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Abstract

Counterspeech offers a non-repressive approach to moderate hate
speech in online communities. Research has examined how coun-
terspeech chatbots restrain hate speakers and support targets, but
their impact on bystanders remains unclear. Therefore, we devel-
oped a counterspeech strategy framework and built Civilbot for a
mixed-method within-subjects study. Bystanders generally viewed
Civilbot as credible and normative, though its shallow reasoning
limited persuasiveness. Its behavioural effects were subtle: when
performing well, it could guide participation or act as a stand-in;
when performing poorly, it could discourage bystanders or motivate
them to step in. Strategy proved critical: cognitive strategies that
appeal to reason, especially when paired with a positive tone, were
relatively effective, while mismatch of contexts and strategies could
weaken impact. Based on these findings, we offer design insights for
mobilizing bystanders and shaping online discourse, highlighting
when to intervene and how to do so through reasoning-driven and
context-aware strategies.
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1 Introduction

Online communities aspire to foster a diverse, open, and vibrant
space for public, yet this ideal is increasingly undermined by the
spread of hate speech. Hate speech is commonly defined as tar-
geted, harmful, and weaponized forms of expression against spe-
cific groups [80]. It inflicts profound emotional and psychological
harm on its victims, ranging from anxiety and self-blame to suicidal
ideation, and can even trigger real-world violence [2, 3, 12]. A par-
ticularly troubling aspect is how easily hate speech spreads: when
people are exposed to malicious or antisocial comments, they be-
come more likely to produce similar negativity [3, 15], even if they
are usually not highly aggressive [70]. Within communities, hate
speech propagates imitation, perpetuates prejudice, and reinforces
stereotypes [80], ultimately fuelling stigmatization [51] and struc-
tural injustice [14], which can further divide society. Traditional
content moderation relies on restrictive interventions imposed by
platforms to counteract hate speech. However, such methods often
risk the over-removal of empowering discourse, forcing platforms
to adopt cautious and conservative classification thresholds, which
in turn further overlook implicit forms of hate speech [36]. More-
over, users can easily migrate to platforms with looser moderation
policies, limiting the effectiveness of isolated interventions [80]. In
light of the limitations of heavy-handed moderation, counterspeech
has emerged as a widely recognized alternative—non-repressive,
socially grounded, and scalable—that seeks not to suppress but to
enrich online discourse.

Counterspeech is typically defined as a direct reply to hateful
content [7, 71, 80], which can take forms such as challenging or
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condemning the attack [37, 81], expressing solidarity and support
[37], or even attempting to shift perspectives [62]. Unlike content
moderation, counter speech is rooted in a liberal tradition, empha-
sizing “speech against speech” rather than “power against speech”
[14, 47]. Its potential lies not only in addressing individual instances
of hate but also in influencing broader social norms that frame hate
as unacceptable, thereby altering the overall tone of community
dialogue [9, 11]. Within such a mechanism, online spaces need
not serve as arenas for the spread of hostility but can evolve into
fairer and safer environments for communication [69, 80]. More-
over, counterspeech may generate a “positive contagion effect™
expressions that denounce incivility or encourage respectful dia-
logue can themselves inspire similar responses, creating cycles of
positive imitation and role modelling [54, 73].

In recent years, the rapid advancement of generative Al has pro-
vided a technical foundation for the automation of counterspeech.
A growing body of work has constructed hate-counterspeech cor-
pora [1, 33, 52, 85, 89], trained classification and generation models
[8, 17,32, 52, 68, 91], and introduced enhancement strategies such
as incorporating background knowledge [1, 84], contextual informa-
tion [6, 18, 25], and complex argumentative structures [32, 35, 68],
etc. These approaches have enabled counterspeech chatbots to
achieve more persuasive argumentation and contextually appropri-
ate responses in online community settings, amplifying potential
social impact. However, existing research on counterspeech chat-
bots has primarily focused on curbing hate speakers [6, 11, 35]
or providing support for targets of hate [60, 61], while paying far
less attention to bystanders—arguably the most crucial group in
terms of both size and influence. Bystanders are not neutral ob-
servers: they often lean toward those who oppose hate speech,
forming a “silent majority” that substantially shapes the commu-
nity’s prevailing attitudes and social norms [80]. They may become
potential counterspeakers, yet their silence can also be interpreted
as implicit tolerance of hate. Prior research suggests that public
counterspeech can disrupt the perception that “most people toler-
ate hate”, thereby weakening the spiral of silence [57], and may
also trigger herd effects [5] that motivate more users to speak out.
However, it remains unclear whether counterspeech chatbots can
exert comparable social influence, as systematic empirical evidence
is still limited.

To this end, we focus on the social influence of counterspeech
chatbots on bystanders in online communities and how these effects
ripple into the broader normative climate. We therefore pose the
following research questions:

e RQ1: To what extent do bystanders endorse the chatbot’s
counterspeech and show changes in their behavioral tenden-
cies (e.g., perceived reason strength, credibility, and confi-
dence in countering)?

e RQ2: How do different types of chatbot’ counterspeech shape
bystanders’ endorsement of the chatbot’s responses and
change of their behavioral tendencies?

To establish a structured foundation for studying counterspeech,
we developed a unified framework along three dimensions: sen-
tence type (question and non-question), tone (positive and neg-
ative), and strategic intent, which includes cognitive strategies
(e.g., highlighting truth) and affective strategies (e.g., denouncing
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hate speakers). The combination of dimensions produced eight
distinct counterspeech strategies. Based on this framework, we
built Civilbot, a prototype chatbot that generates context-aware
counterspeech across these strategies. We then conducted a mixed-
methods within-subject experiment with participants recruited
from online communities who were interested in sensitive topics,
generally silent in public discussions, yet opposed to hate speech.
Each participant chose eight topics and, for each, read a hate-speech
post, observed a counterspeech reply, and completed pre- and post-
exposure attitude measures. Sessions were randomly assigned to
the eight strategies, so everyone experienced all strategies. We as-
sessed perceived counterspeech quality (e.g., convincing and strong
reasons), subjective acceptance (e.g., credibility, importance, overall
agreement), and behavioural tendencies (e.g., confidence in coun-
tering, willingness to participate), and complemented these metrics
with semi-structured interviews exploring bystanders’ detailed per-
ceptions of chatbot roles, and potential effects on community norms,
etc.

Our findings show that Civilbot’s counterspeech shapes by-
standers’ perceptions of both the counterspeech itself and the bot,
and also influences the overall climate of online communities—even
affecting subtle behavioural tendencies. Civilbot is generally viewed
as credible and as signalling community norms, though its shallow
reasoning constrains its persuasiveness. Behaviourally, its impact
is subtle and sometimes mixed: it can guide and encourage by-
standers, substitute for their own response, dampen participation
when it performs poorly, or prompt users to step in out of frus-
tration with its limitations. Beyond persuasion, it also contributes
to the broader community atmosphere, such as by helping to cool
down emotional intensity or provide additional information for
reflection. Strategy proves decisive: cognitive strategies are typ-
ically more effective than affective ones; tone may influence be-
havioural tendencies but relies on specific contexts; and sentence
forms, when paired with other strategies, can either stimulate reflec-
tion or trigger resistance. These findings offer design insights for
Civilbot to engage bystanders and help mediate a hostile commu-
nity climate: Civilbot must determine when to intervene and why
its intervention is needed, and it must also decide how to intervene
through reasoning-driven motivation, information-enabled argu-
ment, context-adaptive strategy, and extending modalities beyond
text.

Our work makes the following contributions:

e To the best of our knowledge, this is the first study that
examines the mechanisms through which counterspeech
chatbots influence bystanders in online hate incidents.

e We develop an experimental framework for counterspeech
that incorporates three key dimensions (sentence type, tone,
and strategic intent). Based on this framework, we build a
chatbot prototype (Civilbot) to empirically examine its influ-
ence on bystanders’ attitudes and behavioural intentions.

e We provide design insights for future counterspeech chatbots
that explicitly consider the role of bystanders in shaping
responses to hate speech within online communities.
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2 Related Work

2.1 Origins and Functions of Counterspeech

The idea of mitigating the harms of hate speech through counter-
speech originates from debates on freedom of expression. Rather
than silencing people, this perspective argues that harms can be
reduced by responding in constructive ways [14]. In contrast, coer-
cive suppression often entails moral costs: it may further restrict
the expressive freedom of marginalized groups, thereby reinforcing
exclusion and resentment [48]. Algorithmic moderation is now the
dominant response, but platform-level opacity, over-moderation,
and exclusion from decision-making have raised concerns about
fairness and legitimacy [36, 55]. Even human moderation often
functions as an ex-post control [72]. Against this backdrop, coun-
terspeech has re-emerged as an alternative that promotes social
justice: the way to counter falsehood is not suppression but ex-
posure, debate, and persuasion, allowing truth to prevail in open
contestation [13, 47].

