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Social media such as Twitter generate vibrant discussions related to key sociopolitical issues and have great
ability to project various discourses into public arena. Yet, these discourses can be overwhelming and heated, in
particular when controversial events happen. In this study, we performed topic modeling on more than 100,000
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Homopiily phily tendency of users who used certain hashtags. Results show that users' discourses were mostly within the

message frameworks of the campaign but users strongly reacted to others and top influencers in their online
discussions. In addition, the mention network of these users showed homophily tendency based on hashtags.
Homophily in this study was distinguished based on attraction of common users (i.e. increased chance of ties for
users who both engage the hashtag) and alienation of nonusers (i.e. decreased chance of ties for users neither of
whom engages the hashtag), and the comparison between ideological hashtags and conceptual hashtags revealed
that homophily only manifested through ideological hashtags.

Topic modeling

There is a growing trend of social movements using social media to
organize and mobilize publics (Bonilla & Rosa, 2015; Dahlberg, 2001).
In particular, Twitter has been noted by scholars as a vibrant place
where users engage each other to discuss key sociopolitical topics (Park,
2013; Yu, 2016), and the platform has the power to elevate margin-
alized discourses to gain prominence (DeLuca, Lawson, & Sun, 2012;
Penney & Dadas, 2014). Existing research generally concludes that
despite some potential drawbacks of the platform such as misinforma-
tion and bullying, social media such as Twitter play an instrumental
role in directing and shaping discourses (Dijck, 2011). Social media
collapse multiple contexts, which makes discourses seemingly chaotic
and amorphous (Boyd & Ellison, 2007). Yet, it is the collapsed contexts
that provide ability for social media users to navigate various identities
and contribute their personal experiences to negotiating a coalesced
voice and representation (Kuo, 2018). Therefore, social media provide
an ideal place to study how discourses manifest.

On the other hand, despite the efforts of companies and organiza-
tions to establish their corporate social responsibility through various
cause-related marketing (CRM) campaigns (Barone, Miyazaki, & Taylor,
2000), cause-related marketing is one that comes with risks. Con-
sumers’ response to cause-related marketing range from skeptics to
showing full support (Webb & Mohr, 1998). Yet, how publics respond to

a controversial CRM campaign has not been adequately answered,
particularly in the context of social media where discussions can be
heated, multifaceted and volatile. Understanding the frameworks on-
line users depend on to discuss a CRM campaign and the mechanisms
through which discourses manifest is beneficial to theorizing socially
mediated discourses, as well as to businesses and organizations that
wish to find clarity in online clutters and noises.

There are unique functionalities associated with socially mediated
discourses. Particularly, hashtags are used as ways to index and cate-
gorize content (Bonilla & Rosa, 2015). More importantly, these hash-
tags establish communities and discursive spaces for users to represent
their voices and identify with other users (Jackson & Foucault Welles,
2015; Poell, 2014). Therefore, they serve as distilled versions of users’
conceptual frameworks and viewpoints associated with issues. Coupled
with the evidence that homophily, the phenomenon where people are
more likely to form ties with ones who are similar to them, also exists in
online networks (Boutyline & Willer, 2017; Centola, 2010; Colleoni,
Rozza, & Arvidsson, 2014), we investigate whether homophily patterns
based on hashtags exist in a Twitter mention network of a CRM cam-
paign.

Big data analytic approaches such as topic modeling provide op-
portunities to utilize the enormous amount of user-generated content to
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understand the underlying frameworks and thematic structure. To that
end, in this study, we performed topic modeling on more than 100,000
original tweets generated by Twitter users regarding a CRM campaign
to analyze the prominent topic profiles. We also performed exponential
random graph models (ERGMs) to test and examine social network ties
based on users’ engagement of certain hashtags.

In the following section, we first reviewed literature regarding
cause-related marketing and Twitter as a social media platform that is
vibrant in its nuanced discussions on social and political issues. Then
we turned readers' attention to the role of hashtags in Twitter dis-
courses and introduced the concept of homophily. Research question
and hypotheses were developed and proposed through the literature
review. In the next section, we discussed the data collection and pro-
cessing procedures. Results were then reported, and discussions and
implications were made regarding the characteristics of discourses on
Twitter and homophily based on users’ engagement with certain
hashtags.

1. Cause-related marketing

Cause-related marketing is considered as a main component of a
company's corporate social responsibility initiatives (Barone et al.,
2000; He, Chao, & Zhu, 2019). It is a marketing strategy to promote
sales and enhance companies' reputation by supporting charitable
causes or donating money to nonprofit or charitable organizations
(Varadarajan & Menon, 1988). In CRM research, a major focus has been
on how these initiatives can help companies achieve desirable outcomes
such as consumers' increased purchase intention (e.g., Nan & Heo,
2007; Yang & Yen, 2018) and employees' engagement (e.g., He et al.,
2019). Following this line of research, several important factors are
identified that determine how individuals perceive an organization's
CRM, such as cause-brand fit (Gupta & Pirsch, 2006; Lafferty, 2007),
consumers' identification or support of the cause itself (Sen &
Bhattacharya, 2001), consumers' personality traits such as intrinsic or
altruistic motivation (Basil & Weber, 2006; Bénabou & Tirole, 2010)
and consumers' concerns over the company's ulterior motives and their
skepticism (Menon & Kahn, 2003).

