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The social stigma looming over disclosures of sexual violence discourages many women from publicly sharing
their stories, limiting their ability to seek support and obscuring the epidemic of sexual violence against
women. By inviting women to share their ordinarily silenced stories, the hashtag #MeToo surfaced a network of
survivors to confront this stigma. Through a mixed-methods analysis of over 1.8 million tweets posted during
the first two weeks after #MeToo gained widespread popularity in 2017, we map the landscape of disclosures
that emerged and disentangle the effects of network-level reciprocal disclosures, or disclosures made in reaction
to seeing others disclose. We detail how survivors disclosed a diversity of sexual violence experiences in
solidarity with others, composing nearly half of all authored tweets and comprising a disproportionate
number of interactions within the #MeToo network. Further, we show that the more disclosures an individual
potentially saw prior to disclosing, the more likely they were to share details with their disclosure. We argue
that such network-level reciprocal disclosures may have reduced stigma, creating a counterpublic space safe
for disclosure which, subsequently, generated more disclosures. Our work illustrates how feminist hashtag
activism, like #MeToo, can unify individual and collective narratives to dismantle the stigma surrounding
disclosures of sexual violence. Content warning: This article heavily discusses issues of sexual violence against
women.

1 INTRODUCTION
Sexual violence is a near ubiquitous experience among women, but, despite its prevalence, women’s
experiences of sexual violence are often relegated away from the public’s view into private conver-
sations. The stigma against disclosures of sexual violence manifests as a culture of silence where
up to 40% of women never disclose to anyone [48] and, of those who do, most confide only in a
close friend [38]. Women who do choose to disclose publicly risk reactions of disbelief or, worse,
blame [56]. Blaming survivors of sexual violence discourages further disclosures, effectively chilling
the collective narrative of those who have been sexually harassed and assaulted. The totality and
consequences of social stigma against disclosures of sexual violence paint a bleak picture of a
culture where sexual violence against women is not recognized as the pervasive public health issue
which it is.

In October 2017, building on the foundations laid down by activist Tarana Burke over 10 years
earlier [37], the hashtag #MeToo spread rapidly across Twitter and Facebook, broadcasting the
ordinarily hidden and marginalized stories of sexual violence against women. In a shift away
from the culture of silence manufactured by stigma against disclosures, #MeToo invited women
to publicly and directly share their experiences of sexual violence to “give people a sense of the
magnitude of the problem” [65]. In the first 48 hours, the hashtag #MeToo and phrase “me too”
were used nearly 1 million times on Twitter and over 12 million times on Facebook, with Facebook
reporting that 45% of its users had friends who disclosed “me too” [74]. By connecting the relentless
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number of disclosures into a single network of solidarity and lived experiences, the hashtag surfaced
the painfully commonplace nature of sexual violence against women in plain view.
The disclosure phenomena of #MeToo, in which many women simultaneously and publicly

disclosed personal experiences with sexual violence, contrasts starkly with past observations on
how individuals choose to disclose stigmatized experiences on social media. The anonymity of
platforms like Reddit is often preferable for disclosing experiences of sexual violence because it
allows survivors to safely seek support and advice without the repercussions of offline disclosure
[3, 26]. To reconcile the gap between private, anonymous disclosures and public, direct disclosures
online, Andalibi and Forte [2] introduced the concept of network-level reciprocal disclosure, which
describes when individuals disclose to their social networks in reaction to seeing others in the
network disclose their own stigmatized stories. They argue that disclosures of shared experiences
within one’s local network can reduce the perceived stigma around that experience, and encourage
an individual to make their own self-disclosure. Importantly, network-level reciprocal disclosures
move beyond the typical dyadic setting of disclosure and provide a framework for understanding
how hashtags that address sexual violence against women, like #MeToo, #YesAllWomen, and
#NotOkay, may arise through the reduction in stigma resulting from the propagation of disclosures
across a social network.

Through a mixed-methods analysis of over 1.8 million tweets posted during the wave of #MeToo
disclosures in October 2017, we disentangle the roles of network-level reciprocal disclosures and
hashtag activism in the rise of #MeToo. We develop a predictive classifier of disclosures and couple
it with with the follower-following networks of #MeToo users to chart potential exposures to
disclosures. Our work shows that the more disclosures that an individual was potentially exposed
to prior to disclosing, the more likely they were to share details when they disclosed. In turn, then,
those who disclosed wove the communicative backbone of #MeToo and created a space conducive to
more disclosures. Unifying our qualitative and quantitative analyses, we argue that the networked
disclosure phenomenon that we observe is consistent with the theory that direct, public disclosures
online encourage network-level reciprocal disclosures by reducing stigma.

Ourwork extends the theory of network-level reciprocal disclosures [2] to the context of emergent
hashtag activism like #MeToo. In providing evidence that network-level reciprocal disclosures
established the basis of #MeToo, we demonstrate that network-level reciprocal disclosures are a
plausible mechanism for how hashtag campaigns addressing sexual violence against women gain
traction. By connecting our analysis of network-level disclosures with theories of hashtag activism,
our work lays the foundations for future research characterizing the micro mechanisms driving
disclosures of stigmatized experiences on public social media platforms and the macro mechanisms
governing the emergence of hashtag campaigns like #MeToo.

2 RELATEDWORK
2.1 Disclosures of Sexual Violence and Stigmatization
While sexual violence impacts people of all genders and sexual orientations, sexual violence is
particularly prevalent among sexual and gender minority groups. Because of these disparities,
the #MeToo campaign, which builds off the movement founded by Tarana Burke [37], focuses
specifically on sharing women’s stories. In her lifetime in the United States, nearly 1 in every 3
women has experienced an act of sexual violence, 1 in 6 has experienced rape or attempted rape,
1 in 6 has experienced stalking, 1 in 3 has experienced intimate partner violence, and 1 in 2 has
experienced sexual harassment in the workplace [13, 32, 83, 87]. Experience of sexual violence
negatively impacts many facets of a person’s life well after the incident, including mental and
physical health [13, 24, 87, 90], financial stability [32, 59, 67, 83], and housing security [72]. In
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addition to the direct impact on the survivor, sexual violence and the culture that enables it reinforce
norms perpetuating gender inequities [16, 32, 43].

In the wake of an act of sexual violence, self-disclosure, the process of making information about
oneself known to others [23], is a critical step for accessing formal assistance (e.g., medical or
legal services) and informal support (e.g., social support) that can counteract numerous negative
outcomes [48, 81]. Despite the potential benefits, the majority of experiences of sexual violence
are never formally reported, and survivors who formally disclose often face disbelief and victim-
blaming from authorities, resulting in retraumatization [18, 31, 56]. Of survivors who do disclose
their experience, most disclose informally to a close friend [48, 81]. While informal disclosure is a
powerful tool to solicit social support from one’s friends and family, reactions to the disclosure have
the potential to either redouble negative outcomes or support the individual’s psychological well-
being [48]. While negative reactions of a close friend are infrequent [48], such negative reactions
to sexual violence disclosure are associated with poorer psychological well-being [57, 69].
The pervasiveness of sexual violence and infrequency of disclosure result from common rape

myths that make up what has been termed “rape culture.” These myths include beliefs about the
victim’s role in their own experience of sexual violence, perceptions of the prevalence of sexual
violence, and explanations or excuses for acquaintances who commit these acts [10, 33, 49, 73].
The stigma resulting from these myths influences an individual’s belief in own culpability or the
likelihood that the survivor will label a past sexual assault experience as rape [16, 55, 81], expected
and actual response to disclosure from family, friends, and service providers [40, 81, 89], and the
cultural norms that impede wider discussions of the culture and prevalence of sexual violence [45].
These factors discourage disclosure, effectively isolating survivors and impeding their ability to
receive needed support.