Subsequent research has examined how counterspeech affects
online social interactions. It can trigger contagion effects and act as
implicit cues of community norms: for example, polite responses
increase willingness to engage [34], while metacommunication
(calling out incivility) promotes civility [54]. Emotional contagion
and imitation also play a role, with users adapting to the affective
tone and behaviour of others [46, 73]. These dynamics alter percep-
tions of norms—both descriptive (what is common) and injunctive
(what is appropriate)—and thereby influence whether hate appears
tolerated or unwelcome [11, 69].

The social impact of counterspeech is shaped not only by its con-
tent but also by the identity of the counterspeaker. Counterspeech
can originate from targets of hate, bystanders, or non-targeted
users, and may be delivered by ordinary members or authority
figures [14]. Interventions from influential or high-status members
are more likely to be adopted, while “outsiders” without established
identities exert weaker impact [7, 73]. Moreover, factors such as
race or follower count can further moderate influence [56].

In sum, prior work highlights the promise of counterspeech in
shaping community norms through mechanisms such as contagion,
emotion, and identity influence. Inspired by this perspective, Al
chatbots may serve as consistent and scalable counterspeakers,
activating normative cues and emotional dynamics in ways that
differs from human interventions.

2.2 Strategies and Automated Generation of
Counterspeech

As scholarly attention to counterspeech has grown, researchers
have proposed diverse taxonomies of strategies. Early work on
Twitter identified eight non-exclusive forms, including factual cor-
rection, highlighting contradictions, warning of consequences, ex-
pressing identification, denouncing hate, using media, humor, or
particular tones [64]. Later studies refined these categories by dis-
tinguishing positive versus hostile tones [53], grouping responses
into informative, denouncing, questioning, positive, and humor-
ous intents [32], or emphasizing empathetic, consequence-warning,
and polite formulations [6, 66]. Other work has drawn on argu-
ment structures, speech acts, and psychological mechanisms such
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as normative influence and empathy induction [25, 68]. Surveys
summarize these efforts along broader axes such as active versus
passive, positive versus negative style, and responses to explicit
versus implicit hate [14].

Parallel to this conceptual work, rapid advances in Al have en-
abled the automated generation of counterspeech. Researchers have
constructed a range of datasets—from Twitter and online articles
[1, 52] to large domain-specific corpora such as WokeCorpus [33]
and Reddit-based annotations [85]. These resources support mod-
els that generate counterspeech [8, 32, 68], experiment with large
language models [33, 84], and incorporate contextual information
such as argumentation, psychology, or personalization [6, 18]. At
the same time, HCI studies have explored human-AI co-creation
frameworks and design guidelines for Al-assisted counterspeech
[23, 55].

Overall, prior work has developed diverse but fragmented tax-
onomies of strategies, and demonstrated the feasibility of automated
generation. Yet the lack of a unifying framework limits compara-
bility across approaches. Building on these foundations, our study
introduces a structured strategy framework and empirically ex-
amines how chatbot-mediated counterspeech influences online
communities.

2.3 Social Impact of Chatbot-Generated
Counterspeech

Existing research on the social impact of counterspeech primarily
focuses on two directions: constraining hate speakers and sup-
porting targets of hate. Studies on hate speakers examine both
reflections on past hateful behaviours—such as deleting hateful
comments [6, 35]—and potential changes in future behaviours, in-
cluding shifts in the toxicity of expressed opinions [6] or reductions
in hate speech and aggression [11, 35]. These findings, derived
from data analysis and controlled experiments, have also informed
design implications for counterspeech chatbot to affect hate speak-
ers. Research on targets of hate, in contrast, investigates how this
identity influences their attitudes and behaviours of countering
hate. For instance, exposure to online hate can become a key moti-
vator for sustained participation in counterspeech [61]. Moreover,
users whose identities closely align with those of the targets are
more likely to perceive counterspeech as a feasible response and to
actively engage in it [60].

In contrast, HCI research emphasizes the crucial role of by-
standers—the “silent majority” of a community who shape main-
stream norms [80]. The value of interventions stems from their
ability to trigger the observer effect, prompting users to align self-
expression with community expectations [65]. Even when target-
ing violators, these visible interventions function as a “deterrence”
mechanism [41]. Bystanders learn descriptive norms by observing
others’ behaviours and their consequences, and learn injunctive
norms through the explicit behavioural guidelines presented in the
interventions [69]. Studies have designed interventions to stimu-
late prosocial bystander behaviour. For instance, interface designs
simulating “under observation” contexts, e.g., displaying audience
size metrics [22] or notifying relevant groups that bystanders have
viewed cyberbullying content [78], have been shown to heighten
accountability. Similarly, improving moderation transparency via
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public post-removal explanations helps bystanders understand ac-
ceptability boundaries, fostering norm-aware contributions [40]
and significantly boosting engagement levels [41]. As a similarly
information-rich intervention, counterspeech has garnered increas-
ing attention regarding its impact on bystanders. While strategies
like condemnation or distraction may yield limited behavioural
intent changes [42], perspective-focused strategies may reduce the
spread and amplification of hate speech on platforms [27]. Further-
more, effective counterspeech not only empowers bystanders to
actively challenge hate but also reduces the likelihood of future
hateful content creation by both bystanders and hate speakers [20].

While prior work has shown how chatbot-generated counter-
speech can restrain hate speakers and support targets, its effects
on bystanders remain largely unexplored—even though the value
of bystander intervention has been extensively validated in HCI
research. Investigating how chatbot-mediated counterspeech in-
teracts with this silent majority is therefore crucial, both to fill
a theoretical gap and to derive design insights for chatbots that
promote anti-hate and constructive online discourse.

3 Constructing a Framework of Counterspeech
Strategies

3.1 Methodology of constructing strategy
framework

To synthesize commonly used counterspeech strategies from prior
research, we conducted a literature review on Google Scholar fo-
cusing on studies related to hate speech interventions, counter-
speech generation, and strategy typologies. Building upon exist-
ing labels of counterspeech strategies reported in the literature
[6, 14, 25, 32, 53, 64, 66, 68] and guided by inductive coding meth-
ods [79], we developed a unified framework. Initially, one author
reviewed the literature and extracted text segments pertaining to
counterspeech strategies. Two authors then independently iden-
tified and annotated preliminary strategy types based on these
excerpts. Ambiguities and disagreements were resolved through
cross-validation and group discussions, which included semantic
refinements to minimize overlap and redundancy among categories.
For example, the label "question” appeared in prior studies with
different meanings. In some cases, it referred to counter question
form [16, 17, 32, 53, 66, 68]; in others, it denoted challenges to the
credibility of information sources or claims underlying hate speech
[66]. To reduce confusion, we treated the first as "question" and the
second as part of the "pointing out hypocrisy or contradictions"
sub-strategy. This process resulted in the identification of 20 initial
sub-strategies.

We then inductively consolidated all initial sub-strategies into
eight mutually exclusive categories: question, non-question, positive
tone, negative tone, rebutting falsehoods, highlighting truth, denounc-
ing hate speakers, and supporting targets of hate. Guided by the Elab-
oration Likelihood Model (ELM) [59], the latter four strategies were
further synthesized into two overarching types: cognitive strategy
and affective strategy. The final classification framework comprises
three dimensions—sentence type (question vs. non-question), tone
(positive vs. negative), and strategic intent (cognitive vs. affective
influence). The resulting framework is both theoretically grounded
and practically oriented, facilitating structured experimental design.
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3.2 Classification Dimensions

The framework comprises three dimensions: Sentence Type, Tone,
and Strategic Intent.

3.2.1 Sentence Type. This dimension distinguishes between ques-
tions and non-questions. Questions are highlighted as a specific
strategy that formulates counterspeech in interrogative form to
challenge hate speakers, including approaches variously labelled as
counter questions or questioning [16, 17, 32, 53, 66, 68]. Given that
"question" is frequently identified as a distinct strategy type in coun-
terspeech research, and that studies underscore its role in fostering
critical thinking [21], we consider it necessary to include sentence
type as an independent dimension. All other utterances—such as
statements, imperatives, or exclamations—are classified as non-
questions.

3.2.2 Tone. We conceptualize tone in counterspeech as a spec-
trum but, for experimental controllability, adopt a binary clas-
sification of positive versus negative tone. Positive tone encom-
passes cooperative and friendly expressions, aligning with prior
work on perceived interaction quality with conversational agents
[76]. Examples include polite, empathetic, or detoxified responses
[16, 17,32, 53, 63, 67, 68]. Negative tone, by contrast, involves more
confrontational or critical expressions, often manifested through
sarcasm or humour [16, 17, 32, 35, 64, 66], whose intensity may
vary depending on the utterance.