Despite the potential benefits, CRM campaigns are not ones without
risks. Through analyzing 48 in-depth interviews with a diverse sample
of consumers about their experiences and perceptions about companies'
CRM campaigns, Webb and Mohr (1998) summarized four types of
responses regarding companies' cause-related marketing campaigns:
skeptics who generally have negative attitudes and show distrust to-
wards companies; balancers who show generally positive attitudes to-
wards companies' cause-related marketing campaigns but are not per-
sonally engaged in the causes; attribution-oriented consumers who care
more about a company's motives; and socially concerned consumers
who care deeply about the causes and show general support to the
company-initiated programs. Therefore, the cause that a company
supports through its CRM and the perceived motives to a large degree
determine reactions.

Discourse analysis on ways consumers react to or respond to a CRM
campaign is limited. Do they focus on the amount of donations? Do they
debate about the cause? Are they skeptical about the organization's
motives? Do they defend the organization? The potentially mixed re-
sponses to CRM campaigns highlight the challenges and difficulties a
company faces, and such responses may become more prevalent and
fluid on social media. This further necessitates discourse analysis on
how consumers discuss CRM campaigns, particularly in a participatory
and collaborative online environment such as Twitter that allows users
to contribute to and shape the discourses around a topic (Ifukor, 2010;
Papacharissi & de Fatima Oliveira, 2012).

2. Twitter as a discursive space

Even though the role of new media in modern democracy and
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political participation is not definitively established (Albrecht, 2006;
Guillén & Suérez, 2005; Weber, Loumakis, & Bergman, 2003), scholars
emphasize the abilities of social media platforms such as Twitter to
enable collective mobilization and challenge mainstream narratives,
which is foundational to a social movement (Obar, Zube, & Lampe,
2012; Poell, 2014; Segerberg & Bennett, 2011). For example, examining
the role of Twitter along with face-to-face communication in organizing
Occupy Wall Street protests, Penney and Dadas (2014) concluded that
Twitter is instrumental to disseminating information to networked
counterpublics and sustaining the connections in virtual networks that
are geographically dispersed. They also noted that activists are able to
articulate counter-discourses to which the mainstream media are un-
familiar and even hostile.

Indeed, emerging research on online discourses acknowledges the
significant value and contributions of the numerous connections em-
bedded in social media networks to critique power and create a com-
munity that values experiences associated with marginalized identities
(Bonilla & Rosa, 2015; Jackson, Bailey, & Foucault Welles, 2018).
Conceptually, even though the inequitable access to digital media, cy-
berbullying and misinformation spread on social media platforms may
pose risks and challenges for users to engage in genuine dialogues, it is
evident that users on platforms such as Twitter do engage in vibrant
exchanges of information and thoughtful critique of power structure
(Dahlberg, 2001). Such debates are paramount to projecting discourses
of resistance into a public arena that used to be inaccessible to mar-
ginalized experiences (DeLuca et al., 2012; Penney & Dadas, 2014). In
short, social media are able to elevate discourses into their prominence
and the exchanges on these platforms can be powerful, constructive and
meaningful.

So far, existing research has comprehensively examined the emer-
gence of discourses on social media regarding large-scale social move-
ments such as Occupy Wall Street, Arab Spring, the MeToo movement
and Black Lives Matter (e.g., Bruns, Highfield, & Burgess, 2013; Ince,
Rojas, & Davis, 2017; Kuo, 2018; Tremayne, 2014). These studies show
that Twitter is nothing but a volatile environment. It provides oppor-
tunities for counterpublics and dissidents to organize and mobilize, but
also a place where views and narratives clash. Social media aggravate
collapsed contexts where the self is presented in multiple contexts, both
private and public (Boyd & Ellison, 2007). A simple example is that
private posts intended for friends or families are simultaneously on
public display, which is a key logic of socially mediated publicness
(Baym & Boyd, 2012). As a result, the collapsed contexts prone to social
media make social media's ecology fluid and volatile, enabling see-
mingly chaotic yet multifaceted discourses to clash and emerge.

Given that CRM campaigns usually take on key social issues that can
be controversial, it would not be surprising to see that a CRM campaign
creates buzz yet polarized opinions on social media. Since consumers
tend to display various responses to CRM campaigns based on their
positions on the issue and perceptions of the organization's motives and
brand-cause fit (Webb & Mohr, 1998), these responses may become
more prominent in an online space, whose collapsed contexts and vo-
latility intensify the interactions among multiple groups of people who
have different viewpoints and understandings of the CRM campaign. It
is unclear whether online users' discussions are more focused on the
CRM campaign itself, the campaign messages, issues related to the
cause, or the actual donation. Therefore, it is worth investigating how
online users respond to a CRM campaign, so that marketing and public
relations practitioners know what to prepare for when engaging social
media users.

