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A B S T R A C T

Social media platforms have been accused of spreading hate speech. The goal of this study is to
test the widespread belief that social media platforms have a high level of hate speech in the eyes
of survey respondents. Secondarily, the study also tests the idea that encountering perceived hate
speech is related to avoiding political talk. The study analyzes data from a two-wave online
survey (N=1493) conducted before and after the 2018 U.S. Midterm Elections, and it estimates
perceived exposure to hate speech across multiple venues: face-to-face, social media, mobile
messaging applications, and anonymous online message boards. Results show that (a) re-
spondents report higher levels of hate speech on social media in comparison to face-to-face
communication and (b) there is a positive relationship between perceived exposure to hate
speech and avoidance of political talk. Results are discussed in light of public conversations about
hate speech on social media.

1. Introduction

A recent Washington Post op-ed dubbed 2018 “the summer of hate speech,” illustrating the salience of the topic in the United
States (Downes, 2018). In recent years, a cultural debate about both the ethics and legality of limiting speech has raged, ranging from
protests on college campuses to individual bans from social media platforms. Social media platforms, including Facebook and Twitter
(Guiora & Park, 2017), as well as online anonymous message boards such as Reddit or 4Chan (Marwick & Lewis, 2015), have been
accused by media organizations (Gopalan, 2018; Lima, 2018) and scholars (Guiora & Park, 2017; Schmidt & Wiegand, 2017) of
exacerbating the spread of hate speech. In the wake of tragic events such as the Charlottesville, Virginia protests and the Pittsburgh
synagogue shooting, public conversations have turned toward reporting and preventing hate speech on social media platforms
(Carroll & Karpf, 2018), and what, if anything, can be done about it from a legal standpoint when it occurs (Peters, 2018).

The goal of this study is to test whether the widespread belief that social media platforms have a high level of hate speech is borne
out by survey respondents. Secondarily, the study also tests the idea that encountering hate speech (as it is perceived by the re-
spondent) is related to avoiding political talk. The study analyzes data from a two-wave online survey (N=1493) conducted before
and after the 2018 U.S. Midterm Elections, and it makes within-subjects comparisons of perceived exposure to hate speech across
multiple venues: face-to-face, social media, mobile messaging applications, and anonymous online message boards. The study relies
not on third-party observations of hate speech, but rather on the perceptions of social media users themselves (Costello, Hawdon,
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Ratliff, & Grantham, 2016; Cowan & Hodge, 1996; Leets, 2001). While there are certainly drawbacks to this approach, reliance on
self-reported perceptions also has its strengths, including: (1) recognition of the fact that there is no broadly accepted legal definition
of hate speech, which makes third-party observations difficult; (2) control of individual-level idiosyncrasies via within-subjects
comparisons, assuming that individuals consistently over- or underestimate hate speech across communication settings; and (3) the
value that studying perception adds to our understanding of the influence of communication on political behavior, regardless of
whether a given individual over- or underestimates their exposure to hate speech.

2. Literature review

2.1. Hate speech

From a legislative perspective, hate speech is notoriously difficult to define. In the United States, the First Amendment prohibits
any government interference with freedom of speech, thereby limiting legal provisions or remedies for punishing discriminatory
speech against disadvantaged groups or along lines of race/ethnicity, religion, sexual orientation, and disability (Walker, 1994). An
exception is defamation law, which seeks to balance protection of individuals’ reputations and the right to free speech (Weaver,
Kenyon, Partlett, & Walker, 2006). However, defamation law is also limited in its ability regulate hate speech that is not directed at
specific individuals or aimed toward causing reputational harm. Thus, hate speech does not, strictly speaking, have a legal definition.

Scholars, by contrast, have offered a variety of definitions for hate speech. For example, one popular definition in the commu-
nication literature says hate speech is “a bias-motivated, hostile, malicious speech aimed at a person or a group of people because of
some of their actual or perceived innate characteristics” (Cohen-Almagor, 2013, p. 43). While this definition emphasizes hostility
based on innate characteristics, other definitions take it farther to emphasize speech as violence. For example, one definition de-
scribes hate speech as “a mechanism of violent subornation” that encompasses fear, harassment, intimidation, and discrimination
(Lederer & Delgado, 1995). Other similar definitions highlight the potential for hate speech to incite and promote brutality and
violence in a wider circle of extremists (Lederer & Delgado, 1995; Levine, 2002; Meddaugh & Kay, 2009), or the psychological harm
that hate speech can cause to individuals in targeted groups (Calvert, 1997; Marwick & Lewis, 2015; Soral, Bilewicz & Winiewski,
2018). These approaches share some essential characteristics, including emphasis on expression that is discriminatory, intimidating,
disapproving, antagonistic, and/or prejudicial toward specific, usually disadvantaged, groups of people and/or topics that are re-
levant to those groups such as race/ethnicity, gender identity, sexual orientation, religion, and disability (Cohen-Almagor, 2013;
Lillian, 2007; Nemes, 2002). Additionally, these definitions conceptualize hate speech as having one of two goals: (a) conveying a
message to other likeminded extremists or (b) the intimidation of targeted groups.

2.2. Exposure to hate speech in various communication settings

Expression norms and network reach are two characteristics or affordances of communication settings are important for un-
derstanding whether hate speech gets expressed and who perceives it as such, and variation in these characteristics helps us to
develop theory about the settings in which the perception of hate speech is more or less likely to occur.