2.2 Affordances of Online Platforms for Disclosures
The repercussions of publicly disclosing offline often outweigh the potential for support, restricting
the options for activating one’s social network. In these cases, social media allows individuals to
reach beyond their immediate networks and augment themwith those who have shared experiences
[75]. Reddit, in particular, has become a popular platform for forming communities to support
those with stigmatized experiences, particularly around mental health [8, 26–28] and sexual abuse
[4, 5, 68]. By accommodating the needs concerning particular stigmatized issues [82] and providing
responsive emotional support [4], these communities are able to provide safe spaces for disclosing.
This allows individuals to seek validation and support online and compartmentalize disclosures
of stigmatized experiences away from their offline social ties, effectively partitioning their public
and private lives. Notably, Reddit, in particular, helps make this partition by allowing users to
make anonymous “throwaway” accounts [4, 26, 54]. Because they are not associated with any
personally identifiable information, anonymous throwaway accounts result in “decreased feelings
of vulnerability and increased self-disclosure when it comes to disclosure on mental health” [26],
facilitating “intimate and open conversations” that replicate the offline “strangers on a train”
phenomenon [79].
Using anonymity to draw a boundary between public and private mitigates the chances of

receiving a negative response to a disclosure at the interpersonal level. However, it also neglects
the potential support that may exist among one’s personal, offline network [41, 92] which is hidden
by others concealing their own stigmatized experiences. On platforms like Facebook and Twitter,
where online and offline identities are more tightly interwoven [2, 75], individuals have to carefully
balance between disclosing via dyadic private messages and via network-level status updates, public
comments, and shared content [1, 62, 91]. A public disclosure risks context collapse [62], where
colliding social spheres of friends, family, acquaintances, and colleagues within an individual’s
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network may have varying interpretations, reactions, or backlash towards a disclosure [12, 41, 62].
While some within the network may sympathize with, or even share, the disclosed experience,
others may misinterpret or actively admonish it in the same way that individuals try to avoid
offline.
Some users choose to navigate the potential of context collapse by hiding their disclosures in

plain sight. By carefully choosing the types of images, videos, and links that they share, they are
able to disclose publicly but indirectly to only the parts of their networks that understand that
experience, without alerting the wider social network [5, 63]. Within the context of pregnancy loss,
Andalibi, Morris, and Forte [5] formalized the motivations for publicly disclosing indirectly online
into a framework of four decision factors: self-related (e.g., eliciting social support, memorializing
the experience), audience-related (e.g., feeling out potential reaction), platform and affordance-
related (e.g., using Reddit to avoid network overlap), and time-related (e.g., postponing a discussion
of the loss). Moreover, Andalibi and Forte [2] demonstrated that the factors in this disclosure
decision-making framework also apply to direct, public disclosures visibly broadcast to one’s entire
online network. That is, they found that women publicly made direct disclosures of pregnancy loss
also for self-related, audience-related, platform and affordance-related, and time-related factors.
The disclosure decision-making framework for online disclosures [2, 5] helps explain both direct
and indirect disclosures made on public, identified platforms like Facebook and Twitter.

However, there are two additional factors which are unique to public, direct disclosures. Network-
level and societal factors also influence the choice to publicly make a direct disclosure, and they go
beyond the individual’s single disclosure by connecting it to broader stigmatization [2]. Andalibi
and Forte define network-level reciprocal disclosures as “disclosures to one’s network that are
motivated by observing others’ disclosures” [2]. In the context of their study, some women felt more
comfortable posting about their pregnancy loss when they saw another woman disclose her own
pregnancy loss publicly. Relatedly, other women felt more comfortable disclosing in connection
with Pregnancy and Infant Loss Awareness Month, a social media campaign designed to reduce
stigma around pregnancy loss by illuminating the tragic frequency of the experience. In both
cases, Andalibi and Forte argue that network-level reciprocal disclosures can reduce stigma around
disclosure and create space for others to disclose [2].
The #MeToo campaign was characterized primarily by many direct, public disclosures, and so

it is not well explained by most prior studies on online disclosures, which prioritize anonymity
and, in particular, anonymity on Reddit. Instead, the concept of network-level reciprocal disclosure
introduced by Andalibi and Forte [2] provides a viable framework for understanding the public
disclosures of #MeToo on Twitter. Their framework and case study, however, do not immediately
map onto #MeToo. A relatively emergent campaign1 like #MeToo on a platform like Twitter, which
emphasizes even more public sharing than Facebook, may not have been conducive to network-level
reciprocal disclosures. By charting disclosures through #MeToo on Twitter, we are able to probe
and establish boundaries on the theory of network-level reciprocal disclosures.

2.3 Networked Disclosures Through Hashtag Activism
Hashtags addressing sexual violence against women connect women’s disclosures and amplify them
to shift public discourse around their stigmatized experiences. Stigmatization depends on an implicit
collective enforcement of the boundaries between public and private. Pregnancy loss, sexual assault,
domestic violence, and other issues experienced by women have a long history of being excluded

1Although #MeToo had organizational infrastructure founded by activist Tarana Burke [37], that infrastructure is relatively
small compared to that of Pregnancy and Infant Loss Awareness Month, a campaign which has a decades long history
offline and which is internationally recognized by a number of countries [93].
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from the public sphere by being deemed private matters [52, 80]. Social media renegotiates the
boundaries between public and private by providing women a common platform for sharing their
experiences. While their stigmatized experiences may be marginalized by the mainstream public,
women can connect online and collectively interrogate and reimagine the narrative surrounding
those experiences [70]. As a consequence, the unity that emerges from connecting with and
supporting one another gives rise to networked counterpublics, online communication networks
that both validate the experiences of women and amplify their narratives to a wider audience
[34, 47, 84]. The dual functions of validation and amplification prioritize the feminist principle
that the “personal is political,” centering the everyday stories of women that have typically been
marginalized through stigmatization and reframing them as public issues [45]. Together, this allows
women to collaboratively weave their lived experiences into a collective narrative that exposes and
challenges a broader culture of misogyny.

The #MeToo campaign has sustained an ongoing dialogue about sexual violence against women,
but it is only the latest in a line of hashtags that have exposed and denounced such everyday violence.
The hashtags #YesAllWomen and #NotOkay, which emerged after the Isla Vista shootings and Trump
Access Hollywood video respectively, laid the discursive groundwork for #MeToo’s emergence
[45, 60, 77, 85]. Between these more visible hashtags, a number of networked counterpublics have
coalesced around other hashtags addressing sexual violence against women, including #WhyIStayed
[21], #IAmNotAfraidToSayIt [58], #IAmJada [94], #AskThicke [88], #safetytipsforladies [76], and
#TheEmptyChair [45]. Collectively, these hashtag campaigns amplify a rejoinder to the mainstream
public’s inattention to sexual violence against women as an issue of public health [21, 78]. The
theory of feminist networked counterpublics, however, only vaguely specifies the mechanisms that
stitch these voices together into a cohesive network. In particular, there is a gap in understanding
between how women choose to disclose individually and how their collective narrative emerges as
a whole [21]. Consequently, the current networked counterpublics perspective on hashtags like
#MeToo emphasizes broad social factors that impact sexual violence against women, but loses sight
of interpersonal and intrapersonal reasons affecting women’s choices to disclose.

A socioecological model, detailing the multi-level factors of society that impact women’s health
[50], establishes a framework for understanding how individual disclosure and network-level
hashtag dynamics build off one another. Specifically, network-level reciprocal disclosure [2] is a
promising theoretical mechanism to bridge the overlooked gap between how women disclose and
hashtag campaigns emerge. Through #MeToo, we can not only study how the hashtag may have
facilitated network-level reciprocal disclosures, but also how network-level reciprocal disclosures
may encourage further hashtag activism. Clarifying these cyclical processes would help further
explain the phenomenon of public direct disclosures of stigmatized experiences, and the propagation
of hashtags addressing sexual violence against women. Taken as a whole, this multi-level view
would more firmly situate hashtag campaigns like #MeToo as instruments for addressing sexual
violence against women as a public health issue.

3 DATA AND METHODS
Our study was guided by three research questions, addressing the relationship between network-
level reciprocal disclosures and hashtag activism through #MeToo:

RQ1. What patterns characterize the usage of #MeToo?
RQ2. How do the disclosure phenomena of #MeToo align with or diverge from the theory of

network-level reciprocal disclosure?
RQ3. How did network-level reciprocal disclosures facilitate the emergence of #MeToo as a net-

worked counterpublic?
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We address these questions through a mixed-methods approach involving a qualitative content
analysis, predictive modeling of disclosures, and a quantitative network analysis.

3.1 Data and Ethics
In February 2018 for a separate project, colleagues at the University of Michigan collected 7,025,786
tweets in English that contained the hashtag #MeToo from the social media analytics company
Sysomos, which provides a Firehose-like historical archive covering the previous thirteen months.
Using the tweet IDs that our colleagues shared with us, we retrieved 5,472,208 of those tweets by
rehydrating them through the Twitter API in September 2018, reflecting a 22% data attrition rate.
During our analysis, we uncovered a 24 hour period of missing data, which we filled by directly
purchasing the missing tweets from Twitter. We focus our study on the first two weeks of the
#MeToo campaign, which covers the wave of disclosures underlying the first rise and peak of the
hashtag. Peaks in the hashtag after this period mainly coincide with scandals of prominent political
and entertainment figures [6]. The final dataset of #MeToo tweets used for this study includes
1,536,068 tweets, including retweets. A subset of 503,614 of those tweets are authored tweets, tweets
that are not retweets.
At the time of data collection, our colleagues also collected a one-step snowball sample of the

follower-following network, the network of who follows whom on Twitter, using users in the
original hashtag dataset as the seeds. They shared the edge list of this network with us for this study.
In the time between the tweets being posted and the networks being collected, some users either
deactivated or privatized their accounts. Collecting many follower-following networks was also
computationally prohibitive, leaving us unable to collect complete follower-following information
for 41.1% of those who disclosed (we detail how we identify who disclosed in Section 3.3).
Finally, to directly evaluate reciprocal interactions and social support between those who dis-

closed, it is critical to study replies to #MeToo tweets. However, most replies are not in the original
sample because they do not contain the hashtag itself. We used the Python package Twint2 to
iteratively collect public replies threaded in response to the authored #MeToo tweets during the
first two weeks, resulting in 295,008 additional tweets. We consider how the limitations of our data
may affect our findings in more detail in the Discussion (see Section 5.4).
Although Twitter data is public and our work using such data is broadly approved by our

institution’s IRB, disclosures from survivors of sexual violence are particularly sensitive [3, 20].
To prevent identifiability, we do not report on specific users or directly quote any #MeToo tweets
in this manuscript [7]. Instead, all examples presented in the paper were adapted by combining
multiple, similarly-structured tweets, altering keywords, and removing or changing all identifiable
details (e.g., location, name, age) while maintaining the overall sentiment and message of the
tweets. Further, while we release the tweet IDs supporting this work to facilitate open science and
replicability,3 we do not indicate which tweets we have identified as disclosures in order to avoid
creating a public list of survivors of sexual violence.