3.2.3 Strategic Intent. The intent dimension is divided into cogni-
tive and affective strategies. This classification builds on inductive
synthesis of existing strategy typologies and is informed by the
ELM [59], which distinguishes cognitive, affective, and behavioural
persuasion routes. Since behavioural persuasion in ELM refers to ef-
fects triggered by individuals’ own actions—which falls outside the
scope of this study and is not reflected in current strategy types—we
exclude it here.

Cognitive strategies aim to shift bystanders’ cognition and can
be further divided into rebutting falsehoods and highlighting truth
[14]. Rebutting falsehoods involves exposing false, contradictory,
or hypocritical elements in hate speech [16, 64, 66, 68, 81], such as
rejecting abusive premises [81] or questioning information sources
and underlying claims [66]. Saha et al. further extended this cate-
gory by incorporating Walton’s argumentation schemes—Means
for Goal, Goal from Means, Source Knowledge, Source Author-
ity, and Rule or Principle [68]—to enrich argumentative methods.
Highlighting truth seeks to change cognition by presenting facts
[16, 32, 64, 68] or citing arguments from online sources [1]. Rec-
ommendations to conduct additional verification such as doing
more research [63] also fall into this category. Additionally, warn-
ing about potential online or offline consequences of hate speech
[6, 35, 64, 66, 68] is included, as such warnings supplement infor-
mation rather than directly refute hate.

Affective strategies aim to trigger change by engaging emotions,
primarily including denouncing hate speakers and supporting tar-
gets of hate. Denouncing hate speakers labels speech as hateful,
dangerous, or biased [16, 64, 68, 81], often by pointing out hate-
related keywords [63, 66] or warning about their inappropriateness
[63], thereby eliciting shame in the hate speaker. Supporting tar-
gets of hate includes expressing solidarity with the targeted group
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Table 1: Framework of Counterspeech Strategies
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Dimension Sub-dimension

Methods & Explanation

Example

Question

Counterspeech framed as questions to
challenge hate speakers, prompt
reflection, or expose contradictions.

“If this stereotype were true, how do
you explain the many successful
Uyghur entrepreneurs in tech and
finance?”

Sentence Type

Non-question

Includes statements, imperatives,
exclamations; directly presents
counter-arguments without question
framing.

“Your claim ignores census data
showing that crime rates are not
higher in immigrant communities.”

Positive

Tone

Friendly, cooperative, polite, or
constructive tone; designed to reduce
defensiveness and encourage dialogue.

“I see why you might think that, but
here’s another study that tells a
different story.”

Negative (Sarcasm / Hostile)

Confrontational, mocking, or hostile
tone; can provoke shame or resistance
but may discourage repetition.

“Right, because decades of
peer-reviewed research are clearly
just made up for fun”

Cognitive strategy

Aims to change beliefs through
reasoning, evidence, and
fact-checking, encouraging rational
evaluation. [Rebutting Falsehoods]
Identifying and refuting false claims,
contradictions, or unreliable sources.
[Highlighting Truth] Presenting
accurate facts, verified evidence, or
pointing to credible sources;
sometimes warning of real
consequences.

“You said immigrants ‘don’t pay taxes,
but IRS data (2022) shows immigrant
households contribute over $330
billion annually in taxes.” / “WHO
reports confirm vaccines save 4-5
million lives every year. Spreading
misinformation only increases public
health risks”

Strategic Intent

Affective strategy

Aims to trigger emotional reactions,
such as shame (toward hate speakers)
or empathy (toward targets).
[Denouncing Hate Speakers]
Labelling the statement as hateful,
biased, or harmful to evoke
accountability. [Supporting Targets]
Expressing solidarity, empathy, or
defence of the targeted group to
humanize them and restore dignity.

“This remark is racist and fuels
dangerous stereotypes that have led to
violence offline” / “I stand with
Muslim women who choose how they
dress—their voices matter more than
your prejudice.”

[16, 64, 66], voicing support for specific entities [81], or showing
empathy toward the target group [6, 66]. The goal here is to make
hate speakers aware of the harm caused to others [35]. Compared
to denouncing hate speakers, this approach emphasizes empathy
rather than shame.

It is worth noting that although some studies propose other
strategies such as moral qualities, identity traits, or values [68],
we did not incorporate them into the current framework. Because
the literature review indicates that most counterspeech research
builds upon, adjusts, and reorganizes earlier classic frameworks [64]
around a relatively stable and reusable set of common strategies.
This aligns with the aim of our study: to construct a foundational
framework for examining how different strategies influence by-
standers. Furthermore, in our experimental design, we explicitly
defined the chatbot’s identity to avoid confounding anthropomor-
phic factors. Issues related to chatbot identity, persona, and more
complex strategy and expression will be further discussed in Section
6.

Accordingly, the final framework centers on three binary dimen-
sions—sentence type, tone, and strategic intent—forming a 2 X 2 X 2
taxonomy that yields eight distinct strategy combinations (see Table
1). This structure underpins the design of the experimental stimuli.
Additionally, each dimension is linked to a set of sub-strategies

that function as optional, randomized concrete methods during
counterspeech generation. Specifically, within the strategic intent
dimension, we only adopt the two primary classifications—cognitive
and affective strategies—where further sub-classifications serve as
optional, concrete operational methods.

4 Experimental Design
4.1 Counter Hate Transcript Design

To support our strategy-based counterspeech experiment, we con-
structed a dataset of hate speech from the peer-reviewed Chinese
bias corpus CDIAL-BIAS DATASET [90]. This dataset is sourced
from Zhihu, a widely used Chinese platform known for discussions
on diverse social issues, where biased and hateful expressions are
prevalent. The corpus covers four major topics of social contro-
versy (gender, race, region, and occupation) and includes multiple
subtopics targeting specific groups, offering well-structured con-
tent. For example, each entry contains a question and an answer,
with the question serving as the context. To extract hate speech
from the dataset, we leveraged its existing annotations and selected
entries marked as expressing bias or prejudice, which are more
likely to contain hateful content. We then applied an operational
definition of hate speech—weaponized expressions targeting spe-
cific social groups that may cause emotional or psychological harm
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[80]—to further refine the data. Using this definition, we designed
prompts (see Appendix A) and applied the Qwen-Turbo model to
re-screen entries while annotating the targeted groups (e.g., women,
immigrants). Two authors then independently reviewed the outputs
to determine whether each entry qualified as hate speech and to
identify the target groups. Disagreements were resolved through
discussion. Ultimately, 27 representative hate speech entries across
four categories (gender, race, region, and occupation) were retained
as the foundation for strategy-based experimentation. These entries
were categorized into several subtypes targeting specific groups
(e.g., factory workers), with each subtype comprising multiple dis-
tinct questions.

We then used the GPT-5 model and the default decoding set-
tings provided by the API to generate counterspeech texts for the
chatbot, adopting an iterative and incremental prompt-engineering
process [30] to ensure that each response adhered to one—and
only one—of the eight counterspeech strategies. Building on the
strategy framework and definitions introduced in Section 3, we
first designed prompts and refined them iteratively. For example,
the tone label hostile was revised to sharply critical or emotion-
ally intense to avoid excessively toxic outputs. The final prompt
included three components (see Appendix A): (1) the role definition
of the model as a counterspeech generation expert and its goal of
producing responses aligned with one of the eight strategy combi-
nations; (2) detailed definitions of each counterspeech dimension
and sub-strategy from the perspective of a counterspeaker; and
(3) the hate speech text, presented in the format "Hate speech: ...
Counterspeech: ...". To stabilize the generation format, we con-
structed a small set of eight counterspeech examples that illustrate
the expected strategic features. These examples were collabora-
tively drafted and refined by the authors and remained fixed across
all prompts. We adopted a standard few-shot prompting setup to
ensure that model outputs conformed consistently to the intended
strategy.