Expression norms shape how people approach political conversation and, ultimately, what gets said during those conversations
(Eliasoph, 1998), because particular tendencies emerge within groups or networks of individuals that largely dictate whether con-
troversial or vitriolic speech is acceptable (Barnidge, 2017). Publicness, anonymity, and group dynamics are three important factors
that shape these norms. Generally speaking, people feel more comfortable expressing controversial or hostile views when commu-
nication is less public (Cowan & Hodge, 1996), or when it is public-but-anonymous (Erjavec & Kovačič, 2012). Research shows that
anonymity has a “freeing” effect on expressing these views, particularly in online spaces (Davis, 1998; Chawki, 2009). Meanwhile,
specific groups can establish their own particular social norms, which may encourage or discourage certain kinds of speech (Eliasoph,
1998). Hate groups are the most prominent example of groups that establish norms that are accepting or encouraging of hate speech
(Duffy, 2003; Douglas, McGarty, Bliuc, & Lala, 2005).

The reach of communication is also an important factor to consider, primarily because it affects the likelihood that people will be
exposed to social and/or political difference (Barnidge, 2017; Brundidge, 2010), which makes it more likely that social identity
processes will result in the perception of hate speech (Leets, 2001). Larger communication networks tend to contain more weak ties,
who are more likely to express social and political difference (Brundidge, 2010). Exposure to political difference is relatively more
likely to prompt in-group identification and out-group differentiation (Huddy, 2001). Moreover, there are three reasons why these
social identity processes may result in the perception of hate speech (Leets, 2001). First, people who belong to targeted groups may
accept the negative self-image and stigmatization explicitly or implicitly communicated by hate speech. Second, individuals in
targeted groups may reject these negative images and stigmatizations, applying the label “hate speech” as a way of dismissing the
communication. Third, targeted groups may label communication as hate speech as a strategy for enhancing their group image as a
form of social mobility.

Predictions about the frequency with which people will perceive hate speech in various communication settings can be derived
from the logic outlined above. For face-to-face communication, social norms typically discourage hate speech in face-to-face con-
versation, where people generally seek common ground with discussion partners in an effort to reduce the potential for argument or
conflict (Conover, Searing & Crewe, 2002; Eliasoph, 1998). Therefore, unless it is clear that discussion partners will share the
expresser’s views, the structures that govern face-to-face conversation typically limit hate speech. Meanwhile, people tend to report
only a few discussion partners in face-to-face settings, with the most common type of discussant being spouses (Morey, Eveland, &
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Hutchens, 2012). Therefore, face-to-face conversation tends not to have a broad reach. Based on this logic, we would expect relatively
low levels of hate speech in face-to-face settings for the typical survey respondent.

By contrast, users of both social media and anonymous online message boards are more likely to perceive hate speech. Social
media generally promote expression (Barnidge, Huber, Gil de Zúñiga, & Liu, 2018; Halpern & Gibbs, 2013), and they also tend to
expand people’s communication networks and expose them to higher levels of political difference (Barnidge, 2017; Brundidge, 2010).
Meanwhile, message boards provide users with a high degree of anonymity (Davis, 1998), and they also tend to be ideologically
homogeneous (Wojcieszak & Mutz, 2009), which means that people may feel more comfortable expression hateful views. However,
message boards also have a broad reach (Wellman & Gulia, 1999), which means that individuals could be exposed to political
difference. Therefore, to the extent that message boards expose people to political and social difference, they might promote the
perception of hate speech. Based on this logic, we predict that respondents will report higher levels of hate speech in both social
media and anonymous online message boards.

H1: Social media users will (a) perceive more exposure to hate speech than non-users and (b) perceive more exposure to hate
speech in social media settings than in face-to-face settings.
H2: Anonymous online forum users will (a) perceive more exposure to hate speech than non-users and (b) perceive more exposure
to hate speech in anonymous online forums than in face-to-face settings.

Compared to social media and anonymous online message boards, communication via mobile messaging apps is more similar to
face-to-face communication in terms of both expression norms and reach. Mobile messaging tends to occur within a relatively small
circle of contacts with whom the expressers typically has an offline relationship (Kim, Kim, Kim, & Wang, 2017)—that is, people they
know “IRL.” While the insertion of technological space between discussants may, to a small extent, reduce the need to seek common
ground, the overriding tendency is to seek agreement and social harmony. Therefore, social norms do not necessarily encourage more
hate speech in mobile messaging apps than they do in face-to-face settings.

RQ1: Will mobile messaging app users (a) perceive more exposure to hate speech than non-users, and (b) perceive more exposure
to hate speech in mobile messaging apps than in face-to-face settings?

2.3. Avoidance of Political Talk

Exposure to extreme views in political discussions can potentially lead people to avoid political talk in the future (Eliasoph, 1998;
Wells et al., 2017). For example, Wells et al., (2017) found that (a) online media users employ technological features to avoid
exposure to disagreement, and (b) political discussants in face-to-face communication settings use civility and social norms to avoid
unwanted political talk. Many online and mobile media give people the ability to unfriend, unfollow, hide, or block specific in-
dividuals (John & Gal, 2018; Yang, Barnidge, & Rojas, 2017), which could reduce the likelihood that people encounter unwanted
speech in the future. Given that (perceived) exposure to hate speech could harm an individual’s sense of self-esteem and self-worth
(Calvert, 1997), these features of online/social media are an effective tool for digital-network disconnection when individuals en-
counter unwanted posts, including hate speech specifically aimed at disadvantaged groups. Thus, online and mobile media provide
mechanisms for the “post-hoc user filtration” (Yang et al., 2017) of unwanted content. While face-to-face settings do not provide
people with these same tools for preventing unwanted speech, research shows that people can reduce future exposure to such speech
simply by cutting off the conversation or changing the topic (Conover et al., 2002; Eliasoph, 1998; Wells et al., 2017). Thus, people
use a variety of context-specific strategies to avoid political talk with others who espouse unwanted views.

H3: Perceived exposure to hate speech will be positively related to avoidance of political talk.