3.2 Qualitative Content Analysis Procedure
We randomly sampled 2,500 authored tweets from the two week sample window. If a tweet was
retweet or it was a reply not using the hashtag #MeToo, then it was excluded from the sampling for
qualitative coding. We chose this sample size to ensure that we had a sufficient number of tweets
to later train a predictive model (see Section 3.3). Two authors undertook an iterative, open coding
process of labeling emergent phenomena to inductively generate a set of codes. The two authors

2https://github.com/twintproject/twint
3Tweet IDs will be available through the Inter-university Consortium for Political and Social Research.

https://github.com/twintproject/twint
https://www.icpsr.umich.edu
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independently pilot coded the first 900 tweets in batches of 300 tweets and met after each batch to
discuss and refine a codebook. Codes were developed inductively; however, the definitions of three
codes, Descriptive Disclosure, Hollywood Figures, and Political Figures were guided by three codes
Personal Narrative, Mentions of Celebrities and Entertainment, and Mentions of Politics or Political
Figures which were derived by Pew Research Center in a report on #MeToo [6]. Coding was done
on the level of individual tweets, and each tweet could be labeled with multiple binary thematic
codes. For example, Descriptive Disclosure and Disclosing Multiple Incidents could both be applied to
the same tweet.

After solidifying a codebook (see Appendix A), we trained two undergraduate research assistants
to deductively code #MeToo tweets following the codebook. One author coded all 2,500 tweets
and the research assistants coded two disjoint batches of 1,250 tweets each. Authors and research
assistants met to discuss discrepancies in the codes. Intercoder agreement was calculated for each
code, with a Cohen’s kappa κ of 0.6 to 0.79 considered moderate agreement, and a κ greater than
0.8 considered strong agreement [25, 35, 64]. We report on a subset of codes that had above an
intercoder agreement above 0.6 and that are relevant to the our findings on network-level reciprocal
disclosure.

Finally, in order to utilize the full subsample of content analysis tweets to later train a predictive
model, a second author who did not originally code all 2,500 tweets reconciled all disagreements
on the label of Disclosure.

3.3 Automated Classification of #MeToo Disclosures
To scale our content analysis to the full set of 1.8 million #MeToo tweets, we automated the
identification of disclosures using a predictive classifier trained on the data produced by the content
analysis. Given that such classifications subsequently identify individuals who have experienced
sexual violence, automating this process requires careful consideration. As we describe shortly,
we primarily used language features that directly indicate disclosure [8, 29, 92]. We did not derive
higher-level features using methods such as topic models or document embeddings and we did not
use information beyond the tweet itself, that is, we did not engineer features based on past user
language or activity. Avoiding these higher level features imitates our content analysis and avoids
exploiting information that a user did not directly disclose in their #MeToo tweet [5, 20]. We note
that focusing on the language of tweets meant that we were relying on the context of the first two
weeks of #MeToo to make accurate predictions. For example, personal pronouns are predictive of a
disclosure in our dataset, but they would not be in general. While this limits the generalizability
of our classifier, it also limits its potential misuse while still giving us insights into network-level
reciprocal disclosures [2]. Regardless, similar classifiers could be abused in other settings, which
we reflect on further in the Discussion (see Section 5.3).

Using the binary label Disclosure from the content analysis subsample of 2,500 tweets, we trained
a predictive model to make out-of-subsample classifications of disclosures among all 1.8 million
#MeToo tweets posted during the first two weeks of the hashtag campaign. We note that the training
set of 2,500 tweets was relatively balanced: 46% of tweets from the content analysis were identified
as disclosures.
Using their knowledge from the content analysis, two of the authors manually and iteratively

derived 50 model features (i.e. independent variables) that capture a tweet’s content, structure, and
language with respect to #MeToo and disclosure. Examples of content features include the number
of links and whether a picture was embedded in the tweet. Structural features capture details such
as whether the tweet only included “#MeToo” or if it was in reply to Alyssa Milano’s original “me
too” tweet. Lexical features group words into features thematically, where any word in a given
group counts towards that feature. For example, “i,” “me,” “my,” and “mine” all count towards the
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Code Cohen’s κ Percent of Total n

Disclosures (General) 0.89 46.1% 1152
#MeToo 0.95 14.8% 372
Descriptive Disclosure 0.84 25.9% 645
Disclosing Multiple Incidents 0.71 6.4% 159
Prevalence and Pervasiveness of Sexual Violence 0.70 8.2% 206
Next Steps in Addressing Rape Culture 0.63 6.5% 163
Non-Women and Male Survivors 0.65 2.6% 65
Disbelieving / Maligning #MeToo 0.65 2.1% 53
Hollywood Figures 0.74 6.3% 157
Political Figures 0.72 4.8% 121

Table 1. Reported codes and their prevalences from the content analysis of 2,500 #MeToo tweets. Intercoder
agreement is measured using Cohen’s κ. See Appendix A for full code definitions.

feature of personal pronouns, while “skirt,” “jeans,” and “shirt” all count towards the feature of
clothing phrases. The 42 lexical features encompass 212 phrases in total. See Appendix B.1 for a
full description of the model features.
Using a logistic regression model with L2 regularization, these features achieved an average

F1 score of 0.82 (precision = 0.86, recall = 0.80) and an average AUC score of 0.93 over 5-fold
cross validation. Other tree-based and ensemble-based classifiers performed similarly in terms of
predictive metrics while being less immediately interpretable, so we chose to use logistic regression
as the final model. To determine whether our model had systematic patterns in the types of tweets
it was and was not properly classifying as disclosures and, specifically, if it was marginalizing
particular types of disclosures, we audited all misclassifications. We found that false negatives were
primarily indirect disclosures which, as we discussed above, we would expect to misidentify given
our chosen feature set (see Appendix B.2 for details).

4 RESULTS
4.1 Characterization of #MeToo Tweets
Through the content analysis, we distinguished tweets that were disclosures from those that were
not. We further explored the characteristics of disclosure and of a non-disclosure tweets (Table 1).
Of the 2,500 tweets, nearly half were disclosures of sexual violence (46.2%), tweets in which the
user revealed information about or the existence of a personal experience of sexual violence [23].
Our criteria for what constituted an experience of sexual violence was broad, deferring to how
the user defined their own experience and their choice to use the hashtag. Note, because of our
focus on disclosures people made about their own experiences, we did not label disclosures a
user made for someone else as disclosures (e.g., “This #MeToo is for my mother who is not alive
to participate”). We labeled tweets as disclosures if they contained only “#MeToo” (14.8%) or if
the tweet included discussion of the individual’s personal experience of assault or harassment
(25.8%). Tweets that contained any amount of detail beyond “#MeToo” were labeled as Descriptive
Disclosures. Descriptive disclosures fell into a number of inductively created subcategories, the
most common of which was Disclosing Multiple Experiences. In approximately 25% of descriptive
disclosures, individuals opted to discuss multiple personal experiences, highlighting that sexual
violence has been an ongoing reality or recurrent experience in their lives (e.g., “First assaulted at
age 5 by an adult male, second time as a waitress as a teen. #MeToo”) (6.4% of all #MeToo tweets).
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Additionally, in only 2.2% of the disclosures did the author of the tweet explicitly identify as not
a woman (e.g., “Not a woman but I’m going to add #MeToo”). This suggests that Alyssa Milano’s
original “me too” tweet, which explicitly called on women to speak about their experiences, set a
strong expectation for who was intended to participate.

Of the 2,500 tweets, just over half were not labeled as disclosures (53.8%). These tweets included
wider discussions of sexual violence and its impact on society. Connecting sexual violence within
the political or entertainment worlds, numerous tweets included references to Hollywood (6.3%)
and Political Figures (4.8%) connected to the #Metoo movement (e.g., “I hope that the #Weinstein
scandal exposes more Hollywood scum. Very proud of the brave ppl saying #MeToo” and “These
women spoke out against @realDonaldTrump and their voices matter. If you believe other women
why not them? #MeToo”). The prevalences of Descriptive Disclosures (25.9% vs 14%), Hollywood
Figures (6.3% vs 15%), and Political Figures (4.8% vs 7%) in our dataset differ from the findings of the
Pew Research Center, which analyzed prevalence of these types of tweets in 2017 and 2018 during
five separate weeks surrounding major events that coincided with later peaks in #MeToo usage (e.g.,
Time Magazine’s Person of the Year, International Women’s Day) [6]. During these times, #MeToo
tweets focused less on descriptive disclosures and more on topics related to entertainment and
political figures. Given that later peaks in #MeToo showed less disclosures and more discussion of
current events, we see that individual disclosures were particularly abundant early in the hashtag
campaign.

