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Abstract

Hateful content online is a concern for social media platforms, policymakers, and
the public. This has led high-profile content platforms, such as Facebook, to adopt
algorithmic content-moderation systems; however, the impact of algorithmic
moderation on user perceptions is unclear. We experimentally test the extent to which
the type of content being removed (profanity vs hate speech) and the explanation given
for its removal (no explanation vs link to community guidelines vs specific explanation)
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influence user perceptions of human and algorithmic moderators. Our preregistered
study encompasses representative samples (N=2870) from the United States, the
Netherlands, and Portugal. Contrary to expectations, our findings suggest that
algorithmic moderation is perceived as more transparent than human, especially when
no explanation is given for content removal. In addition, sending users to community
guidelines for further information on content deletion has negative effects on outcome
fairness and trust.

Keywords
Artificial intelligence, content moderation, cross-country, experiment, hate speech,
profanity, social media

In May 2020, Twitter censored a post by US President Donald Trump related to the
George Floyd protests with the argument that it was glorifying violence. In contrast,
Facebook opted to keep the post unlabeled, which in turn generated backlash against the
platform (Paul, 2020). User support and attitudes toward content moderation are key
aspects that platforms should consider when designing their content moderation policies
(Riedl et al., 2021). While some studies have looked at the impacts of moderation prac-
tices on users who have had their content flagged or removed (e.g. Jhaver et al., 2019a;
Myers West, 2018), there is little information on how these practices affect perceptions
of the large portion of users who have never engaged with moderation teams,! but are,
nonetheless, important stakeholders for platforms.

Perceptions of the types of content that should be allowed on social media are particu-
larly relevant when considering harmful content like hate speech and novel content mod-
eration practices like machine learning classification. Debates over migrants, the
reemergence of far-right extremism in Europe and in the United States, and online cul-
tures of misogyny, xenophobia, and racism have highlighted the growing problem of
both online hate speech (Pohjonen, 2019) and less virulent but still antagonistic content
such as profanity (Chen, 2017; Krdmer and Springer, 2020). In Q1 2019, Facebook
removed about 4 million pieces of content due to hate speech, numbers that make it clear
that human moderators are inadequate alone to handle this amount of content.

Considerable progress has been achieved in developing automated ways of detecting
hateful content (e.g. Djuric et al., 2015; Zhang et al., 2018) and profanity (Gillespie,
2018). However, qualitative research (Myers West, 2018; Suzor et al., 2019) shows that
even if moderation algorithms are developed, their implementation may be compromised
by the way content removal decisions are communicated. For instance, a study of
Wikipedia (Halfaker et al., 2012) concludes that algorithmic moderation tools are one of
the likely causes for a reduction in participation on the platform, and research on Reddit
shows that moderators fall short when implementing transparency and accountability
principles (Juneja et al., 2020). Besides academic studies, scrutiny of algorithmic deci-
sion-making has also entered the public agenda through documentaries such as Coded
Bias (Kantayya, 2020). We study content moderation from the perspective of a bystander,
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because the technical progress made toward automated content moderation may be
meaningless if the user community questions the justice and fairness of moderation.
Increased perceptions of justice and fairness have been shown to reduce future norm
violations on social media platforms (Tyler et al., 2021), while messages from the plat-
forms themselves can increase these perceptions. Even if users are not involved in mod-
eration processes directly, perceiving the moderation of other users’ content as fair
should still reduce deviant behavior through social learning (Bandura, 2005) and may
increase bystander intervention to enforce norms (Naab et al., 2016).

Users want content moderation (da Silva, 2015), but they may also perceive it nega-
tively (Myers West, 2018; Suzor et al., 2019). We argue that it is essential to understand
better what factors play a role in user support for different types of moderation. Our
study examines the interplay of three factors that have not yet been studied together:
moderator type (human vs Al [artificial intelligence]), explanation for content removal
(no reason for removal vs presenting general community guidelines vs giving specific
removal reason), and type of content (hate speech vs profanity). We examine the influ-
ence of these factors on five outcomes related to organizational justice. For a stringent
test, we conduct preregistered (https://osf.io/2n7d5/?view_only=d029d9{fa05248183ee
b9e67717a8da) online between-subjects experiments in three countries with a represent-
ative sample (N=2870).

The findings from this study contribute new knowledge on algorithmic aversion
(Dietvorst et al., 2015) and hate speech while also offering practical recommendations
for online content managers. Furthermore, the comparison of European (Netherlands and
Portugal) and North American (United States) samples allows us to present findings
beyond a single cultural and legal context, although generalizations are still conditioned
by the fact that we are looking at a specific type of moderation, one that is managed by
the platforms themselves and situated in specifically national and historical contexts.

Assessing content moderation

Despite early optimism that the Internet could be a new public sphere (Papacharissi,
2002), it soon became apparent that online spaces often devolved into wastelands of
toxicity unless content was moderated (Goodman and Cherubini, 2013). While content
moderation is widespread, many questions surround its implementation. Although web-
sites publish community guidelines to clarify moderation processes, users are still often
frustrated with the process and outcome of content moderation (Myers West, 2018).
Furthermore, when Al is used, accountability mechanisms are less clear, and algorithms
are disproportionally penalized for mistakes in user perceptions when compared to
humans (Dietvorst et al., 2015).

