to individuals minimizing self-presentation.

Studies on self-presentation in online communities mostly focus on users’ content generation
behavior, showing that users present themselves and achieve their desired image by posting content on
social network sites (Shriver et al. 2013), product review platforms (Goes et al. 2014; Hennig-Thurau et

al. 2004), and photo-sharing communities (Zeng and Wei 2013). Extending prior research, we propose
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that self-presentation may also be achieved through “liking” activities. Specifically, the content that users
“like” signals their tastes and preferences. Research finds that users show a “you are what you ‘Like’”
mentality and give “likes” based on what they want others to see they “like” (Sumner et al. 2018).

As in the case of relational motivation, self-presentation motivation requires users’ identity to be
visible to others, as others’ impressions about a user are based on what they see about that user. When
users are anonymous, they tend to feel more comfortable and secure and be less aware and concerned
about social evaluation (Christopherson 2007). Consequently, they may engage in socially unfavorable
behaviors, such as being selfish in dictator games (Andreoni and Bernheim 2009) or posting low-quality
content (Pu et al. 2020). However, when users’ identity is visible, their concern about their image
increases. As a result, they are likely to participate less in socially undesirable activities and more in
activities that benefit their image (Ariely et al. 2009).

There are two modes of self-presentation: acquisitive and protective (Arkin 1981). Acquisitive self-
presentation is to relate oneself to desired images, whereas protective self-presentation is to distance
oneself from undesired images (Barasch and Berger 2014). Acquisitive self-presentation reflects a more
proactive mindset, seeking positive impressions and social approval by actively participating in certain
activities. For example, people talk about positive personal experiences with products and services (e.g.,
“the restaurant I picked was great”) to signal their expertise and maintain their reputation (De Angelis et
al. 2012; Wojnicki and Godes 2011). They also share news that reflects positively on them to generate
desired impressions (Milkman and Berger 2014) and publicize their connection with successful others to
enhance their image (Cialdini et al. 1976). By contrast, protective self-presentation reflects a more
conservative orientation, avoiding negative impressions and social disapproval by reducing certain
activities. For example, individuals tend not to post negative information about themselves on social
media (Gonzales and Hancock 2011) or share personal experiences that cast themselves in a negative
light as the size of the audience grows (Barasch and Berger 2014).

In our research setting, the two self-presentation modes can have different implications about the

number of “likes” users give. Acquisitive self-presentation implies that users will embrace the chance to
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present positive images through the content that they are associated with and thus give more “likes.” By
contrast, protective self-presentation indicates that users will refrain from giving “likes” due to the
concern that others will make negative inferences about them based on the content they “like.” Although
both modes of self-presentation can be present, protective self-presentation occurs more often (Barasch
and Berger 2014; Berger 2014; Tice 1991), suggesting it can be more influential. People generally are
more motivated to avoid bad impressions than to pursue good ones (Baumeister et al. 2001), and the
aversion to shame is more powerful than the anticipation of prestige as a motivator (Samek and
Sheremeta 2014). Arkin (1981) indicates that when the audience consists of strangers whose evaluation
standards are unpredictable, acquisitive self-presentation will be risky and protective self-presentation
will be more salient. An implication is that users not highly familiar with others in online communities
may strive to avoid potential social disapproval when their identity is visible to others. This can be why
real identity disclosure leads users to generate less content in online communities (Fredheim et al. 2015;
Pu et al. 2020) and browse fewer profiles on dating platforms (Bapna et al. 2016). Hence, in our context,
the stronger influence of protective self-presentation suggests that users will become more selective in
giving “likes” when their virtual identity is disclosed, resulting in fewer “likes.”