RQ1. In what ways do online users discuss a CRM campaign?
3. The role of hashtags

Twitter provides a medium where diverse interests shape social,
political and cultural discourses (Dijck, 2011). Some of its platform
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functionalities are unique and enable various ways for users to establish
connections and interact with each other. The very foundation of the
platform allows Twitter users to follow other users freely. Unlike Fa-
cebook, such ties are not expected to be bi-directional. Furthermore,
given each post's compressed short format, users can freely express their
opinions and engage with others on quick discussions and conversa-
tions. Another prominent feature of Twitter that facilitates users' dis-
cussions and conversations on specific topics is hashtags (Bruns &
Burgess, 2011).

Hashtags are often used to create discursive spaces for individuals to
participate in cultural creations of meanings around a wide range of
topics such as racial justice, gender equality, or health-related issues
(Kuo, 2018). These discursive spaces enabled by hashtags do not re-
quire users following each other, separating the hashtag-based com-
munities from the previously established following-follower networks
(Bruns & Burgess, 2011). These hashtag communities have tremendous
power to shape conversations and mobilize users. For example, Blevins,
Lee, McCabe, and Edgerton (in press) examined the hashtags used by
twitter users during the Ferguson protest of the killing of Michael
Brown and found that twitter users use hashtags such as #IfThey-
GunnedMeDown to collectively construct the meaning of being Black in
America and build narratives around experiences of police brutality.
These stories are diverse and multifaceted, each contributing to the
traction of a social movement, and they are organized, stored, and ar-
chived through keywords-based hashtags.

In this sense, Twitter hashtags can be approached as indicators of
ad-hoc publics around issues (Bruns & Burgess, 2015). These hashtag
publics are aggregated groups of people in reaction to prominent social,
political events or pivotal moments such as breaking news and natural
disasters (Bruns, Moon, Paul, & Miinch, 2016). Often times, these
hashtags can even become stable sub-groups where users create spaces
to discuss particular issues. For example, online support groups become
a convenient and affordable platform for cancer survivors to support
each other and share useful information (Chung, 2014). A well-known
tweet chat around #BCSM (breast cancer social media) becomes a
prominent place for breast cancer survivors to give each other emo-
tional support and discuss a wide range of topics such as recent research
breakthrough, living with cancer and tips for family members to
overcome the emotional burden. These hashtags-enabled communities
usually contain regular users presenting themselves as important
groups of people who show care and attention to the issues.

Finally, hashtags can also be used as ideological markers to indicate
a person's particular position, belief and identity within the discursive
space (Blevins et al., 2019). For example, the use of either #Black-
LivesMatter or #AllLivesMatter to a large degree reveals an individual's
ideological position in social justice issues. These markers can be used
to express self-identity and help users connect and identify with
members in a broader community. As demonstrated through the de-
velopment of user classification algorithms for twitter users, hashtags
are often used as an important piece of information to identify users'
political ideology (Conover, Goncalves, Ratkiewicz, Flammini, &
Menczer, 2011; Pennacchiotti & Popescu, 2011). For instance, #tcot
(top conservatives on twitter) is usually used to show someone's con-
servative identity. #P2 (Progressive 2.0) is used in opposition to #tcot
to indicate someone's progressive political identity. This line of research
on the other hand shows the users' tendency to use certain hashtags to
express personal identity and connect with similar users.

Similarly, separate research has shown the ability of hashtags to
establish coalesced, shared identity (Jackson & Foucault Welles, 2015;
Kuo, 2018). People who are marginalized by the existing social struc-
ture have more chance to engage in community-specific (and identity-
specific) self-representation (Jackson & Foucault Welles, 2015; Poell,
2014). These users utilize the technical architecture of social media
platforms such as Twitter to connect to a broader discourse community
(Bonilla & Rosa, 2015). At the same time, the communities enabled by
specific hashtags become main ways for Twitter users to navigate and
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actively participate in online discourses to co-construct meanings
around particular identities, and therefore collectively shape, define
and redefine a coalesced identity (Kuo, 2018). In short, hashtags open
up discursive spaces that connect like-minded people.

It is evident that homophily, a social network concept indicating the
higher likelihood of individuals forming ties based on similar char-
acteristics (McPherson, Smith-Lovin, & Cook, 2001), drives the forma-
tion of ties in online social networks (e.g., Centola, 2010; Colleoni et al.,
2014). Simply put, people like to establish connections with people
exhibit similarities such as status and cohort. In fact, the homophily
tendency on Twitter is believed to create the echo chamber effect on
online discussions about political issues (Boutyline & Willer, 2017),
where users who share similar political beliefs tend to follow each
other. In addition, Aiello et al. (2012) demonstrate that topical simi-
larity on social media predicts friendship networks and Conover,
Goncalves, et al. (2011) and Conover, Ratkiewicz, et al. (2011) show
that the retweet network during the 2010 congressional elections in-
dicates that Twitter users are more likely to retweet like-minded in-
formation. These studies provide convincing evidence that homophily
in online networks manifests through users following those who share
similar ideology and topical content. Given the major functionalities of
hashtags reviewed above of serving as ideological markers (Blevins
et al., 2019; Jackson & Foucault Welles, 2015) and creating topical
discursive spaces (Bruns & Burgess, 2015; Bruns et al., 2016; Kuo,
2018), we expect that homophily patterns also manifest in ways Twitter
users use hashtags when discussing a CRM campaign.

