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Abstract

We measure the value of “slacktivists” involved in more
than 80 protest movement hashtags on Twitter, focusing on
their value for content generation, communication, encour-
agement, and content diversity. Further, we move beyond
the existing literature which primarily focuses on direct con-
tent contributions by investigating whether slacktivists induce
further contributions from other activists by providing them
simple cues of encouragement that enhance non-slacktivists’
commitment to a movement. Our findings suggest that slack-
tivist actions, unlike those by dedicated activists, do not en-
courage others, and if anything, discourage them.

Introduction

In the era of Web 2.0, online activism often serves as the
catalyst for revolutionary protests and demonstrations (Rad-
sch 2011; Newsom and Lengel 2012). Yet, skeptics refer to
it as slacktivism (Morozov 2009), arguing that these sim-
ple online actions neither persuade nor promote real change
(Lewis, Gray, and Meierhenrich 2014). Proponents, how-
ever, contend that online activism is valuable in its abil-
ity to raise and force issue awareness for a broad populace
(Gonzalez-Bail6n, Borge-Holthoefer, and Moreno 2013).

Most studies treat all online activists interchangeably;
nevertheless, their individual effort can vary widely. We
make this distinction in examining the lowest effort among
low-effort individuals: those whose whole contribution to
an online movement consists of a single tweet. We evalu-
ate these slacktivists based on more than 80 race or gender-
related hashtags with respect to content, conversation, and
encouragement volumes, and content diversity.

Coleman (1988) posited that social incentive provided by
free-riders may encourage zealots to sustain their participa-
tion. Inspired by this theoretical study, we estimate indirect
contributions by slacktivists in the form of social incentive
to others. Our analyses surprisingly show that slacktivists
are associated with a negative effect. Individuals encouraged
by slacktivists are not only less likely to continue their par-
ticipation compared to those who are encouraged by non-
slacktivists, they are also less likely to participate further
than those who were not encouraged by anyone at all.

Copyright (© 2017, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Related Work

Is online activism a legitimate form of activism with real
impact? Many researchers say yes. Starbird et al. (2012), fo-
cusing on the 2011 Egyptian revolution, argued that online
activism provides value by expressing solidarity and pro-
cessing information. Tufekci et al. (2012) concluded that on-
line activism was crucial in influencing individual decisions
about protest participation. Gleason (2013) made a simi-
lar argument in studying the Occupy Wall Street protests.
Gonzalez-Bailon et al. (2013), undertaking study of the in-
dignados movement, emphasized online activism’s impor-
tance for fast diffusion of ideas and organizational details.
And Barbera et al. (2015) asserted that while individual
slacktivists contribute little, their aggregated contribution ri-
vals that of the core zealots.

Alternatively, Lewis et al. (2014), studying the “Save Dar-
fur” campaign on Facebook, argued that online activism
generates surprisingly little “real” activism as measured by
donations or recruitment of new members. Morozov (2009)
went so far as to argue that slacktivism hurts traditional ac-
tivism since ordinary people would prefer the lazier solution.

Motivated to provide further insights, we focus on a par-
ticularly low-cost form of online activism: tweeting a single
tweet, and measure its value for online protest movements.

This paper is also related to a number of recent pa-
pers on social movements examined through the lens of
social media (Gonzalez-Bailén et al. 2011; Earl and Kim-
port 2011; Starbird and Palen 2012; Gonzailez-Bail6n,
Borge-Holthoefer, and Moreno 2013; Hanna 2013; Weber,
Garimella, and Batayneh 2013; Budak and Watts 2015;
Barbera et al. 2015; De Choudhury et al. 2016; Freelon,
Mcllwain, and Clark 2016). Unlike such studies that focus
on a single or few movements, here we study more than 80
protest hashtags varying in topic (race or gender) and size.