3. Method

3.1. Sample and data

This study relies on a two-wave, online panel survey of adult internet users who are residents of the United States. The first wave
was collected between September 19–29, 2018, six weeks before the 2018 U.S. Midterm Elections, and the second wave was collected
during the month after the elections, between November 7 and December 5, 2018. The survey was administered by a private survey
firm, Survey Sampling International (SSI), which used quotas based on age, gender, race, and census region. The first survey wave has
a sample size of N= 1493 and a cooperation rate of 70% (AAPOR, 2016; CR3). The second survey wave has a sample size of N=576
and a 39% retention rate. The first-wave sample is broadly reflective of the population of interest (see Table 1 for demographics and
descriptive statistics for all variables).

3.2. Measures

3.2.1. Political talk avoidance.
The avoidance variables are based on recent research on the cessation of political talk (Wells et al., 2017). For face-to-face and

online settings, respondents were asked whether, in the last 12months, they have stopped talking politics with someone (1=Yes,
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0=No) because of hate speech. For social media and mobile messaging apps, respondents were asked this question, and they were
also asked whether they had (1) unfriended, (2) hidden, and (3) blocked and/or reported someone because of hate speech. These
items were summed.

3.2.2. Perceived exposure to hate speech.
Our measures of perceived hate speech exposure are based on prior research on hate speech that takes a perceptual approach

(Costello et al., 2016; Cowan & Hodge, 1996; Leets, 2001). For each of the four settings (face-to-face, social media, mobile messaging
apps, and anonymous online forum), respondents were asked “In the last 12months,” how often (1=Never, 7=Very often) they
“encounter or come across hate speech” about (1) people of a specific race or ethnicity, (2) people of a specific gender identity, (3)
people of a specific sexual orientation, and (4) people of a specific religion. The four items were averaged for each of the commu-
nication settings, and an overall item was also created.

3.2.3. Political talk
Based on prior literature (Eveland & Hively, 2009), we included three dimensions of political talk as control variables: political

talk network size, political talk frequency, and political talk diversity. We include a separate variable for each of the four commu-
nication settings included in the analysis: face-to-face, social media, mobile messaging apps, and anonymous online forums. Re-
spondents were first prompted: “From time to time, people talk with others about government, elections, politics, or the news.” They
were then asked to enumerate how many people with whom they have “talked about these subjects” in the past 12months in each of
the four communication settings. The items were capped at 200 to reduce skew. Next, respondents were asked how often (1=Never,
7=Very often) they talk about “government, elections, or politics” with (1) family members, (2) friends, (3) other coworkers or
classmates, and (4) other acquaintances in each of the four communication settings. The four items for each setting were averaged to
create four separate variables. Finally, respondents were asked how often they talk about “government, elections, or politics” with (1)

Table 1
Descriptive statistics for variables in the study.

Variable Name No. of Items Reliability Statistics Descriptive Statistics

Political Talk Avoidance Wave 2 10 Cronbach’s alpha= 0.91 M=1.02, SD=2.10
Political Talk Avoidance Wave 1 10 Cronbach’s alpha= 0.92 M=1.32, SD=2.40
Perceived Exposure to Hate Speech 16 Cronbach’s alpha= 0.99 M=2.37, SD=1.66
Face-to-Face 4 Cronbach’s alpha= 0.96 M=2.48, SD=1.78
Social Media 4 Cronbach’s alpha= 0.97 M=2.77, SD=2.04
Anonymous Online Forums 4 Cronbach’s alpha= 0.97 M=2.30, SD=1.85
Mobile Messaging Apps 4 Cronbach’s alpha= 0.97 M=2.23, SD=1.88

Political Talk Network Size
Face-to-Face 1 M=13.16, SD=24.82
Social Media 1 M=25.43, SD=117.64
Anonymous Online Forums 1 M=6.72, SD=53.29
Mobile Messaging Apps 1 M=6.02, SD=19.69

Political Talk Frequency
Face-to-Face 4 Cronbach’s alpha= 0.79 M=3.68, SD=1.53
Social Media 4 Cronbach’s alpha= 0.92 M=2.66, SD=1.83
Anonymous Online Forums 4 Cronbach’s alpha= 0.93 M=2.19, SD=1.68
Mobile Messaging Apps 4 Cronbach’s alpha= 0.91 M=2.61, SD=1.79

Political Talk Diversity
Face-to-Face 4 Cronbach’s alpha= 0.86 M=3.37, SD=1.66
Social Media 4 Cronbach’s alpha= 0.95 M=2.62, SD=1.87
Anonymous Online Forums 4 Cronbach’s alpha= 0.95 M=2.12, SD=1.67
Mobile Messaging Apps 4 Cronbach’s alpha= 0.94 M=2.43, SD=1.76

Traditional News Use 8 Cronbach’s alpha= 0.83 M=3.02, SD=1.28
Online News Use 4 Cronbach’s alpha= 0.88 M=2.76, SD=1.55
Social Media News Use 4 Cronbach’s alpha= 0.83 M=3.01, SD=1.64
Mobile Messaging App News Use 1 M=2.79, SD=2.08
Anonymous Online Forum News Use 1 M=2.01, SD=1.70
Conservative Ideology 3 Cronbach’s alpha= 0.95 M=6.33, SD=2.70
Ideological Extremity 3 Cronbach’s alpha= 0.95 M=2.09, SD=1.75
Conservative Party Identity 3 M= -0.15, SD=2.20
Strength of Party Identity 3 M=1.92, SD=1.08
Political Knowledge 6 M=4.74, SD=1.52
Political Efficacy 3 Cronbach’s alpha= 0.70 M=3.89, SD=1.19
Political Interest 3 Cronbach’s alpha= 0.89 M=4.35, SD=1.72
Age 1 M=48.39, SD=16.18
Gender 1 51% women
Race 1 77.2% white
Education 1 M=4.38, SD=1.71
Income 1 M=4.84, SD=2.14
Religious Affiliation 1 75% affiliated
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people on the left, (2) people on the right, (3) people who have very different political views, and (4) people who have similar
political views. For talk frequency and diversity, the four items for each setting were averaged to create four separate variables per
dimension.

