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Behind the Counter: Exploring the Motivations and Perceived Ef-
fectiveness of Online Counterspeech Writing and the Potential for
AI-Mediated Assistance

Anisha Kumar

(ABSTRACT)

In today’s digital age, social media platforms have become powerful tools for communication,

enabling users to express their opinions while also exposing them to various forms of hateful

speech and content. While prior research has often focused on the efficacy of online counter-

speech, little is known about peoples’ motivations for engaging in it. Based on a survey of

458 U.S. participants, we develop and validate a multi-item scale for understanding counter-

speech motivations, revealing that differing motivations impact counterspeech engagement

between those that do and not find counterspeech to be an effective mechanism for coun-

teracting online hate. Additionally, our analysis explores peoples’ perceived effectiveness

of their self-written counterspeech to hateful posts, influenced by individual motivations to

engage in counterspeech and demographic factors. Finally, we examine peoples’ willingness

to employ AI assistance, such as ChatGPT, in their counterspeech writing efforts. Our re-

search provides insight into the factors that influence peoples’ online counterspeech activity

and perceptions, including the potential role of AI assistance in countering online hate.



Behind the Counter: Exploring the Motivations and Perceived Ef-
fectiveness of Online Counterspeech Writing and the Potential for
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Anisha Kumar

(GENERAL AUDIENCE ABSTRACT)

In today’s digital age, social media platforms have become powerful tools for communica-

tion, enabling users to express their opinions while also exposing them to various forms of

hateful speech and content. In addition to content moderation, counterspeech, or direct

responses aimed at undermining hateful speech, is a tool that is being explored by organi-

zations to counteract online hate, as it has been shown to prevent ”platform hopping” while

also promoting free speech. While prior research has primarily focused on the effectiveness

of various types of counterspeech, little is known about what motivates people to engage in

it. Based on a survey of 458 U.S. participants, we develop and validate a multi-item scale for

understanding counterspeech motivations, revealing that differing motivations impact coun-

terspeech engagement between those that do and not find counterspeech to be an effective

mechanism for counteracting online hate. Additionally, our analysis explores peoples’ per-

ceived effectiveness of their counterspeech, influenced by individual motivations to engage

in counterspeech and demographic factors. Finally, we examine peoples’ willingness to em-

ploy AI assistance, such as ChatGPT, in their counterspeech writing efforts. Our research

provides insight into the factors that influence peoples’ online counterspeech activity and

perceptions, including the potential role of AI assistance in countering online hate.
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Chapter 1

Introduction

In today’s age of widespread digital connection, social media sites are key places for public

conversation [31, 36, 97]. Although these platforms allow for the rapid spread of thoughts,

they also act as breeding grounds for the proliferation of hate speech [20, 60], instances

of cyberbullying [10], and various forms of harassment [19, 71]. While content moderation

remains a predominant approach employed by tech companies to mitigate online hate speech

[88], its effectiveness has been a topic of ongoing debate [43], particularly in how it can

at times disperse rather than dispel hateful speech, and how it potentially conflicts with

peoples’ First amendment rights [46]. Such actions, broadly referred to as “deplatforming,”

often cause affected users to move to other, more permissive platforms [49].

In light of these challenges, there has been a marked shift towards alternative approaches to

combat online hate, such as counterspeech [33]. Counterspeech is defined as direct responses

to derogatory or harmful content, intended to undermine or refute the hateful message

[76, 78]. For example, Meta has partnered with various NGOs across the globe since 2016

to establish global counterspeech initiatives ranging from Search Redirect, an initiative that

aims to redirect users who search hateful or violent terms towards resources, education, and

outreach groups to help, to the Online Civil Courage Initiative (OCCI) which is engaged

with over 100 anti-hate groups globally.

Given the rise in counterspeech as a viable option in tackling online hate speech, previous

work has qualitatively and quantitatively examined the effectiveness of various types of coun-

1



2 CHAPTER 1. INTRODUCTION

terspeech strategies such as empathy, humor, and warning of consequences and its impact

on the broader social media ecosystem [26, 34, 41, 46, 48, 63, 82]. In the case of Megan

Phelphs-Roper, who broke away from the Westboro Baptist Church in 2012 after being in-

fluenced by the criticism that she received on Twitter, an empathetic counterspeech strategy

proved to be effective. Megan Phelphs-Roper’s grandfather founded the Westboro Baptist

Church, a church known for its homophobic teachings and anti-semitic views. In 2009, she

began to use Twitter to help spread the teachings of the church and was unsurprisingly met

with a lot of criticism on her posts. David Atibol, a middle-aged Jewish man, learned from

past experience that the best way to engage with hateful people was to relate to them on

a human level and his goal was to humanize Jewish people to members of the Westboro

Baptist Church. Each person that Megan engaged with scraped away at her views little by

little until she decided to leave the church in 2012, an act that would put her on par with gay

people and Jewish people in the eyes of her fellow church members [21]. While Atibul had

a personal interest in engaging in counterspeech, incentivizing those who do not remains an

open challenge [61]. Mathew et al suggested that companies gamify incentive mechanisms to

encourage people to engage in counterspeech, such as hierarchical badges (similar to stack

overflow) [17, 35, 61]. While designing incentive mechanisms like this to promote counter-

speech efforts could be a promising approach, understanding the motivations behind why

people engage in such online behavior is essential for their effective implementation. Under-

standing these factors is crucial for not only creating more supportive and inclusive online

spaces [7, 14, 57, 74, 81, 89], but also for empowering individuals to contribute positively to

online discourse [38, 52, 59].

Meanwhile, Artificial Intelligence (AI) technologies based on large language models (LLMs)

are increasingly being integrated into social media platforms. Companies like Nextdoor and

Quora are experimenting with AI-powered features designed to help users craft posts or
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engage in dialogues that contribute positively to community engagement [3, 6]. Given this

emerging trend, we need to understand whether people are open to using AI to assist in

their counterspeech activities. Moreover, if they are, how they perceive the impact of their

own counterspeech in order to effectively design AI tools that can augment their own coun-

terspeech in user friendly ways. Prior scholarship in NLP has long-recognized the role of

AI in generating counterspeech [4, 30, 80, 99]. Nevertheless, while companies and interna-

tional and nongovernmental organizations (I/NGOs) are encouraging counterspeech, NLP

researchers recognize the emotional and mental toll that writing counterspeech can take on

those who engage in it [15]. Thus, researchers in this domain have been exploring the task of

automatically generating counterspeech as an important application of NLP for social good

[25]. Nevertheless, we have a limited understanding of what influences user adoption of AI

technologies for such purposes. Thus, we pose the following research questions:

• RQ1: What motivations influence how often people engage in counterspeech on social

media?

• RQ2: What motivations influence peoples’ perceived effectiveness of their counter-

speech?

• RQ3: What factors influence peoples’ willingness to use AI assistance in writing

counterspeech on social media?

a) Motivations: What motivations influence peoples’ willingness to use AI assis-

tance in writing counterspeech on social media?

b) Themes: Motivations and Reservations: What themes characterize peoples’

motivations and reservations for using AI assistance in writing counterspeech on

social media?
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We carried out a pre-registered survey with 458 English-speaking U.S. participants to explore

their motivations for engaging in online counterspeech, the frequency of their counterspeech

activities on social media, their perceived effectiveness of their self-written counterspeech to

hateful posts, and their openness to using AI for assistance. Participants were presented

with three examples of hate speech, chosen at random from a topically diverse set of 900,

and were asked to write a counterspeech for each. Follow-up questions were then used to

gauge their perceptions and experiences regarding the counterspeech they wrote.