Data

Our research dataset consists of 49.5 million tweets from 7.3
million distinct Twitter users from Feb. 1, 2014 to May 10,
2015, spanning 49 race-related and 36 gender-related hash-
tags. Among these tweets, 16.3 million are replies that in-
volve 11.6 million unique pairs of Twitter users. Similarly,
the set includes 36.1 million retweets that involve 27 million
unique pairs of Twitter users. The list of the protest hashtags



and some high level statistics about each protest hashtag are
provided in http.://cbudak.com/projects/slacktivists.html.

The race-related hashtags cover the stream of demonstra-
tions and riots in Baltimore, Ferguson, and New York City,
among others, against the systemic racism and violence to-
ward African Americans within the criminal justice system
and the police killing of Eric Garner, Freddie Gray, Michael
Brown, Tamir Rice, et cetera. The gender-related hashtags
involve separate but related issues such as sexism in the news
and entertainment media, women’s health care, women’s ca-
reer and leadership, men’s role in feminism, and rape cul-
ture.

Evaluating Slacktivism

In this section, we describe how we measure the contribu-
tions of slacktivists in online activism. First, we list impor-
tant definitions the rest of the manuscript relies on.

Social Movement: A movement, m;, is defined as content
that includes a hashtag, #m,. Although certain hashtags are
extensions belonging to the same umbrella protest, treating
them as separate movements allows for a more precise anal-
ysis of their similarities and differences.

Slacktivist: Slacktivists for a movement m; are defined as
S;, the set of users who tweeted at most one tweet with a
hashtag, #m;. Note that slacktivists are defined at a per-
hashtag level; that is, an individual user who posted a sin-
gle tweet using a hashtag m; is defined as a slacktivist for
my, irrespective of how much she contributes to other move-
ments. Furthermore, a tweet containing multiple hashtags is
counted once for each movement it belongs to.

Direct Contributions: We address the following direct con-
tributions in this paper.

1. Tweet volume: We measure the fraction of content in m;
that is generated by slacktivists, or S;.

2. Endorsement volume: We measure a) the fraction of en-
dorsements (retweets) generated by S;, and b) the fraction
of endorsements presented to S; (retweets of slacktivists’
tweets by others).

3. Conversational volume: We measure a) the fraction of
conversations (mentions or @messages) generated by S,
and the fraction of conversations presented to .S; (mentions
of slacktivists by others).

We selected endorsement and conversational measures
based on previous research by Chen (2011), who suggested
that these elements gratify users’ need for connection.

4. Content diversity: Kullback-Leibler (KL) divergence is
commonly used to determine dissimilarity between text doc-
uments (Huang 2008). Here, we use it to estimate informa-
tion loss if the corpus of the content contributed by slack-
tivists is used to estimate that by the non-slacktivists, and
vice versa. We do this is to examine whether content from
the two groups is interchangeable.

Induced Contributions: Coleman (1988) theorized that
positive external intervening activities from an individual’s
social network are capable of inducing zealotry in that in-
dividual. Following this logic, we examine whether being
endorsed by or being engaged in a conversation with a slack-
tivist increases the likelihood of non-slacktivists to continu-
ally participate in online protests.
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Figure 1: Cumulative Contribution Overview.
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Figure 2: Slacktivist Contribution and Movement Size.

Results

Direct Contributions We review tweet, endorsement and
conversation volumes, and content diversity in detail.
Tweet volume: As shown in Figure 1, there is a consider-
able variance in the number of tweets a single Twitter user
contributes—a large number of people contribute very little
while a smaller fraction are highly dedicated. We observe
that on an aggregated level, S accounts for 23.3% of all the
tweets and 63.7% of all the users.

In Figure 2 we demonstrate the variance across different
movements for S;. Here, the x-axis denotes the size of the
movement (total number of tweets in log scale), and the y-
axis denotes the fraction of tweets in a movement generated
by the slacktivists. The shape of each data point indicates
whether it is a race or gender related movement. Unsurpris-
ingly, we observe a clear trend that smaller movements have
a higher fraction of tweets generated by slacktivists. Glob-
ally, the slope for gender-related hashtags is flatter than the
slope for race-related hashtags—size matters less in defining
the content contribution value of slacktivists for gender re-
lated hashtag movements.