3.2.4. News use
We also include five news use variables, which are based on prior literature (Gil de Zúñiga, Jung, & Valenzuela, 2012). Traditional

news use was measured with eight survey items. Respondents were asked how often (1=Never, 7= Several times a day), they use
national newspapers, local or regional newspapers, national news magazines, national news broadcasts, local news broadcasts, cable
television news, talk radio, and public radio. These eight items were averaged to create the final variable. Online news use was
measured with four survey items asking respondents how often they use online-only news sites or blogs, online sites for news
organizations, podcasts, and blogs. These four items were averaged. The social media news use item was based on four survey items
(averaged), which asked respondents how often they use social networking websites or apps, microblogging websites or apps, photo
sharing websites or apps, and video sharing websites or apps. Mobile messaging app news use was measured with a single survey item
asking respondents how often they use mobile message apps for news. Anonymous online forum news use was measured with a single
survey item asking respondents how often they use online message boards for news.

3.2.5. Political ideology
Based on prior literature (Garrett & Stroud 2014), political ideology was measured with three survey items asking respondents to

place themselves on an 11-point, L-R scale (1= Liberal, 5=Neutral, 11=Conservative) for social issues, economic issues, and
general ideology. These average of these three items was taken as the final variable. The political ideology scale was folded to create
an ideological extremity variable. Scores of 0 indicate moderate ideology, and 5 indicates extreme ideology.

3.2.6. Party identity
Three survey items, which were borrowed from the 2017 Annenberg National Election Study, were used to create the party

identity variable. The first asked respondents, “Generally speaking, do you usually think of yourself as a Democrat, a Republican, an
independent, or what?” Those who identified as Democrat or Republican were then directed to a second question asking them how
strong their identity is (Strong or Not that strong). Strong party identifiers were assigned a score of 3 (Republican) or−3 (Democrat),
while weak party identifiers were assigned a score of 2 or −2. Those who identified as independents or other were directed to a
different follow-up question, which asked “Even though you don’t identify with either major party, do you typically think or yourself
as closer to the Democratic Party or to the Republican Party?” Those who identified as party leaners were assigned scores of 1
(Republican) or −1 (Democrat), while those who responded “Neither” were assigned a score or 0 (Non-partisan). This method
resulted in a 7-point scale (−3=Strong Democrat, 0=Nonpartisan, 3= Strong Republican). To create a strength of party identity
variable, the above variable was folded so that 0=Non-partisan and 3= Strong partisan.

3.2.7. Political knowledge
Political knowledge was measured with six fact-based survey items derived from prior research (Delli Carpini & Keeter, 1996).

Correct answers were tallied, with a minimum score of 0 and a maximum score of 6.

3.2.8. Political efficacy
Political efficacy was measured with three items borrowed directly from prior research (Niemi, Craig, & Mattei, 1991). Re-

spondents were asked the extent to which they agree or disagree (1= Strongly disagree, 7= Strongly agree) that “People like me can
influence what local government does,” “I believe that the national government cares about what people like me think,” and “City
government responds to the initiatives of individuals.” These three items were averaged to create the final variable.

3.2.9. Political interest
Based on prior literature (Verba, Schlozman, & Brady, 1995), political interest was measured with three items asking respondents

how interested they are in local or regional politics, national politics, and international politics (1=Not at all, 7=Very). These
items were averaged to create the final variable (Cronbach’s alpha= 0.89, M=4.35, SD=1.72).

3.2.10. Demographics
Analyses also controlled for demographics, including age, gender, race, education (1= Some high school and 7=Post-graduate

degree), income (1= Less than $15,000 and 8=More than $150,000), and religious affiliation.

3.3. Analysis

First, the nearest-neighbor propensity-score matching technique was combined with ANOVA-by-regression to estimate mean
differences in perceived exposure to hate speech between users and non-users of various platforms (social media, mobile messaging
apps, anonymous online forums). Propensity scores were constructed with a logistic regression (logit) model predicting (a) social
media use, (b) mobile messaging app use, and (c) anonymous online forum use (1= user, 0= non-user). The nearest-neighbor
method was then used to randomly match non-users to each user. Once the groups were constructed, the mean differences in
exposure to hate speech were estimated through an ANOVA-by-regression (ordinary least squares [OLS]) model. These models
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control for use of other mediums. Second, a repeated-measures analysis was conducted in the linear mixed effects (LME) modeling
framework in order to assess mean differences in perceived exposure to hate speech among users of social media, mobile messaging
apps, and anonymous online forums. These models treat individual respondents as a second-level variable with random intercepts. All
control variables are mean-centered. A combined model was fit to an imputed dataset to establish a ranked order among the hate
speech items. Finally, OLS regression models were used to assess the relationship between perceived exposure to hate speech and
avoidance of political talk. Separate models were fit for cross-sectional and longitudinal relationships, with the latter including an
autoregressive term.