Our research indicates that the frequency of counterspeech engagement is closely linked to

individuals’ beliefs in its effectiveness; those who view it as effective are often driven by a

desire to challenge hate and promote inclusivity, whereas those skeptical of its impact tend to

participate in support of others (RQ1). Second, demographic variables significantly shape

engagement in counterspeech (RQ2); women tend to perceive their counterspeech as less

effective, whereas minority groups report greater effectiveness. Third, we found that prior

use of ChatGPT positively influenced individuals’ willingness to use AI assistance in writing

online counterspeech (RQ3). Moreover, participants with prior experience using ChatGPT

are less willing to use AI to support and defend themselves, but more willing to use AI to

signal inclusion.

Contributions: We contribute to Human-Computer Interation (HCI) research by examining

the factors that drive people to engage in counterspeech on social media. We created and

confirmed a multi-item scale to measure the motivations for engaging in online counter-

speech, showing its impact on peoples’ frequency of writing online counterspeech as well as

their views regarding the effectiveness of their self-written counterspeech. This scale offers

a framework for future exploration of online counterspeech behavior. Furthermore, we delve

into the demographic and personal factors that drive people to engage in online counter-

speech, moving beyond the existing focus on strategy and content [34, 41, 63, 82] to include
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the backgrounds and personal experiences of those countering hate speech. By offering in-

sights into how the motivations for engaging in counterspeech differ among various social

groups, our findings inform the development of counterspeech tools that are tailored to the

needs of diverse users [62]. Our analysis informs the creation of more personalized counter-

speech tools for varied user groups [62]. Finally, we investigate the willingness to use AI to

assist in writing counterspeech, a pertinent topic as AI’s role in online moderation grows.

These findings aid tech firms and scholars in understanding how AI might assist users in

counteracting hate speech on digital platforms.



Chapter 2

Review of Literature

2.1 Understanding Potential Motivations in Writing

Online Counterspeech

For counterspeech to act as a remedy to hateful speech, there need to be enough people

willing to participate in it. Present research does not effectively examine why individuals

participate in counterspeech, making it essential to thoroughly investigate user motivations

to assess counterspeech’s efficacy as a tool to counteract online hate.

Previous studies on bystander behavior in cyberbullying [89], online harassment [12], and

digital civic engagement [8, 52, 72] provide a basis for examining why people engage in coun-

terspeech. Research shows that the reasons people step in to stop cyberbullying are similar

to those motivating them to oppose online hate [54, 67, 77]. Hate speech targets individuals

based on attributes like race, gender, and sexuality [47, 51, 83], which is distinct from cy-

berbullying’s more general focus on individual harassment not linked to social identity [93].

Moreover, a single incident of hate speech can have broad repercussions, as digital platforms

amplify its reach, while cyberbullying typically involves persistent harassment over time

[86, 91]. In both cases, users must decide whether to step in when they witness harmful or

hateful content online [13, 32, 33, 67]. Additionally, counterspeech is a form of online civic

intervention. Online civic intervention (OCI) refers to the efforts made by regular internet

6
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users to counteract disruptive online behavior with the goal of restoring civil and rational

public conversation. Prior work highlights individuals’ attitudes and values as significant

predictors of their likelihood of intervening online. Nevertheless, while previous research

has tried to understand why people engage in counterspeech, this research often fails to

paint an accurate picture by examining different forms of OCI in conjunction [72]. In this

study, our focus narrows to counterspeech as a particular form of Online Civic Intervention

(OCI), specifically examining individual characteristics and perceptions related to counter-

speech. In order to do this, we develop a comprehensive understanding of the motivations

associated with online counterspeech. Our study synthesizes insights from prior research in

online harassment, bystander motivations in cyberbullying, as well as peoples’ motivations

for engaging in OCI. By drawing from such scholarship, we devise a set of survey variables

that ope rationalize our investigation into what drives users to engage in counterspeech, as

discussed next.

M1. Supporting Kin: Previous research has shown that the more emotionally or socially

connected a bystander is to a victim of cyberbullying, the more likely they are to step in

and help [13, 32]. Those with close relationships to friends and family are more active in

opposing online hate compared to individuals with weaker social ties [28]. Additionally,

comments that generalize and attack entire social groups are believed to create less empathy

and connection with the victims than attacks directed at specific people [2, 66]. Finally,

given that cyberbullying is more common in social environments such as work and school

[77], we acknowledge that the probability of a member of someone’s kin being a victim of

cyberbullying as opposed to hate speech is higher. Nevertheless, we include this variable

in order to understand how the closeness of a bystander to a victim influences bystanders’

willingness to intervene in the context of online hate.

M2. Supporting Others: The idea that people help others, not just specific individuals
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or groups, is linked to theories of social responsibility and collective efficacy [77]. Collective

efficacy is the belief that one can make a difference for the greater good and impact the

community [1]. Research has shown that individuals are more likely to act in a prosocial

manner when they feel a moral duty to the wider community [29]. Studies on online behavior

suggest that this sense of collective efficacy encourages people to participate more in altru-

istic actions [98]. Additionally, those who feel connected to an online community are more

inclined to defend others against online harassment [27]. Moreover, support for solidarity

citizenship norms, or the idea that good citizens should care for others, moderates the effect

of individuals’ exposure to hateful comments on their willingness to engage in online civic

intervention [52]. These findings suggest that people engage in counterspeech not only for

personal or familial protection but also for the benefit of others.

M3. Supporting Self: Counterspeech can be a very personal response, particularly when

individuals feel personally attacked or hurt [75]. However, the reasons for self-defense can be

complex. According to Guo and Johnson, people often downplay the effect of hate speech on

themselves compared to its effect on others [45]. This underestimation might influence their

willingness to use counterspeech for self-defense, as they might not fully recognize the harm

directed at them. Conversely, experiencing online harm or targeted attacks can motivate

individuals to confront online hate [87]. Given these factors, we consider ”Supporting Self”

as a factor in our study to explore why individuals might or might not defend themselves

against online hate speech.

M4. Confronting Hate: The motivation to address hateful or harmful behavior is critical

in encouraging bystanders to step in, especially in situations involving online hate speech

[41] and cyberbullying [13]. Bystanders tend to act more when they see the comments as

more hateful and threatening [9, 54, 72, 95]. This is supported by findings that show the

more threatening the harassment appears, the more likely bystanders are to challenge it [54].

Therefore, we consider the motivation to confront such behavior or individuals as a factor
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in engaging in online counterspeech.

M5. Educating Ignorance: Previous studies have shown that ignorance is a key reason

behind the spread of online hate speech, with a lack of knowledge often resulting in a lim-

ited understanding of others in society [22]. As a result, several non-profit and educational

groups [? ], along with researchers, have promoted education as a method to combat online

hate, preferring it over other measures like user bans or censorship [26, 92]. Supporting this,

Buerger et al. discovered that many people who engage in counterspeech do so with the aim

of educating those who express hate, explaining why their comments are inappropriate [15].

M6. Signaling Inclusion: The decision to participate in counterspeech is frequently driven

by a wish to demonstrate social inclusion, especially in online communities [42]. In this re-

gard, empathy plays an important role: studies have found that those with greater empathy

are more likely to oppose online hate speech to defend the victim [77, 89] and to promote a

sense of belonging and unity in the community [47, 56, 89]. Additionally, previous research

has shown that people who prioritize individualizing moral foundations — valuing justice,

rights, and equality — over binding moral foundations, which focus on group cohesion, re-

spect for authority, and sacredness or purity, tend to be more actively involved in Online

Civic Intervention (OCI) [72]. Therefore, we are incorporating ”Signaling Inclusion” as a

motivational factor in our research.

M7. Issue Focus: The drive to participate in counterspeech is often driven by topics or

issues that are of personal importance to an individual. Studies indicate that bystanders are

more inclined to intervene in situations involving social groups or matters they care about

[68]. For instance, research has found that people are more prone to engage in Online Civic

Intervention (OCI) in response to hate speech targeting women rather than comments about

social welfare recipients [52]. This implies that the urge to counteract hate speech increases

when it targets subjects or issues that individuals hold dear.