Endorsement and conversation volumes: Slacktivists ac-
count for 29.6% of all retweets and 13.7% of all mentions.
Furthermore, retweets of slacktivists’ tweets account for
13.5% of all retweets, and mentions of slacktivists account
for 6.5% of all mentions. We also examine how these four
dimensions interact with protest size. The results are similar
to those seen in Figure 2; therefore we omitted them here
due to space limitations. Overall, the findings show that the
slacktivists who individually contribute only a single tweet
collectively make up a large fraction of movements.

Content diversity: For each hashtag, we group tweets by
slacktivists into a single document and calculate its word
distribution as W;; we employ the same procedure to get
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non-slacktivist word distribution W,,s. We then apply KL
divergence to show the amount of information loss if content
from slacktivists is used to approximate content from non-
slacktivists using the formula:

Whs(3)
Wa (i)

We re-apply the equation with the positions of W,,; and
W switched to calculate information loss in reverse (us-
ing non-slacktivist content to approximate slacktivist con-
tent). We observe that information loss is roughly two times
greater when content from slacktivists is used to approxi-
mate content from non-slacktivists for 95.2% of the hash-
tags. This suggests that slacktivist tweets have relatively
lower information entropy, or are less interesting. We also
observe a marked difference in information loss for differ-
ent groups of protests; results are summarized in Table 1.
We see, for instance, that the word distribution of slack-
tivist and non-slacktivist content differs more for gender-
related movements as opposed to race-related movements.
We can also see that average information loss is highest for
the smallest hashtags and decrease as movement size in-
creases. However, it’s noteworthy that not all hashtags ad-
here to the same pattern. Take #iftheygunnedmedown for ex-
ample, information loss from using non-slacktivists’ content
to approximate slacktivists’ content is actually greater than
the other way around despite the hashtag’s considerable size.

DKL(WnsHWsl) = ZWns(’L)lOg (1)

Table 1: KL Divergence Summary. Note that pw,  |jw,, is the
mean KL score when content from slacktivists is used to approxi-
mate content from non-slacktivists; ow,, | jw,, is the standard de-
viation. Higher p indicates more information loss.

Group 'u'w'rLSH"Usl Twns||wgi ‘u'wsll"wns Twail||lwns
By hashtag type

Race 1.25 0.01 0.68 0.01
Gender 1.79 0.04 0.83 0.02

By movement size

[10°,10%) 220 0.08 1.19 0.04
[10%,10%) 1.63 0.02 0.80 0.02
[10°,10%)  0.89 0.01 0.43 0.01
[10°,00)  0.64 0.02 0.26 0.01

Induced Contributions Next, we investigate whether
slacktivists further contribute to these movements through
induced contributions. We start by applying a simple regres-
sion test to determine whether individuals who are retweeted
or mentioned (irrespective of slacktivist or non-slacktivist
standing) are significantly more likely to come back and
make further contributions to a movement. The results show
they are, true across all movements (omitted due to space
limitations). Yet, the following question remains: Is there a
difference in the effect of an endorsement between a slack-
tivist and non-slacktivist?

To answer the question, we perform the following analy-
SiSI Let U;"lej,vweet’ Ug?f}émd’ Ul:itweet’ U;’%weet be the set Of
users who tweeted k tweets across all movements and were
retweeted by 1) at least one slacktivist but no non-slacktivist,
2) at least one non-slacktivist but no slacktivist, 3) at least
one slacktivist and one non-slacktivist, and 4) no one after
their k" tweet. We denote the probabilities that a user in
these groups would came back to tweet at least once more
after their k™" tweet as p[iweet, pretipect, ppefweet prefweet,
Comparing these four probabilities can help us understand
whether retweets from slacktivists and non-slacktivists are
associated with higher rates of retention and if so, determine
which one has a higher effect.