While many studies on algorithmic aversion often frame the problem as a matter of
user preferences or perceptions of accuracy (see Castelo et al., 2019), content moderation
involves different facets that cannot be subsumed under a single construct. In the face of
this complexity, the concept of organizational justice is an adequate starting point because
it describes how people perceive the fairness of decisions that involve them (Colquitt,
2001; Lee, 2018). Moderators and users always interact in the framework of an organiza-
tion, be it a social media website like Facebook or a news outlet. Organizational justice
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is useful to tackle the multiple dimensions of content moderation because it encompasses
distributive justice, procedural justice, and interactional justice (Colquitt et al., 2005).
Rather than focusing on a single form of organizational justice, we position this work in
the integrative wave of organizational justice research (Colquitt et al., 2005: 35), assess-
ing five indicators that relate the different forms of organizational justice: outcome fair-
ness, procedural fairness, transparency, legitimacy, and trust. These concepts capture
how justice is perceived by bystanders within the organization, specifically perceptions
of how others’ content is moderated. While some of the concepts have been shown to be
theoretically and empirically related, they, nevertheless, correspond to different dimen-
sions of content moderation. This allows us to explore nuances that might have been
missed by studies that examined only one or two constructs or a single understanding of
organizational justice.

Traditionally, the idea of justice branches into procedural fairness and outcome fair-
ness. Outcome fairness concerns perceptions regarding how just the results, conse-
quences, and their distributions are. In contrast, a process may be perceived as fair if it
includes the affected people in the process, upholds ethical and moral standards, ensures
impartiality and consistency of decision-making, and provides the possibility of correct-
ing the process (Colquitt, 2001; Otting and Maier, 2018). While a fair process increases
the likelihood that the outcome will also be perceived as fair, these are distinct concepts
and dimensions.

Other concepts to consider for moderation are legitimacy and trust, because they per-
tain to whether people perceive the moderator as having the authority to delete content.
Legitimacy is defined as the acceptance of an entity as having the right to make decisions
that impact oneself and feeling obligated to follow these decisions (van Dijke et al.,
2010). A legitimate moderator is perceived as having the right to make decisions about
user content, and users accept the moderator’s decisions (Tyler, 2006; van der Toorn
et al., 2011). Trust is the conviction that an authority possesses integrity, honesty, and
benevolence that render it trustworthy, so it is not perceived as exploitive (Rawlins,
2008).

Finally, in line with the fairness, accountability, transparency (FAT) framework for
content moderation, we consider perceptions of transparency (Jhaver et al., 2019c).
Transparency requires that an organization provide information about its actions that are
“truthful, substantial and useful,” so that the organization can be held accountable
(Rawlins, 2008: 74). Suzor et al. (2019) emphasize the need for meaningful transparency
for content moderation, such as providing sufficient explanations for why content was
removed to strengthen users’ trust in moderation and to ensure accountability of modera-
tors and platforms.

Hate speech and profanity

Of aversive content posted online, hate speech has been of particular concern to plat-
forms (Facebook, 2020), policymakers (European Commission, 2020), and scholars
(Brown, 2017; Erjavec and Kovaci¢, 2012) because of its frequency online and negative
consequences (Soral et al., 2018). Defining hate speech poses challenges because of dif-
ferences in social and legal contexts.
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The European Commission against Racism and Intolerance (ECRI; 2016), for exam-
ple, defines hate speech as

the use of one or more particular forms of expression—namely, the advocacy, promotion or
incitement of the denigration, hatred or vilification of a person or group of persons, as well any
harassment, insult, negative stereotyping, stigmatization or threat of such person or persons and
any justification of all these forms of expression. (p. 16)

The definition excludes expressions that merely distress, hurt, or offend because hate
speech is much more than mere dislike or bias and it tends to be discriminatory, abusive,
and hostile in nature (Richardson-Self, 2018; SELMA, 2019). In contrast, US law does
not outlaw hate speech, and courts have repeatedly ruled that it is constitutionally pro-
tected speech.

However, the US Constitution does not prohibit private businesses from limiting speech.
Online platforms can enforce their own definitions of hate speech when deciding whether
to remove content (Gagliardone, 2019). Facebook, for instance, defines it as “a direct
attack on people based on what we call protected characteristics” (Facebook, 2020: n.p.).

Faced with the challenge of defining hate speech in our study in different national con-
texts, we focus on the two characteristics that are more consistent across contexts: (1) hate
speech targets vulnerable or protected groups, and (2) hate speech implies serious and
discriminative expressions against that group. It is noteworthy that the concept of protected
groups exists in the United States, even though there is no legal concept of hate speech.

While scholars, platforms, and policymakers see hate speech as a particularly prob-
lematic form of online content, it is unclear whether users share this understanding and
distinguish it from other forms of antagonistic content, such as profanity. Profanity is
more frequent online than hate speech (Chen, 2017; Coe et al., 2014) and people readily
identify it as aversive (Kenski et al., 2017; Muddiman and Stroud, 2017). Yet, profanity
implies poor manners rather than threats to democracy and its basic principles
(Papacharissi, 2004). Because hate speech is universally considered more harmful than
profanity, it seems plausible that people would see efforts to moderate hate speech as
fairer than efforts to moderate profanity. However, it is also possible that users would
consider efforts to moderate profanity as fairer, because profanity is immediately notice-
able as aversive (Kenski et al., 2017) while hate speech is open to interpretation based on
context (Roussos and Dovidio, 2018). Due to the lack of a clear argument for directional-
ity and the importance of context, H1 is put forward as a non-directional hypothesis:

H]I. There are differences in perceived procedural fairness (H1a) and outcome fair-
ness (H1b) between the removal of hate speech and the removal of profanity
content.