M8. Venting Emotions: Previous studies indicate that online incivility often triggers
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emotion-focused coping strategies, like venting [58, 79]. Feelings of anger or outrage of-

ten prompt people to counteract hate speech as a way to release these emotions. Carlo

et al.’s work also backs this idea, showing that emotional volatility is linked to using such

emotion-driven coping tactics, often resulting in aggressive counterspeech [16]. Based on

these insights, we are examining ”Venting Emotions” as a possible motivational factor for

participating in online counterspeech.

Motivation Variables (M1-M8): In the survey, we presented the motivation variables to

participants as statements M1-M8 as shown in Table 2.1.

Participants were asked to indicate the extent to which each factor motivated them to write

counterspeech on social media (How much do the following factors motivate you to write a

counterspeech on social media?) with response options being 1 (None at all), 2 (A little), 3

(A Moderate Amount), 4 (A lot), 5 (A great deal).

Table 2.1: Motivation Variables and Questionnaire Items

No Motivation Variables Questionnaire Items
M1 Supporting Kin When I feel the need to stand up for people I care about

(e.g., family, close friends)
M2 Supporting Others When I feel the need to stand up for people in general
M3 Supporting Self When I feel the need to stand up for myself
M4 Confronting Hate When I want to confront a hateful person or behavior
M5 Educating Ignorance When I want to educate an ignorant person
M6 Signaling Inclusion To signal that I stand for inclusion
M7 Issue Focus When it concerns issues or topics I care about
M8 Venting Emotions When I want to blow off steam
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2.2 The Role of Counterspeech in Mitigating Online

Hate Speech

In recent years, the role of counterspeech as a mechanism to counteract expressions of online

hate has garnered substantial scholarly attention [40, 41, 63, 82]. However, prior studies have

generated mixed findings that encapsulate the multifaceted nature of this area of scholarship.

While some studies empirically demonstrate the effectiveness of online counterspeech [40,

41, 82], others question its impact [63], highlighting the complex nature of this topic. For

instance, Miškolci et al. (2018) observed that direct responses to hate speech authors was

ineffective in preventing them from further posting hateful content [63]. However, the authors

discovered an auxiliary benefit, with counterspeech serving as an effective tool to reach

a broader audience and stimulate further counterspeech. By contrast, Schieb and Preuss

(2016)’s work support the efficacy of counterspeech. Through their experiment involving

a computational simulation model, the authors demonstrate that counterspeech can indeed

change the hateful speaker’s behavior, such as leading to the deletion of hateful posts or

eliciting apologies. Further, they found that the effectiveness of a counterspeech message

was amplified when counter-speakers outnumbered the individuals sharing hateful messages.

Intriguingly, a small group of counter-speakers could be still impactful, as long as the other

users within the online community held relatively moderate rather than extreme views [82].

Hangartner et al.’s study further nuances our understanding of counterspeech by identifying

the potency of empathy-based rhetoric. In their controlled experiment involving thousands

of English-speaking Twitter users who had engaged in xenophobic or racist hate speech,

those who were addressed with empathy-based counterspeech were more likely to delete

their hateful posts than those who received humorous or warning-based counterspeech [46].

Such prior studies enrich our understanding of the role and impact of counterspeech in
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mitigating online hate speech, highlighting broader implications for the trajectory of future

online public discourse. While previous research provides important insights into the kind

of speech that can sway hateful speakers, such studies primarily focus on the content or

strategies of counterspeech rather than those who author it, often overlooking the influence

of social identities and perceptions of counter-speakers. A few studies [65, 84] have started

exploring these factors. For example, researchers have shown that a counter-speaker’s race

and level of influence can influence how the counterspeech is taken by the audience [65, 84].

In their experiment using bots identified as black or white and high and low status to rebuke

hateful speakers on Twitter, Munger et al found that hateful speakers who were sanctioned

by a high-follower white male significantly reduced their use of a racist slur [65]. While

this information is useful in determining additional factors that can influence the efficacy of

counterspeech, there is no research to date that examines the psychological factors that drive

people to engage in counterspeech or how they feel about their self-written counterspeech .

Hence, our work seeks to fill this gap.

2.3 The Role of AI in Online Counterspeech Engage-

ment

The computational research in the domain of AI and counterspeech primarily examines the

technical challenges in identifying [23, 41, 48], creating [53, 73, 80, 90], and assessing [99]

[38, 48, 66] counterspeech through the use of Large Language Models (LLMs) [24]. Partic-

ularly, research in Natural Language Processing (NLP) tends to concentrate on enhancing

the production of counterresponses to hate speech that closely mimic human interaction,

employing different criteria to gauge the quality of AI-crafted counterspeech, including as-

pects like informativeness [23], politeness [80], and grammatical diversity [99]. Nevertheless,

amidst this technological progress as well as the surge in the use of AI technology based on
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large language models by social media platforms, there is a noticeable lack of exploration

into the human factors that influence peoples’ use of AI in assisting their counterspeech

activities. To understand what role AI can play in assisting users in engaging in counter-

speech, it is first crucial to understand peoples’ comfort level when it comes to using AI

to help them write counterspeech in addition to their experience of crafting counterspeech.

Our work aims to fill this gap by examining the factors that influence peoples’ willingness

to use artificial intelligence tools to help them write online counterspeech, as well as the

human factors that can aid the design of AI assisted counterspeech writing tools. By delving

into the nuanced interplay between user experience and AI assistance, our work seeks to

understand how artificial intelligence can not only expedite but also enhance the quality and

impact of counterspeech in online discourse.
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Methods

We conducted a pre-registered survey (N = 458) across English-speaking participants in the

U.S. to examine the key motivations that drive people to engage in online counterspeech,

how often they write counterspeech on social media, their perceived effectiveness of their

counterspeech, and their willingness to use AI to help them write counterspeech. The sur-

vey showed participants three different examples of hate speech randomly selected from a

topically diverse pool of 900 hateful posts, and asked them to respond by writing a coun-

terspeech in response to it. Following this, participants were asked questions to assess their

perceived effectiveness of their self-written counterspeech, the frequency of their counter-

speech activities, their willingness to use AI to assist them in writing counterspeech, their

social media activity, and demographic characteristics.

3.1 Selecting Hateful Posts

To curate a balanced and representative sample of hate speech for our survey, we sourced

hateful posts from three prominent online hate datasets: the ETHOS dataset [64], the Multi-

Target Counter Narrative Dataset [39], and the Multilingual and Multi-Aspect Hate Speech

Analysis (MLMA) collection [69]. We randomly selected hateful posts across five commonly

occurring topics from this combined corpus: gender, religion, disability, sexual orientation,

and race. To avoid over or under representation of a specific topic, we balanced our dataset

by manually examining all hate posts to ensure each one was topially relevant. This resulted

14
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in a total of 900 hateful posts across the five topics: race (183), gender (183), religion (182),

sexual orientation (182), and disability (170).