Furthermore, following Blevins et al.‘s suit, we believe it is worth
distinguishing the role between ideological hashtags and conceptual
hashtags. In their study on the Ferguson protest for racial justice,
Blevins et al. traced the emergence of hashtags at two critical moments
of the protest and found that some hashtags are ideologically based
such as #BlackLivesMatter and #JusticeforMichaelBrown and some
hashtags are conceptually based such as #ICantBreathe and
#IfIWasGunnedDown. Hashtags as conceptual markers are used as
personal conceptualizations of or personal references to the story
(Blevins et al., 2019). We would expect that online discourses around a
CRM campaign that deals with a potentially controversial topic will see
both ideological hashtags and conceptual hashtags. In the CRM context,
ideological markers reveal users' sociopolitical stance and position and
conceptual markers are used as references to discuss the CRM cam-
paign. We speculate that ideological markers, compared to conceptual
markers, play a pivotal role in driving formation of ties, because these
hashtags are more related to person's identity (Jackson & Foucault
Welles, 2015; Kuo, 2018).

Homophily through hashtags, however, can manifest in different
patterns. On one hand, hashtag homophily is established when users are
more likely to form ties when they use the same hashtag. On the other
hand, a pattern where users who do not use the same hashtag have a
lower likelihood of forming ties can be also considered as homophily.
The strongest homophily effect of a hashtag is then a decreased like-
lihood of having ties when neither users engage the hashtag while
having an increased likelihood of forming ties when both users engage
the hashtag. Given the nuances of the different homophily patterns, we
ask whether ideological hashtags and conceptual hashtags exhibit dif-
ferent homophily patterns. To summarize, we propose the following
research question and hypotheses:

RQ2. Does ties formation based on ideological hashtags vs. conceptual
hashtags differ?

H1. Ideological hashtags have homophily effects among social media
users who discuss a CRM campaign.

H2. Ideological hashtags have greater ability to predict homophily than
conceptual hashtags do.
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4. Method

We used Gillette's CRM campaign “The Best Men Can Be” to answer
the research questions and test the hypotheses. The campaign soon
became a trending topic on Twitter when the campaign video rolled
out. This CRM campaign of Gillette's, a razor brand affiliated to Procter
& Gamble, claimed to tackle issues related to toxic masculinity and
promote a healthier role model for younger generations (Dreyfuss,
2019). Gillette also pledged to donate 1 million dollars to relevant
nonprofit organizations for the next three years. These components
make it a typical CRM campaign. The ad received positive feedback
given its positive messages of gender and its redefinition of masculinity
(McCluskey, 2019), but also significant backlash from consumers
(Smith, 2019). Given the high profile of the brand and the significant
amount of discussion taking place on Twitter, this CRM campaign
provides a great opportunity to examine the ways social media users
interact with each other and react to CRM.

4.1. Data collection

Tweets were collected using R package rtweet over the span of 11
days following Gillette's release of its advertisement “The Best Man Can
Be” on twitter from January 18, 2019 to January 28, 2019. Tweets were
collected through Twitter's standard REST API with the mention of
keyword “Gillette.” Only original tweets (i.e. tweets that have any
original content, including tweets that quoted other tweets) were col-
lected. The data collection process resulted in a total of 109,496 tweets.
An initial examination of the tweets indicated that some tweets men-
tioned “Gillette Stadium,” New England Patriots' home football sta-
dium, which is not related to Gillette's CRM campaign. After deleting
those irrelevant tweets, the final dataset contained 107,641 tweets from
75,302 unique twitter users. See Fig. 1 of the frequency of the data on
each hour. The number of words of all the tweets in the dataset ranged
from 1 to 123, with the median of 17 words and average of 21.94
words.

Frequency of Tweets in the Dataset

Data collected from Twitter's REST API via rtweet

2000

1500

1000

Jan 20 Jan 22
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4.2. Data analysis procedures

Topic Modeling. To answer the first research question, we con-
ducted topic modeling. Topic modeling is a machine learning method
that typically uses the Latent Dirichlet Allocation approach that treats
topics as hidden structure of the documents of words (Blei, Ng, &
Jordan, 2003). Essentially, the algorithm models words in a collection
(a document) as a random mixture of a set of topics P(Token|Topic), and
the set of topics is modeled as an infinite mixture on the probabilities of
the words P(Topic| Tokens) (Darling, 2011). Topic modeling also returns
the posterior proportions of topics for each document P(Topic|Docu-
ment).

We pre-processed the words in the dataset by deleting all the
stopwords, all the punctuations and all the links. When constructing
corpus, we deleted rare words that appeared in the dataset less than five
times. As a result, the entire corpus contained 15,699 terms. It should
be noted that LDA-based topic modeling is based on topic co-occur-
rence, and researchers need to specify the number of topics a priori.
Challenges exist in specifying the “appropriate” number of topics.