Additionally, users commented on the prevalence of sexual violence in general, often referencing
the flood of #MeToo disclosures within their own feeds (e.g., “About 30 people I know have posted
#MeToo in just the last 24h. What kind of world do we live in?”) (8.2%). Finally, some non-disclosures
went further and took the opportunity to open a dialogue on sexual violence and suggest actions
that people can take to further challenge rape culture (e.g., “#MeToo was last week. Here are some
ways to help combat sexual abuse today [hyperlink]”) (6.5%). The many disclosures made through
#MeToo enabled a discussion of sexual violence within culture more broadly, with tweets placing a
spotlight on the prevalence of sexual violence and advocating for ways to change the culture that
supports it.
Notably, few of the non-disclosure tweets were in opposition to the movement. Hashtags, in

general, and hashtag activism, specifically, are susceptible to “hashtag hijacking,” [47] in which
users flood a hashtag with dissenting or opposing opinions to fragment the hashtag’s connective
power [36, 47]. For example, in the aftermath of the Isla Vista shootings, the hashtag #YesAllWomen
faced backlash from men who also took to the hashtag #NotAllMen to dismiss women’s experiences
with sexual violence [77]. However, only about 2% of the manually-coded tweets containing #MeToo
maligned the hashtag campaign or expressed disbelief of those who disclosed. The absence of these
tweets likely played a role in establishing #MeToo as a space safe for disclosing.

4.2 Networked Disclosures
4.2.1 Timeline of Disclosures. Of the 1.8 million #MeToo tweets posted during the first two weeks
of the hashtag campaign, we applied our disclosure classifier to the approximately 500,000 authored
#MeToo tweets, i.e. those #MeToo tweets that are not retweets. Retweets of disclosures and replies
to #MeToo tweets that did not contain the hashtag were not classified as disclosures. Fig. 1 shows
the timeline of the number of descriptive, non-descriptive, and total disclosures during the first
week of the two week sample window. Over the entire two week period, 201,395 individuals
disclosed through the hashtag. Those users who disclosed composed 235,112 disclosure tweets,
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Fig. 1. Number of disclosure tweets during the first week of the #MeToo campaign. Inset shows disclosures as
a fraction of all #MeToo tweets during the same time period. During the second week (not shown), #MeToo
tweets continue to see a low-volume daily rhythm, while disclosures subside almost entirely.

which accounted for 51.7% of all authored #MeToo tweets 4 (15.1% of all #MeToo tweets including
retweets). Nearly two thirds (63.7%) of disclosures were descriptive, containing details beyond only
the “#MeToo” hashtag. Descriptive disclosures were consistently tweeted more than non-descriptive
disclosures over nearly the entire sample window (Fig. 1). Proportionally, descriptive disclosures
made up a larger fraction of all #MeToo tweets during the first week of the hashtag campaign, until
tapering to a similar proportion of non-descriptive disclosures after the first week.

4.2.2 Descriptive Disclosures and Follower Disclosures. Although we do not have information
on who could have disclosed during #MeToo but chose not to, we can measure variations in
the levels of detail that individuals shared with their disclosures. We find that the probability of
making a descriptive disclosure had a weak relationship with the number of followers a user had,
beyond more than approximately 200 followers (Fig. 2A). A priori, we may expect that users with
more followers may make less descriptive disclosures because they are more visible or they may
make more descriptive disclosures because they are more sociable, but beyond the 200 follower
threshold, the probability of making a descriptive disclosure is relatively constant. For those with
less than 200 followers (41% of those who disclosed, Fig. 2C), there is a noticeable decline of 10 to
15 percentage points in the likelihood of making a descriptive disclosure. Even at these reduced
rates though, nearly all of those who disclosed were more likely to make a descriptive disclosure
than a non-descriptive disclosure, despite any level of public visibility.
Given the varying levels of publicity, we next consider how a descriptive or non-descriptive

disclosure by an individual relates to the disclosures their followers later make. Using the follower
4Note, the number of disclosure tweets is more than the number of users who disclosed for two reasons. First, an individual
can make multiple tweets disclosing experiences of sexual violence, which all count as disclosures. For all following
calculations, we only use a user’s first disclosure tweet as their “official” disclosure. Second, some of the excess tweets are
misclassifications by our disclosure classifier.
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Fig. 2. A) Probability of making a descriptive disclosure. Raw probabilities per number of followers are shown
in gray and fit with a logistic regression. B) Probability of a follower making a descriptive disclosure given
that they make a disclosure, conditioned on whether the original user made a descriptive (solid purple) or
non-descriptive (dashed teal) disclosure before the follower. C) Cumulative distribution function of number
of followers of those who disclosed. Dashed lines indicate approximately 200 followers (elbows of curves in A
and B) and 5,000 followers (95% of all those who disclosed). D) Average number of disclosures following a
user’s disclosure, given their number of followers. For A and B, logistic regressions were fit using an inverse
hyperbolic sine transformation on the number of followers.

network, we measure the probability that a descriptive or non-descriptive disclosure is followed
by a descriptive or non-descriptive disclosure from a follower who chooses to disclose (Fig. 2B).
We fit one logistic regression with number of followers and type of disclosure as independent
variables and the type of disclosure made by the follower as the dependent variable. Beyond the
200 follower threshold, there is no relationship between an individual’s visibility (i.e. their number
of followers) and the probability a disclosing follower later made a descriptive disclosure. Rather,
while the disclosures of popular users were followed by more disclosures overall, likely because
they generally had more followers (Fig. 2D), disclosures that were made to smaller followings (less
than 200 followers) were more likely to be followed by disclosures that shared details. We find
that a descriptive disclosure itself is slightly more likely to be followed by a descriptive disclosure
from a follower who discloses (p ≪ 0.01). As a whole, we see that individuals of various levels of
popularity and visibility played a role in driving disclosures within #MeToo.

4.2.3 Exposures to Disclosures. From the perspective of an individual and their followers, we
cannot establish that a single person’s disclosure caused disclosures among their followers because
those followers may have been exposed to multiple disclosures from others they were following.
To better understand this dynamic, we shift to the perspective of individuals and who they were
following, giving us a viewpoint on disclosures they may have been exposed to prior to disclosing.
We estimate the number of disclosures an individual was exposed to by counting the number of
disclosures posted or shared by those the individual was following, also known as their “friends.”
These are potential exposures because we do not know what any given individual may have seen
on their Twitter timeline prior to disclosing; they may not have seen disclosures from or shared by
their “friends” simply because they were not on Twitter at the time, or because the Twitter timeline
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Fig. 3. A) Probability of making a descriptive disclosure versus the number of total potential exposures to
disclosures prior to disclosing. B) Probability of making a descriptive disclosure given the number of potential
exposures to descriptive and non-descriptive disclosures prior to disclosing. Dashed line denotes the line of
equality. For A and B, logistic regressions were fit using an inverse hyperbolic sine transformation on the
number of prior exposures. Bootstrapped 95% confidence intervals are plotted but are so tight they are not
visible. Plots are bounded at 90 total potential exposures, which accounts for 95% of all those who disclosed.

algorithm prioritized some disclosures over others.5 For brevity and consistency with prior work on
information exposure on Twitter [39], we define “exposures” to disclosures as potential exposures
to disclosures.

Up to 87.4% of users (n = 102, 546) were exposed to a disclosure through their following network
prior to disclosing with 19.5% exposed only from their friends and 63.7% exposed from both their
friends and others via retweets. At most 4.1% of individuals saw disclosures only from people they
were not following – disclosures of people who their friends retweeted but who they were not
following themself – which highlights the locality of network-level reciprocal disclosures.

Considering disclosures made by friends and others outside the local ego network together, we
observe that the more prior exposures that an individual potentially had to disclosures before
disclosing themself, the higher the probability that their disclosure was descriptive (Fig. 3A).
Through a logistic regression fit on the number of prior exposures, we find that every additional
exposure increased the probability of a descriptive disclosure (p ≪ 0.01). The effect of exposures is
most stark among those who did not see any disclosures through their following network prior
to disclosing: potentially seeing a single disclosure through one’s local network increased the
probability of making a descriptive disclosure by 15 percentage points. The more that one’s friends
made disclosures, the more likely that a person shared details about their stigmatized experience.