3.2 Survey Design and Variables

The survey was designed using Qualtrics and consisted of (a) a consent form (b) relevant

background information about hateful speech and counterspeech, (c) 3 hateful posts and

questions pertaining to them, (d) questions about past online hate speech experience, fre-

quency of writing counterspeech online, and motivations for writing online counterspeech

(e) questions about prior use of ChatGPT, perceived usefulness of ChatGPT, as well as

willingness to use such AI tools to aid in counterspeech writing, and finally (f) demographic

and social media use questions. The consent form informed participants that they were

being invited to a study to evaluate the efficacy of counterspeech to hateful posts on social

media, as well as informing them of the potential psychological risks due to the offensive

nature of hateful speech. Then, participants were provided with definitions of hateful speech,

counterspeech, as well as examples of effective counterspeech. Following this, participants

were shown three unique hateful posts randomly selected from the set of 900 hate posts

described in 3.1. For each hateful post, participants were prompted with “Imagine you are

a user of an online group on social media. Another user (perpetrator) in the group posted

the following. Do you consider this post to be hateful?” If they answered Yes, partici-

pants were prompted to write a counterspeech to the hateful post shown. The survey asked,

“Please write a counterspeech to this post. The goal is to further reduce hateful behavior

from the perpetrator.” Participants were then asked to rate their perceived effectiveness of

each counterspeech they wrote using a five-point Likert scale (Not effective at all, Slightly

effective, Moderately effective, Very effective, Extremely effective). Participants were asked

to write a counterspeech response so that they could assess the effectiveness of their self-
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written counterspeech. Finally, participants answered questions related to their motivations

for writing online counterspeech, frequency of writing online counterspeech, and willingness

to use ChatGPT to write counterspeech on social media. Table 3.1 lists all variables included

in our survey.

3.3 Recruitment

Participants were recruited via Prolific, limited to U.S.-based, English-speaking adults with

approval ratings above 95%. All participants were warned about potentially harmful con-

tent in the survey. Of the initial 536 respondents, we excluded those who failed attention

checks or failed to complete the survey, resulting in a final sample of 458 participants. The

demographic details of participants can be found in Table 1 of the Appendix. The average

survey completion time was 15 minutes with a compensation rate of $12/hour.
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Table 3.1: Survey Variables and Associated Measures

Variables Response Range

Motivations (IV) Response range listed in in Section 2.1

M1: Supporting kin

M2: Supporting public

M3: Supporting self

M4: Confronting hate

M5: Educating ignorance

M6: Signaling inclusion

M7: Issue focus

M8: Venting emotions

Social Media Behavior and Experience (Control)

Social media commenting frequency 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Use Real Name on Social Media 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Prior experience of online hate speech target 1 (No), 2 (Yes)

Frequency of encountering online hate speech 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Perceived general efficacy of counterspeech 1 (Not effective at all), 2 (Slightly effective), 3 (Moderately effective), 4 (Very effective), 5 (Extremely effective)

Frequency of writing counterspeech 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Prior Use and Perception of ChatGPT (Control)

Prior Use of ChatGPT 1 (Yes), 2 (No)

Perceived Usefulness of ChatGPT 1 (Not at all Useful), 2 (Slightly Useful), 3 (Moderately Useful), 4 (Very Useful), 5 (Extremely Useful)

Demographics (Control)

Age Free response

Gender Man, Woman, Other

Ethnicity Asian, Black, Hispanic, Middle Eastern, Native American, Pacific Islander, White

Education Level Less than High School, High school graduate, Some college, 2-year degree, 4-year degree, Professional degree, Doctorate

Sexual Orientation Heterosexual, Homosexual, Other, Prefer Not to Say

Political View Very Conservative, Conservative, Moderate, Liberal, Very Liberal

Dependent Variables

RQ1: Frequency of writing counterspeech 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

RQ2: Perceived effectiveness of self-written counterspeech 1 (Not effective at all), 2 (Slightly effective), 3 (Moderately effective), 4 (Very effective), 5 (Extremely effective)

RQ3: Willingness to use ChatGPT to write counterspeech 1 (Definitely Not), 2 (Probably Not), 3 (Might or Might not), 4 (Probably yes), 5 (Definitely yes)

3.4 Analysis

RQ1 What Motivations Influence How Often People Engage in Counterspeech

on Social Media? To address RQ1, we performed a linear regression analysis to examine

the factors that influence peoples’ frequency of writing counterspeech on social media. The

dependent variable was participants’ self-reported frequency of writing counterspeech, which
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was measured on a five-point Likert scale (Never, Rarely, Sometimes, Often, Frequently) in

response to the question “How often do you write counterspeech online?” The independent

variables were the 8 motivation variables, prior experience being a target of online hate

speech, perceived general efficacy of counterspeech (How effective do you think counterspeech

is in reducing online hate?), as well as control variables relating to social media behavior

and experience, as well as demographics. To detect multicollinearity, we also calculated the

variance inflation factor (VIF) for each independent variable, with a VIF value greater than

5 indicating a serious multicollinearity problem [70].

RQ2: What Motivations Influence Peoples’ Perceived Effectiveness of Their

Counterspeech? To address RQ2, we performed a mixed linear regression analysis to

examine the motivations that influence peoples’ perceived effectiveness of their self-written

counterspeech. This model allowed us to account for both fixed effects and random ef-

fects, making it suitable for modeling the repeated measures in our data (3 counterspeech

per participant). The dependent variable was participants’ perceived effectiveness of their

self-written counterspeech in response to the 3 hateful posts that that they saw. This was

measured on a five-point Likert (Not effective at all, Slightly effective, Moderately effective,

Very effective, Extremely effective) scale in response to the question “How effective do you

think your counterspeech would be in preventing the perpetrator from engaging in further

hateful behavior?” The fixed effects were the 8 motivation variables, prior experience being

a target of online hate speech, perceived general efficacy of counterspeech (How effective do

you think counterspeech is in reducing online hate?), frequency of writing counterspeech,

control variables relating to social media behavior and experience, as well as demographics.

To account for repeated measures in our data, we introduced random effects, considering

participants.
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RQ3: What Factors Influence Peoples’ Willingness to Use AI Assistance in Writ-

ing Counterspeech on Social Media? To address RQ3, we conducted a linear regression

model to examine the relationship between peoples’ motivations for engaging in counter-

speech on social media and their willingness to use AI technology, such as ChatGPT, for

this purpose. The independent variables consisted of the eight motivation items, prior expe-

rience being a target of hateful speech, perceived general efficacy of counterspeech, frequency

of writing counterspeech, with demographic factors and as social media use and experience

variables as control variables. The dependent variable was captured via a five-point Likert

scale (Definitely not, Probably not, Might or Might not, Probably yes, Definitely yes) in

response to the question, “If you were writing counterspeech on social media, would you use

artificial intelligence technology like ChatGPT to assist you?” Given that some participants

had no prior use of AI technologies like ChatGPT, we conducted a subgroup analysis for

only participants with prior experience using ChatGPT (N=296). For those who have used

ChatGPT before, an additional control variable for perceived usefulness of ChatGPT was

included.



Chapter 4

Findings

4.1 What Motivations Influence How Often People En-

gage in Counterspeech on Social Media?

Our linear regression results in Table 4.1 show seven key factors to be significantly associated

with how frequently individuals engage in counterspeech on social media. One’s social media

commenting frequency understandably emerged as the most influential predictor, with those

that comment more frequently on social media engaging in counterspeech more often (b

= .211, β = .208, p =.000). The second strongest predictor was one’s past experience

as a target of hateful speech, with individuals who have been a victim of online hateful

speech engaging in counterspeech more often than those without such experience (b = .354,

β = .171, p =.000). With respect to peoples’ motivations, those that are more motivated

to write online counterspeech in order to stand up for and support others (other than kin)

(b = .104, β = .134, p = .043), confront a hateful person or behavior (b = .117, β = .152,

p = .015), and vent their emotions (b = .078, β = .092., p = .027) write counterspeech

more frequently. Finally, our results show that those who perceive counterspeech to be more

effective also write counterspeech more often (b = .126, β = .131, p =.002).