4. Results

Table 2 shows results from the ANOVA-by-regression analysis. Models compare groups of users and non-users of (a) social media,
(b) mobile messaging apps, and (c) anonymous online forums. For each of these models, the intercept can be interpreted as the mean
of perceived exposure to hate speech for the non-users group, while the coefficient shows users’ difference from that reference group
mean. In the social media model, non-users have a mean of 1.11 (SE= 0.10, p < .001), while the mean for the users group is 1.21
higher (SE= 0.15, p < .001), or 2.32. Thus, the model shows that social media users perceive exposure to significantly more hate
speech than non-users. This same pattern is replicated in the other two models. In the mobile messaging app model, non-users have a
mean of 1.15 (SE=0.10, p < .001), while the mean for the users group is 0.58 higher (SE= 0.10, p < .001), or 1.73. Likewise, for
the anonymous online forums model, non-users have a mean of 1.16 (SE= 0.09, p < .001), while the mean for the users group is
1.41 higher (SE=0.08, p < .001), or 2.57. These means are visualized in Fig. 1.

Table 3 shows results from the repeated-measures analysis. Once again, separate models were fit for (a) social media, (b) mobile
messaging apps, and (c) anonymous online forums. Each of these models was fit using the subset of users of each platform. Because
the control variables are mean-centered, the intercepts can be interpreted as the mean of the reference group (face-to-face political
talk), and the comparison coefficient can be interpreted as the difference from that reference group. In the social media model, the
mean for face-to-face communication is estimated as 2.48 (SE=0.05, p < .001), while the mean for social media is 0.14 higher
(SE= 0.05, p < .05), or 2.62. In the mobile messaging apps model, the mean for face-to-face communication is estimated at 2.54
(SE= 0.05, p < .001), while the mean for mobile messaging apps is 0.47 lower (SE= 0.04, p < .001), or 2.07. Finally, in the
online forums model, the estimated mean for face-to-face communication is 2.35 (SE= 0.09, p < .001), while the mean for online
forums is not significantly different (B=−0.02, SE= 0.07, n.s.). These means are visualized in Fig. 2.

While the above models provide good comparisons within relevant subgroup populations, they are not able to establish a ranked
order among the means for the hate speech items. A single model is needed to establish such a rank order, and, because the data
contain missing values resulting from non-use of specific platforms, it is necessary to perform a multiple imputation in order to do so.
Thus, the combined model presents something of a counterfactual: What would mean levels of exposure to hate speech be on each
platform if everyone used all of the platforms?

With that logic in mind, predictive mean matching was used to impute missing values in Wave 1. First, cases with complete data
were used to predict values of variables with missing data, producing a set of coefficients. Next, a random draw was taken from the
predictive posterior distribution to produce a new set of coefficients, which were then used to compute predicted values for all cases
with at least one missing value. Finally, an observed value close to the predicted value of each missing case was located and assigned
as a substitute. This process was repeated 50 times, and the average imputation was taken as the assigned value.

A combined repeated-measures LME model was then fit to the complete data, treating the hate speech items as a single factor

Table 2
ANOVA-by-regression models showing mean differences in exposure to hate speech for users versus non-users of social media, mobile messaging
apps, and online forums.

Social Media Mobile Messaging Apps Online Forums
Variable B (SE) B (SE) B (SE)

Mean Estimates
Intercept M Non-Users 1.11 (0.10)*** 1.15 (0.10)*** 1.16 (0.09)***
Comparison Coefficient ΔM Users 1.21 (0.15)*** 0.58 (0.10)*** 1.41 (0.08)***

Control Variables
Social Media Use – 0.46 (0.12)*** 0.51 (0.10)***
Mobile Messaging App Use 0.29 (0.14)* – 0.26 (0.09)**
Anonymous Online Forum Use 1.54 (0.12)*** 1.52 (0.09)*** –

R2 0.41*** 0.28*** 0.20***
N 626 1144 1416

Notes. Cell entries are unstandardized beta coefficients (B) and standard errors (SE) from ordinary least squares regression models. Because the
predictors are categorical factors, comparison coefficients can be interpreted as mean differences from the reference group (intercept). Propensity
score matching was used to match users with non-users, creating three separate matched datasets for this analysis. The matching criteria included
political ideology, ideological extremity, party identity, strength of party identity, political knowledge, political efficacy, political interest, age,
gender, race, education, income, and religious affiliation. ***p < .001.
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where face-to-face is the reference condition. Results are reported in Table 4. The model shows that social media has the highest
mean, as indicated by the difference between the comparison coefficient and the intercept, at 2.63 (B= 0.14, SE= 0.05, p < .01).
Face-to-face is second, with an estimated mean (i.e., model intercept) of 2.49 (SE=0.05, p < .001). Anonymous online is third with
2.37 (B= -0.12, SE=0.05, p < .05). Finally, mobile messaging apps are last with 2.00 (B=−0.49, SE= 0.05, p < .001). These
means are visualized in Fig. 3. Mean estimates from all analyses summarized in Table 5.

All in all, these results show strong support for H1. Social media users perceive more exposure to hate speech than non-users, and
they perceive it more in social media settings than in face-to-face settings. Results are mixed for H2. Anonymous online forum users
perceive more exposure to hate speech than non-users; however, this may not be due to their communication in online forums, as no
difference between this setting and face-to-face communication was observed. Finally, the results pertaining to RQ1 are also mixed.
Group comparisons show that mobile messaging app users perceive more exposure to hate speech than non-users. However, users
also report more hate speech in face-to-face settings than in mobile messaging apps.

The last set of tests H3, which predicts a positive relationship between perceived exposure to hate speech and avoidance of
political talk. Table 6 shows both cross-sectional and longitudinal tests of this hypothesis. In the cross-sectional model, the slope
coefficient is 0.53 (SE= 0.05, p < .001), indicating that for a one-unit increase in perceived exposure to hate speech, we can expect
a 0.53 increase in avoidance (on a 10-point scale). In the longitudinal model, the slope coefficient is also positive, but also somewhat
weaker at 0.15 (SE=0.07, p < .05), which can be expected with the inclusion of the autoregressive term (B=0.35, SE= 0.04,
p < .001). These results provide relatively strong support for H3.