While the impact of the two self-presentation modes on the quantity of “likes” that users give may
differ, that on the quality of content that users “like” can be similar. As the content that users associate
with can greatly impact their image (Milkman and Berger 2014; Schau and Gilly 2003), they will care
more about content quality after virtual identity disclosure. As a result, they will engage in strategic and
selective “liking” activities to enhance their image. Users driven by acquisitive self-presentation will seek
high-quality content that aligns with their desired image and give more “likes” to such content. In
contrast, users motivated by protective self-presentation will avoid low-quality content that reflects poorly
on their image and give fewer “likes” to such content. Regardless of the self-presentation mode, the

quality of the content that users “like” should be higher after virtual identity disclosure.
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RESEARCH CONTEXT AND DATA

Our research context is Douban (www.douban.com), an online community where users can create
content and interact with others. Established in March 2005, it has over 200 million registered users by
the end of 2019.° It has several sections for different functions (e.g., movie reviews, group discussions).
This study focuses on the group discussion section, one of the earliest and most popular sections. In this
section, users can create new and join existing discussion groups for specific topics (e.g., sports and
music). While users can post and comment on articles only in the groups they have joined, they can “like”
and share articles in all groups.

An exogenous policy change happened on July 16, 2018. Before the change, Douban showed the
number of users who “liked” an article but not their identities. After the change, the virtual identities (i.e.,
the usernames) of those who “liked” an article were shown below the article. Clicking a username leads to
the respective personal page that provides details about the user. Other features, such as those related to
posting and commenting, were not altered during the policy change. Online Appendix A shows the
interface of the group discussion section after the policy change. This exogenous policy change sets up a
natural experiment to study the influence of virtual identity disclosure on users’ giving “likes,” in which
the counterfactual is the observations before the change (Pu et al. 2020; Zhang and Zhu 2011).

Using public APIs, we collected data of all group discussion articles from March 1, 2018, to
December 30, 2018. Our data included details of users who posted articles and who “liked” and
commented on articles. We generated a panel dataset of each user’s “likes” each week. We could collect
data on users’ “liking” behavior before the policy change because after the policy change, the platform
disclosed likers’ username for all articles, regardless of when they were posted. The data consisted of 43
weeks, from March 5, 2018, to December 30, 2018 (i.e., 19 weeks before and 24 weeks after the policy
change), and 911,791 users who “liked” at least one article. The policy change was implemented on the

first day of week 20. Although March 5 is the first day in our data on users’ “liking” behavior, we also

5 https://www.douban.com/partner/intro (accessed October 2024)
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collected articles posted between March 1 and March 4 because users may “like” articles posted earlier.
To minimize the problem of missing observations, we excluded users who registered and discussion

groups created on or after March 5, 2018. Figure 1 shows the timeline of our study.

Figure 1. Timeline of Study

Mar 5, 2018 Jul 16,2018 Dec 30, 2018
m || Virtual identity not disclosed Virtual identity disclosed
1<t<19 20<t<43
After, =0 After, =1
EMPIRICAL ANALYSIS

Main Analysis
Effect of policy change on quantity of “likes.” Figure 2 illustrates the total number of “likes” given on
each day from March 5 to December 30, 2018. There was a sharp decrease after July 16, which stabilized

after a month, suggesting that users took some time to react to the policy change.

Figure 2. The Number of “Likes” on Each Day
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We examined the effect of virtual identity disclosure on the number of “likes” each user gave each
week. We utilized the fixed-effects Poisson regression model because the dependent variable is a count

variable. The Poisson model specifies that the dependent variable LikeNbr;; (the number of articles that
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user i “likes” in week f) follows a Poisson distribution with parameter A;., which is explained by the
independent variables as follows:

In (A1) = Bo + B1After, + ControlVarsy + p; + €;¢ > (D)
where i indexes the users and ¢ indexes the weeks. After; is a dummy that equals zero if week ¢ < 19 and
one if week ¢ > 20 (see Figure 2). We included week variable and its squared term to control for time
effect; using the number of weeks since the users joined the platform as an alternative control variable
yields qualitatively similar result. y; is a user fixed effect that controls individual differences. We did not
include week fixed effect in the regression as it is collinear with the independent variable of interest
After;. Table 4 shows the descriptions and summary statistics.