Algorithmic aversion

While machine-learning approaches outperform human judgment in many situations,
there is still an implicit tendency for individuals to prefer human decisions or advice.
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This preference has been labeled as algorithm aversion (Dietvorst et al., 2015), and it has
been verified in different domains, such as medicine (Longoni et al., 2019) and employee
recruitment (Diab et al., 2011), among others. Despite evidence for algorithm aversion
(see Burton et al., 2020, for a review), some studies show that people prefer algorithmic
judgments (Logg et al., 2019) when the focus is on decision-making and assessing out-
comes. In particular, recent work on perceptions of Al focuses on fairness as the key
metric to assess attitudes toward decision-makers (Helberger et al., 2020):

H?2. There are differences in perceived procedural fairness (H2a) and outcome fair-
ness (H2b) of content removal between human and algorithmic moderators.

Despite diverse findings regarding the assessment of algorithmic and human judg-
ments, algorithms are consistently seen as underperforming when compared to humans
in certain tasks. People penalize algorithms disproportionally for making mistakes
(Dietvorst et al., 2015). As a relatively new mechanism in content moderation, AI mod-
erators, therefore, may lack the legitimacy and trust that people assign to their more
familiar human counterparts. Furthermore, because algorithms operate behind the scenes,
their black box nature makes perceptions of transparency particularly important (Shin
and Park, 2019).

H3. Algorithmic moderators are perceived as less trustworthy (H3a), transparent
(H3D), and legitimate (H3c) than human moderators.

One key idea that underlies algorithm appreciation or aversion is task dependency,
which refers to the characteristics of a given task and, in particular, the degree to which
a task is seen as requiring subjective or objective reasoning (Castelo et al., 2019; Lee,
2018). While content moderation at first may appear as a single task, different types of
content require moderators to employ distinct interpretative frameworks. For example,
because profanity and hate speech are conceptually different, moderation decisions may
draw on different abilities and resources. Because characteristics of profanity are explicit,
literal, and independent of context (Kenski et al., 2017; Muddiman and Stroud, 2017),
profanity can unambiguously be classified as such and filtered. In contrast, hate speech
can also be implicit but does not have to be literal and, thus, cannot always be identified
through specific keywords, making it highly context dependent. Deciding whether a post
contains hate speech, therefore, demands a more nuanced reading and empathy for the
protected group being targeted by a post. This suggests a level of subjectivity and a moral
dimension (Lee, 2018) in hate speech moderation that aligns more readily with skills
associated with humans, than algorithms.

These task characteristics have consequences for perceptions of the fairness of and
trust in decision-makers (Lee, 2018). It can, thus, be assumed that perceptions of fairness
and legitimacy as well as trust in a moderator vary with the type of content that is being
scrutinized. Using this reasoning, algorithms would be preferred for objective tasks, such
as recognizing and filtering profanity, and human moderators would be preferred for
subjective tasks, that is, recognizing and removing hate speech. Based on these
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assumptions, we hypothesize the following interaction effect, positing that the type of
content influences the differences in perceptions of human and algorithmic moderators:

H4. The effect of moderator type depends on the type of content being moderated,
such that human moderation is perceived as more trustworthy (H4a) and legitimate
(H4b) and as having more procedural fairness (H4c) and outcome fairness (H4d)
when removing hate speech when compared to removing profanity.

Within the scope of algorithm aversion and appreciation, it should be considered that
the ways in which Al is framed within national discourses may have an impact on how it
its perceived. For instance, watching science fiction movies with Al weapon systems
impacts support for autonomous weapons (Young and Carpenter, 2018). While it is clear
that national differences must exist in how Al is framed within each of the countries in
our study, we do not have information that would allow us to formulate expectations
regarding specific country differences in perceptions. Data from the Eurobarometer
(European Commission, 2019) on Al show that both the Portuguese and the Dutch are
among those in Europe who agree the most that Al should be used for safety and security.
Similarly, the percentage of respondents in the United States who believe that Al requires
careful management is similar to the EU (European Union) average (Zhang and Dafoe,
2019). Considering that no unambiguous differences in attitudes toward Al can be found
for the countries in our study, we focus our analytical strategy in testing whether effects
hold across these national contexts rather than hypothesizing that effects are moderated
by country.

Moderation messages

When handling hateful content online, moderation messages matter. Users often feel frus-
trated and confused because they do not understand or agree with the reasons why content
was removed (Jhaver et al., 2019a). Even if bystanders agree with the need for content
moderation (Masip et al., 2019; da Silva, 2015), lack of transparency and engagement
may lead to myths and misconceptions regarding how content is handled by moderators
(Suzor et al., 2019; Myers West, 2018). Users who participate in an online forum may
suddenly witness a situation where content they were engaging with disappears. While the
user who submitted the offending content may receive some explanation for its removal,
other users are often simply confronted with a general message: “This comment was
removed by a moderator because it didn’t abide by our community standards” (example
retrieved from The Guardian). The lack of specific information may in turn result in mis-
conceptions and lack of support for moderation from these bystanders.

One answer to mitigate backfire effects of content moderation is to provide meaning-
ful moderation messages to users. Giving additional information not only equates to
more transparency, but previous studies suggest that it may increase perceptions of fair-
ness (Jhaver et al., 2019a). As such, we expect that increasing the amount of information
in a custom moderation message, indicating the specific reason why content was
removed, will increase perceptions of fairness and transparency:
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H5. Custom messages for content removal are perceived as having more transparency
(H5a), procedural fairness (H5b), and outcome fairness (H5c), when compared to the
no information condition.

In addition to the direct effect of providing information about content removal, we
also expect to find interaction effects between our conditions. As mentioned above, mod-
erating hate speech requires more contextual knowledge and is seen as more subjective
(Lee, 2018). We, therefore, assume that hate speech content also increases the need for
an explanation of why the content was removed:

HG6. The positive effect of providing a custom message compared to no information on
transparency (H6a), procedural fairness (H6b), and outcome fairness (H6c) is stronger
for hate speech than for profanity.