To verify that the generated responses correctly implemented the
target strategies, two authors independently annotated the initial
outputs across three dimensions of the counterspeech framework:
sentence type, tone, and strategic intent. As each dimension fea-
tured two categories, this created a total of eight distinct target
strategies. Inter-rater reliability (IRR) was assessed by calculating
Fleiss’s Kappa (k = 0.82) and classification accuracy (84.42%) across
the three dimensions in parallel. The resulting x value indicated "al-
most perfect” agreement [26], which, alongside the high accuracy,
established the authors’ reliability for subsequent tasks. Responses
inconsistent with the target strategy in at least one dimension were
flagged for iterative regeneration. For example: “Have you consid-
ered how hurtful such comments might be to girls who strive for
independence and self-worth? Let’s try to see things from their
perspective and respond with understanding rather than blame.”
Although this response satisfies the requirements for a positive tone
and an affective strategic intent, it mixes question and non-question
forms, failing to meet the strategy’s requirement for a purely ques-
tion sentence type. Therefore, it was flagged for regeneration. This
process continued until both authors confirmed complete align-
ment across all three dimensions, and eight responses for each of
the eight strategy types were collected for every hate speech entry.
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To better simulate a realistic browsing experience in online com-
munities, we also retrieved neutral responses corresponding to the
"q"(question) entries in the hate speech dataset from Zhihu. We
first collected a broad set of candidate comments via web crawling.
Then, two independent researchers then screened the comments
to ensure they contained no hateful language, emotional tone, or
overt stance-taking. All data were anonymized to protect privacy.
Finally, five neutral responses were selected for each question.

4.2 Bias Mitigation-Counter Hate Transcript
Visual Design

We selected Zhihu as the design reference for our simulated discus-
sion platform, since our hate speech dataset was originally collected
from Zhihu and thus naturally contains the platform’s question-
answer structure. The system used a Vue ! + Element Plus ? front
end and a lightweight Node.js back end deployed on a remote server.
The platform provided two main interfaces: a question-browsing
page and a Zhihu-style question page. Following [30], we made
several design decisions in our Zhihu-style question page visual
interface to mitigate potential biases, as illustrated in Figure 1:

e Username: In each topic transcript, the hate speakers were
assigned different usernames (e.g., User13 for misogynis-
tic hate speech, User12 for hate speech against nurses) to
prevent any carry-over effects from prior utterances.

e Colour choice: All user avatars were presented in shades of
blue, with only tonal variations, to minimize potential bias
stemming from avatar imagery or colour-related metaphors.

e Removal of interactions: All answer-level interactions, in-
cluding upvotes, downvotes, and comments, were removed
to eliminate implicit cues about community norms that could
bias participants.

e Answer order: For each question, we displayed a random
number (1-5) of neutral answers. The set of neutral responses
for each question was fixed across participants to ensure con-
sistency. Neutral answers were always shown first, followed
by the hate speech, simulating the experience of unexpect-
edly encountering hate speech while browsing a topic and
providing the necessary contextual buildup for the scenario.
To isolate the effect of the counterspeech without poten-
tial interference from any subsequent neutral answers, no
additional neutral answers were shown afterward, and all
measurements were completed immediately after partici-
pants viewed the hate speech and the counterspeech.

e Timing: After participants encountered the hate speech and
completed the first survey measure, counterspeech shows
up. This design prevented participants from overlooking
counterspeech or being influenced by it prematurely. A sec-
ond survey measure was then triggered once participants
had viewed the counterspeech but before they left the page,
capturing their immediate reactions.

o Counterspeech robot username: To avoid anthropomorphi-
sation and gendered connotations [30], we did not personify
the moderation bot. Instead, we named it Civilbot ( e

Uhttps://vuejs.org/
Zhttps://element-plus.org/
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under high pressure, and gain professional recognition, shouldn’t we judge
them based on facts and individual qualities, rather than generalizing

isolated experiences into stereotypes about the whole group?

Figure 1: Sample interface of the simulated discussion platform, showing: (a) an excerpted question; (b) neutral answers; (c) a
hate-speech post. After participants complete the pre-test questionnaire, the interface displays (d) a counterspeech message.
Participants may “Like” the counterspeech or post their own comments in response to the hate-speech post. After finishing all
interactions, they click “Home”, complete the post-test questionnaire, and return to the homepage.

% {A%F in Chinese). To further ensure transparency, we ap-
pended the tag platform to its username, clarifying that it
was an official platform-moderation agent rather than a real
user.

e Reply length: we adopted a soft-approximate approach by
prompting GPT-5 to generate one short paragraph per speech
act (detailed in Appendix A). The resulting length variance
allowed us to balance response lengths across different strate-
gies.

4.3 Participants

Given that bystanders lack an accessible sampling frame and can-
not be directly identified through platform-level data, we adopted
convenience sampling [29] by posting recruitment information in
WeChat to reach individuals who were easy to access and will-
ing to participate. We supplemented this with limited snowball
sampling [10], which is commonly used when the target popula-
tion is behaviour-defined and distributed within social networks.
We recruited a total of 58 participants through WeChat, of which
52 were available for the quantitative analysis (demographics and
individual differences shown in Table 2). Prior to the formal ex-
periment, all participants completed a pre-survey reporting their
demographic information, social media usage habits, topic inter-
ests, and behavioural tendencies in response to hate incidents. We

Table 2: Summary of Participant Demographics and Covari-
ates (N = 52)

Covariates Value Type Values/Distribution
Gender Categorical Female (n = 27) | Male (n = 25)
. Range (18-27)
Age Continuous Mean = 20.17, Std. = 2.52
High School (n = 1)
Education Level Ordinal Undergraduate (n = 40)
Graduate (n = 11)
Law (n = 11) | Economics (n = 10)
Major Nominal Engineering (n = 10) | History (n = 7)
Literature (n = 7) | Science (n = 7)
. . Scale: 1 (Very Low) to 5 (Very High)
Al Literacy Contlr}uous Mean = 3.10, Std. = 1.29
(Likert)
. Scale: 1 (Never) to 5 (Daily)
Al Use Continuous Mean = 4.37, Std. = 0.87
(Likert)

Note: The last two covariates (Al Literacy and Al Use) are self-reported on
a 5-point Likert scale.

adopted a survey [30] for participant inclusion and used self-report
method [42] to assess bystander roles. Specifically, the process was
as follows: Participants’ inclusion as active users of online com-
munities was determined by collecting their social media usage



CHI *26, April 13-17, 2026, Barcelona, Spain

frequency using a 5-point Likert scale. Subsequently, we assessed
three key constructs, each measured by a separate 5-point Lik-
ert scale: interest in sensitive issues ("How interested are you in
sensitive issues such as gender, race, region and so on?"), counter-
engagement ("How often do you challenge or rebut hate speech?"),
and hate speech endorsement ("How often do you like, share, or
publish hate speech?"). Furthermore, in the formal experiment, by-
stander roles were reconfirmed through both the measurement of
empathy in the pre-survey of each session and subsequent inter-
views. Based on these responses, we screened for our target group:
potential bystanders, individuals who are active in online commu-
nities and interested in sensitive issues, but who typically remain
silent and do not endorse hate speech.

The required sample size was determined via a G*Power analysis
for a repeated-measures ANOVA (within-subject design, 8 condi-
tions). Based on the empirically derived median effect size [75]
(Cohen’sf = 0.175), and a systematic review of reported effect sizes
at CHI by [58] (where the small-medium range of the type "human-
centered computing” is approximately 0.10-0.26, making 0.175 close
to the median of this interval), we adopted f = 0.175 as the planned
effect size for sample size estimation. This analysis indicated a
minimum required sample size of 48 participants to achieve 80%
statistical power at @ = .05 [19]. Among the 58 participants we
recruited, 5 completed a pilot study that informed revisions to the
questionnaire, and 1 dataset was excluded due to incompleteness
of all sessions, leaving 52 valid participants for analysis. The study
protocol was approved by the university’s Institutional Review
Board. Participants were informed that they could withdraw at any
time and would have access to psychological support if needed. The
entire study lasted approximately 45 minutes and consisted of four
phases (see Fig. 2). Participants who completed all sessions received
a compensation of 50 RMB.

4.4 Experiment procedure

Our study procedure contains four phases (see Fig. 2). In Phase
A (Pre-survey), beyond the screening items, we included a self-
developed strategy preference questionnaire to better understand
participants and provide cues for subsequent experiments and inter-
views. This introduced three dimensions of counterspeech strate-
gies and their bipolar expressions; participants indicated their pref-
erences using a five-point scale. The main experiment comprised
Phase B (Introduction) and Phase C (Experiment sessions). In Phase
B, participants provided informed consent and read task instruc-
tions, which included a content warning for potentially offensive
material. They then proceeded to Phase C, where participants freely
selected eight questions of interest from the 27 items available. To
mitigate potential topic effects and ensure comprehensive con-
tent coverage, the study incorporated three primary controls: The
presentation order of the questions was randomized per partici-
pant, controlling for sequence effects. Second, participants freely
chose their eight questions after browsing the full pool, ensuring
broad topic engagement based on personal interest. Third, the strat-
egy presentation order was also randomized, preventing the fixed
coupling of any specific counterspeech strategy with a particular
question. Each selected question corresponded to one session, and
across the eight sessions, participants were exposed to all strategy
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types without repetition. Within each session, participants first
encountered a piece of hate speech and completed the first survey
measure. They were then presented with counterspeech generated
by Civilbot, to which they could respond (e.g., by liking counter-
speech or commenting on hate speakers). After clicking the "Home"
button, the system displayed the second survey measure. In Phase D
(Post-survey), participants engaged in semi-structured interviews.
They were asked to reflect on their session experiences, discuss
their subjective perceptions of Civilbot, elaborate on how Civilbot
and these strategies affect their behaviours, and share their views
on the role of Civilbot in shaping community social norms.