We further break down exposures by the number of exposures to descriptive and non-descriptive
disclosures. Those who were exposed to only non-descriptive disclosures had a 52.9% chance of
making a descriptive disclosure, while those seeing either only descriptive disclosures or both
descriptive and non-descriptive disclosures had 71.7% and 71.1% chances respectively of making a

5Those who disclosed may have also been exposed to #MeToo through Twitter’s trending hashtags, Facebook, or news
media. This is certainly the case for those who were “not exposed” to any disclosures because, despite not having seen
disclosures through their “friends,” they still knew about the hashtag and used it for disclosing.
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Fig. 4. Comparison of rates of interaction (retweets, replies, mentions) and reciprocity among different dyadic
compositions of those who did and did not disclose. A) Percent of all interactions within each dyad type
(each horizontal bar) that included a reply in at least one direction. B) Percent of all interactions within each
dyad type that were reciprocal. C) Percent of reply interactions within each dyad type that were reciprocal
replies (i.e. cases where someone replies to a reply they received). D) Percent of all reciprocal interactions
within each dyad type that included reciprocal replies. Bars do not add up to 100% because each bar stands
for interactions among a different dyadic composition.

descriptive disclosure. We decompose this phenomenon in Fig. 3B, which shows the probability of
making a descriptive disclosure given a number of exposures to descriptive and non-descriptive
disclosures each. The more that an individual saw others sharing details with their disclosures, the
more likely that individual was to share details themself with their disclosure.
However, exposures to descriptive disclosures were not equally distributed throughout the

#MeToo network. Although those who ultimately made either a descriptive or non-descriptive
disclosure were equally likely to have been exposed to at least one non-descriptive disclosure prior
to disclosing (62%), those who eventually made a descriptive disclosure were more likely to have
seen a descriptive disclosure prior to disclosing (84.5%) than those who made a non-descriptive
disclosure (78%). So even if exposures to descriptive disclosures did reduce stigma and encourage
more descriptive disclosures, that stigma reduction may have already been concentrated in areas of
the network where individuals felt more comfortable sharing details about their experiences. We
discuss these potential inequities further in Section 5.2.2.

4.3 Reciprocal Interactions and Movement Building
4.3.1 Interactions Between those who Disclosed. Having examined how #MeToo as a hashtag
facilitated network-level reciprocal disclosures, we now reverse the direction of inquiry and look at
how network-level reciprocal disclosures helped promote #MeToo as a hashtag campaign. We first
illuminate how those who disclosed through #MeToo made up a disproportionate fraction of the
hashtag’s communicative backbone by comparing dyadic interactions between those who disclosed
to interactions between those who did not disclose and between one individual who disclosed and
one who did not (Fig. 4).
Given the time needed to construct a reply, replies are generally considered a more effortful

communicative act than retweets [51]. It is notable, then, that although only 25.1% of individuals
who tweeted using #MeToo disclosed, they composed 51.7% of all authored #MeToo tweets overall
and, in particular, 42.1% of all replies to #MeToo tweets. Among those who disclosed, 37.0% of all
their dyadic interactions involved a reply, while, comparatively, only 10.7% of interactions between
those who did not disclose involved a reply. Further, a reply from one person who disclosed to
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Fig. 5. Interactions (retweets, replies, mentions) within #MeToo during the first 9 hours of the hashtag.
Dashed line indicates Alyssa Milano’s “me too” tweet. A) Interactions between those who disclosed and those
who did not. The interactions accounting for most activity are highlighted, while all others are shown in
gray. B) Interactions that constructed the eventual giant weakly connected component of #MeToo. “Joining
component” refers to an isolate node joining a network component of more than two nodes; “Bridging
components” refers to two network components joining together; “Joining isolates” refers to a link being
formed between two nodes that were previously isolated; “Intra component” refers to interactions between
nodes that are already part of the largest connected component.

another led to a reciprocal reply 39.8% of the time, which is nearly twice the rate of replies among
those who did not disclose (Fig. 4C).

Considering all dyadic interactions of retweets and replies within the #MeToo interaction network
as a whole, the subnetwork between those who disclosed is twice as dense as the subnetwork
among those who did not. Within these networks, dyads of those who disclosed are far more
likely to have reciprocally interacted than any other dyads (Fig. 4B). All together, the exceptional
rates of interactions between those who disclosed, as compared to those who did not, indicate the
connective importance of network-level reciprocal disclosures within #MeToo (Fig. 4). The gulf
between those who disclosed and those who did not in terms of their replies and reciprocity, which
are particularly meaningful types of interaction [14, 51], suggests that those who disclosed through
#MeToo played a fundamental role in establishing a social support structure underlying the broader
hashtag campaign.

4.3.2 Emergence of #Metoo Network. The communicative structure created by those disclosing
during #MeToo played an important role in fueling the hashtag during its early hours. In Fig. 5, we
track the emergence of the #MeToo network’s giant weakly connected component. Simultaneously,
we analyze the relationship between interactions (retweets, replies, mentions) among those who
disclosed and did not disclose (Fig. 5A) and how those interactions connected the emerging network
(Fig. 5B). There are four ways an interaction could connect the #MeToo network:
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(1) Joining Component: An interaction connected a single individual to a component of the
#MeToo network. We consider a component to be any subnetwork with more than two
individuals already connected.

(2) Bridging Components: An interaction connected two components of the #MeToo Network,
each of which already connected more than two individuals.

(3) Joining Isolates:An interaction connected two individuals, neither of whomwere connected
to a component with other individuals.

(4) Intra Component: An interaction occurred between two individuals who were already both
a part of the same component of the #MeToo network.

Parsing the emergence of the network in this way allows us to observe how interactions between
those who disclosed and did not disclose coincide with how the #MeToo network was socially
woven.

During the first 1.5 hours, retweets between those who disclosed rose from 20% to 30% to 50% of
all interactions (Fig. 5A). An hour and a half into the hashtag campaign, Alyssa Milano made her
“me too” tweet which prompted a number of tweets from those who did not disclose. While those
who disclosed were still involved in over half of all interactions, they were retweeted primarily by
those who did not disclose. By Fig. 5B, we see that this time coincides with many isolates joining
the largest component of the #MeToo network.

Although retweets of those who disclosed subsided for the next 1–2 hours, replies between those
who disclosed rose dramatically (Fig. 5A). Given that the number of intra-component interactions
rose at the same time (Fig. 5B), the timings of these replies suggests they were in response to
the disclosures retweeted in the immediately preceding hours of #MeToo and reinforcing the
existing network. As these replies tapered proportionally (though those who disclosed maintained
a higher rate of interaction than those who did not disclose) for the next 3 hours, those who did
not disclose began amplifying those who did through significantly more retweets. About 7 hours
into the #MeToo hashtag campaign, retweets of individuals who did not disclose began to climb in
frequency, matching the rate of retweets of those who did disclose (Fig. 5A). Concurrently, balance
shifted from individuals primarily joining the #MeToo network to individuals communicating
within the existing network (Fig. 5B).

Through this interaction timeline, we see that early interactions between those who disclosed
established the #MeToo network, laying the kindling for later #MeToo activity. Following these
early interactions, allies and others who did not disclose helped give momentum to the hashtag’s
wildfire by retweeting those who did disclose. The shift from joining and centralizing marginalized
narratives to amplifying them beyond those who are directly affected is a signature of hashtag
activism [9]. In the case of #MeToo, early disclosures helped build the campaign within the first
9 hours. While those who did not disclose then played an important role in raising the visibility
of those disclosures, those early disclosures helped the network-level reciprocal disclosure effects
snowball, leading to many more disclosures in the following 72 hours. As we observe, when used
strategically and together with allyship, network-level reciprocal disclosures can help construct a
broader movement that generates disclosures in a self-sustaining way.

5 DISCUSSION
We summarize our findings and interpret them in terms of the theory of network-level reciprocal
disclosures [2]. We argue that our work provides additional evidence in a new context that network-
level reciprocal disclosures may reduce stigma locally, potentially generating more disclosures
that helped fuel the #MeToo hashtag campaign. We then discuss future directions for our work,
emphasizing the need to better understand inequities within and produced by campaigns like
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#MeToo. Given that our findings point towards the need for more research on how public health
inequities may be reproduced through hashtags like #MeToo, we finish by cautioning practitioners
from designing interventions on disclosures on networked platforms.

5.1 Network-Level Reciprocal Disclosures and Hashtag Activism
By leveraging a mixed-methods approach, this paper details the number and types of disclosures
made during the early weeks of the #MeToo hashtag campaign and contextualizes their spreading in
terms of theories of network-level reciprocal disclosures [2] and feminist hashtag activism. Through
a qualitative content analysis of 2,500 authored #MeToo tweets, we provide a comprehensive
characterization of the stigmatized stories that emerged through the hashtag campaign. Using our
insights from the content analysis, we then designed a reliable predictive model for identifying
#MeToo tweets as disclosures, allowing us to scale our analysis up to over 500,000 authored #MeToo
tweets. Together, the disclosures identified by this model and the underlying follower-following
network of #MeToo users reveal that public disclosures by individuals were followed by additional
disclosures by their followers, and that the more disclosures that an individual potentially saw
prior to disclosing, the more likely they were to share details with their own eventual disclosure.
Further, we found that those disclosing early in the hashtag campaign promoted and supported one
another’s stories through retweets and replies, weaving a networked counterpublic that allowed
others to also join and share their stigmatized experiences.