Regarding the interaction between moderator type and explanations, previous research
has found that the source of the explanation had no impact on the future behavior of users
who have had their content removed (Jhaver et al., 2019¢). However, different results
could occur when we consider perceptions rather than behavior as a dependent variable
and when no explanation is provided. Based on the argument that algorithms are black
boxes and generally less understandable for users than another person’s reasoning, we
assume providing a reason as to why the content was removed will have a more positive
impact for an algorithm than for a human moderator:

H7. The positive effect of providing a custom message compared to no information on
transparency (H7a), procedural fairness (H7b), and outcome fairness (H7c) is stronger
for the algorithmic moderator than for the human moderator.

Finally, we also test the common scenario of online platforms presenting a general
moderation message that directs users to a community guidelines, policy or standards
page. This approach provides more information than a simple content-removal message
but only if the user is willing to visit the community guidelines. On the contrary, not
indicating the specific reason for content removal opens the possibility for differing
interpretations. While we expect that the general message condition will perform some-
where in the middle when compared with the remaining two explanations for removal
conditions, we, nonetheless, ask the following research question:

RQI. Are user perceptions of a general moderation message (i.e. a reference to the
community guidelines) more similar to perceptions of a custom message (specific
explanation for the content removal) or to perceptions of receiving no explanatory
message (no further explanation for the content removal)?

Table 1 summarizes the hypothesized relationships. All hypotheses were preregis-
tered, and decisions on directionality and dependent variable selection are grounded on
the previous literature.



Gongalves et al. 9

Table I. Research design.

Hypothesis Independent variable Directionality Dependent variable
HI Hate speech (ref. +/- Procedural fairness (Hla)
cat. = Profanity) Outcome fairness (H1b)
H2 Human (ref. cat. = Al) +/- Procedural fairness (H2a)
Outcome fairness (H2b)
H3 Human (ref. cat. = Al) + Trust (H3a)

Transparency (H3b)
Legitimacy (H3c)

H4 Human (ref. + Trust (H4a)

cat. = Al) XHate speech Legitimacy (H4b)

(ref. cat. =Profanity) Procedural fairness (H4c)

Outcome fairness (H4d)

H5 Specific information + Transparency (H5a)

(ref. cat.=No Procedural fairness (H5b)

information) Outcome fairness (H5c)
Hé Specific information + Transparency (H6a)

(ref. cat.=No Procedural fairness (Héb)

information) X Outcome fairness (Héc)

Hate speech (ref.
cat. = Profanity)

H7 Specific information - Transparency (H7a)
(ref. cat.=No Procedural fairness (H7b)
information) X Outcome fairness (H7c)

Human (ref. cat. = Al)
Control variables
Country (ref.cat.=USA)
Agreement with post
Attitudes toward immigrants

Al: artificial intelligence.

Method

This study was preregistered prior to data collection at OSF: https://osf.i0/2n7d5/?view
only=d029d9{fa052481f83eeb9e67717a8da. It was approved by institutional review
boards both in Europe and in the United States.

The study consists of an online between-subjects experiment targeting residents in the
United States, the Netherlands, and Portugal, with data collected in April 2020.
Participants were recruited from an Internet panel from Dynata. The final sample
(n=2870) was representative of the Internet users in each country for age, gender, educa-
tion, and race/ethnicity.> Details on the sample for each country are provided in
Supplemental Appendix 3. Studying different national contexts is relevant because
approaches on hate speech differ substantially in US and EU law (Bleich, 2014). In addi-
tion, even within the EU, countries are not homogeneous, underscoring the need to com-
pare the Netherlands with Portugal to assess robustness across context. For example, in
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Portugal censorship was common during the dictatorship that ended in 1974, and there
are strong reactions to limiting speech, so residents there may perceive content modera-
tion differently than in the Netherlands. In a similar way, understandings and discourses
surrounding Al may vary with national contexts as well.

Stimuli, design, and procedures

The stimuli for our study consists of two parts: a social media post with a short text with
offensive content (either profanity or hate speech) and a content-removal message. A
total of 10 messages (five profane and five hate speech) were pretested (n=304) in the
three countries in our study. Two messages were selected for the final stimuli based on
their perceived levels of profaneness and hatefulness, aiming at differentiating the two
conditions as much as possible, that is, the hate speech message should be perceived as
hateful but not profane and vice versa.* Messages were translated and adapted to their
respective contexts. For instance, the hate speech message targeted Mexicans in the
United States, Brazilians in Portugal, and foreigners in the Netherlands, to enhance the
external validity of the study by referencing groups that are prominent targets of hate
speech in each country. The post was edited to mimic the popular online discussion tem-
plate Disqus, with the prompt referencing a “post in a social media platform.” Because
this template is used in diverse discussion spaces, we ensure that our results are not
impacted by preconceptions that participants may have toward popular platforms, such
as Facebook or Twitter. While not disclosing a specific platform limits the external valid-
ity of our findings, insofar that perceptions of moderation are always conditioned by the
platform where they take place, it allows us to measure baseline effects that could be
influential across contexts.