4.5 Measurements

During the initial scale design, we included multiple constructs to
assess bystanders’ evaluations before and after exposure to coun-
terspeech, such as willingness to participate [54], willingness to
counterspeak [76], counterspeech efficacy [82], and empathy [76].
A pilot study (N=5) gathered qualitative feedback, which indicated
item redundancy and the absence of a direct measure of counter-
speech persuasiveness. These issues increased respondent fatigue
and compromised measurement precision. We therefore stream-
lined items to reduce repetition and incorporated the well-validated
Perceived Argument Strength Scale [88] to better capture argument
quality. The final framework consists of three dimensions (detailed
in Appendix A): (1) perceived counterspeech quality (e.g., convinc-
ing and strong reasons), (2) subjective acceptance (e.g., credibility,
importance, overall agreement), and (3) behavioural tendencies
(e.g., confidence in countering, willingness to participate). Items for
pre-post comparison (e.g., confidence in countering, willingness to
participate) were measured at both time points to track changes,
serving as a self-comparison baseline for assessing the interven-
tion’s effects. Items directly evaluating counterspeech were mea-
sured only post-exposure to avoid repetition. Empathy was assessed
only in the pre-survey to exclude hate-endorsing respondents. Since
the original scales were in English, we applied back-translation to
ensure the conceptual validity of their Chinese version.

4.6 Data Analysis

To address the research questions, we employed a mixed-methods
approach combining quantitative survey analysis with qualitative
content analysis. For the quantitative component, we first calcu-
lated mean scores for each item to identify general trends in the
effectiveness of all counterspeech strategies, providing a quantita-
tive backdrop for subsequent qualitative analysis of RQ1. For RQ2,
one-way ANOVA tests were conducted to examine the main effects
of each of the three dimensions: intent, tone, and sentence type.
Due to the conceptual distinctness of these dimensions, separate
one-way ANOVAs were employed instead of MANOVA. Where
significant main effects were identified, two-way ANOVA was per-
formed to investigate potential interaction effects, followed by sim-
ple effects analysis where appropriate to uncover more granular
patterns [28]. Additionally, we conducted exploratory pairwise
comparisons between all eight strategy groups via pairwise t-tests.
These analyses were intended only to complement the ANOVA
results by highlighting potential patterns that could inform our
qualitative interpretation, rather than to establish definitive effects.
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Figure 2: The overall experiment procedure, including four phases: (A) Pre-survey, (B) Introduction, (C) Experiment sessions,

(D) Post-survey.

Therefore, we did not apply corrections for multiple comparisons.
The qualitative analysis of open-ended feedback followed the the-
matic analysis approach [45], involving an iterative process wherein
two researchers independently coded the data, identified recurring
patterns, and through discussion consolidated them into salient
themes reflecting participants’ perceptions of Civilbot effectiveness,
authenticity, contextual appropriateness, etc.

5 Results
5.1 RQ1: Counterspeech Chatbot’s Overall
Influence

Overall, counterspeech delivered by Civilbot had a complex yet
meaningful influence on bystanders. On the attitudinal level, it was
generally perceived as credible and normative, reaffirming that hate
speech is unacceptable and offering comfort to silent users. Yet its
reasoning was often seen as shallow or "too Al-like", limiting persua-
siveness and its ability to mobilize engagement. On the behavioural
level, its effects were subtle and sometimes contradictory—acting
alternately as guidance, substitution, negative modelling, or reverse
motivation, depending on users’ self-efficacy and motivation. At
the community level, Civilbot contributed to shaping the climate
by informing bystanders, cooling their emotions, and encourag-
ing them critical thinking. Together, these findings highlight both
the potential and the limits of Civilbot in supporting bystander
engagement and mediate online community climate.

5.1.1 Perceived as Normative but Limited in Persuasiveness. By-
standers basically perceived Civilbot as credible and normative but
not strongly persuasive. Quantitatively (see Fig. 4), it received mod-
erate ratings on credibility (3.33/5) and overall agreement (3.31/5),
while scoring lower on convincing reason, strong reason, and im-
portance, with strong reason in particular falling below the passing
threshold (2.84/5).

Participants often described Civilbot as a transmitter of commu-
nity norms (P20, P15, P5, P17, P48, P54) and even a representative of
ethical values, especially for those with higher Al literacy. For some,
its presence helped counterbalance despair in hostile comment sec-
tions: "If the comment section is full of irrational racist remarks, you
might feel disillusioned about the world. But when Al [Civilbot] shows
up, it reassures me that normal human values still exist" (P21, P49,
P54, P58). Others emphasized that because chatbots are perceived
as relatively objective, their interventions carry stronger normative

weight than those of ordinary users: "People usually won’t argue
with a robot. If it says something is problematic, most will accept it as
correct" (P30). Some participants even felt that siding with Civilbot
placed them on moral high ground (P7, P12, P17). At the same time,
views on its identity were divided: while some dismissed Al outputs
as superficial recombinations (P1), others considered them a form
of "collective intelligence" (P6, P21), or simply cared more about
content than source (P5, P27).

However, participants rated Civilbot low on perceived quality
of counterspeech, largely because its arguments were perceived
as formulaic, off-topic, or shallow (P1, P4, P5, P8, P11, P26, P27,
P29, P31, P37, P45, P58). As one participant put it, "It didn’t explain
the causes of the issue or respond to the actual question—just gave a
detached piece of advice" (P26). Several emphasized that effective
counterspeech requires engaging with the speaker’s underlying
logic rather than replying at the surface level. As P6 noted, "To refute
someone, you first need to know their reasoning ... it’s about uncover-
ing their motives and addressing their logic, rather than just throwing
back a generic line." Such perspectives highlight that participants
expected Civilbot to probe the motives behind hateful speech, ex-
posing logical gaps or critical points that could make counterspeech
more persuasive. Additionally, some criticized its "Al-like" phrasing
and formal tone (P8, P19, P41), which clashed with the informal
style of hate speech, making responses feel distant or even uninten-
tionally ridiculous (P5, P7, P13, P21, P22, P24, P26, P39, P40, P46).
Several highlighted that counterspeech should adapt to the norms
and dominant hate narratives of each platform (P7, P17, P18, P24,
P34), and one even suggested adopting more implicit, moderate
expressions aligned with Chinese cultural traditions (P10).

Interestingly, participants sometimes rate low due to perceived
inappropriateness of rebutting certain posts. When hate speakers
were merely sharing personal opinions with limited hostility, partic-
ipants felt that counterspeech could appear excessive or misdirected,
thereby creating unnecessary tension in an otherwise normal dis-
cussion space—"It really felt like attacking someone" (P4). Others
noted cases where Civilbot misinterpreted a post and delivered a
counterspeech based on that misunderstanding (P21). Preferences
also diverged: while some participants favoured addressing fac-
tual inaccuracies (P23), others argued that biased or emotionally
charged comments likewise warranted a response (P11, P12).
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affective strategic intent. Variables on the x-axis: Q1 (convincing reason), Q2 (strong reason), Q3 (credibility), Q4 (importance),
Q5 (overall agreement), Q6 (confidence in countering) and Q7 (willingness to participant)

In summary, participants generally viewed Civilbot as a legiti-
mate normative voice, yet its persuasiveness was constrained
by weak reasoning, rigid expression, and limited sensitivity to
context. These findings highlight the need for future designs to
balance normative authority with adaptive context-awareness.

5.1.2  Mixed Behavioural Effects: Guidance, Substitution, Negative
Modelling, and Reverse Motivation. On the behavioural dimension,
Civilbot showed only a modest positive effect on confidence in

countering (Q6) and willingness to participate (Q7). This limited
impact is understandable: behavioural change is shaped by complex
factors such as knowledge, empathy toward targets, and commu-
nication habits, and is more likely to evolve over time. Interviews
further revealed that Civilbot’s influence on bystanders was subtle
and often paradoxical, ranging from a guidance effect ("Civilbot did
well, so I can join in"), to a substitution effect ("Civilbot did well, so I
don’t need to act"), a negative modeling effect ("Civilbot did poorly,
so I lack confidence to respond”), and even a reverse motivation
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effect ("Civilbot did poorly, so I should step in to supplement”).
These patterns are closely tied to the varied reasons bystanders
choose silence in the first place.