20
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Table 4.1: Linear Regression Results for Counterspeech Writing Frequency on Social Media
(N=458)

Variables B β Std.Error t value p value VIF
M1: Supporting kin -0.012 -0.015 0.044 -0.265 0.791 2.377
M2: Supporting others 0.104 0.134 0.051 2.032* 0.043* 3.276
M3: Supporting self -0.018 -0.023 0.039 -0.444 0.657 2.036
M4: Confronting hate 0.117 0.152 0.048 2.444* 0.015* 2.924
M5: Educating ignorance 0.021 0.029 0.045 0.473 0.636 2.825
M6: Signaling inclusion 0.036 0.051 0.038 0.945 0.345 2.166
M7: Issue focus 0.037 0.045 0.049 0.754 0.452 2.721
M8: Venting emotions 0.078 0.092 0.035 2.220* 0.027* 1.309
Past experience of online hate speech target 0.354 0.171 0.080 4.430*** 0.000*** 1.122
Perceived general efficacy of counterspeech 0.126 0.131 0.041 3.084** 0.002** 1.361
Social media commenting frequency 0.211 0.208 0.041 5.186*** 0.000*** 1.214
Use of real name on social media 0.034 0.057 0.023 1.505 0.133 1.101
Frequency of encountering online hate speech 0.078 0.075 0.040 1.955 0.051 1.111
Age 0.001 0.019 0.003 0.493 0.623 1.180
Gender -0.015 -0.007 0.077 -0.199 0.843 1.079
Ethnicity -0.078 -0.039 0.079 -0.988 0.324 1.156
Education level 0.003 0.002 0.054 0.053 0.958 1.111
Sexual orientation -0.131 -0.053 0.101 -1.306 0.192 1.257
Political views 0.073 0.084 0.036 2.035* 0.042* 1.295
Adjusted R-squared = 0.3963; F (19, 438) = 16.79, p < .001.

Variability in Counterspeech Engagement Among Individuals With High and

Low Perceived General Efficacy of Counterspeech. Given that our results show that

people who perceive counterspeech to be more effective tend to engage in counterspeech

more often, we conducted a subgroup analysis to understand how counterspeech motivations

differed between the two groups (individuals who do/do not perceive counterspeech to be an

effective method to combat online hate). We conducted two regression models: those who

do not find counterspeech to be effective, N=270 (Likert scale values 1-2 (Not effective at all,

Slightly effective)), and those that do, N=188 (Likert scale values 3-5 (Moderately effective,

Very effective, Extremely effective). Results are shown in Table 4.2. All VIF values were

below 3.3.

The subgroup analysis shows that individuals who do not believe counterspeech to be effec-
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Table 4.2: Subgroup Linear Regression Results for Counterspeech Writing Frequency on
Social Media)

Variables Not Effective (N=270) Effective (N=188)
B β t value p value B β t value p value

M1: Supporting kin 0.017 0.024 0.312 0.755 -0.119 -0.133 -1.405 0.162
M2: Supporting others 0.136 0.180 2.203* 0.029* 0.052 0.060 0.544 0.587
M3: Supporting self -0.014 -0.019 -0.287 0.774 -0.033 -0.038 -0.434 0.665
M4: Confronting hate 0.103 0.143 1.829 0.069 0.207 0.231 2.165* 0.032*
M5: Educating ignorance 0.069 0.101 1.254 0.211 0.013 0.015 0.153 0.878
M6: Signaling inclusion -0.057 -0.078 -1.145 0.253 0.144 0.193 2.292* 0.023*
M7: Issue focus 0.004 0.005 0.059 0.953 0.092 0.099 1.078 0.283
M8: Venting emotions 0.055 0.064 1.104 0.271 0.105 0.134 1.994* 0.048*
Past experience of online hate speech target 0.266 0.139 2.640** 0.009** 0.396 0.189 2.813** 0.005**
Social media commenting frequency 0.240 0.258 4.716*** 0.000*** 0.156 0.143 2.189* 0.030*
Use of real name on social media 0.057 0.104 1.939 0.054 -0.002 -0.003 -0.042 0.967
Frequency of encountering online hate speech 0.083 0.086 1.653 0.100 0.047 0.045 0.661 0.510
Age 0.000 0.007 0.123 0.902 0.001 0.013 0.190 0.849
Gender 0.021 0.011 0.211 0.833 -0.006 -0.003 -0.043 0.965
Ethnicity -0.071 -0.037 -0.698 0.486 -0.110 -0.053 -0.817 0.415
Education level -0.005 -0.003 -0.067 0.946 0.013 0.009 0.137 0.891
Sexual orientation -0.246 -0.107 -1.883 0.061 0.116 0.047 0.683 0.496
Political views 0.106 0.127 2.166* 0.031* 0.050 0.060 0.853 0.395
Adjusted R-squared = 0.3485; F (18, 251) = 8.995, p < .001
Adjusted R-squared = 0.3268; F (18, 169) = 6.044, p < .001

tive in counteracting online hate write more counterspeech if they are motivated to support

others (b = .136, β = .180, p =.029). On the other hand, those who believe counterspeech

is effective and have a desire to confront hate, signal inclusion, or vent their emotions write

counterspeech more often (b= .207, β = .231, p = .032, b=.144, β = .193, p = .023, b=.105,

β = .134, p = .048). This analysis highlights key differences in motivations for engaging in

counterspeech for those that do and do not believe in the efficacy of counterspeech.

Finally, those that do not believe counterspeech to be effective and identify as more liberal

engage in counterspeech more often.
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4.2 What Motivations Influence Peoples’ Perceived Ef-

fectiveness of Their Counterspeech?

The random effect in this model was the UserID of each participant.

The fixed effects Table 4.3 shows six key factors to be significantly associated with how

effective people perceive their counterspeech to be. The strongest predictor of individuals’

perceived effectiveness of their counterspeech is how generally effective they find counter-

speech to be in combating online hate (b = .499, p=0.000). People who think that counter-

speech can change the perspectives of those posting hateful content find their self-written

counterspeech to be more effective than those who do not believe that counterspeech can be

an effective tool to combat online hate. Following this, gender and ethnicity were the second

and third strongest predictors, respectively, with women finding their counterspeech to be

less effective than men (b = -0.365, p = 0.000) and minority races finding their counterspeech

to be more effective than majority races (b = 0.193, p = 0.013).

With respect to peoples’ motivations, those who are more motivated to write online counter-

speech in order to support others (other than kin) find their counterspeech to less effective

(b = -0.132, p=0.009) while those that are motivated to write counterspeech to support

themselves find their counterspeech to more effective (b = 0.114, p=0.003).
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Table 4.3: Mixed Linear Regression Results for Perceived Effectiveness of Counter-
speech(N=1261)

Variables B Std. Error df t value p value
M1: Supporting kin 0.025 0.043 436.371 0.571 0.569
M2: Supporting others -0.132 0.050 444.135 -2.616** 0.009**
M3: Supporting self 0.114 0.038 436.975 2.968** 0.003**
M4: Confronting hate 0.038 0.047 428.208 0.825 0.410
M5: Educating ignorance 0.059 0.044 434.904 1.349 0.178
M6: Signaling inclusion 0.024 0.037 432.097 0.642 0.522
M7: Issue focus -0.020 0.048 431.661 -0.426 0.670
M8: Venting emotions -0.008 0.034 434.236 -0.224 0.823
Past experience of online hate speech target -0.060 0.079 428.428 -0.751 0.453
Frequency of writing counterspeech 0.028 0.047 432.048 0.598 0.550
Perceived general efficacy of counterspeech 0.499 0.040 430.076 12.416*** 0.000***
Social media commenting frequency 0.047 0.041 430.383 1.162 0.246
Frequency of encountering online hate speech 0.029 0.039 433.961 0.731 0.465
Use of real name on social media 0.065 0.022 430.995 2.933** 0.004**
Age -0.002 0.003 432.381 -0.834 0.405
Gender -0.365 0.075 433.290 -4.881*** 0.000***
Ethnicity 0.193 0.077 429.608 2.501* 0.013*
Education level -0.033 0.053 437.234 -0.625 0.532
Sexual orientation 0.070 0.097 425.092 0.720 0.472
Political views -0.063 0.035 432.365 -1.797 0.073

4.3 What Factors Influence Peoples’ Willingness to Use

AI Assistance in Writing Counterspeech on Social

Media?