Our experiment followed a 2 (profanity vs hate speech) X 2 (algorithm vs human
moderator) X 3 (explanation for removal level of detail) design. Participants first saw a
hate speech or profane message and were told that the message was posted on a social
media site. They were then shown a message stating that the content had been removed,
along with a blurred version of the previous post to remove any ambiguity as to what
content the message was referring to (see Supplemental Appendix 2). Our stimuli design
aims to mimic a situation that a frequent user of an online discussion platform with a
post-moderation policy might encounter, where upon revisiting a particular discussion
later in time they might find that offending content has been removed. The content
removal message informs the participant that the social media post was removed because
it breached the platform’s community guidelines, disclosing the moderator as human or
algorithm. To enhance the strength of our moderator manipulation, both the human mod-
erator (John/Joost/Pedro) and the algorithm (ModerHate) were named. We decided to
present the human moderator as being a part of the platform’s content moderation team,
rather than a volunteer moderator, to mimic the practices of some major social media
platforms like Facebook and Twitter. Although we acknowledge that some platforms,
like Reddit and Discord, are primarily moderated by volunteers, we address the implica-
tions of this distinction further in the “Discussion” section. The moderation message was
manipulated to disclose varying degrees of information to the user: stating that the con-
tent was removed because it violated the platform’s rules (no information condition);
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directing the user to the actual community guidelines, with a working link to these guide-
lines (general message condition); or disclosing the specific reason (profanity or hate
speech) why the content was removed (custom message condition). After exposure to the
message, questions related to the dependent variables followed, with control variable,
demographic, and manipulation checks at the end of the survey.

Random assignment was successful, with no significant differences across conditions
in terms of age, gender, race/ethnicity, and education. Manipulation checks also indicate
that our manipulations of moderator type, x*(3, N=2817)=832.25, p<.001, and mes-
sage type y%(4, N=2739)=519.68, p <.001, were successful.

Measures

Scales were adjusted to seven-point scales with answer options ranging from completely
disagree to completely agree. We used confirmatory factor analysis (CFA) to validate the
structure of our data. The measurement model displayed adequate fit considering the
sample size: root mean square error of approximation (RMSEA)=0.069 (90% confi-
denceinterval [CI]=[0.067,0.071]) and comparative fitindex (CF1)=0.954 (¥>=3261.79,
df=242, p<.001). After reliability checks, the measurement model was integrated in the
structural model described in the “Results” section. Some of the study researchers are
fluent in all three languages (English, Dutch, and Portuguese) and translated stimuli and
questions. Although latent variables were used in the final model, means and standard
deviations of averaged items are presented below for context.

Outcome fairness: Based on Colquitt (2001), we used four items to assess partici-
pant’s perceptions of outcome fairness (e.g. “The moderator’s decision is appropriate in
regard to the post” and “I think it was fair to remove the post.”) (M=5.45; SD=1.69;
a=.96).

Procedural fairness: Drawing from Colquitt (2001) and Koper et al. (1993), we used
five statements to assess perception of the fairness of the moderation process (e.g. “The
moderation process has followed ethical and moral standards.”) (M=5.43; SD=1.41;
a=.93).

Legitimacy: We adapted a legitimacy scale from van der Toorn et al. (2011), using five
statements to measure the legitimacy of the moderator and their content moderation
practices (e.g. “The moderator has the right to evaluate posts that users make on this
social networking site.”) (M=5.16; SD=1.29; a.=.86).

Transparency: Transparency was assessed by adapting and using the scores of five
items drawn from Rawlins (2008) to measure how transparent the participants consid-
ered the moderation process to be (e.g. “Users like me are provided with detailed infor-
mation to understand the removal of the post.”) (M=5.03; SD=1.49; o = .95).

Trust: Our five-item scale for trust was adapted from Rawlins (2008) and Ohanian
(1990). The items aimed to capture the extent to which participants trusted the moderator
(e.g. “I think the moderator is honest when evaluating posts on this social networking
site.”) (M=5.27; SD=1.29; a.=.92)

Attitudes toward immigrants: Because our hate speech condition directs offensive
comments at immigrants, it was important to control for this factor. To ensure a robust
six-item scale to measure these attitudes, two items were drawn from Pew Research



12 new media & society 00(0)

Table 2. Model fit statistics.

Model | Model 2 Model 3 Model 4
RMSEA [90% ClI] .05 [.05, .05] .05 [.05, .05] .05 [.05, .05] .05 [.04, .05]
CFI .95 .95 .95 95
SRMR .03 .03 .03 .02
e 3453.74%F* 3769.0 ¥ 3839.75%** 3971.45%+*
df 413 45| 489 641
AIC 174,750.21 174,567.64 172,565.236 172,601.38

RMSEA: root mean square error of approximation; CFl: comparative fit index; SRMR: standardized root
mean residual; AIC: Akaike information criterion.

Model I: Experimental conditions and interactions between conditions.

Model 2: Experimental conditions, interactions between conditions, and country control.

Model 3: Experimental conditions, interactions between conditions, and all controls.

Model 4: Experimental conditions, interactions between conditions, all controls, and interaction between
country and conditions.

kD <001,

Center polling (Jones, 2019), two from the American National Election Studies, and two
from Gallup polling. Three of the items are reversed, and the statements were adapted for
each national context (e.g. “American identity, norms and values have been enriched
thanks to the presence of immigrants.”) (M=4.29; SD=1.36; a=.92)

Agreement with post: Because people who agree with a post would be less likely to
support its removal, we also controlled for this in our models. Agreement was measured
by asking participants how much they agreed with the social media post (M=3.33;
SD=2.09).

Model selection

To test the hypotheses, we used structural equation modeling (SEM) with the lavaan
(Rosseel, 2012) package in R. SEM tackles the complexity of our research design while
allowing us to integrate the analyses in a single research model. The latent dependent
variables were included in the model as specified in the measurement model (see
Supplemental Appendix 1 for details), while items on attitudes toward immigrants were
averaged before their inclusion in the model.

Theoretically, we expected that control variables would improve our model. Country
differences, attitudes toward immigrants, and agreement with the post should all have an
impact on our dependent variables. However, we did not hypothesize interactions
between our experimental conditions and controls because we did not have specific
expectations that the effect of our manipulations would depend on country and attitudes.
Empirically, we compared four different model specifications to assess whether adding
our control variables was justified (comparing Models 2 and 3 with Model 1), and
whether adding country interactions would result in an improved fit. Table 2 indicates
that model fit statistics support our theoretical expectations. There are no meaningful
differences in fit statistics between the four models, but the Akaike information criterion
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Table 3. Structural equation model.