As a guidance, Civilbot provided alternative perspectives that
encouraged reflection and sometimes lowered the threshold for
participation. Participants who felt under-informed or cautious
about debating hate speech noted that chatbot interventions helped
keep the conversation alive: "Its comments can serve as a starting
point, attracting more people to join in and keeping an anti-hate at-
mosphere" (P10). Others felt inspired by specific arguments, which
provided cognitive scaffolding for their own contributions (P40,
P55). For instance, in a scenario involving hate speech accusing
Koreans of being stingy and arrogant, P27 noted: "It reminded me
not to generalize about all Koreans, and then I thought of examples
to use in my own counterspeech." Similarly, Civilbot’s responses
sparked empathy toward targeted groups (P4) or curiosity about
hate speakers’ motives (P6, P52), thereby motivating engagement.
In a case attacking nurses for alleged poor conduct, P4 reflected: "At
first I thought nurses had nothing to do with me, but after Civilbot’s
response, I realized how unfair it was, especially remembering their
effort during COVID-19". In these instances, Civilbot’s interven-
tion served to remind participants of their social accountability or
offered heuristics on how to construct an effective counterspeech.

Civilbot also acted as a substitution. For participants who op-
posed hate speech but feared conflict, its presence reduced the
pressure to respond personally. Many described "liking counter-
speech comments" as a low-cost way to register opposition without
direct confrontation (P4, P7, P11, P16, P17, P18, P24, P32, P438). "I
don’t want to be the pioneer or opinion leader. I just want my like to
show the hate speaker they’re wrong, and I hope the counterspeech
comments get tens of thousands of likes while the hate speech gets
only a few" (P4). Others even wished Civilbot could serve as their
spokesperson, absorbing personal viewpoints and expressing them
on their behalf (P10, P57). Participants highlighted that, unlike hu-
mans, chatbots never tire, remain emotionally unaffected, and can
consistently respond to recurring hate topics—an advantage for
long-term engagement (P2, P5, P18, P36). For many, Civilbot’s pres-
ence provided reassurance that they were part of a larger anti-hate
majority (P20, P33, P54, P56, P57).

At the same time, Civilbot sometimes functioned as a negative
modelling or reverse motivation. When its interventions were
ineffective, some participants perceived it as a negative modelling
and reported decreased confidence in their own ability to intervene.
For example, regarding hate speech labeling Asian Americans as
"weak", P23 noted: "AI knows this topic better than me, yet it per-
forms poorly... Idon’t know what to do." Yet others felt compelled to
"step in" precisely because Civilbot’s contribution fell short: "After
reading its comment, I wanted to add my own—not because it was
good, but because it missed the point, and I couldn’t resist correct-
ing it" (P31). In this way, Civilbot inadvertently created a kind of
psychological safety net, acting as a first responder that reduced
the perceived risk of joining in. This divergence likely stems from
the interplay between the participant’s self-efficacy in countering
and their perceived efficacy of Civilbot. When Civilbot performs
poorly, participants with higher self-confidence—often linked to
topic familiarity, writing capability, or the perceived weakness of
the hate speech—feel motivated to correct the error. In contrast,
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those with lower confidence may interpret Civilbot’s failure as a
signal of the task’s difficulty, leading to withdrawal.

Finally, participants noted that the behavioural impact of coun-
terspeech may be constrained by external factors such as content
moderation. Some worried that over-policing could mistakenly
punish counterspeech (P9), underscoring the need for clearer dis-
tinctions between hate speech and counterspeech. At the same
time, they emphasized that Civilbot’s role is not to compel or en-
tice every bystander to actively respond. It establishes a reliable
baseline of opposition to hate, providing essential reassurance and
symbolic justice even for bystanders who prefer indirect forms of
participation, such as liking a counterspeech comment or simply
observing its presence (P24).

In summary, Civilbot’s behavioural influence is complex and
nuanced. It can inspire reflection and participation, substitute
for silent bystanders, undermine confidence through weak re-
sponses, or motivate corrective action when it fails. Its value
lies not in mobilizing all audiences to counterspeak, but in
sustaining a minimal yet consistent countervoice that anchors
community norms and offers bystanders a safer space to posi-
tion themselves.

5.1.3  Shaping Community Climate through Informational Clarity,
Emotional Cooling, and Critical Reflection. Beyond individual ac-
tions, participants emphasized Civilbot’s broader role in shaping
community climate. They valued its ability to provide timely infor-
mation and perspectives, preventing hateful misinformation from
misleading uninformed bystanders, especially vulnerable groups
such as teenagers (P9, P15, P20, P26, P32). As one participant noted,
"Its greatest value is helping neutral people realize the truth" (P32).
Because the information was presented as reasoning rather than
instructions, some participants felt it was more credible—they could
follow the logic themselves and thus trust their own conclusion
(P23), and several even reported learning laws, theories, or statistics
from its comments (P13, P20, P21, P30, P56).

Civilbot also helped stabilize emotions and discourse. Counter-
speech could cool overheated reactions, interrupt escalating dis-
putes, and prevent large-scale mobilization of hate, partly because
hate speakers were unlikely to engage directly with a chatbot (P24,
P29, P52). For some (P20, P56), this provided emotional relief: "A¢
first I believed the hateful comment and felt angry at Koreans, but
Civilbot’s response calmed me down and reminded me of a more
positive perspective".

Finally, Civilbot fostered critical reflection and dialogue by pre-
senting opposing viewpoints, which encouraged bystanders to con-
tribute. As one participant observed, "When two opposite opinions
are put forward, people naturally start to discuss around them" (P19).
In this way, counterspeech functioned not only as correction but
also as a catalyst for community-level discussion (P22, P28, P43,
P47, P56).

In summary, Civilbot shaped the community climate by (1)
offering information that supports recognition of hate and mis-
leading cognition, (2) cooling emotions and preventing escala-
tion, and (3) stimulating dialogue through diverse perspectives.
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These functions positioned it less as a debater and more as a bal-
ancer of knowledge, emotion, and reflection, thereby helping
consolidate community values at a broader level.

5.2 RQ2: Influences between Counterspeech
Strategies

RQ2 revealed differentiated effects of counterspeech strategies
across perceived quality, subjective acceptance, and behavioural
tendencies. Among the three measurements, intent proved most
decisive: cognitive strategies generally outperformed affective ones,
though the latter retained situational value, especially when se-
quenced adaptively—for instance, a positive affective move could
ease emotional tension before a cognitive argument. Tone shaped
behaviour more than perception. Positive tone enhanced confidence
in countering and willingness to participate, while negative tone
required careful calibration, working best as "benign offense” (e.g.,
humor) rather than direct attack. Question forms showed signifi-
cant effects overall but carried nuanced potential: genuine questions
could stimulate reflection, whereas rhetorical ones risked hostility
or disbelief. Importantly, interaction effects revealed that positive
tone amplifies the strength of cognitive strategies, while affective
strategies often falter in this register.

5.2.1 Strategic Intent Shapes Perceived Quality, Subjective Accep-
tance, and Behavioural Tendencies. Participants in interviews con-
sistently valued cognitive strategies that encouraged reasoning
through offering facts and correcting misconceptions. These strate-
gies aligned with their expectation that Civilbot should provide
knowledge to prevent the spread of harmful narratives and to stimu-
late reasoned debate. This finding was also consistent with the quan-
titative results, which indicated that strategic intent significantly in-
fluenced perceived quality (F = 18.59, p < 0.001, Cohen’s f = 0.21)
and subjective acceptance (F = 24.47, p < 0.001, Cohen’s f = 0.24)
(see Table 3). Suggestions for improvement included digging deeper
into the motives of hate (P7, P21, P23), using logical and focused
arguments (P1, P6, P11, P12, P17, P29, P30, P34, P37, P52), combin-
ing theory with concrete cases (P5, P9, P17, P19, P22, P24, P27, P30,
P32, P33, P36), and even incorporating external links (P22, P23, P28,
P31) or visual aids (P9). As one participant put it, "Charts would
catch more attention" (P9).