There are existing statistical indices designed to help researchers
decide the appropriate number of topics (e.g., Arun, Suresh, Madhavan,
& Murthy, 2010; Cao, Xia, Li, Zhang, & Tang, 2009; Deveaud, SanJuan,
& Bellot, 2014). Cao et al.‘s and Devaud et al.‘s indices indicate the
difference of each pairs of the topics. In addition to maximizing the
distance or the difference of each pairs of the topics, another important
criterion is topic coherence (Mimno, Wallach, Talley, Leenders, &
McCallum, 2011; Roberts et al., 2014). Yet, even though the advance-
ment of these statistical indices can approximate the number of topics
in a corpus of texts, a gold standard barely exists and human inter-
pretations of the topics through unsupervised methods are still needed
(Chang, Gerrish, Wang, Boyd-graber, & Blei, 2009). In particular, the
performances of these metrics for documents with small number of
words such as a tweet have not been well studied.

As a result, topic modeling in this study was done multiple times
with several prior numbers of topics ranging from 5 to 20. Then we
examined each topic retrieved through unsupervised machine learning.
Finally, we settled down with nine topics in the dataset and calculated

Jan 24 Jan 26 Jan 28

Fig. 1. Frequency of tweets in the dataset.
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within-topic coherence following Mimno et al. (2011) and between-
topic difference using Jensen-Shannon divergence (Puranam, Narayan,
& Kadiyali, 2017; Steyvers & Griffiths, 2007) to confirm the quality of
the topics.

The topic coherence was calculated following Mimno et al. (2011).
In this approach, a topic is considered coherent when top words in a
topic profile are more likely to co-occur in the same document. The
coherence is calculated as follows (Mimno et al., 2011):

M m-1 (6 1,©

D, vi”) +1

C(t;v®) = Z Z log#
m=2 I=1 D(Vt(t))

where D(v) represents the document frequency of word v, D(v, V') in-
dicates the co-document frequency of words v and v’, and V is a list of
M most probable words in Topic t. Evidence exists in showing that the
closer the score is to zero, the more interpretable the topic model is
(Puranam et al., 2017).

ERGM. To test the hypotheses and answer the second research
question in this study. Exponential random graph models were used. In
ERMGs, predictors are network statistics such as triangles and ties of
nodes at the same grade that occur more frequently than expected by
chance (Morris, Handcock, & Hunter, 2008). Exponential random graph
models (ERGMs) are a series of generative models that infer underlying
configurations of network structures (Lusher, Koskinen, & Robins,
2013). ERGMs statistically model the presence and absence of ties
based on the network's local and structural factors, and have long been
used to analyze observed social networks in management, commu-
nication, and social media settings (Gonzalez-Bailon, 2009; Robins,
Pattison, Kalish, & Lusher, 2007; Saffer, Yang, & Taylor, 2018). Such
network analysis is uniquely suited to explain the structure of a social
media network where nodal attributes and link formation are observed
(Getchell & Sellnow, 2016; Park & Kaye, 2017; Song, 2015). We used R
packages statnet and ergm to fit the model in this study.

First, since some users tweeted more than once, we combined all the

Top 15 Hashtags in the Dataset
#Gillette (N=4111) omitted from the visualization

#TheBestMenCanBe
#GilletteAD

#MeToo
#ToxicMasculinity
#BoycottGillette
#MAGA
#GilletteBoycott
#CovingtonCatholic
#GillEdit
#GilletteCommercial
#Masculinity
#Marketing
#BoysWillBeBoys
#ToxicFemininity

#Advertising

500

1000
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tweets based on user ids. Next we extracted all the hashtags that were
used by each user. The frequencies of hashtags were shown in Fig. 2.
Based on the definition of ideological markers and conceptual markers
provided by Blevins et al., we examined and categorized top hashtags as
either ideological markers or conceptual markers, and then tagged the
users accordingly as whether the user used a particular hashtag. Then
we extracted the mention (@user in each tweet) network and the tags
were passed along as nodal attributes for statistical modeling. For users
who were mentioned but did not have any actual content in the dataset
for us to judge whether the nodes used certain hashtags or not, their
nodal attributes were coded as missing data.

Mention networks and retweet networks are two most common
types of conversational networks formed by Twitter users (Jackson &
Foucault Welles, 2015). However, it should be noted here that these
two types of networks also differ from each other, with the former ones
more significant in ways how users interact (Conover et al., 2011). We
chose to focus on the mention network because that is how conversa-
tions emerge, through the actual exchange of information and active
contributions to dialogues, not simply relaying what others have said.

5. Results
5.1. Topic modeling analysis

For these 9 topics, the Jensen-Shannon divergence metrics
(Puranam et al., 2017; Steyvers & Griffiths, 2007) of each pair of topics
indicated that all pairs of topics were indeed very different from each
other. Jensen-Shannon divergence is symmetrical and represents the
distance of two probability distributions. We present Jensen-Shannon
divergences for each pair in Table 1. The top three words that appeared
in each topic model were used to calculate each topic's semantic co-
herence. All the topics achieved great coherence scores. The coherence
scores are reported in Table 2 along with the top words in each topic

1500 2000 2500

Frequency

Fig. 2. Top 15 hashtags in the dataset.
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Table 1
Jensen-Shannon divergence for each pair of the topic profiles.
Topics 1 2 3 4 5 6 7 8
2 0.866
3 0.914 0.843
4 0.894 0.779  0.837
5 0.864  0.791 0.866  0.812
6 0.864 0.786 0.866 0.836 0.778
7 0.965 0.912 0.886 0.795 0.884 0.916
8 0.962  0.902 0.855 0.896  0.891 0.936  0.867
9 0.814  0.775 0.854 0.822 0.742 0.761 0.905  0.944

Note. The higher the number, the more distanced each pair of topics is.

model.