Qutcome fairness  Procedural fairness Legitimacy Transparency Trust
Hate speech 0.92 (0.1 1)*** 0.59 (0.10)*** 0.45 (0.10)*** 0.37 (0.11)** 0.29 (0.09)**
Human -0.02 (.11) -0.06 (.10) 0.02 (.10) =0.35 (.1 1)** -0.07 (.09)
General message -0.28 (0.12)* -0.17 (0.10) -0.16 (0.10) 0.04 (0.11) -0.26 (0.10)**
Custom message -0.05 (0.12) 0.03 (0.10) 0.01 (0.10) 0.41 (0.11y** —0.08 (0.10)
Hate speech X human -0.05 (0.11) -0.02 (0.10) -0.05 (0.10) 0.18 (0.11) 0.04 (0.09)
General message X human  0.29 (0.14)* 0.20 (0.12) 0.18 (0.12) 0.28 (0.13)* 0.19 (0.11)
Custom message X human ~ 0.22 (.14) 0.19 (.12) 0.13 (.12) 0.33 (.13)* 0.24 (.1 1)*
Hate speech X general -0.00 (0.14) -0.01 (0.12) 0.04 (0.12) 0.12 (0.13) 0.18 (0.11)
message
Hate speech X custom -0.06 (0.14) =0.11 (0.12) -0.00 (0.12) -0.09 (0.13) 0.05 (0.11)
message
Agreement with post =0.13 (0.01)*#* =0.10 (0.01)*#* -0.08 (0.01)*  —0.04 (0.01)**  —0.06 (0.01)*¥*
Attitudes immigrants 0.18 (0.02)*** 0.16 (0.02)*** 0.13 (0.02)*#* 0.12 (0.02)***  0.13 (0.02)***
Netherlands 0.34 (0.07)*** 0.30 (0.06)*** 0.33 (0.06)**  —0.12 (0.07) 0.28 (0.06)***
Portugal 0.67 (0.07)*** 0.61 (0.06)*** 0.41 (0.06)*** 0.20 (0.07)** 0.52 (0.06)***

Al: artificial intelligence.

Values in each cell are presented as unstandardized estimate (standard error).

Reference category for hate speech is profanity, reference category for human is Al, reference category for general and
custom message is no information, and reference category for country is the United States.

Ep <001, ¥p < .01, *p < .05.

(AIC) suggests that Model 3, having the experimental conditions, interactions between
conditions and controls as predictors for our five dependent variables, is superior. Fit
statistics indicated an adequate fit of the model to our data: RMSEA=0.051 (90%
CI=[0.050, 0.053]) and CFI=0.950 (x>=3839.75, df=489, p<.001), even though the
chi-square test is significant due to our large sample size.’

Results

While SEM models are usually represented visually, the size and complexity of our
model make it easier to display the results in a tabular form (Table 3). In support of H1,
which predicted differences in perceived procedural fairness (1) and outcome fairness
(2) between removal of hate speech and profanity content, we see that the type of content
being moderated has an impact on both dependent variables. In fact, outcome fairness
(US AM=1.24; NL AM=1.13; PT AM=0.80, all p<<.001) and procedural fairness (US
AM=0.84; NL AM=0.71; PT AM=0.49, all p <.001) are consistently higher on the hate
speech condition for all three countries.

In contrast, there were no significant differences in outcome or procedural fairness
between the two forms of human and algorithmic moderation tested in our study, thus
rejecting H2. Addressing H3, which predicted that algorithmic moderators would be per-
ceived as (a) less trustworthy, (b) transparent, and (c) legitimate than human moderators,
we found no significant effects of moderator type on legitimacy and trust. However, for
H3b, we found the opposite effect of what we predicted: The algorithmic moderator was
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rated as more transparent than the human moderator (B=-.35, p=.001), not less. H3 is
rejected.

H4 predicted an interaction between content type and moderator type, such that
humans are seen as more just when removing hate speech. However, as shown in Table
3, none of the interaction terms involving content type was significant. This means that
although there was a direct effect of content type on our dependent variables, this varia-
ble did not condition participants’ preference for a human or algorithmic moderator, at
least in the form of moderation tested in our experiment. Thus, H4 is rejected.

HS5 stated that custom messages for content removal have higher procedural fairness
(H5a), outcome fairness (H5b), and transparency (H5c), when compared to the no infor-
mation condition. It is also related to content removal explanations. RQ1 asked whether
user perceptions of general moderation message were closer to a custom message or to
receiving no information in the message. Regarding HS, a custom message, indicating
the specific reason why content was removed, only performed better than a no informa-
tion message in terms of transparency. Therefore, the data support H5c, but H5a and H5b
are rejected. Regarding RQ1, it is interesting to note that a general message, represented
by the common practice of directing the users to community guidelines, is outperformed
in terms of outcome fairness and trust by the no information condition. When probing the
significant interaction term for outcome fairness between the general message and the
moderator type conditions, we see that the low performance of the general message con-
dition happens mostly in the Al condition.