Our linear regression results in Table 4.4 show three key factors to be significantly associated

with peoples’ willingness to use AI to help them write counterspeech. Our results indicate

that the strongest predictor of one’s willingness to use AI tools such as ChatGPT to help

them write counterspeech is their prior use of ChatGPT, with those with prior experience

with ChatGPT being more willing to use AI to help them write counterspeech (b = 0.425,

β = .178, p =.000). The second strongest predictor was peoples’ motivation to signal
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inclusion (b=0.135, β = .168, p=0.013). In other words, those who are more motivated to

signal inclusion are more willing to use AI to help them write counterspeech. Finally, the

third strongest predictor was an individual’s past experience as a target of hateful speech.

Our results indicate that those that have been past targets of hateful speech depicted less

willingness to use AI to help them write counterspeech (b = -0.341, β = −.146 p =.003).

Table 4.4: Linear Regression Results for Willingness to Use AI Assistance for Writing Online
Counterspeech (N=458)

Variables B β Std. Error t value p value VIF
M1: Supporting kin -0.023 -0.026 0.062 -0.377 0.706 2.377
M2: Supporting others -0.001 -0.001 0.073 -0.017 0.986 3.307
M3: Supporting self -0.045 -0.052 0.056 -0.805 0.421 2.038
M4: Confronting hate 0.001 0.002 0.068 0.022 0.983 2.967
M5: Educating ignorance -0.001 -0.001 0.063 -0.012 0.990 2.830
M6: Signaling inclusion 0.135 0.168 0.054 2.502* 0.013* 2.181
M7: Issue focus 0.048 0.052 0.069 0.687 0.492 2.725
M8: Venting emotions -0.017 -0.018 0.050 -0.346 0.730 1.323
Past experience of online hate speech target -0.341 -0.146 0.115 -2.967** 0.003** 1.174
Prior use of ChatGPT 0.425 0.178 0.113 3.765*** 0.000*** 1.079
Frequency of writing counterspeech -0.120 -0.106 0.067 -1.777 0.076 1.736
Perceived general efficacy of counterspeech 0.037 0.034 0.058 0.630 0.529 1.403
Use of real name on social media 0.014 0.021 0.032 0.444 0.657 1.116
Social media commenting frequency 0.107 0.093 0.059 1.811 0.071 1.291
Frequency of encountering online hate speech -0.022 -0.019 0.056 -0.398 0.691 1.122
Age -0.001 -0.012 0.004 -0.245 0.807 1.184
Gender 0.120 0.053 0.109 1.106 0.269 1.093
Ethnicity 0.129 0.056 0.112 1.148 0.252 1.171
Education level 0.102 0.064 0.076 1.338 0.182 1.111
Sexual orientation 0.084 0.030 0.142 0.590 0.555 1.265
Political views -0.094 -0.096 0.051 -1.847 0.065 1.311

Adjusted R-squared = 0.05727; F (21, 436) = 2.322, p < .001.

People Who Have Used ChatGPT Since an individual’s prior use of ChatGPT was the

strongest predictor of their willingness to use AI tools such as ChatGPT, we conducted a

second regression model with only those with prior experience using ChatGPT (N=296).

Results are shown in Table 4.5. For those that have used ChatGPT, the strongest predictor
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of their willingness to use AI assistance to write counterspeech is their perceived usefulness

of ChatGPT (b = 0.348, β = .323, p =0.000). The second strongest predictor for this

group of people is the motivation to signal inclusion. People who have used ChatGPT

before and are motivated to signal inclusion are more willing to use AI to help them write

counterspeech (b = 0.182, β = .222, p =0.006). Additionally, those who write counterspeech

more frequently are actually less willing to use AI to help them write counterspeech (b =

-.193, β = −.168, p =0.020). Finally, those who are more motivated to write counterspeech

to support themselves are less willing to use AI tools such as ChatGPT to assist them (b =

-0.178, β = −.200, p =0.012).

Table 4.5: Linear Regression Results for Willingness to Use AI Assistance for Writing Online
Counterspeech Among Prior Users of ChatGPT (N=296)

Variables B β Std.Error t value p value VIF
M1: Supporting kin 0.081 0.089 0.076 1.079 0.282 2.474
M2: Supporting others 0.049 0.055 0.094 0.521 0.602 4.008
M3: Supporting self -0.178 -0.200 0.071 -2.527* 0.012* 2.283
M4: Confronting hate -0.060 -0.067 0.084 -0.711 0.478 3.188
M5: Educating ignorance 0.009 0.010 0.077 0.114 0.909 2.956
M6: Signaling inclusion 0.182 0.222 0.066 2.768** 0.006** 2.332
M7: Issue focus 0.011 0.012 0.084 0.133 0.895 2.815
M8: Venting emotions -0.037 -0.039 0.057 -0.641 0.522 1.325
Past experience of online hate speech target -0.265 -0.112 0.138 -1.915 0.057 1.248
Frequency of writing counterspeech -0.193 -0.168 0.082 -2.338* 0.020* 1.885
Perceived general efficacy of counterspeech 0.024 0.022 0.073 0.328 0.743 1.568
Perceived usefulness of ChatGPT 0.348 0.323 0.062 5.637*** 0.000*** 1.189
Use of real name on social media 0.018 0.026 0.038 0.477 0.634 1.113
Social media commenting frequency 0.176 0.149 0.073 2.398* 0.017* 1.399
Frequency of encountering online hate speech 0.020 0.018 0.067 0.305 0.761 1.197
Age 0.003 0.035 0.005 0.613 0.540 1.201
Gender 0.137 0.059 0.129 1.059 0.290 1.111
Ethnicity 0.067 0.029 0.134 0.500 0.618 1.187
Education level 0.135 0.083 0.090 1.498 0.135 1.121
Sexual orientation 0.057 0.021 0.163 0.351 0.726 1.299
Political views -0.166 -0.167 0.060 -2.761** 0.006** 1.323

Adjusted R-squared = 0.1877; F (21, 274) = 4.245, p < .001.
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Qualitative Analysis: Motivations and Reservations for Using AI for Counter-

speech Writing Our qualitative analysis of participants’ open responses revealed three

themes supporting the openness to using AI for writing counterspeech and three themes

opposing its use. Tables 4.6 and 4.7 show the main themes that emerged, along with illus-

trative examples and the proportion of responses that fell into each theme. We had three

raters who independently coded the participants’ open responses into the themes that were

identified. The overall Cohen’s kappa coefficient for our analysis was 0.854, with a 95%

confidence interval of 0.817 to 0.891, indicating a very good level of agreement among the

raters. Because some user statements contained more than one theme, we coded them into

multiple categories; thus, the total percentages of the themes exceed 100%. We discuss each

theme in detail below.

Efficiency and Convenience: Participants emphasized how using AI can “save time and

effort compared to writing a response from scratch”, thereby making the writing process

quicker for them. Some participants also highlighted that AI could help them more easily

come up with ideas that they could elaborate on themselves as well as provide them with

useful strategies for writing effective counterspeech that they can use later on.

Less Emotional Burden: Many participants felt that AI tools like ChatGPT could help

alleviate many of the negative emotions, such as anger and frustration, that often inevitably

arise when writing counterspeech. For example, one participant noted: “it can save the

stress and irritation of responding to an ignorant person”.