Table 4. Main Variables at User-Week Level

Variable Description Mean  S.D. Min Max N

After: Dummy that equals zero if week ¢ < 0.56 0.50 0 1 39,207,013
19 and one if week ¢ > 20.

LikeNbri Number of articles that user i liked in ~ 0.55 4.75 0 4,848 39,207,013
week ¢.

LikeSweari Average percentage of swearwords in ~ 0.08 0.41 0 100 5,051,701
the articles that user i liked in week ¢.

Likeldiomi Average percentage of idioms in the ~ 0.28 0.90 0 100 5,051,701
articles that user 7 liked in week ¢.

LikeReadability:  Average percentage of HSK words in ~ 53.31  14.46 0 100 5,051,701
the articles that user i liked in week ¢.

LikeSharei Average number of shares of the 66.19 15964 O 1,883 5,051,701

articles that user 7 liked in week .
Note. The variables LikeSweari, Likeldiomi:, LikeReadability:, and LikeSharei: have fewer observations than the
other variables, because the user-week panel contains all users who “liked” at least one article during the whole
period. If user i did not “like” any articles in week ¢, LikeNbri: equals zero but LikeSweari, Likeldiom,
LikeReadabilityi,, and LikeSharei are missing.

Table 5 reports the results. After virtual identity disclosure, users gave significantly fewer “likes.”
Specifically, the number of “likes” per week per user decreased by 1 — exp (— 0.252) = 22.3% after the
policy change. The result indicates that protective self-presentation motivation dominates in users’

motivations to give “likes” when the likers’ identity is visible (see Table 3).
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Table 5. Effect of Policy Change on the Number of “Likes”

Dependent variable LikeNbr
Model Poisson
After -0.252%*
(0.006)
Week -0.025%**
(0.007)
Weel? -0.001%*
(0.000)
User Fixed YES
Observations 39,207,013

Note. Cluster-robust standard errors in parentheses
(clustered on user).
*p <0.05; **p <0.01

Effect of policy change on quality of “liked” articles. We used four measures to evaluate article
quality: swearword usage, idiom usage, readability, and number of shares. Swearword usage suggests low
content quality (Cho and Kwon 2015), whereas idiom usage, readability, and number of shares are
generally associated with high content quality. Using idioms can make the content more concise, vivid,
and elegant (Jiao 2016) and improve the content's opulence, picturesqueness, and impressiveness (Roberts
1944). As many Chinese idioms originate from fables, myths, and famous quotations, the use and
appreciation of idioms can also signal one’s intellectual status (Jiao 2016). Content readability, i.e., how
easy it is for readers to understand the content, is critical for effective expression and communication
(Johnson et al. 2015; Zinsser 2001) and has been used to measure online content quality in prior research
(Khern-am-nuai et al. 2018). Additionally, the sharing of content is closely related to content quality. For
example, it is found that scientific discoveries that are more positive, emotional, interesting, and useful,
and those that reflect more positively on the sender, are more likely to be shared (Milkman and Berger
2014). Therefore, we also used the number of times each article was shared at the time of data collection
as an indicator of its quality.

To generate the percentage of swearwords in each article, we performed text segmentation by splitting
each article, which consists of a sequence of Chinese characters, into a list of words. (Each word can
consist of one or multiple characters.) We then used the text analytics software Linguistic Inquiry and
Word Count (LIWC) (Pennebaker et al. 2001) to generate the percentage of words in each article that

matched the “swear” category in the Simplified Chinese LIWC2015 Dictionary; LIWC is widely used in
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the information systems and marketing literature (Berger and Milkman 2012; Goes et al. 2014). For the
percentage of idioms, we matched the words in each article with an authoritative dictionary of Chinese
idioms (Xu 2015) and calculated the percentage of idioms therein. The widely used readability indices,
such as the Flesch Reading Ease and the Gunning-Fog index (Ghose and Ipeirotis 2011), are primarily
designed for the English language and are not applicable to the Chinese content in our context. We thus
adopted the main idea behind these indices and used the percentage of easy words to measure content
readability. To identify easy words in each article, we utilized the word list provided by HSK, a
standardized Chinese proficiency test for non-native speakers.® Specifically, we used the word list of HSK
level 6, which contains 5,000 Chinese words, in our analyses; using HSK levels 1 to 5 yields similar
results.