Among the nine topic models, Topics 1, 4 and 6 were about the
actual CRM campaign messages such as “toxic masculinity” and “boys
will be boys.” Topic 4 was particularly about Gillette's stand on #metoo
movement. Topic 2, combined with the hashtag analysis in the next
section, revealed that the topic was about Covington Catholic High
School students' clash with a Native American elder in Washington D.C.
The incident happened around the same time when Gillette's ad rolled
out. Topic 3 involved twitter users' discussion on Gillette's products and
framed this CRM campaign as the company's marketing technique.
Topic 5 involved Tomi Lahren's tweet that mentioned Cardi B and
Stormy Daniels. They were also highly visible based on the frequency of
the words in the last section. Reactions to this single tweet become a
prominent topic profile. Topic 7 was based on twitter users' reaction
and response to the actual Youtube video. Topic 8 is best described as
twitter users' reactions to some others' reactions regarding the CRM
campaign—oparticularly those who felt offended. Finally, Topic 9 was
best described as twitter users' discussion on gender issues.

Based on such results, twitter users' discussions on this CRM cam-
paign are categorized in four major themes: (1) discussions on the
campaign itself, including the campaign's slogans and key messages, as
well as the campaign itself as a marketing technique; (2) reactions to
key influencers who discussed the campaign, even though the actual
message might not be highly relevant to the overall campaign; (3)
discussions on breaking news or prominent events during the same time
related to the cause in the CRM campaign; and (4) general discussions
on the cause-related issue itself. Topic 2 as a key topic among twitter
users' discussions on the CRM campaign and the presence of MeToo and
MAGA as top words in two separate topics demonstrate that twitter is
indeed a volatile environment where collapsed contexts disperse dis-
cussions on a specific CRM campaign.

5.2. ERGM

The mention network (directed) in the dataset contained 63,901
nodes and 110,068 edges. The diameter of the network (the longest
distance between two nodes) was 19. The directed mean distance was
6.91. In this mention network, 4.39 percent of the total edges were

Table 2
Topics, semantic coherence and top words in topics.
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reciprocated (Reciprocity = 0.0439).

We chose four most frequently used yet distinct hashtags in this
dataset to test the homophily hypotheses in this study, #MAGA,
#MeToo, #ToxicMasculinity and #TheBestMenCanBe. #Metoo and
#MAGA were ideological markers because they were likely to indicate
users’ sociopolitical stance. In comparison, #ToxicMasculinity and
#TheBestMenCanBe were conceptual markers, as they were directly
related to the slogan and key messages in the campaign.

We specified an ERGM model with a basic term edges, which con-
trols the overall probability of a link (Morris et al., 2008), main effects
of the covariates and differential homophily as the interaction effect of
the covariates. The coefficient results are shown in Table 3. As the re-
sults show, for ideological hashtags #MeToo and #MAGA, differential
homophily showed that when neither users engaged #MeToo, they had
a slightly decreased chance of forming a tie, but when both users en-
gaged #MeToo, their likelihood of forming a tie significantly increased.
For #MAGA, when neither users engaged the hashtag, their chance of
having a tie significantly decreased, but both users’ engagement with
the hashtag did not have a significant effect. Therefore, we can arrive at
the conclusion that homophily effects did exist for both hashtags, but
they worked in a different pattern, with #MeToo driving homophily by
attraction of common users (increased chance of ties for users who both
engage the hashtag) and #MAGA driving homophily by alienating
nonusers (decreased chance of ties for users neither of whom engages
the hashtag).

In comparison, for conceptual hashtags #ToxicMasculinity and
#TheBestMenCanBe, neither of the homophily patterns existed. In fact,
for users who both engaged #TheBestMenCanBe, their chance of
forming a tie significantly decreased; and for users neither of whom
engaged the hashtag, their chance of forming a tie significantly in-
creased. This is opposite to homophily. In short, ideological hashtags
drove homophily of network formation, though the patterns differ.
Conceptual hashtags, in comparison, did not have homophily effects on
network formation. H1 and H2 were supported. The results also showed
that the use of hashtags lowered users’ chance of receiving ties and that
users who used hashtags were likely to send out more ties in this
mention network. We present these coefficients in a bar graph with
95% confidence interval in Fig. 3 to give readers a more straightforward
look.

6. Discussion and implications

In this section, we first discuss the topic modeling of Gillette's CRM
campaign and its implications on CRM literature. Then we discuss the
implications of the homophily effects of hashtags in the mention net-
work.