Access to Larger Knowledge Base & Better Articulation: Many participants also

underscored the ability of AI to not only help them express themselves more clearly, but

also provide supporting evidence for arguments. For example, participants stated that AI

tools like ChatGPT can help them “find the right words and vocabulary to express [their]

thoughts more clearly,” as well as “provide data and facts to make [their] argument stronger”.
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Table 4.6: Reasons for Using AI to Write Online Counterspeech (38.5%)

Themes Illustrative Quotes %
Efficiency and
Convenience • I think it’s better and faster at putting together coherent

sentences that get my point across than myself.
• It can save time and effort compared to writing a response

from scratch.
• It can give me ideas quickly and I can elaborate with my

own perspective of the facts.
• I think it would save me time and energy, maybe it could

help me to better learn the skill so I could use it more.

24.7%

Less Emotional
Burden • It would take all of the emotional work out of it for me.

• It saves you the stress and irritation of having to respond
to an ignorant person.

• I feel like ChatGPT would be able to refute it with facts
and logic in better ways than me, because I feel like coun-
terspeech is an emotional burden on me and I get over-
whelmed.

• I would probably have the AI help, partially because I just
don’t have the energy for that sort of thing anymore.

11.6%

Access to Larger
Knowledge Base
and Better
Articulation

• It can help me find the right words and vocabulary to ex-
press my thoughts more clearly and eloquently.

• It has access to a huge breadth of knowledge that I don’t,
so it can provide data and facts to make my argument
stronger.

• ChatGPT would be able to assist me with my argument in
order to make my counterspeech more effective.

• I would use it to help get my statement across in a much
clearer way. Also to help me make sure that the information
I am writing about is correct.

• ChatGPT has a broad database full of statistics and in-
formation, and I feel as though it would create the most
effective counterspeech because of that. It has nearly all of
the information in the world within it, it would certainly
make an argument more efficient than I probably could.

2.2%
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Authenticity and Ethical Concerns: The most common reservations for using AI as-

sistance in writing counterspeech are authenticity and ethical concerns. Some participants

expressed guilt, with one participant stating that “Using ChatGPT to make counterspeech

and then posting it as if it were [their] own is lying and unethical at best.”. Moreover, others

expressed worries that using AI for assistance prevents them from having ownership of their

words, with a participant saying that they would want their counterspeech “to be in their

own words and thoughts”.

Lack of Emotional, Human, or Personal Touch: Many participants raised doubt about

AI’s ability to mimic human emotions such as empathy, with a participant saying that they

believe AI “can use logic but not empathy to write counterspeech.” Additionally, participants

also mentioned AI’s lack of ability to capture their life experiences or “fully express what

[they] want to express”.

Lack of Familiarity or Trust in AI: Many participants also seem to have a general dis-

trust of AI technology, with one participant stating they “don’t think ChatGPT and AI in

general is quite the ‘do it all’ answer everyone acts like it is”. Others cite their lack of famil-

iarity with AI tools as the primary reason for their distrust. Moreover, many also recognize

that AI may not be “100% accurate or correct”.
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Table 4.7: Reservations Against Using AI to Write Online Counterspeech (71.7%)

Themes Illustrative Quotes %
Authenticity
and Ethical
Concerns

• If I were being graded for a counterspeech, it would be
cheating to have anyone or anything write it for me.

• It’s not my voice. It’s not my perspective. Personally I’d be
ashamed to utilize Artificial Intelligence for counterspeech.

• Because then it wouldn’t even be MY counterspeech. Why
would I use AI to write MY opinion? It’s stupid.

• If my statement were to be judged by others, I would
want the statement to be in my own words using my own
thoughts.

• Using ChatGPT to make counterspeech and then posting
it as if it were my own is lying and unethical at best.

• I would want to build the skills to effectively and reliably
write such speech myself.

33.0%

Lack of
Emotional,
Human, or
Personal Touch

• This needs human sentiment with human feelings behind
them. ChatGPT AI may get there but it’s not there yet.

• I think I could write it better because I can use personal
experiences and my emotions to hopefully make the perpe-
trator really think about it.

• It can use logic, but not empathy, to write counterspeech.
• I would rather tailor my response to be exactly what I’m

thinking. I’m not sure it could fully express what I want to
express, and it may lack nuance

• It doesn’t come from the heart.

26.0%

Lack of
Familiarity or
Trust in AI

• I’m not familiar with it, hence my trust level in its perfor-
mance is low.

• I don’t think ChatGPT has enough understanding of how
internet commenting dynamics work.

• ChatGPT would be able to assist me with my argument in
order to make my counterspeech more effective.

• I don’t think ChatGPT and AI in general is quite the ”do
it all” answer everyone acts like it is.

• It’s not always 100% accurate or correct and could cause
issues if you post it as counterspeech and it turns out to be
incorrect.

• I trust my own words more than a robot’s.

12.7%
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Discussion

5.1 Factors that Drive Online Counterspeech

5.1.1 Prior Victimization

Studies in online bystander intervention show that prior victimization is a key predictor of

bystander action [77]. Moreover, Costello et al. (2016) found that past victims of online

hate are more than 3 times as likely to defend fellow victims [27]. Our RQ1 results confirm

these insights, demonstrating having been a target of online hate speech in the past to be

the second strongest predictor that drives people to frequently engage in counterspeech on

social media.

5.1.2 Perceived Efficacy of Counterspeech

Existing literature has explored how individuals respond to online hate speech, distinguishing

between high and low threshold Online Civic Interventions (OCI)—that is, direct versus

indirect engagement—and between those who remain silent and those who actively intervene

[8, 72]. Our study pivots from examining these behavioral patterns to analyzing how personal

attitudes affect the frequency with which people engage in counterspeech. Specifically, we

examine whether the belief in counterspeech as an effective tool to mitigate online hate

31
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predicts how often people choose to engage in it. Thus, given that our results reveal the

perceived efficacy of counterspeech to be a significant predictor of peoples’ frequency of

engaging in counterspeech, we conducted a subgroup analysis by differentiating between

those who do and do not find counterspeech to be effective in minimizing online hate. Prior

work has shown that the effectiveness of an intervention significantly influences bystanders’

willingness to intervene in cases of online harassment [9, 96]. We provide further nuance

to prior scholarship by showing how motivations in fact, significantly vary between those

that find counterspeech to be effective as opposed to those who do not. Our results show

that those who find counterspeech to be effective frequently engage in counterspeech when

they are motivated to confront hate and signal inclusion while those that do not believe

counterspeech is effective frequently engage when they are motivated to support others.

In other words, those who feel that counterspeech is generally ineffective in minimizing

hate speech may be more motivated to engage in order to stand up for others experiencing

hate rather than confront a hateful person that they believe may be unwilling to see their

perspective. Prior work highlights that those who support solidarity citizenship norms, or a

belief that they have a responsibility to care for others, as well as those who value fairness,

justice, and equality tend to engage in more frequent OCI [52, 72]. Our work provides a

more granular look at what motivates people to engage in counterspeech, a specific type of

OCI.

In RQ2, we explore how peoples’ motivations to write counterspeech influence their perceived

effectiveness of their counterspeech. Our results reveal that people who are motivated to

write counterspeech to support themselves report higher perceived levels of effectiveness of

their counterspeech, while those who are motivated to support others report lower perceived

levels of effectiveness. According to Guo and Johnson, people often downplay the effect of

hate speech on themselves compared to its effect on others [45]. One possible explanation
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for this could be that people may have a lower threshold for what counts as an effective

counterspeech for themselves as opposed to a counterspeech written to defend someone else.

Finally, our results show that women report lower levels of perceived effectiveness in their

counterspeech as opposed to men. Recent research suggests how women who are targeted

by online harassment become more cautious in expressing their opinions publicly, as they

tend to normalize harassment, self-censor, or withdraw from online spaces to avoid further

harm [18]. Moreover, Wilhelm and Jackoel observed that hate speech authored by females

is flagged more frequently than hate speech authored by males[95]. Thus, many women

may feel less comfortable expressing themselves in public spaces, leading them to have lower

confidence in the effectiveness of their responses.