5. Discussion

The study finds that social media users perceive more exposure to hate speech than non-users, and also that they perceive more
exposure to hate speech in social media environments than they do in face-to-face settings. Results are more mixed for mobile
messaging apps and anonymous online forums. Comparisons of users versus non-users show, in both cases, that users perceive more
hate speech than non-users. However, comparisons of settings within the subgroups of users do not follow our expectations: Results
show no statistically significant difference between anonymous online forums and face-to-face communication, and they also show a
lower mean for mobile messaging apps than for face-to-face communication. Finally, results show a consistent relationship between
perceived exposure to hate speech and the avoidance of political talk, regardless of the communication setting.

These results point toward several concrete conclusions. First, social media tend to promote (perceived) exposure to hate speech,
and, second, (perceived) exposure to hate speech is associated with the avoidance of political talk. The first conclusion echoes a
growing public chorus of concern about hate speech on social media (Guiora & Park, 2017; Schmidt & Wiegand, 2017), which has
been criticized for lax or non-existent self-regulation (Gopalan, 2018; Guiora & Park, 2017). Thus, the current study provides some
empirical evidence validating these complaints. The second conclusion fits with several prior studies that examine the cessation of
discussion (Eliasoph, 1998; Wells et al., 2017), and suggests that hate speech could be harmful for the political sphere and civil
society because it could disengage people from deliberative and discursive processes that are known to promote pro-democratic and

Fig. 1. Estimated mean differences in exposure to hate speech for users (1) and non-users (0) of social media, mobile messaging apps, and anon-
ymous online forums. Means estimated from models reported in Table 2.
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pro-social outcomes (Conover et al., 2002).
Third, and contrary to our hypothesis, this study found relatively lower levels of perceived hate speech in online message boards.

Prior research has identified these boards as hotbeds of hate speech (Marwick & Lewis, 2015), and we expected to find relatively
higher levels, but this expectation was not borne out in the findings. That said, we cannot conclude that hate speech doesn’t occur on
these sites, just that message board users perceive less of it. In all likelihood, hate speech occurs more frequently in some specific
venues (e.g., r/The_Donald) than in others. Even where it does happen, if discussion occurs only among the likeminded, then people
won’t recognize hate speech for what it is. That is to say, if hate speech becomes normalized and participants agree with it, then they
won’t perceive it to be hate speech at all, and thus won’t report it on survey questions such as the ones employed in this study. While
this problem presents something of a dilemma for researchers in that it may prevent triangulation between third-party observation
and self-reported perception, it also arises from the very theoretical processes outlined in this study. The perception that hate speech
has occurred results not only from expression norms, but also the network reach of speech. That is, if hate speech never reaches those
who may take exception to it, it will not be perceived as hate speech.

Our results also indicate relatively lower levels of perceived hate speech on mobile messaging apps. We had no concrete ex-
pectations for mobile messaging apps, because it was not clear from the prior literature that hate speech was prevalent in the context
of the United States. But clearly, it is quite prevalent in other national contexts, for example in India, where the government has
introduced plans to de-encrypt What’s App data for the purposes of detecting and punishing hate speech offenders (Wagner, 2019).
What’s App is much more popular in India than in the United States, and it was one of the primary venues through which mis-
information was shared during their most recent election. Policies such as these may be introduced in the United States should hate
speech become more common on mobile messaging apps, including not only What’s App but also Snapchat.

These conclusions can be extended to important public and scholarly conversations about the limits of free speech in the United

Table 3
Repeated measures analysis showing differences in exposure to hate speech between platforms and face-to-face political talk among users of those
platforms.

Social Media Mobile Messaging Apps Online Forums
Variable B (SE) B (SE) B (SE)

InterceptM Face-to-Face 2.48 (0.05)*** 2.54 (0.05)*** 2.35 (0.09)***
Comparison Coefficient ΔM 0.14 (0.05)** −0.47 (0.04)*** −0.02 (0.07)
Face-to-Face Political Talk Network Size 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Face-to-Face Political Talk Frequency 0.01 (0.05) −0.06 (0.04) −0.06 (0.07)
Face-to-Face Political Talk Diversity 0.11 (0.04)** 0.08 (0.04)* 0.11 (0.06)
Social Media Political Talk Network Size 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Social Media Political Talk Frequency 0.15 (0.06)* 0.09 (0.05) 0.14 (0.07)
Social Media Political Talk Diversity 0.21 (0.05)*** 0.03 (0.05) 0.00 (0.07)
Mobile Messaging App Political Talk Network Size 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Mobile Messaging App Political Talk Frequency 0.20 (0.06)*** 0.22 (0.05)*** 0.21 (0.08)
Mobile Messaging App Political Talk Diversity −0.03 (0.06) 0.13 (0.05)* 0.03 (0.08)
Online Political Talk Network Size 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Online Political Talk Frequency −0.05 (0.05) 0.02 (0.05) −0.02 (0.07)
Online Political Talk Diversity 0.08 (0.06) 0.12 (0.05)* 0.27 (0.07)***
Traditional News Use 0.07 (0.04) 0.09 (0.04)* 0.04 (0.06)
Online News Use 0.05 (0.04) −0.02 (0.04) 0.10 (0.05)
Social Media News Use 0.05 (0.04) 0.03 (0.04) −0.01 (0.06)
Mobile Messaging App News Use 0.03 (0.03) 0.09 (0.03)** 0.07 (0.04)
Online Forum News Use 0.00 (0.00) 0.06 (0.03)* −0.01 (0.04)
Party Identity (+Republican) −0.04 (0.02) −0.04 (0.02) −0.02 (0.03)
Strength of Party Identity −0.04 (0.04) −0.08 (0.04) −0.11 (0.06)
Political Ideology (+Conservative) −0.02 (0.02) −0.01 (0.01) −0.03 (0.02)
Ideological Extremity 0.04 (0.03) 0.05 (0.02)* 0.09 (0.04)*
Political Interest 0.09 (0.03)** 0.06 (0.03) 0.09 (0.05)
Political Knowledge −0.04 (0.03) −0.06 (0.03) −0.03 (0.04)
Political Efficacy −0.04 (0.04) −0.04 (0.04) −0.07 (0.05)
Annual Household Income 0.00 (0.02) 0.02 (0.02) −0.01 (0.03)
Education −0.04 (0.03) −0.04 (0.03) −0.03 (0.04)
Gender Identity (1=Woman) −0.09 (0.09) −0.13 (0.09) −0.16 (0.13)
Age −0.02 (0.00)*** −0.01 (0.00)*** −0.02 (0.01)**
Race (1=Non-White) 0.03 (0.10) 0.00 (0.09) 0.00 (0.13)
Religious Affiliation (1=Affiliated) −0.16 (0.10) −0.14 (0.09) −0.21 (0.13)