5.1.1 What patterns characterize the usage of #MeToo? How do the disclosure phenomena of #MeToo
align with or diverge from the theory of network-level reciprocal disclosure? We extend the work
of Andalibi and Forte [2] on network-level reciprocal disclosures to the context of the #MeToo
campaign, allowing us to map aspects of how network-level reciprocal disclosures emerged through
the #MeToo movement. We found that individuals were more likely to make a descriptive disclosure
if they potentially saw more disclosures, particularly if those disclosures also shared details. Among
these descriptive disclosures, our close reading of #MeToo tweets revealed that a number of
individuals explicitly mentioned disclosing after seeing the number of survivors in their personal
networks (e.g., “My entire feed is full of #MeToo. Me too. I’m not an exception.”). Others disclosed
for the first time after seeing others disclose, referencing years of prior hesitation (e.g., “I could not
speak out for YEARS due to social pressures. Things need to change. #MeToo”) or shame (e.g., “I
felt shame and guilt for years. I’m done with that. It was not my fault. #MeToo”). Together, our
qualitative and quantitative findings suggest that individuals felt more comfortable sharing their
stories the more that they saw the stories of others. These findings provide new evidence of the
network-level effects that constitute the theory of network-level reciprocal disclosures [2], and the
potential of such disclosures for reducing stigma.

Aspects of these findings are also consistent with additional motivations an individual may have
had for disclosing through #MeToo, such as feeling a collective responsibility to name the issue of
sexual violence against women [17, 22]. That is, as individuals saw more disclosures, they may not
have felt a reduction in stigma but, nonetheless, felt obligated to share their own stories. A number
of those disclosing actively addressed the public epidemic of sexual violence against women (e.g.,
“#MeToo - Amazed by everyone speaking out. We ALL must challenge #rapeculture. Here are ideas
how. [hyperlink]”), placing more emphasis on the collective experience than their own feelings
about sharing their story. Further, some survivors clearly felt pressure to share their stories as
survivors, causing them to push back on the approach of #MeToo to addressing sexual violence
(e.g., “Why is #MeToo asking me to relive the trauma and deal with people asking what happened?
Focus on the abusers not the victims”). These reactions to #MeToo are related to the societal factors
described by Andalibi and Forte [2] in their disclosure decision-making framework, which are
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factors that are explicitly political reasons for publicly and directly disclosing. However, based
on our content analysis, disclosures that simultaneously addressed the pervasiveness of sexual
violence against women only made up 5.5% of all manually-coded disclosures (n=63), and at most
0.8% of all manually-coded #MeToo tweets (n=20) critiqued the necessity of sharing survivor stories.
Further, those with the least followers were more likely to share details with their disclosures,
which is less congruent with the hypothesis that disclosures were made for societal reasons because
those individuals had the smallest platform to name the issue.
These findings suggest that the increased probability of making a descriptive disclosure upon

seeingmore descriptive disclosures is likely driven primarily by network-level reciprocal disclosures,
rather than disclosures based on societal factors. This underscores how the “personal is political”
in hashtag campaigns like #MeToo and the power of each woman’s local network.

5.1.2 How did network-level reciprocal disclosures facilitate the emergence of #MeToo as a networked
counterpublic? As discussed in Section 5.1.1, our findings show that although network-level and
societal factors are intertwined in hashtag campaigns like #MeToo, hashtags addressing sexual
violence against women can emerge organically when they solicit personal stigmatized experiences.
So, we observe that while the hashtag #MeToo facilitated network-level reciprocal disclosures [2],
conversely, network-level reciprocal disclosures also facilitated the propagation of the #MeToo
campaign. Feminist networked counterpublics created by hashtags like #MeToo, #YesAllWomen,
and #NotOkay are understood to unify stigmatized stories into a collective narrative to address
the epidemic of sexual violence against women [21, 70]. Furthermore, the discursive work in these
counterpublics prioritizes that the “personal is political” [11, 21, 45], but it has been less clear
how individual stories coalesce around these hashtags. Operationalizing network-level reciprocal
disclosure as a mechanism underlying feminist hashtag campaigns provides insight into this
phenomenon.

Specifically, our analysis of the #MeToo network’s emergence showed that early in the hashtag
campaign those disclosing amplified the voices of others disclosing through retweets. Together
then, those disclosing (e.g., “#MeToo - and to everyone else finding their voice today (and even
those who are silent) #IBelieveYou”) and allies (e.g., “To all the women, all the survivors. I hear
you. I believe you. I support you. #MeToo”) transformed the network into a space that survivors of
sexual violence could join to disclose their personal experience. Coupled with our argument that
#MeToo was primarily driven by network-level factors rather than societal factors, this suggests
that the success of hashtags like #MeToo [21, 45] may be intimately related to their ability to reduce
stigma locally in social networks and not just collectively, so that individuals feel comfortable
sharing their stories. Centering network-level reciprocal disclosures [2] as the foremost mechanism
underlying #MeToo emphasizes personal stories, and offers an explanation for how those stories
are coupled to make a broader political message.

5.2 Avenues for Further Understanding Network-Level Reciprocal Disclosures
Our work connects network-level reciprocal disclosures with feminist networked counterpublics,
laying the groundwork for several avenues of further research at the intersection and union of public
health, human-computer interaction, and communication studies. We detail how our understanding
of network-level reciprocal disclosures could be augmented by studying their relationship with
social support, health outcomes, health inequities, and media effects.

5.2.1 Social Support and Network-Level Reciprocal Disclosures. The present work has focused
on potential exposures to disclosures and how those may encourage network-level reciprocal
disclosures [2]. These disclosures are tightly connected to the social support structure underlying
the #MeToo network, as shown by the high rate of interactions between those who disclosed and
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the importance of those interactions in driving #MeToo as a hashtag. However, while our work
and other prior work has begun to provide insight into that social support structure [15, 44, 61],
there are still dynamics between disclosures, replies, and perceived social support that remain to
be unpacked. As also briefly noted by Andalibi and Forte [4], it is likely that, more than simply
seeing a disclosure, the number of reactions to that disclosure and the supportiveness of those
reactions also influences an individual’s choice to make a network-level reciprocal disclosure. More
firmly establishing the connection between network-level reciprocal disclosures and replies to
those disclosures around hashtag campaigns like #MeToo would highlight how feminist networked
counterpublics are able to not only conduct activist campaigns, but also empower and validate
women who have had their experiences marginalized [45, 84].

5.2.2 Inequities of Network-Level Reciprocal Disclosures. With her first “me too” tweet, Alyssa
Milano invited women to share their experiences so that they “might give people a sense of the
magnitude of the problem.” Our study has looked at how women chose to share those experiences,
which are typically stigmatized through the prevalence of rape myths that discredit experiences of
sexual violence. However, the level of acceptance of such rape myths varies between subpopulations,
based on race, gender, age, and other cultural factors [49]. As a consequence, some groups of women,
such as multiply marginalized Black women and trans women [81, 86], and men [81] may face
higher levels of stigma against disclosing their experiences of sexual violence, making them less
likely to engage in network-level reciprocal disclosures through hashtag campaigns like #MeToo. If
this were the case, then the hashtag may have failed to create an environment in which everyone
felt equally comfortable disclosing, and only a narrow portion of the population may have benefited
from the impact of #MeToo. By definition though, our digital trace data does not include those
who could have disclosed but chose not to do so. Further survey and interview work is needed to
understand who engages with and sees value in hashtag campaigns addressing sexual violence,
and who feels excluded and only marginally benefited by them.
Moreover, while it is not necessary for everyone who can disclose to participate in hashtag

campaigns like #MeToo, it is important for everyone to have an equal opportunity to disclose and
receive support if they choose to do so. At the individual level, a network-level reciprocal disclosure
opens an individual up to receiving responses from their social network. In some cases, these
responses may be supportive and commend the individual’s choice to disclose [81]. In others, the
responses may perpetuate rape myths and condemn the disclosure through harassment [40, 89]. In
both cases, inequities potentially exist in who benefited from network-level reciprocal disclosures
through #MeToo. So, in the way that offline support for sexual violence is inequitably distributed
and accessed [49], hashtag campaigns like #MeToo may replicate and compound these inequities
online. The cross-sectional nature of our study limits us from observing the outcomes of those
network-level reciprocal disclosures [1] and calls for longitudinal research designs that track the
impacts of network-level reciprocal disclosures made during feminist hashtag campaigns.
At the network level, there are further inequities among sexual violence survivors that could

arise from and be exacerbated by hashtag campaigns like #MeToo as they gain momentum. Hashtag
activism can centralize marginalized voices in the core of a networked counterpublic and amplify
them to audiences outside of that core [9, 47], but not all marginalized narratives may be recognized
equally. More specifically, while our study examines #MeToo disclosures in aggregate, it does not
speak to what extent disclosures from various subpopulations were heard. For example, although
there were likely a number of Black women, trans women, and men who disclosed their experiences
with sexual violence despite the higher levels of stigma that they face, it is likely that those voices
were not equally amplified through #MeToo [46, 53, 77]. Similar to how #MeToo may have failed
to create a space that felt equally safe for disclosure among all those who could have disclosed,
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the hashtag campaign may have also failed to include the voices of those who did ultimately
choose to disclose, inequitably highlighting particular experiences with sexual violence. So, while
feminist hashtag campaigns have the potential to benefit public health, they also emerge out
of a crowdsourced, networked gatekeeping process [47, 71] that systematically amplifies some
network-level reciprocal disclosures but not others. Better understanding these dynamics would
allow us to evaluate the implications of such campaigns in the context of public health, and the role
of network-level reciprocal disclosures in alleviating or reinforcing inequities of sexual violence
along axes of race, gender identity, and sexual orientation.