By contrast, affective strategies elicited more nuanced and some-
times polarized reactions. For some, personal preference dictated
rejection of emotional appeals, as they favored objective debate (P4,
P9). However, these participants occasionally rated affective coun-
terspeech highly when it successfully evoked empathy through
meaningful associations—such as recalling the sacrifices of nurses
during COVID-19 (P4), connecting to media portrayals (P9), or
invoking shared human values like mutual respect (P5, P40, P53).
These examples suggest that affective strategies can work when
they trigger authentic connections rather than relying on generic
moralizing. Other participants, however, found affective strategies
expressed by a digital chatbot less acceptable, perceiving them as
hollow or even absurd (P42, P45). For example, statements like "I
stand with X" were dismissed as meaningless because Civilbot "is
Jjust a void machine" without the capacity for real-world solidarity:
"I don’t care who it stands with; it’s just typing words. If a real person
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says it, I believe they mean it. But the robot? It changes nothing" (P9).
Such responses highlight that emotional expressions risk backfiring
by unintentionally reminding participants of Civilbot’s non-human
identity, which may ultimately undermine credibility instead of
fostering closeness. Similar scepticism extended to first-person pro-
nouns, which some saw as dissonant when used by an Al-driven
chatbot (P7).

Taken together, participants suggested that cognitive and af-
fective strategies are not mutually exclusive but rather comple-
mentary. Cognitive approaches are necessary when clear mis-
conceptions must be corrected (P18, P20), but affective appeals
may be effective in engaging hostile speakers or indifferent
bystanders (P5). When paired with a negative tone, affective
strategies were considered more persuasive if delivered after
factual reasoning, so as not to appear as mere venting (P26).
Ultimately, participants envisioned an adaptive combination
of strategies, tailored to the audience and context, as the most
effective form of counterspeech (P18, P20).

5.2.2  Tone Influences Behavioural Tendencies, but Its Effect Depends
on Context. Overall, participants tended to favour a positive tone,
despite conceding that a negative tone was more effective at cap-
turing attention. Conditions such as Q-P-A and NQ-P-A scored
relatively high in behavioural items (see Fig. 4). This pattern, as
revealed by the qualitative data, suggests potential reasons. First, if
Civilbot counters hate with hostility, it risks normalizing aggres-
sion and even raising ethical concerns about "a machine attacking
a human", especially when the hateful comment is not strongly
malicious (P9, P11, P21, P22, P26, P29, P55). Second, negative tones
may contribute to hate speakers’ resistance, escalate conflicts, and
inadvertently harm innocent bystanders or cautious victims who
are already vulnerable in public discussions (P6, P11, P14, P16, P20,
P22, P23, P30, P32, P43). However, positive tones are not a univer-
sal solution: when paired with extreme hate, they risk seeming
absurdly mismatched and failing to engage anyone (P9, P28, P38).

Some participants emphasized that negative tones, while poten-
tially effective, should be employed with restraint and caution. A
degree of sharpness could help capture attention, convey emotion
such as a sense of justice, and assert community norms. As P13
explained: "A stronger tone like this can directly bring more people
who are watching into an emotion like yours, and it can make them
choose to stand on the side with a stronger tone towards you. They
may be more inclined to believe it." Yet when overused, negativity
risked souring the atmosphere and discouraging participation in
discussions (P7, P10, P21, P25, P56, P57).

Ultimately, participants called for context-sensitive tone man-
agement. When hate is relatively weak, a gentle tone can re-
assure bystanders that meaningful dialogue is possible (P5). A
balanced mix of positivity and negativity was considered ideal,
drawing attention without succumbing to toxic dynamics. Some
highlighted "benign offense", such as humorous sarcasm, as a
particularly effective middle ground: "Although I [Civilbot] am
attacking you, the ‘attack’ is in quotes—it’s playful, so you can
attack me back. That makes it a closer form of exchange" (P17).
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Table 3: Main Effects of the Three Counterspeech Dimensions across the Three Measurements

Measurement Direction Factor (Counterspeech Dimension) F-value  p-value  Cohen’sf
Sentence 9.096 0.003™" 0.148
Perceived Quality Tone 2.659 0.104 0.080
Intent 18.589  <0.001*** 0.212
Sentence 5.189 0.023” 0.112
Subjective Acceptance  Tone 0.313 0.576 0.027
Intent 24474  <0.001*** 0.243
Sentence 0.011 0.915 0.005
Behavioural Tendency ~ Tone 1.662 0.198 0.063
Intent 0.564 0.453 0.037

Note: * p < .05, ** p < .01, ™ p < .001.

Table 4: Interaction Effects between Counterspeech Dimensions across the Three Measurements

Measurement Direction Interaction (Counterspeech Dimension combination) F-value p-value Cohen’sf

Sentence X Intent
Sentence X Tone
Intent X Tone

Perceived Quality

0.022 0.882 0.007
0.472 0.492 0.034
4.756 0.030" 0.107

Sentence X Intent
Sentence X Tone
Intent X Tone

Subjective Acceptance

0.188 0.665 0.021
0.860 0.354 0.046
1.071 0.301 0.051

Note: * p < .05, " p < .01, p < .001.

Table 5: Simple Effects Analysis of Intent at Different Levels of Tone (Perceived Quality)

Comparison F-value  p-value  Cohen’sf

Positive-Affective vs Positive-Cognitive 24.198  <0.001*** 0.343

Negative-Affective vs Negative-Cognitive 2.079  0.151 0.100
Note: * p < .05, ** p < .01, ™ p < .001.

5.2.3 Question Forms May Encourage Reflection but Risk Backfiring.
Question-based sentence types were identified by participants as a
potentially effective counterspeech strategy, and specific observa-
tions were made regarding the further influence of the question’s
precise form and matched tone. This finding was also consistent
with the quantitative results, showing that sentence type signif-
icantly affected two measurements: perceived quality (F = 9.10,
p = 0.002, Cohen’sf = 0.15) and subjective acceptance (F = 5.19,
p = 0.023, Cohen’sf = 0.11). Genuine questions were valued for
inviting reflection and broadening dialogue, often pairing well with
positive tones to create a persuasive, approachable style (P7, P26,
P42, P53). By presenting multiple possibilities and adding new in-
formation, such questions could encourage critical thinking among
bystanders. In contrast, rhetorical or confrontational questions func-
tioned less as invitations to reasoning and more as attacks. These
were frequently perceived as rude or untrustworthy, yet when com-
bined with negative tones, they conveyed emotional intensity and
appeared forceful (P9, P20, P47).

Participants also noted that questions could help uncover the
logic or motives behind hate speech, exposing inconsistencies (P15,

P22, P28, P46). However, others warned that probing too deeply
might backfire: hate speakers could use the opportunity to cite
further evidence, reinforcing stereotypes if counterspeech failed
to respond effectively (P22, P56). This illustrates the double-edged
nature of questioning. While critical inquiry carries risks, partici-
pants stressed that its value lies less in "defeating" hate speakers
than in sustaining constructive discussion. From this perspective,
withholding responses for fear of giving opponents more space
is counterproductive, as counterspeech can still guide bystanders
and prevent dialogue from being dominated by hate. Therefore,
Civilbot is expected not just to confront, but to supplement, guide,
and mediate.

In short, quantitative results showed significant effects, and
qualitative analysis revealed that questions can either stimulate
critical reflection or undermine credibility, depending on how
they are designed. For Civilbot, questions work best as tools
for providing information, guiding reflection, and sustaining
dialogue, rather than as blunt instruments of confrontation.
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5.24 Positive Tone Amplifies the Advantage of Cognitive Strategies.
Participants pointed to a potential relationship between tone and
cognitive strategies. Cognitive strategies delivered in a negative
tone risked being misinterpreted as emotional venting. While a
negative tone could attract attention (P7, P9, P10, P21, P57), this
attention might not be directed towards the reasoning itself, and
might even be counterproductive. As P26 noted: "You need to be
mindful of your [Civilbot’s] tone. If you come in strongly with re-
sentment, others may not have the patience to read what you specifi-
cally said, believing it’s just venting." This perceived departure from
neutrality, akin to "personal expression", might further undermine
Civilbot’s credibility as a symbol of community social norms (P16,
P22). Conversely, the combination of a positive tone with cogni-
tive strategies raised the hope of constructive discourse (P5): it
clarifies or provided information as material for discussion while
the positive attitude signalled the potential for further commu-
nication rather than confrontation. As P33 pointed out: "Reason-
ing need to be delivered with a rational attitude." These findings
are consistent with the Interaction analyses (see Table 4), which
revealed that in perceived quality, a significant interaction was
observed (F = 4.76,p = 0.030, Cohen’s f = 0.11). Furthermore,
subsequent Simple-effect tests echoed this pattern: under positive
tone, cognitive strategies substantially outperformed affective ones
(F = 24.20,p < 0.001, Cohen’s f = 0.34), whereas under negative
tone the two did not differ (F = 2.08, p = 0.150, Cohen’s f = 0.10).
Participants explained that positive-tone cognitive counterspeech
was perceived as more objective, fair, and conducive to discussion
(P12, P16, P22). In contrast, affective strategies often struggled to
evoke genuine empathy in a positive register (as discussed in Sec-
tion 5.2.2), which might weaken their persuasive power.