6.1. Online discourses of CRM

Online discourses based on topic modeling analysis show that the
discussions around CRM campaign are not only focused on the CRM

Topic Label Coherence Top 12 Words

1 Campaign Message: Boys Will Be Boys —7.728 gillette boys commercial great time ads today day week show boy work

2 Current Event —11.592 gillette white kids maga hate news real trump media face school left

3 Products/Marketing —9.643 gillette razors razor shave products buy shaving make marketing brand years social

4 Reaction to the Company's Stance —7.545 gillette ad company love gillettead stand put anti metoo feminist wrong toxicmasculinity

5 Influencers —6.826 gillette tomilahren iamcardib stormydaniels realjameswoods guy lol guess back woman oldcheapwine nice
6 Campaign Message: Toxic Masculinity —3.048 ad toxic masculinity gillette proctergamble thebestmencanbe taking end super bowl action challenging

7 Campaign Video —5.653 gillette man youtube video response watch film parody short woke egard reaction

8 Reaction to Other Users —8.267 commercial people good offended message thing made problem advert point feel guys

9 Gender Issue —7.278 men women bad hey stop male good real behavior bullying things gender

Note. Higher coherence score indicates more semantically coherent topic profile.
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Table 3
ERGM estimates.
Estimate SE Estimate/SE P
Constant (edges) —10.484 0.0043 —2462.651 <.001 o
Neither engaged #MeToo —0.035 0.0463 —0.756 0.450
Both engaged #MeToo 2.138 0.1561 13.695 <.001 o
Neither engaged #MAGA —0.359 0.0505 -7.097 <.001 o
Both engaged #MAGA —0.051 0.5808 —0.087 0.930
Neithr engaged #ToxicMasculinity —0.069 0.0441 -1.570 0.117
Both engaged #ToxicMasculinity 0.307 0.2818 1.091 0.275
Neither engaged #TheBestMenCanBe 0.409 0.0276 14.828 <.001 o
Both engaged #TheBestMenCanBe —0.878 0.2908 —3.021 0.003 o
Indegree main effect of #MeToo —0.390 0.0535 —7.280 <.001 o
Outdegree main effect of #MeToo 0.229 0.0440 5.198 <.001 .
Indegree main effect of #MAGA —0.047 0.0583 —0.814 0.415
Outdegree main effect of #MAGA 0.282 0.0525 5.359 <.001 o
Indegree main effect of #ToxicMasculinity -0.173 0.0484 -3.571 <.001 o
Outdegree main effect of #ToxicMasculinity 0.386 0.0410 9.401 <.001 e
Indegree main effect of #TheBestMenCanBe —1.553 0.0442 —35.118 <.001 o
Outdegree main effect of #TheBestMenCanBe 0.492 0.0220 22.336 <.001 o

campaign key messages and the issue itself, but also consumers' general
skepticism as they quickly acknowledge the campaign as a marketing
technique. In addition, they react to top influencers/celebrities, espe-
cially controversial ones that may not have anything to do with the
campaign itself, and they react to other users’ reaction. Such vibrant
and multifaceted discourses around a CRM campaign show further
support that social media users are generally very active in expressing
their opinions about issues (Ifukor, 2010; Papacharissi & de Fatima
Oliveira, 2012).

Furthermore, social media collapse contexts in ways that private
space and public space intersect and that the “conversational” en-
vironment is more volatile and malleable (Baym & Boyd, 2012; Boyd &
Ellison, 2007). This study demonstrates that social media such as
Twitter indeed can be a space filled with clutters and noises. The fact

Effect of ERGM Terms on Tie Formation

that reactions to an influencer's single tweet become a prominent topic
profile in the dataset shows that conversations can grow dis-
proportionally to their significance. In addition, Twitter is not only an
echo chamber where selective exposure is prevalent (Boutyline &
Willer, 2017; Colleoni et al., 2014; Garrett, 2009) but also a virtual
reactive chamber where people eagerly react to influencers and con-
troversies as well as to each other and current events.

Past research indicates that social media is instrumental to pro-
jecting marginalized voices into the public arena (Bruns et al., 2013;
DeLuca et al., 2012; Ince et al., 2017; Jackson et al., 2018; Obar et al.,
2012) and that people engage in thoughtful articulation of their ex-
periences and critique of power (Bonilla & Rosa, 2015). Indeed, social
media users also use the opportunity of the CRM campaign to engage in
discussions about gender-related issues, evidenced by multiple topic

Based on Gillette Twitter Mention Network from January 18 to 28, 2019

Neither engaged #MeToo
Both engaged #MeToo

Neither engaged #MAGA

Both engaged #MAGA l
Neithr engaged #ToxicMasculinity
Both engaged #ToxicMasculinity

Neither engaged #TheBestMenCanBe

Both engaged #TheBestMenCanBe

Indegree main effect of #MeToo

Outdegree main effect of #MeToo

Indegree main effect of #MAGA

Outdegree main effect of #MAGA

Indegree main effect of #ToxicMasculinity

Outdegree main effect of #ToxicMasculinity
}_._{

Indegree main effect of #TheBestMenCanBe
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n
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Fig. 3. ERGM coefficients shown in 95% confidence interval.
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profiles that have the key campaign messages as underlying frame-
works. From this perspective, CRM can be useful to generate con-
versations and debates by making language and frameworks readily
available to a larger audience.