To examine the effect of the policy change on the quality of articles that users “liked,” we estimated

the following OLS models:

LikeSwear;; = By + B1Aftery + ControlVars; + y; + €;¢ 2)
Likeldiom;; = By + B1After, + ControlVars;, + u; + € , 3)
LikeReadability;, = o + B1Aftery + ControlVars; + p; + €t , 4)
LikeShare;; = o + B1Aftery + ControlVars; + u; + €j¢ , 5)

where LikeSweary,, Likeldiom;,, and LikeReadability;, are the average percentage of swearwords,
idioms, and HSK words, respectively, in the articles that user i “liked” in week ¢, and LikeShare;; is the
average number of shares received by the articles that user i “liked” in week ¢. We added week variable
and its squared term in the regressions. We also controlled for article length (the number of Chinese
characters, LikeLength) when the dependent variable is LikeSweary;, Likeldiom;;, or
LikeReadability;,, as it tends to correlate with these text features (Huang et al. 2017).

Table 6 shows the results. The articles that users "liked" after the policy change tended to have fewer

swearwords and more idioms, were more readable, and were shared by more people, all indicating a

® https://en.wikipedia.org/wiki/Hanyu Shuiping Kaoshi (accessed October 2024)
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higher quality than before the policy change. This result suggests the dominating influence of self-
presentation motivation when virtual identity is disclosed.

Table 6. Effect of Policy Change on Quality of “Liked” Articles

Dependent variable LikeSwear Likeldiom LikeReadability LikeShare
Model OLS OLS OLS OLS
)] 2) 3) 4)
After -0.009** 0.022%* 0.686%* 4.357%*
(0.001) (0.002) (0.025) (0.260)
Week 0.000* -0.003** 0.027** -0.442%*
(0.000) (0.000) (0.002) (0.022)
Weel? 0.000 0.000%* 0.000 0.016%*
(0.000) (0.000) (0.000) (0.001)
LikeLength 0.000%* 0.000%* -0.000**
(0.000) (0.000) (0.000)
User Fixed YES YES YES YES
Observations 5,051,701 5,051,701 5,051,701 5,051,701
R 0.234 0.223 0.309 0.290

Note. Cluster-robust standard errors in parentheses (clustered on user).
*p <0.05; **p <0.01

Robustness Checks

Supply side of articles. A potential concern is whether the changes in users’ giving “likes” are due to
changes in the supply side of articles. It might be that fewer and higher-quality articles were posted after
the policy change, thus leading to the “liking” behaviors observed in the previous sections. We conducted
three analyses to address this concern. We report the broad findings here and provide the details in Online
Appendix B. First, we examined the supply side of articles at the discussion group level. The dataset
consists of all the 61,607 groups that posted at least one article during the study period. The results show
that the number and characteristics of articles posted in each group each week after the policy change
were not significantly different from those posted before the policy change. Second, we conducted an
article-level analysis of the supply side. The dataset consists of all the articles posted during the study
period. The results indicate that the characteristics of the articles posted before and after the policy
change were not significantly different. Third, we accounted for the influence of the supply side on users’
liking behavior by adding the number and characteristics of articles posted each week as control variables

in Equations (1) to (5). The results are consistent with the results of the baseline regressions. These three
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analyses minimize the concern that the observed changes in users’ giving “likes” were caused by the
changes in the supply side of articles.

Monthly aggregated data. As the main results in Tables 5 and 6 are based on weekly data, we
performed robustness analyses using monthly data. Every four weeks were aggregated as a month, and
the dataset consists of four months before and six months after the policy change. The results are
consistent with our main results (see Online Appendix C).