5.2.3 Media Effects of and on Network-Level Reciprocal Disclosures. The networked gatekeeping
of feminist networked counterpublics also interacts with the gatekeeping of traditional media.
Not only is there the potential that stigma is reduced at the local level of individuals through
network-level reciprocal disclosures, but it is also potentially reduced at a broader community
level through the mainstream public’s reactions to disclosures. However, because the mainstream
media’s framing of hashtag campaigns is made in negotiation with networked counterpublics
[19, 47, 71, 95], any inequities in whose stories are amplified by the networked counterpublic may
be reproduced through traditional media. Conversely, any inequities amplified by the traditional
media may be embedded within and reproduced by the networked counterpublic. For example,
some research has already found that while media outlets frame articles to be sympathetic towards
women’s #MeToo stories, they also still frequently portray accused men as powerful, even after the
accusations [30]. Understanding the relationships between how stigma is reduced or compounded
by interpersonal disclosures and media framing in these kinds of contexts would suggest strategies
for reporting on feminist hashtag campaigns that equitably promote the voices of all those who
have experienced sexual violence.

5.3 Perils of Designing Interventions on Networked Disclosures
Aswe have discussed, there are potentially many intricate layers of interactions underlying network-
level reciprocal disclosures generated through hashtag campaigns. These interactions are complex
because, fundamentally, network-level reciprocal disclosure is a networked phenomenon which
exists beyond the context of any one woman’s disclosure. The complexity of this phenomenon
should give social media platforms and other applied practitioners pause when considering how
they may intervene on those who choose to disclose publicly online about sexual violence, even
if those interventions may be with good intent, such as connecting individuals who have shared
experiences.
Our study begins to suggest inequitable distribution of descriptive disclosures through the

#MeToo network by showing that those who may have felt more comfortable making a descriptive
disclosure were already more likely to have seen descriptive disclosures than those who made a
non-descriptive disclosure. As we argue in Section 5.2, this is only one type of inequity that may be
produced by network-level reciprocal disclosures. These potential inequities align with prior theory
from networked feminist counterpublics [46, 53, 77] that network-level reciprocal disclosures [2],
activated through hashtag campaigns, may inadvertently reproduce existing inequities in whose
stories of sexual violence are heard. Consequently, if platforms design algorithmic interventions
for promoting (or discouraging) certain interactions around disclosure, they risk reproducing
these inequities and, worse, exacerbating them. Because network-level reciprocal disclosures are
a networked phenomenon, a community level process that depends on both intrapersonal and
interpersonal actions, exacerbating these inequities through algorithmic interventions would be
more than a harm to any individual woman, it would be a threat to women’s public health more
generally.
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The perils discussed only consider direct disclosures so far. While indirect disclosures are less
tightly related to network-level and societal factors for publicly disclosing [5], we did find evidence
that they played a role during #MeToo. Some disclosures were made in response to and in solidarity
with other women. However, through preliminary content analysis, we have found that there is
considerable ambiguity between reciprocal disclosures made in solidarity (κ = .47) and general
social support (κ = .61). Further, we did not classify any retweets of disclosures or even retweets of
tweets containing only “#MeToo” as direct disclosures. The reasons for retweeting these disclosures
are sufficiently ambiguous that they allow women to hide their intentions in plain sight [63],
which may provide them the cover to disclose without social repercussions. However, automated
classifiers of disclosures cannot easily account for this ambiguity and, if ever actually deployed,
would almost certainly only be trained on public direct disclosures. In practice, this would risk
making algorithmic decisions on disclosures from women who already felt comfortable enough
disclosing, and not on disclosures from others who cannot disclose or are still testing out the waters
in their social networks.

Given the potential public health consequences affecting women who have experienced sexual
violence, social media platforms and other practitioners should be wary of making algorithmic
interventions into network-level disclosures. Since feminist hashtag campaigns have the potential
to be conducive for network-level reciprocal disclosures, social media companies should consider
consulting with experienced feminist activist groups if they wish to make decisions that have the
potential to impact women’s health. Twitter, for example, has consulted with the group Women,
Action, and the Media to improve the process of identifying abusive harassment of women on their
platform [66], and with the Discourse of Online Misogyny (DOOM) project to better understand
networked abuse [42]. However, to the best of our knowledge, none of these consultations have
evolved into sustained discussions with activist and advocacy groups. We believe that feminist
activists that have experience considering the multiplicity of experiences by women, including
women of color, trans women, and LGBQ women, should be employed by social media companies
to provide guidance on how they can effectively and ethically support women who disclose on
their platforms.

5.4 Limitations
Our study provides the first computational approach to understanding network-level reciprocal
disclosures [2], but it comes with its own limitations. First, a number of #MeToo tweets were deleted
in between the beginning of the hashtag campaign and our data collection. If individuals did not
feel supported, then they may have been more likely to delete their disclosures rather than leave
them posted with no responses. Relatedly, we found a noticeable lack of hashtag hijacking, but this
may be because Twitter itself was more likely to delete abusive #MeToo tweets. Further, if a user
was either not supported or harassed, they would also be more likely to make their profile private,
explaining a portion of the follower-following network missing data. In all these cases, our data
and subsequent analysis may understate the particularly negative consequences of #MeToo that
some users potentially experienced. This emphasizes the need for further work through surveys
and interviews.
Our analysis of exposures to network-level reciprocal disclosures relies on potential, rather

than actual, exposures to disclosures. Most users likely only saw a fraction of potential exposures
because they were not logged onto Twitter during the entirety of #MeToo. Moreover, Twitter’s
algorithmic feed likely prioritized certain disclosures over others. On the other hand, by searching
the #MeToo hashtag on Twitter, a number of users likely saw many more disclosures than we
measured through the follower-following network. However, without server-side data, we cannot
precisely account for overcounting and undercounting exposures to disclosures.
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Additionally, our data is observational and we did not explicitly measure stigma. This limits our
ability to unequivocally interpret the network-level reciprocal disclosure effects as the result of a
reduction in stigma. Further, the fact that exposures to disclosures, and particularly descriptive
disclosures, were not randomly distributed throughout the network also limits our ability to make
strong causal claims. Together, these limitations call for additional research explicitly measuring
stigma reduction in network-level reciprocal disclosures and the inequities that may arise through
hashtag campaigns like #MeToo.

6 CONCLUSION
Our study implemented a mixed-methods research design scaling up a content analysis of 2,500
#MeToo tweets to a network analysis of over 1.8 million tweets sent during the first two weeks
of the hashtag’s widespread usage in 2017. Together, our qualitative and quantitative findings
provide evidence that the public, direct disclosures that were made during the #MeToo campaign
were prompted by network-level factors of seeing others disclose throughout their local social
networks. We demonstrate that these network-level reciprocal disclosures [2], in turn, created a
communication network in which others could share their stories, and we argue that this networked
counterpublic generated further disclosures through #MeToo. Our findings corroborate the theory
of network-level reciprocal disclosures and provide new perspectives on the interplay between
individual disclosures and hashtag activism and their potential for reframing sexual violence against
women as a public health crisis.

Although the networked #MeToo counterpublic appears to have flourished with a plurality of
experiences, we stress that we must listen for whose voices were drowned out or silenced during
the #MeToo campaign. As a vessel for renegotiating the stigma around disclosing experiences
of sexual violence, #MeToo has the potential to leave the experiences of multiply marginalized
groups, such as Black women, trans women, and LGBQ women, out of the shifting collective narra-
tive. By connecting theoretical mechanisms of online public disclosures and feminist networked
counterpublics, our work lays the foundations for mapping the extent of such inequities and how
they are alleviated or compounded by hashtag activism campaigns like #MeToo, #YesAllWomen,
and #NotOkay. Further, our study highlights the importance of applying qualitative close reading,
predictive modeling, and social network analysis together in order to disentangle the multiscale
phenomena of online networked disclosures. Understanding the intricacies of how disclosures
reverberate through online social networks will help us imagine networked platforms that ethically
and equitably promote the well-being of those who publicly disclose.
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A CONTENT ANALYSIS CODEBOOK
A.1 Conceptual Analysis Guidelines
Analysis will occur at the tweet level (the code is applied to the entire tweet). Apply the code to
each tweet that it appears in, including if it only applies to part of the tweet. Multiple codes can be
applied to one tweet.

• For tweets with pictures:
– Interpret the tweet with the picture included.
– Use text within picture as if it is part of the tweet.