SDIntercept 0.80 0.70 0.78
SDResidual 1.07 0.80 1.01

Log Likelihood −2767.50 −2572.00 −1476.40
N 1646 1646 890
Groups 823 823 445

Notes. Cell entries are coefficients (B) and standard errors (SE) from linear mixed effects (LME) models. Data were stacked for repeated measures
analysis. *p < .05, **p < .01, ***p < .001.
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States. With the exception of cases of defamation, hate speech is considered protected speech under the First Amendment (Walker,
1994). The U.S. Supreme Court has ruled that several categories of speech are not protected by the First Amendment, including
speech that incites violence that is imminent (for example, Schenk v. the United States [1919] established the “clear and present
danger” rule, while Brandenberg v. Ohio [1969] clarifies that the threat of violence must be imminent). But hate speech is not one of
those categories, and there are no laws restricting hate speech in the United States (Walker, 1994).

In the United States, public policy discussions have primarily focused on social media, most prominently including Facebook,
Twitter, and YouTube. These policy recommendations largely fall into one of two camps—government regulation of social media
platforms or platform regulation of themselves. Ideas that belong to the first camp largely borrow from the recent actions of foreign
countries. For example, Germany’s NetzDG law requires a public complaint procedure for reporting perceived hate speech (Gollatz,
Riedl, & Pohlmann, 2018). Meanwhile, Australia holds internet companies and executives legally liable for hate speech (Cave, 2019).

While these types of government-centered policies also could be introduced in the United States, it seems far more likely, given
the long-standing American media tradition of self-regulation (Hutchins et al., 1947), that America’s largest social media corporations
will regulate themselves in order to avoid government regulation. Indeed, they have already begun doing so. For example, YouTube
has recently cracked down on hate speech (Brownlee, 2019), and Facebook has banned white nationalist ideas and organizations
(Stack, 2019). Still, platforms could do more to combat the perception that hate speech is prevalent on their sites. For example, the
Center for American Progress recommends that social media sites (a) strengthen their terms of service so that users are aware of their
hate speech policies, (b) increase the transparency of algorithmic curation and content moderation, (c) develop processes for
handling complaints about hate speech, as well as giving users the right to appeal hate speech complaints, and (d) continued training
and evaluation of employees to more effectively deal with hate speech on their platforms (Fernandez, 2018). Each of these steps
would not only limit the hate speech that occurs on social media, they would also combat the perception that it occurs, which is
perhaps more important in terms of maintaining a broad user base and avoiding government regulation.

The foremost limitation of this study is that it relies on self-reported exposure to hate speech, rather than on third-party ob-
servations. Two individuals could be exposed to the same speech and come to different conclusions about whether it was hateful, and
therefore there is some empirical slippage between self-reported and observational data. Future research could investigate this
slippage by comparing self-reported survey measures with web-tracking data. That said, there are three arguments in favor of a
perceptions-based approach. First, hate speech has no broadly accepted legal definition. Therefore, establishing criteria for making
third-party observations is difficult. The self-reported approach avoids this difficulty by simply asking respondents whether they
think they have been exposed to hate speech. Second, while it is true that two respondents may have different thresholds for
perceiving hate speech, our study accounts for this by making within-subjects comparisons across communication settings. Thus, the
study still provides valuable insight into the relative frequency of hate speech in different settings, assuming that individual over-/
underestimation is consistent across settings. Third, studying perceived hate speech is valuable for understanding political behavior,
because perceptions are important drivers of behavior.

Fig. 2. Estimated mean differences in exposure to hate speech between platforms and face-to-face political talk (F2F) among users of those plat-
forms, which include social media (SM), mobile messaging apps (MM) and anonymous online forums (OL). Means estimated from models reported
in Table 3.
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Table 4
Repeated measures analysis showing differences in exposure to hate speech between platforms
and face-to-face political talk.