H6 posited that that there would be an interaction between message type and content
type, such that an explanation would have a stronger positive impact on fairness when
removing hate speech when compared to profanity. As mentioned, none of the interac-
tion terms containing the content type condition were significant, meaning that H6 is
rejected. In turn, H7 hypothesized a significant interaction effect for the moderator type
and message type conditions, such that algorithms would benefit more from the effect of
providing a custom message. Table 3 shows a significant interaction effect for transpar-
ency in this regard, illustrated through the estimated marginal means in Figure 1.
However, as shown by the estimated marginal means, providing a custom message ben-
efits the transparency of a human moderator more than an algorithmic moderator, par-
ticularly when compared to the no information condition. This goes against our initial
expectation of Al benefiting more from additional information, and it means that H7 is
rejected.

Finally, even though we tested a specific form of moderation, it should be noted that
the conclusions drawn are robust across different countries. Not only did Model 4 (with
country interactions) have worse fit statistics, but also most interaction effects between
experimental conditions and country were nonsignificant. The only exception was the
interaction between Portugal and the hate speech condition, which had a significant neg-
ative effect on outcome fairness (B=—36, p=.011), procedural fairness (B=-.29,
p=.015), and legitimacy (B=—.36, p=.002). This is in line with the results from our
pretest, which indicated that the distinction between profanity and hate speech is less
clear for the Portuguese.
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Figure |. Estimated marginal means for transparency.
Values for attitude toward immigrants held constant at 4.29 and values for agreement with post held con-
stant at 3.33.

Discussion

We explored how different factors affect perceptions of online content moderation and
whether these effects were robust across countries. By doing so, our findings contribute
to theories on algorithmic aversion (Dietvorst et al., 2015) and hate speech processing
(Kenski et al., 2017), and provide practical insights into online platforms for handling
hate speech and profanity.

Concerning algorithmic aversion, our study shows that there are significant differ-
ences in terms of how individuals perceive the forms of human and Al moderation tested
by our experiment, but these differences are far from linear. While previous studies sug-
gested that the type of task influences how people perceive algorithms (Castelo et al.,
2019), our study concludes that the type of content being deleted (profanity vs hate
speech) has no effect on perceptions of Al moderators. Our findings suggest that it is
likely that bystanders to content moderation see it as a single task, and do not believe that
humans or algorithms are more suitable to moderate specific types of content in settings
similar to our experiment. While our stimuli exposed participants to a situation that is
commonly encountered online, it should be noted that differences between moderator
types may emerge in contexts where the outcome is uncertain or unknown, unlike our
setting where a decision was presented to participants. Studies on algorithmic aversion
have shown that the actual performance of an algorithm is key to perceptions (Castelo
et al., 2019; Dietvorst et al., 2015). Our study presented participants with a situation
where an algorithm correctly identified the presence of hate speech and profanity in a
text, which may have reinforced their beliefs of the capabilities of Al. While this is true
for all conditions, if the outcome were not known, it would be possible that participants
would show a preference toward one of the moderator types, since algorithms tend to be
penalized more heavily by mistakes. Likewise, it should be noted that, while these
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findings apply to bystanders, one should be cautious in generalizing these findings to
individuals who were personally subjected to moderation. Specifically, due to the third-
person effect (Davison, 1983), bystanders may be more inclined to act against objection-
able content than the publishers of the said content, a hypothesis that is supported by
findings regarding Internet pornography (Sun et al., 2008). This is especially relevant
considering studies that show how the third-person effect also applies to hate speech
perceptions (Guo and Johnson, 2020).

Although content type was not a significant moderator in this context, our findings
highlight how algorithmic perceptions depend on how a decision is communicated and
on the dependent variable being measured. For transparency, our study found evidence
for algorithmic appreciation, especially when no additional information on the decision
is given to the participant. While algorithms are generally assumed to be black boxes, no
previous algorithm aversion studies that we are aware of have transparency as a depend-
ent variable to verify this (Castelo et al., 2019). The fact that this difference only occurred
for the no information condition hints that, when provided with additional information
on why the decision was made, information supersedes moderator type and erodes dif-
ferences in perceived transparency. This finding aligns with the results from Jhaver et al.
(2019c¢), who found no differences in posting behavior between users who received con-
tent moderation explanations by algorithms or volunteer humans.

One important caveat regarding our findings on the role of human moderators is that our
study operationalized human moderation being enforced by a platform’s employee and not
by volunteer moderators, who are the focus of other studies on content moderation such as
the one referenced above (Jhaver et al., 2019c). Volunteer moderators may have more
autonomy regarding content deletion decisions, and research shows that their views on
transparency are not uniform (Juneja et al., 2020), which means that perceptions regarding
this type of moderation may also be distinct from what we encountered. In addition, volun-
teer moderators may have a relationship with community members that hired moderators
lack, influencing dimensions such as trust and legitimacy from those community members.
Regarding our operationalization of moderation, it should also be noted that while we
chose to clearly distinguish between human and Al moderation, actual practices, like
Reddit’s Automoderator (Jhaver et al., 2019b), may embody a collaboration between
human volunteers and Al tools, effectively introducing a hybrid type of content
moderation.

The importance of accounting for different dependent variables and information con-
ditions when assessing algorithm aversion is strengthened by our finding that Al has
lower outcome fairness than humans, when users are directed toward community guide-
lines. This difference is not unexpected because previous research indicates that algo-
rithmic aversion is partly due to the additional cognitive load required to follow
algorithmic advice when compared to humans (Burton et al., 2020). However, most
previous studies had different processes associated with following human or algorith-
mic advice, while our study kept the actual work required from the user consistent
(visiting the community guidelines). A plausible explanation for our finding, therefore,
lies in expectancy violation theory (Burgoon, 1993; Kizilcec, 2016). One key advantage
that algorithms seem to have related to human agents lies in their perceived personaliza-
tion (Eslami et al., 2018). However, sending a user to general guidelines disrupts that
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expectation of personalization, therefore, erasing the advantage that algorithms would
have in terms of outcome fairness.