• For tweets with links:
– Do not follow the link.
– Get context from the link itself (the URL) and the preview of the link (if available. See
below for example).

• For tweets with quoted tweets:
– Code for the original text only
– Get context from the quoted tweet

• For tweets that are replies:
– If context is needed, take into account only tweets one up or down in the thread.

• DO NOT infer gender of the author from the username.

A.2 Disclosures
A disclosure is a tweet that contains a discussion of harassment or assault that is explicitly about
the user. This includes tweets that only contain “#MeToo”.

Code Definition Examples

#MeToo

A tweet that only uses the hashtag #MeToo or
only mentions other users and uses #MeToo
(“@use1 @user2 #metoo”)

DO NOT code if Personal Narrative was coded

“#MeToo”

Personal
Narrative
or Details
with
Respect to
Disclosure

Tweet contains discussion of harassment or
assault that is explicitly about the user (PEW).
Any amount of details are provided with the
disclosure

DO NOT code if
• #MeToo or was coded
• General comment about feminist
• The author is not disclosing their own
experience, but the experience of someone
else

#MeToo Age 15. Never reported.”

“#MeToo - It happened. It was horrible."

“#MeToo - by my first boyfriend.”

DO NOT Code: “#MeToo is so important.
I just saw a teenage girl get harassed
at the bus stop.”

Disclosing
Multiple
Incidents

Disclosure of multiple incidents that
happened to the author

“First assaulted at age 5 by an adult male.
2nd time waitressing as a teen. #MeToo”

“#MeToo - too many times to count”

DO NOT code: See examples from
Personal Narrative
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A.3 Pervasiveness of Sexual Violence and Inclusivity

Code Definition Examples

Prevalence
and
Pervasiveness
of Sexual
Violence

Discussion or reflection on:
• The pervasiveness of sexual violence in
the lives of women, either in general or
specifically among one’s friends and
family

• The frequency of the #metoo hashtag on
social media feeds, either in general or
specifically among one’s friends and
family

“About 30 people I know have posted
#MeToo in just the last 24h. What
kind of world do we live in?”

“Pretty sure we are all catcalled at
least once a week. It does not stop,
even if running or walking #MeToo”

Next Steps in
Addressing
Rape Culture

Discussion of actions that individuals or
groups can take to address rape culture.

“#MeToo was last week. Here are some
ways to help combat sexual abuse
today [hyperlink]”

“We need to teach out kids about
consent to end the cycle of #metoo”

Non-Women /
Male
Survivors

Discussion of survivors who are explicitly
not women. The default of the #metoo
discussion is to focus on survivors who are
women. This code is applied to tweets that
bring attention to men or non-women as
survivors of sexual assault / harassment.

“No matter your gender, if you have
experienced sexual assault I am
here for you. #MeToo”

“Even as a buff bodybuilding cop,
I have a #MeToo from a Sargent.
It can happen to anyone”

A.4 Pushback

Code Definition Examples

Disbelieving
or Maligning
#MeToo
Tweets and
Movement

Disbelief of people who are disclosing or of
the importance of the #MeToo movement.
Maligning of the #MeToo movement and
those who support it.

“#MeToo. Another irrelevant
brainwashing by the typical liberal
mafia”

“People dogpiling on the pseudo
accusations just to feel relevant
and part of ‘social protest’ SEE
SOMETHING SAY SOMETHING
#MeToo”
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A.5 Entertainment and Politics

Code Definition Examples

Hollywood
Figures

Discussion of public figures from Hollywood (e.g.,
actors, actresses,producers, etc.) with respect to
the #metoo movement, sexual harassment, sexual
assault. Also includes general discussions of
Hollywood with respect to those topics [6].

“@TheEllenShow #MeToo”

“Sicked by Quentin Tarantino’s
acceptance of Harvey Weinstein’s
abuse of women #MeToo #HeKnew”

Political
Figures

Discussion of political or politics-adjacent figures
(e.g., Al Franken, Donald Trump, Clarence Thomas)
with respect to the #metoo movement, sexual
harassment, sexual assault. Also includes references
to political parties, the White House, or
George Soros [6].

“This group of women spoke out
against @realDonaldTrump for the
sexual assault and rape he
committed against then. Their
stories matter. #MeToo”

“@realDonaldTrump please look at
how many women are posting
#MeToo!”
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B DISCLOSURE CLASSIFICATION MODEL
B.1 Feature Engineering
B.1.1 Lexical Features. Lexical features are grouped thematically. Any word or phrase under a
particular feature grouping counts towards that feature. All lexical features are count variables.

Feature Words and Phrases

Pronouns: Personal i, me, my, mine
Pronouns: “Male” he, him, his
Pronouns: “Female” she, her, hers
Pronouns: Collective we, our, ours, us
Pronouns: Second person you, your, yours
Assault: Assault assaulting, assaulted
Assault: Pain pain, painful, hell

Assault: Harassment harass, harassed, harassing, leave me alone, catcalled, catcalling,
masturbate, masturbated, masturbating, stared, staring

Assault: Stalking stalk, stalked, stalking, followed
Assault: Groping grab, grabbing, grabbed, touch, touched, grope, groped, groping
Assault: Refusal of consent said no
Assault: Yelling yelled, yelling, shouted, shouting, catcalled, catcalling, called, calling
Feelings: Fear afraid, fear, scary, scared, screamed
Feelings: Guilt fault, guilt, guilty
Feelings: Shame shame, embarrassed, ashamed, dehumanizing, bring myself
Details: Workplace colleague, workplace, job, jobs, coworker, coworkers, boss
Details: Drugs drink, drinking, drunk, drug, drugs, drugged
Details: Vehicle car, truck
Details: Clothing skirt, jeans, pants, shirt, shirts, shorts, bra
Details: Body parts leg, legs, breast, breasts, boob, boobs, thigh, thighs, butt, ass, hair, vagina, pussy
Details: Control powerless, helpless, trusted
Persons: Men men
Persons: Women women
Persons: Male figure boy, boyfriend, bf, dad, uncle
Persons: Children girls, boys, children
Persons: Female family mom, moms, mother, mothers, sister, sisters, daughter, daughters
Persons: Transgender non-binary, nb, genderqueer, trans, genderqueer
Experience: Experience experience, experiences, happened, can’t remember, detail, details
Experience: Story story, stories
Experience: Number of times multiple, instance, instances, times, can count, can remember

Experience: Reporting not ready, did not report, didn’t report, haven’t told, hadn’t told, have not
told, had not told, came forward, spoke up

School: Year freshman, freshmen, sophomore, junior, senior
School: Institution college, university, campus, dorm, high school, middle school, elementary school
Movement: Trigger warning trigger warning, tw:, content warning, cw:
Movement: Feminism gender, problem, world, society, culture, community, ally, allies, consent, consensual
Movement: Right-wing triggered, snowflake, liberal
Movement: Accusations accusation, accusing, accused, accuser, false, fake, disbelieve, disbelief

Movement: Solidarity powerful, strong, strength, brave, courage, courageous, love, believe you,
i’m sorry, sharing, thank you, stand with

Figures: Political clinton, hillary, congress, trump, @realdonaldtrump
Figures: Entertainment weinstein, hollywood
Regex: Age r'\bI was (\d|\d\d)\b|\bage (\d|\d\d)\b|childhood\b|in \d\d\d\d’
Regex: Name mention r'\b[A-Z]\w* [A-Z]\w*\b’
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B.1.2 Structural Features. Structural features are either binary or count variables, as indicated.

Feature Description
Non-descriptive #MeToo r'^(#metoo)$|^(((@\w+| )+) #metoo)$|^(#metoo ((#\w+| )+))$

In reply to Alyssa Milano The tweet is in reply to or a quote retweet of Alyssa Milano’s
original “Me too" tweet

Number of commas The total number of commas in the tweet
Number of colons The total number of colons in the tweet

B.1.3 Content Features. Content Features are count variables.

Feature Description
Number of photos Total number of photos attached to the tweet
Number of hashtags Total number of hashtags in the tweet

Number of disclosure hashtags Total number of the following hashtags related to disclosure:
#breakingsilence, #yesallwomen, #notokay, #iamworthit

Number of external links Total number of links pointing outside of Twitter

B.2 Misclassifications Audit
Given our eye towards future work detailing the potential inequities that #MeToo may have
replicated, we reviewed all misclassifications (n=331) to determine what disclosures our model may
systematically misidentify. We did not observe trends in the false negatives or false positives that
would suggest a problematic bias from our model. False negatives (tweets that should have been
classified as disclosures which were not) occurred more frequently among indirect disclosures (e.g.,
“This #MeToo trend just hit my feed. Adding myself to it.” or “Always unsure if you can look up and
smile at a stranger w/o a response or checked out after helping someone #MeToo” ). False positives
(tweets that were classified as disclosures which should not have been) occasionally occurred in
non-disclosure tweets using the first person, such as tweets providing emotional support (e.g., “To
everyone posting #MeToo – I believe you, I support you, and I promise to speak out against sexual
violence whenever I see it.”)
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