Combined Model
Variable B (SE)

Intercept M Face-to-Face 2.49 (0.05)***
Social Media Comparison Coefficient ΔM 0.14 (0.05)**
Mobile Messaging App Comparison Coefficient ΔM −0.49 (0.05)***
Anonymous Online Forum Comparison Coefficient ΔM −0.12 (0.05)*
Face-to-Face Political Talk Network Size 0.00 (0.00)
Face-to-Face Political Talk Frequency −0.02 (0.04)
Face-to-Face Political Talk Diversity 0.06 (0.04)
Social Media Political Talk Network Size 0.00 (0.00)
Social Media Political Talk Frequency 0.04 (0.05)
Social Media Political Talk Diversity 0.15 (0.05)**
Mobile Messaging App Political Talk Network Size 0.00 (0.00)
Mobile Messaging App Political Talk Frequency 0.21 (0.05)***
Mobile Messaging App Political Talk Diversity 0.05 (0.05)
Online Political Talk Network Size 0.00 (0.00)*
Online Political Talk Frequency 0.03 (0.05)
Online Political Talk Diversity 0.16 (0.05)**
Traditional News Use 0.06 (0.04)
Online News Use 0.01 (0.04)
Social Media News Use 0.07 (0.04)
Mobile Messaging App News Use 0.02 (0.03)
Online Forum News Use 0.03 (0.03)
Party Identity (+Republican) −0.03 (0.02)
Strength of Party Identity −0.05 (0.04)
Political Ideology (+Conservative) −0.01 (0.02)
Ideological Extremity −0.01 (0.02)
Political Interest 0.08 (0.03)**
Political Knowledge −0.03 (0.03)
Political Efficacy −0.07 (0.03)
Annual Household Income 0.01 (0.02)
Education −0.03 (0.03)
Gender Identity (1=Woman) −0.07 (0.09)
Age −0.02 (0.00)***
Race (1=Non-White) 0.04 (0.09)
Religious Affiliation (1=Affiliated) −0.14 (0.09)

SDIntercept 0.81
SDResidual 0.94

Log Likelihood −5187.70
N 3292
Groups 823

Notes. Cell entries are coefficients (B) and standard errors (SE) from linear mixed effects (LME)
models. Data were stacked for repeated measures analysis. *p < .05, **p < .01,
***p < .001.

Fig. 3. Estimated mean differences in exposure to hate speech between platforms. Means estimated from the combined reported in Table 4.
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The study is also limited in other important ways. First, while the study relies on a longitudinal design for testing the relationship
between perceived exposure to hate speech and the avoidance of political talk, readers should take caution when using these results
to make causal conclusions, as the study has not eliminated all potential alternative explanations. Second, the opt-in online panel is
not, strictly speaking, a true probability sample. However, research based on these samples has become increasingly common in the
social sciences, and the current sample does reflect the population of interest along key criteria, including age, race, gender, and
census region. A final set of limitations is related to the analysis and results. Some findings did not conform to our expectations, and
the reasons for this are unknown. Specifically, we expected to observe higher levels of hate speech on anonymous online forums, such
as Reddit, than in face-to-face communication, but this was not the case. Future research should investigate the occurrence of hate
speech specifically in these venues, perhaps using a subset of Reddit users. Finally, while the matching procedure goes a long way
toward eliminating selection bias, it cannot completely correct for it. Therefore, these results should be interpreted with caution until
a true experimental design can be developed.

Despite these limitations, this study has provided relatively strong evidence that survey respondents tend to perceive a relatively
high level of exposure to hate speech on social media. Furthermore, perceived exposure to hate speech is associated with the
avoidance of political talk, which could have detrimental consequences for democratic societies.
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Table 5
Estimated means and associated test statistics from hate speech items by type of statistical test.

Raw Scores Separate LME Models Combined LME Models

Exposure to Hate Speech … M t M t M t

Social Media 2.77 3.18** 2.62 2.74** 2.63 2.93**
Face-to-Face 2.48 – 2.48 – 2.49 –
Anonymous Online Forums 2.30 −4.67*** 2.49 0.36 2.37 −1.98*
Mobile Messaging Apps 2.23 −11.27*** 2.07 −10.59*** 2.00 −2.41***

Notes. Test statistics estimated as differences from the face-to-face item. For the raw scores, test statistics from paired-samples t-tests are reported. In
the LME models, test statistics from regression estimates are reported. Also in these models, means for the face-to-face items are model intercepts. M:
mean, t: t-Statistic, p: p-value; LME: linear mixed effects. *p < .05, **p < .01, ***p < .001.

Table 6
The cross-sectional and longitudinal relationship between exposure to hate speech avoidance of political talk.

Avoidance of Political Talk T1 Avoidance of Political Talk T2

Variable B (SE) B (SE)
Intercept 0.14 (0.43) −0.54 (0.60)
Exposure to Hate Speech T1 0.53 (0.05)*** 0.15 (0.07)*
Avoidance of Political Talk T1 – 0.35 (0.04)***
Political Talk Network Size T1 0.01 (0.00)*** −0.01 (0.00)*
Political Talk Frequency T1 −0.06 (0.08) 0.01 (0.11)
Political Talk Diversity T1 0.20 (0.08)** 0.26 (0.11)*
News Use T1 0.22 (0.07)** 0.09 (0.09)
Republican Party Identity T1 0.00 (0.03) −0.06 (0.05)
Strength of Party Identity T1 −0.01 (0.06) 0.08 (0.08)
Conservative Political Ideology T1 −0.05 (0.03) 0.02 (0.04)
Ideological Extremity T1 0.05 (0.04) 0.02 (0.05)
Political Interest T1 −0.06 (0.04) −0.04 (0.06)
Political Knowledge T1 0.06 (0.04) −0.03 (0.06)
Political Efficacy T1 −0.04 (0.05) 0.10 (0.07)
Annual Household Income −0.01 (0.03) −0.03 (0.04)
Education −0.04 (0.04) −0.05 (0.05)
Gender Identity (1=Woman) 0.20 (0.13) −0.01 (0.19)
Age −0.01 (0.00) 0.00 (0.01)
Race (1=Non-White) −0.11 (0.14) 0.17 (0.19)
Religious Affiliation (1=Affiliated) 0.00 (0.13) −0.21 (0.18)
R2 0.31*** 0.32***
N 1481 574

Notes. Cell entries are coefficients (B) and standard errors (SE) from ordinary least squares (OLS) regression models. *p < .05, **p < .01,
***p < .001.
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