Finally, the observation on these topic profiles revealed that the
online discussions overlook donations. Commitment to donating money
to charitable or nonprofit organizations is a primary feature of CRM
(Barone et al., 2000; Varadarajan & Menon, 1988). Yet, the discussion
on the charity nature of Gillette's CRM campaign and donations com-
mitted by the company was absent. This absence demonstrates that
online users tend to overlook the charitable aspect of CRM. Instead,
they are more reactive to other users and more focused on the key
campaign messages and the controversy. Future studies can pay at-
tention to the charitable donations' effects, or lack thereof, on con-
sumers' or social media users' perceptions, discussions and acceptance
of a cause-related marketing.

6.2. Hashtag homophily

Hashtags are widely used by Twitter users to serve multiple pur-
poses. Hashtags first and foremost create discursive spaces where con-
versations around a particular topic, event, incident or perspective
happen (Jackson et al., 2018; Kuo, 2018). The aggregated conversations
in discursive spaces created and enabled by hashtags play a significant
role in creating online ad-hoc publics who mobilize quickly based on
shared interests and concerns (Bruns & Burgess, 2011; Bruns et al.,
2016).

The homophily effects of ideological hashtags found in this study
demonstrate that hashtag usage predicts tie formations. Such homo-
phily effects through hashtags, where users who both engage in certain
hashtag have higher chance of forming ties together, confirm to the
broader function of hashtags to maintain communities and self-re-
presentation (Jackson & Foucault Welles, 2015). Hashtags, in this case
of a controversial CRM campaign, are used as ways to express ideolo-
gical positions and identify with similar users.

Previous studies have shown that homophily exists in online net-
works (Colleoni et al., 2014) and users are more likely to establish
networks with people who are similar to them. Similarity in an online
network can have multiple layers. On one hand, similarity can be about
personal traits such as gender or political ideology that are more or less
evident. On the other hand, research shows that content similarity can
be also a driven force of homophily ties (Aiello et al., 2012; Conover
et al., 2011), particularly in Twitter where user content is more visible
than the user profile and users are more likely to interact with content
than only with friends or followers. This study adds to the existing re-
search by providing additional evidence that hashtags, as condensed
indices of user content to connect with other users (Bonilla & Rosa,
2015), are significant predictors of homophilous tie formations.

It is worth noting that the homophily effects of hashtags are not the
same for all hashtags. Blevins et al., 2019 noted that hashtags in a racial
justice protest generally can be categorized as ideological markers and
conceptual markers. Ideological markers indicate identity or identifi-
cation, position and/or viewpoints, whereas conceptual markers are
used as personal references to stories or personal conceptualizations of
the events. Results of this study indicate that homophily effects are only
present for ideological hashtags. Yet, ideological hashtags can also
differ in their homophily patterns. A hashtag can drive homophily by
attracting common users, alienating non-users, or both. In our study,
one hashtag (#MeToo) mainly worked through attraction and the other
hashtag (#MAGA) worked through alienation. Given these promising
yet preliminary results, future studies should further validate the results
in different contexts and continue to examine the homophily tendency
exhibited through users’ engagement with certain hashtags.

Finally, results of this study highlight another phenomenon. The use
of either hashtags had a negative indegree main effect and a positive
outdegree main effect, meaning that users who engaged hashtags were
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less likely to receive ties even though they were more likely to send out
ties in this mention network. So far there has not been enough research
on this aspect, but we speculate that Twitter users who use hashtags are
more active in their discussions, therefore leading to higher outdegrees.
Yet, given that hashtags reveal users' ideology, they may increase tie
formations among like-minded people, but in the same time alienate
other users and therefore reduce the overall likelihood of receiving ties.
The consistent pattern shown in this study on four different hashtags
indicates a promising path for future studies to investigate and theorize
the functionalities of hashtags in online networks, in particular areas
related to the different motives of users engaging certain types of
hashtags and users’ reactions to messages containing ideological vs.
conceptual hashtags.

6.3. Limitations

A major limitation of the current study is that the study was based
on one cause-related marketing event. Results of this study may not be
generalizable to other contexts. Future studies can continue this line of
research by investigating social media users' networks in other cause-
related marketing events. In addition, this study modeled the effect of
homophily using ERGM, while other alternative methodological ap-
proaches could be tested, for example by using clustering coefficient
and polarization index (Morales, Borondo, Losada, & Benito, 2015;
Primario et al., 2015). Future studies combining ERGM and these in-
dices may provide greater insights on users’ discussions on social
media.

7. Conclusion

Despite the limitations, this study provides valuable insights re-
garding discourses around cause-related marketing and these con-
versational ties. The first research question of this study seeks to un-
derstand how these conversations emerge on social media. Topic
modeling of the online discussions on Twitter point out that users de-
pend upon established frameworks in the campaign to discuss key is-
sues. Users also react enthusiastically to influencers and other users'
viewpoints, indicating the reactive nature of these online discussions.
Related to the first research question, the second research question
seeks to further understand how the networks of conversational ties
further propel the users' reactions and discourses. As a result, ideolo-
gical hashtags serve as indicators of homophily tie formation but con-
ceptual hashtags do not, pointing to the different purposes ideological
vs. conceptual hashtags serve. This homophily tendency exhibited
through users’ usage of certain ideological hashtags also gives further
evidence that these hashtags create discursive spaces where users
construct meaning, vie for representation and foster identification with
other users.
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