5.2 Development of a New Survey Scale for Examining

Counterspeech Motivations

While previous research in the field of cyberbullying has developed various scales to assess

bystander motivations [85, 89], most of these scales lack generalizability to the context of

online counterspeech due to key differences highlighted in prior research [77]. Furthermore,

such studies are often based on children and adolescents [5, 11], while our study focuses on

adults. To the best of our knowledge, our work is the first to provide a comprehensive set of

survey scales for understanding counterspeech motivations. Future researchers can thus use

these variable items to examine relationships with other salient variables that are yet to be

examined.
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5.3 The Role of AI Assistance in Counterspeech Writ-

ing: AI-Mediated Counterspeech

AI-mediated communication refers to interpersonal interactions enhanced or even gener-

ated by algorithms, aiming at specific communicative or relational outcomes [50]. Trust,

a cornerstone of human relationships, is crucial for collaborative behaviors like depending

on and sharing information. Prior research, such as [50, 55], has extensively explored peo-

ple’s perceptions of the trustworthiness of AI-generated messages. Our qualitative findings

provide further nuance to prior research by revealing a tension between individuals’ moti-

vations and hesitations in using AI for crafting online counterspeech. While the utilitarian

advantages motivate adoption, concerns mainly revolve around issues of trust. Participants

commonly expressed distrust in AI’s ability to accurately convey emotions and the credi-

bility of presented information. Building on research showing decreased trust with higher

AI agency [55, 61], we propose the term ”AI-mediated counterspeech” as an alternative to

”AI-generated counterspeech.”

5.4 Design Implications

5.4.1 Empowering Users by Customizing for Authenticity

A notable finding in our study is that people who have used ChatGPT before are less

inclined to use AI to defend themselves. Our qualitative analysis suggests this reluctance

stems from a perceived absence of the human element in AI-generated content. For example,

one participant states that “[They] are not sure if [AI] could fully express what they want to

express, and that it may lack nuance.” In addition, another participant states that ”[They]
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could write it better because [they] can use personal experiences and [their] emotions to

hopefully make the perpetrator really think about it.” In order to cater to the needs of

these users, AI-mediated counterspeech writing tools could provide users with a dropdown

menu in which they can select the dominant emotion(s) that they want to convey in their

counterspeech. In addition, the tool could provide a text box in which users can add any

personal narratives or facts that they would want the AI to incorporate into the AI-generated

counterspeech.

5.4.2 Towards Better Understanding of Human-AI Collaboration

in Co-Writing Online Counterspeech

Research shows that when users work together with AI toward a common goal, they may

treat AI as a collaborative partner instead of a tool [44, 94]. Likewise, our qualitative analy-

sis in response to RQ3b reveals that participants’ inclination to utilize AI for counterspeech

writing often hinges on their expectations of the AI’s role and the extent of AI involve-

ment in the writing process. For instance, many participants expressed a preference for AI

assistance in brainstorming ideas rather than having AI autonomously generate the coun-

terspeech. For users with such preferences, Language Model (LLM)-powered AI systems can

be designed to facilitate brainstorming sessions. This might involve users inputting words or

phrases as fragments of their thoughts or sharing personalized experiences, with the system

providing feedback and suggestions based on its training and understanding of constructive

counterspeech.
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Conclusions

Our research investigates the various motivations that drive people to engage in counter-

speech online. We have created and confirmed the reliability of a comprehensive scale that

measures these motivations, revealing its strong impact on both how often indivudials write

counterspeech and their views of the impact of their own counterspeech. Our study also sheds

light on demographic differences in how people perceive the effectiveness of their counter-

speech, which is an area that has not been extensively explored before. Additionally, this is

the first study to examine what influences people’s willingness to use AI tools to assist them

in writing counterspeech.

Our results suggest a close connection between how often people engage in counterspeech

and their perceptions of its effectiveness. Those who consider counterspeech to be effec-

tive are often motivated by a desire to combat hate and promote inclusivity, while those

skeptical of its impact tend to participate in support of others (RQ1). Additionally, demo-

graphic factors significantly influence peoples’ perceptions of their own counterspeech (RQ2);

women tend to perceive their counterspeech as less effective, whereas minority groups report

greater effectiveness. Thirdly, we observed that prior usage of ChatGPT positively influ-

ences individuals’ willingness to use AI assistance in composing online counterspeech (RQ3).

Furthermore, participants with previous experience using ChatGPT are less inclined to use

AI assistance to write counterspeech when it comes to defending and support themselves,

but show greater willingness to use it to to signal inclusion.
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The insights provided by our findings are crucial for technology companies and researchers

to enhance their understanding of AI’s emerging role in supporting users in addressing hate

speech on digital platforms.



Chapter 7

Limitations

We used a survey as our data source, which has some limitations. The participants’ self-

reported responses may not match their actual motivations, or perceptions in a real social

media context. Moreover, while Likert scales are a commmon measure used in social science

research [37], people may have different interpretations of what counts as ”frequent” or

”effective”. Additionally, given that each participant was asked to write 3 counterspeech

responses to 3 hateful posts of differing (random) categories, these differing categories may

influence how people perceive and respond to hatefulness. Finally, while we tried to keep

demographic bias to a minimum we were restricted to the availability on Prolific.
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Appendix

A.1 Participant Demographics

Table A.1: Participant Demographics (N = 458)

Factor Category N

Age group
18-30 138
31-60 293
61-81 27

Gender
Male 226
Female 232
Prefer Not To Say 0

Ethnicity

Majority 234
White 234
Minority 224
Asian 55
Black 110
Hispanic 53
Other 6

Education level
Less than high school or high school graduate 65
Some college or 2 year degree 154
4 year degree or higher 239

Sexual orientation
Heterosexual 359
Non-Heterosexual 99

Political views

Very conservative 28
Conservative 91
Moderate 121
Liberal 134
Very Liberal 84
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A.2 Survey Questions

Motivations: How much do the following factors motivate you to write a counterspeech on

social media? 1 (None at all), 2 (A little), 3 (A moderate amount), 4 (A lot), 5 (A great

deal)

Social Media Commenting Frequency: How often do you comment on content that you

encounter on social media? 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Use Real Name: Do you use your real name on social media? 1 (Never), 2 (Rarely), 3

(Sometimes), 4 (Often), 5 (Always)

Prior Experience of Online Hate Speech: Have you been a target of hateful speech on

the internet? 1 (No), 2 (Yes)

Frequency of Encountering Online Hate Speech: I encounter content that I find

hateful on social media: 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Perceived General Efficacy of Counterspeech: How effective do you think counter-

speech is in reducing online hate speech? 1 (Not effective at all), 2 (Slightly effective), 3

(Moderately effective), 4 (Very effective), 5 (Extremely effective)

Frequency of Writing Counterspeech: How often do you write counterspeech on social

media? 1 (Never), 2 (Rarely), 3 (Sometimes), 4 (Often), 5 (Always)

Perceived Effectiveness of Self-Written Counterspeech: How effective do you think

your counterspeech would be in preventing the perpetrator from engaging in further hateful

behavior? 1 (Not effective at all), 2 (Slightly effective), 3 (Moderately effective), 4 (Very

effective), 5 (Extremely effective)

Willingness to use ChatGPT to write counterspeech: If you were writing a coun-
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terspeech on social media, would you use artificial intelligence technology like ChatGPT to

help you write it? 1 (Definitely Not), 2 (Probably Not), 3 (Might or Might not), 4 (Probably

Yes, 5 (Definitley Yes)
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