Heterogeneous Effects

To better ascertain the dominating role of self-presentation motivation in users’ giving “likes,” we
investigated the effect of the policy change for different types of users. If the behavior was driven by self-
presentation motivation, the policy change should have a stronger impact on those who cared more deeply
about their image. We infer the extent to which users cared about their image by (i) the number of
followers they had and (ii) the level of their content generation activities before the policy change. Users
with more followers enjoy higher visibility on the platform, which should cause them to attach greater
importance to their image (Ariely et al. 2009; Qiu and Kumar 2017). Research points out that individuals
often use the content that they generate on social media (e.g., posting status updates, photos, comments,
etc.) for self-presentation (Schau and Gilly 2003; Shriver et al. 2013; Zeng and Wei 2013); ceteris
paribus, users who care more about their self-presentation are thus more likely to actively generate
content to achieve and/or promote their desired identity for others to see. By extension, we expect these
users to also use “liking” for self-presentation.

Given our research setting, we used the number of followers the respective users had and the total
number of articles they posted before the policy change as indicators of how much they cared about their
image. We extended the baseline specifications by adding the interaction of these indicators with After;
in Equations (1) to (5). We present the results in Online Appendix D. Consistent with the results in Tables
5 and 6, users generally “liked” fewer but higher quality articles after the policy change. Furthermore,
these effects are larger for users who, before the policy change, had more followers and were more active
on the platform. The result indicates that the more users care about their image, the more they are
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affected by virtual identity disclosure, which is consistent with the prediction of self-presentation
motivation. These results provide evidence for the dominating role of self-presentation motivation.
Difference in Differences Analysis

In the above analyses, we examined the impact of the policy change by comparing users’ “liking”
behavior before and after virtual identity disclosure. Because all the users in the group discussion section
were exposed to the policy change, we lacked a control group of users who were not affected by the
policy change. This raises a concern of confounding factors causing changes in users’ giving “likes.” We
thus conducted a difference-in-differences (DID) analysis to ascertain the causal effect of the policy
change. Specifically, we utilized users’ commenting behavior as the control group for their “liking”
behavior, as the commenting function on the platform did not experience the policy change of virtual
identity disclosure (i.e., commenters’ usernames were disclosed throughout the study period). We focused
on the 405,795 users in our dataset who had both “liking” and commenting activities during the study
period. The results show that users’ liking activities decreased relative to their commenting activities after
the policy change.

A fundamental assumption underlying the DID approach is that the pre-treatment trends are parallel
between the treatment and control groups (Angrist and Pischke 2008; Bertrand et al. 2004). We tested the
parallel trend assumption using a relative time model (Greenwood and Wattal 2017; Huang et al. 2017;
Lu et al. 2019) and found no pretreatment differences in trends between the control and treatment groups.

Details of this analysis are reported in Online Appendix E.

DISCUSSION AND CONCLUSION
This research examines how virtual identity disclosure affects users’ giving “likes” to content on
community-based platforms. As shown in Table 2, this study differs from the existing literature by
comparing three user motivations to identify the dominant motivation in users’ “liking” behavior. Our
findings suggest that when likers’ virtual identity is visible, protective self-presentation, i.e., the

motivation to avoid negative impressions and social disapproval, is dominant in users’ giving “likes.”
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Specifically, after virtual identity disclosure, the number of “likes” each user gives decreases
significantly, but the quality of the “liked” articles increases. Also, the impact of virtual identity
disclosure may be more substantial for users who care more about their image.

This study has important theoretical and practical implications. It highlights the role of virtual identity
in affecting platform user behaviors. Although users’ pseudonym identity is unrelated to their real-world
identity, virtual identity disclosure still significantly affects their behaviors. A theoretical implication is
that users’ identity should not simply be considered anonymous even if they do not provide real-world
identifying information. This is important, as many prominent platforms only reveal users’ virtual identity
(e.g., Reddit, Stack Overflow, Quora). Future research should thus expand the scope of users’ identity to
include virtual identity in addition to real identity.