Our study not only highlights how perceptions on moderators and moderation depend
on how decisions are communicated, but also that the direction of the effects is contin-
gent on the dependent variable that is measured. The opposite effects found in our study
illustrate why different scholars found evidence for both algorithm aversion (Dietvorst
et al., 2015) and appreciation (Logg et al., 2019), and why the discussion on perceptions
of Al is more complex than one agent simply outperforming the other.

Concerning the differences between deleting online hate speech and profanity, our
results show that deleting the former is clearly seen as more just. Like most findings in
our study, this difference is consistent across all three countries, despite distinct legal
frameworks. This is an encouraging finding because scholars (Papacharissi, 2004) tend
to see hate speech as more harmful for democracy than profane language. While hate
speech may be in the eye of the beholder (Roussos and Dovidio, 2018), users do make a
distinction between this type of content and other forms of harmful speech when assess-
ing what is permissible online.

While specific to the form of content moderation that was tested, our findings mean
that transitioning to Al-reliant content moderation systems does not necessarily come at
a cost to user perceptions, at least for bystanders to moderation. In fact, Al moderation
may be beneficial in terms of transparency when it is not feasible to provide users with
additional information about why content is removed. However, practitioners using Al
should be wary of sending users to a community guidelines page because this had detri-
mental consequences for how bystanders perceived the fairness of moderation. Due to
the severity of hate speech, any change in these outcomes, even if small and with limited
external validity, may be consequential. We believe community managers, platforms,
and policymakers should carefully consider any contextual factors that make the pres-
ence of hate speech online more acceptable. Finally, our results should be considered in
light of the social and historical contexts of each platform, since these can have a signifi-
cant impact on how users perceive moderation (Schoenebeck et al., 2020). While we
chose not to disclose any specific platform in our experiment, practitioners should also
reflect on the perceptions of their users and how previous interactions may condition
their engagement with moderation systems.

Limitations and future research

We examine participant perceptions regarding content removal from the perspective of a
bystander; therefore, while it is tempting to generalize these findings to those who per-
sonally have had their hateful or profane content removed, effects may be stronger, and
even distinct in directionality for these cases. However, operationalizing first-person
effects in a controlled between-subjects experimental setting with random assignment,
while possible, would have been particularly challenging due to external validity (i.e.
replicating the natural circumstances where participants would post hateful messages)
and ethical concerns (i.e. prompting participants to produce hate speech messages).
Nevertheless, we are encouraged by the fact that some of our findings, such as the lack
of difference in perceived transparency when explanations are given by humans and Al,
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are aligned with results that looked at behavior on actual platforms like Reddit (Jhaver
et al., 2019c). Furthermore, while online survey experiments on perceptions of the
removal of one’s own content may be difficult to operationalize, online field experiments
testing similar factors and perceptions are possible and yield relevant results (Marias and
Mou, 2018). In our case, the bystander perspective allows us to contribute to the litera-
ture on algorithmic aversion, by looking at perceptions of algorithms performing a task
that has been increasingly delegated to them. In addition, the success of content modera-
tion systems in curtailing the spread of online hate speech also depends on a general
support for these systems, which cannot be limited to users who had firsthand experience
with content deletion. Given the severity of the hateful content in our experiment, any
shifts in support for moderation in this instance should be considered carefully.

In addition, it is important to note that the results of this study, despite its cross-
national component, are time and context bound. As technical developments and popular
culture portrayals of Al develop, the way individuals perceive and relate to machine
learning is likely to change, including content management and moderation. However,
while work on algorithmic bias (Raji and Buolamwini, 2019) and documentaries such as
Coded Bias may eventually lead to changes in perceptions, this article provides not only
a relevant baseline for future longitudinal studies, but also contributes to unveiling some
of the theoretical mechanisms that may influence how perceptions and engagement with
Al content moderation develops.

Our findings regarding multiple dependent variables and the wording of moderation
explanations can be used by other scholars to further explore the nuances in algorithmic
aversion and appreciation in specific contexts and platforms. A research design that
incorporates mediation and causality, for instance, would be able to clarify the role of
transparency and trust have in perceptions of decision-making outcomes. Overall, even
though our study only tested a limited set of the many forms that content moderation can
take, our findings suggest that future research in this strand should consider the implica-
tions of dependent variable selection and wording of the stimuli.
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Notes

1. For instance, according to the Facebook Community Standards Enforcement Report for Q4,
less than 0.1% of posts are removed because of hate speech.

2. Race/ethnicity questions were not asked to the Portuguese since these are forbidden by the
Portuguese Constitution. In the Netherlands, the country of birth of the mother/father was
asked as proxy for race and ethnicity, since US categories do not translate well to this context.

3. Atotal of 4603 participants filled in the survey. Participants who did not answer (n=615) or
who failed the attention check (n=878), completed the survey in less than 48% of the median
duration (n=213), and straight-liners (n=27) were excluded from the analysis. This resulted
in a sample of 2870 participants, (#=902 in the United States; n=975 in the Netherlands; and
n=993 in Portugal).

4. Respondents were asked the extent to which each of 10 pretested messages contained profan-
ity or hate speech. The message selected for the profanity condition was rated as significantly
(» <.001) more profane (M=3.95) than the message for the hate speech condition (M=3.12).
Similarly, participants reported a significantly (» <.001) higher presence of hate speech for
the message of the hate speech condition (M=4.35) than for the message on the profanity
condition (M=3.66).

5. The only significant change in estimates between Model 3 and a model accounting for inter-
actions between the conditions and the control variables is that the negative effect of a gen-
eral message on procedural fairness is significant with p=.022. All other significance levels
(=.050) and effect directions for the experimental conditions and their interactions are
robust across models.
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