The results are in Figure 3(a) and show a surprising pat-
tern. As expected, we see that the non-slacktivists are asso-
ciated with a positive effect size—those retweeted by a non-
slacktivist are significantly more likely to come back than
those who are not retweeted by anyone. The effect size is
notable. For instance, for users who have only one tweet in
the movements (x=1), the likelihood to come back is 46.7%
for those with no retweets and 56.1% for those who are
retweeted by at least one non-slacktivist—a 20.1% improve-
ment. The effect size diminishes for larger k. For individuals
with an already high investment in a movement (e.g., already
having 10 tweets), the difference between being retweeted
by a non-slacktivist and by no one is much smaller. The
pattern for those who are retweeted by a slacktivist is sur-
prisingly different. Unlike what would be predicted through
Coleman’s theory, we observe that the encouragements pro-
vided by slacktivists are associated with a negative effect.
Those who are retweeted by a slacktivist are not only less
likely to come back compared to those retweeted by a non-
slacktivist—but they are less likely to come back even when
compared to those who have not been retweeted by anyone
at all. In addition, unlike the case of non-slacktivists, the ef-
fect size is rather consistent for the different values of &, i.e.
for individuals with different levels of demonstrated dedica-
tion to the movement. The pattern observed for those who
are retweeted by both a slacktivist and a non-slacktivist is
more positive than the slacktivist case and more negative
than the non-slacktivist case.

Next, we study the effect of communication as an incen-
tive to sustain movement participant retention. Similar to the

mention mention mention
case of retweets, we define Ug'y/ LU Uyl ,

Umention ag the set of users who tweeted k tweets in all
movements and were mentioned by 1) at least one slacktivist
but no non-slacktivist, 2) at least one non-slacktivist but no



slacktivist, 3) at least one slacktivist and one non-slacktivist,
and 4) no one after their k" tweet. We estimate the like-
lihood of such individuals to come back to make further
contributions to the movement. In Figure 3(b), we present
the ﬁndings for pgrlzfzkntwn, pnmsfztlon, pg:zgntzon’ and p:lrtflz@ntwn‘
The results are largely consistent with the retweet findings.
Those who are engaged in a conversation by at least one non-
slacktivist are more likely to come back and make further
contributions to a movement. This effect is significant and
large for low values of k. Yet, unlike the case of retweets,
the significance disappears beyond k=3. Again, surprisingly,
those who are mentioned by a slacktivist are less likely to
come back to make further contributions than their counter-
parts who have not been engaged by anyone in the move-
ment in a conversation after their k" tweet. This effect is
particularly high for low k values but stays in significant lev-
els even for larger k values.

Discussion

Our results suggest that the value of the low-effort slack-
tivists who protested by contributing only a single tweet is
rather complex. On the plus side, these slacktivists make
up a substantial fraction of the population and account for
a substantial fraction of concrete text content irrespective
of whether it is tweet, endorsement, or conversation. Con-
versely, the correlation between being engaged by slack-
tivists and a lower probability of additional participation
suggests that social incentive provided by slacktivists fell
short of sustaining and motivating the existing population
engaged in online movements. One potential explanation is
that an acknowledgment by a slacktivist might register more
of a concern for privacy. It is also possible that slacktivist
retweets might suggest to individuals that their actions have
already accomplished an important task by bringing a new
participant to the protest.

For future work, it’s worth investigating whether the ob-
served negative correlation is causal. Our initial efforts in
building comprehensive models that account for confounds
such as overall Twitter activity and popularity (omitted due
to space limitations) indicate that the negative effect persists,
yet there is still more to do. A potential in-the-wild experi-
ment could create zealot and slacktivist bots and randomly
select other participants to retweet. Because treatment would
be fully at random, causality could be established. Observed
differences in race and gender hashtags in this study also
demonstrate a need for more detailed examination.

Last, note that our research is limited to Twitter which
does not capture the full scope of online user participation,
and that our data only pertain to the protest actions taken
with a specific hashtag.
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