Another theoretical insight is that platform policies and features can strongly influence the dominant
motivations underlying certain user behaviors. In our case, intrinsic utility motivation, which was likely
the primary motive for giving “likes” when likers were anonymous (and the reason we observed the
“likes” before the policy change), took a back seat to self-presentation motivation when the platform
disclosed likers’ virtual identity. This affected users’ “liking” behavior. Future studies should thus
consider platform policies and features when examining users’ activities and motivations to better
understand how platform-based contextual factors drive users’ behaviors.

Our findings also contribute to a more holistic picture of users’ strategic self-presentation behaviors in
community-based platforms. First, we differentiate between two modes of self-presentation, i.e.,
acquisitive and protective self-presentation, and provide empirical evidence for their comparative
strength. Our findings suggest that platform users are more motivated to avoid negative impressions than
to pursue good ones. The more substantial influence of protective self-presentation over acquisitive self-
presentation can help explain the inhibition effect of (real or virtual) identity disclosure in this and
previous studies (Huang et al. 2017; Pu et al. 2020). Self-presentation is not only about what individuals
choose to do but also what they opt not to do. Thus, self-presentation research should account for
activities individuals can do but intentionally avoid doing. Second, our findings indicate that besides
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cultivating desired impressions through posting content on online platforms (Goes et al. 2014; Toubia and
Stephen 2013), users can achieve the same goal by “liking” others’ content. Since giving “likes” demands
little effort and is scalable to a large amount of content, users may consider this a cost-effective way to
complement other self-presentation activities. Research examining self-presentation on platforms should
thus consider its roles in both posting and “liking” behaviors to avoid missing out on a significant portion
of users’ self-presentation activities. This is particularly critical because a large proportion of users do not
create content in online communities (Chen et al. 2010).

This research also provides practical contributions for various stakeholders. For platforms, this
research sheds light on the impacts of their identity disclosure policy. Prior works have explored how
identity disclosure shapes users in terms of the content they post (see Table 1). This research suggests that
identity disclosure can also influence users giving of “likes,” which is a prominent feature on many
platforms. Although identity disclosure can cause users to give fewer “likes” due to self-presentation
considerations, it may lead them to “like” higher-quality content. Platforms can thus examine how their
identity disclosure policy can complement other incentives to motivate users to identify quality content
for them to use in their content ranking and recommendation algorithms.

Our results indicate that content creators should pay more attention to their target audience’s needs,
especially when users’ identity is disclosed for content consumption behaviors. This is because the users
may strategically give and withhold their “likes” to content for self-presentation. Thus, content creators
who wish to improve content engagement (especially in terms of “likes” received) should craft their
content in ways that help users present specific desired images. While our analyses are based on
swearword usage, idiom usage, and readability of articles, content creators should consider other ways to
enhance their content for self-presentation purposes. The specific approaches to achieving this are likely
to vary across and even within platforms; what is critical is that content creators understand the types of
images their key audience wants to curate and plan the form and substance of their content accordingly.

We conclude by discussing the limitations of this study. First, our findings are based on a single
interest-based community (Douban), which may limit the generalizability of the insights. Future studies
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can explore other types of communities, such as online brand communities or support group communities,
to contribute to greater external validity. Second, our study focuses on the impact of one specific platform
policy—uvirtual identity disclosure—on users’ “liking” behavior. Further research can examine other
platform policies to provide additional practical implications for how platforms can motivate users to
“like” high-quality content. For example, if likers’ identities were disclosed only to the content creator,
the relative strength of the three motivations we identified might be different; relational motivation might
play a more vital role, whereas self-presentation motivation might be weaker. Consequently, the impact of
this policy on users’ “liking” behavior might differ. Third, our study highlights that users tend to “like”
high-quality content to project a more positive image, but we did not investigate the different types of
images that users may want to project. Subsequent works should address this limitation and build on our
findings using other methodologies. For example, a survey-based study can explore whether users
maintain an online persona similar to or distinct from their real-world identity.
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