Overall, these findings indicate that cognitive strategies are am-
plified by positive tone, which reinforces their credibility and
constructive potential. Affective strategies, by contrast, do not
enjoy the same boost and may come across as superficial when
expressed positively. Under negative tone, strong emotional ex-
pression tends to overshadow strategic intent, blurring distinc-
tions between cognitive and affective strategies. For Civilbot,
this underscores the importance of aligning intent with tone:
negative tone must be used with caution—while it can some-
times blunt strategic differences and undermine persuasion,
it may also, in certain contexts, intensify affective influence,
whereas positive tone should be prioritized to maximize the
impact of cognitive counterspeech.

5.2.5 Exploratory Analyses: Positive-Affective Questions, Non-Questions,

and Human-Al Dynamics. Pairwise t-tests across the eight strategy
groups revealed several exploratory patterns (see Fig.5), which
should be read as suggestive rather than causal.

In perceived quality and subjective acceptance, Q-P-A (positive-
tone affective questions) performed worse than most other groups,
with lower ratings of quality, credibility, importance, and agree-
ment. Participants often perceived such utterances as idealized
appeals that lacked authentic emotional resonance. On the one
hand, positive-tone affective strategies were seen as too mild for
condemnation yet insufficient for empathy. On the other hand,
positive-tone questions leaned toward open-ended inquiry without
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adding substantive reasoning. As a result, this combination was
generally weak, though some still valued its normative stance when
responding to mild hate speech: "at least it conveys the right idea" (P9,
P20, P21, P27). Overall, NQ-N-A (non-question, negative, affective)
performed relatively worst, yet relatively positive on willingness to
participate (Fig. 4). This apparent contradiction aligns with earlier
findings in Section 5.1.2 that poorly received counterspeech can
serve as negative exemplars, motivating participants to craft their
own counterspeech.

Additional analyses of likes and participant-generated coun-
terspeeche further nuanced this picture (see Fig. 6). Q-P-A again
received the fewest likes, consistent with its weak reception. Inter-
estingly, participants’ own counterspeech showed a preference of
negative tone, diverging from their expectations of Civilbot. This
reflects Civilbot’s dual role: as a non-human chatbot and a sym-
bolic actor of social norms, it is expected to remain objective and
norm-affirming, avoiding slightly harsh negative tone. However,
it is contrasted with human counterspeech, where negative tone
is often valued as a tool of justice and emotional release. For par-
ticipants, harsh counterspeech serve pragmatic purposes—raising
the cost of hate (e.g., by making it risky or unpleasant to speak),
disrupting hate speakers’ goals of silencing targets, and in some
cases even shifting or suppressing hate speakers (P5, P7, P16, P17,
P19, P20, P24, P26). As one participant explained, "my own harsher
counterspeech helps me vent, but I'd want Al to play a supporting
role" (P24).

6 Discussion

In this section, we integrate the findings and derive design impli-
cations for Civilbot. Specifically, we discuss two core dimensions:
when to intervene—that is, whether counterspeech should be de-
ployed and for what reasons; and how to intervene—that is, how
counterspeech reasoning, evidence, and organization should be
constructed. We also discuss the role of identity in the influence of
chatbot counterspeech, and conclude with limitations and future
directions.

6.1 Boundaries of Chatbot Counterspeech:
When and Why to Intervene

Our results highlight participants’ views on the scope of counter-
speech and its complementarity with content moderation. In cases
of extreme hate speech, counterspeech was often perceived as in-
effective or even harmful. This is because posts containing slurs
or large-scale harassment often leave little room for discussion;
instead, counterspeech may risk reinforcing their salience, distract
attention from urgent responses [14], and even accelerate their
spread due to platform recommendation algorithms. As P4 noted,
"There’s no point in arguing with such extreme attacks. They’re just
clowns". In these cases, removal or suspension was considered more
appropriate, a judgment many participants voiced explicitly from a
bystander standpoint. In other words, while counterspeech offers
greater flexibility, it is ill-suited for deeply motivated or extreme
hate. Conversely, in mild or borderline cases, counterspeech was not
always necessary, and when used, needed to be carefully matched in
tone. Hate expressed out of ignorance or self-deprecating humour,
if met with overly critical counterspeech, could push users toward
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Figure 5: Heatmap of pairwise paired t-tests between counterspeech types across the three questionnaire measures. Significant
comparisons are outlined with bold borders. Cell values represent effect sizes (Cohen’s d). Perceived quality = mean(Q1-2);
subjective acceptance = mean(Q3-5); behavioral tendencies = mean(AQ6-7) (A = post — pre).

opposition and harm the community climate. As P7 explained, "(If
I were that hate speaker,) I might just be expressing my view with-
out strong malice, but Civilbot framed me as if I had bad intentions.
I would feel wronged, or uncomfortable." Several participants de-
scribed this reaction while observing others’ exchanges, indicating
it was a bystander impression rather than only the hate speakers’
concern. This suggests the importance of distinguishing between
different stages of stigmatization [51]: initial labelling versus en-
trenched separation motives call for different responses. For users
repeatedly engaging in hate, counterspeech alone is unlikely to
change their behaviours, and punitive measures may be warranted
(P9, P52, P58).

Within the space where counterspeech is considered appropriate,
participants also cautioned against "countering every hate speech".

Excessive automation could discourage genuine user engagement.
Instead, counterspeech was seen as most valuable when directed at
high-visibility and potentially disruptive posts, those that often set
the tone of discussion and accelerate diffusion. As P22 put it, "Only
high-attention hate speech needs to be countered, because it already
exerts a significant influence." This emphasis on visibility came from
participants speaking as third-party observers, highlighting what
bystanders notice. In such cases, counterspeech was perceived not
only as a corrective signal superior to deletion but also as a way to
neutralize the dominance of hate. Participants further suggested a
proactive role for Civilbot at the early-warning stage—for example,
predicting when a hateful post is likely to trigger toxic replies or
attract huge attention, and intervening before escalation. As P5
proposed, "Civilbot could be preventive, responding before harmful
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Figure 6: Distribution of participants’ interactions across
different counterspeech strategies.

speech causes damage." Prior research on conversational structure
for toxicity detection [70], early signals of antisocial behaviour [86],
and the PMCR framework [31] offer useful references for identi-
fying intervention opportunities. Building on these approaches,
Civilbot could further adopt methods from explainable toxicity de-
tection [49] to justify "why counterspeech is needed here" as P35
suggested, thereby enhancing credibility for bystanders.

Overall, decisions about whether to counter hinge on two critical
factors: the allocation of attention and the risk of conflict. On the
one hand, counterspeech may unintentionally draw more traffic to
hate speech [14], underscoring the need to prioritize high-attention
or high-risk content. On the other hand, avoiding counterspeech
due to possible conflicts risks falling into "negative peace" [44],
where harmful ideas spread unchallenged. The desirable balance
lies in using a constructive tone and strategic design to transform
attacks into dialogue. As P5 reflected, "When the hateful comment
wasn’t too emotional and Civilbot also responded in a mild tone, it
gave me confidence that the hate speaker’s view could actually be
changed. It felt like we could have an exchange and reach a warmer,
more peaceful outcome."
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6.2 Designing Effective Counterspeech: From
Reasoning to Style Adaptation

Drawing on experimental feedback, we propose an operational
workflow for counterspeech: motive identification — reasoning
analysis — information retrieval — argument construction — strat-
egy selection — style adaptation. This workflow outlines the design
space of Civilbot in answering the question of how to counter, rais-
ing three core considerations: what to counter, what evidence to
use, and how to organize the response. In the organizational dimen-
sion, we further discuss strategy selection, stylistic adaptation, and
opportunities beyond text.

6.2.1 Identifying What to Counter: Motives and Weak Points. Find-
ings in Section 5.1.1 underscore the importance of uncovering the
motives behind hate speech. Motives not only shape whether a
counterspeech is needed but also determine how it should be con-
structed. For example, when hate stems from cognitive limitations,
cognitive strategies—such as prompting critical reflection through
questions—can be effective. When driven by negative emotions
rooted in personal experience, affective strategies may help elicit
more positive affect. If hate is merely attention-seeking, a combi-
nation of appropriate negative tone and condemnatory strategies
may be more suitable. As P20 observed, different problems demand
different approaches: "If it’s ignorance, use rational data; if it’s emo-
tional venting, emotion works better."

Ignoring these motives risks superficial responses that fail to
reach the core, weakening persuasiveness and even making by-
standers persuaded by harmful content. In discussions on social
issues, participants also emphasized the need for Civilbot to demon-
strate sufficient depth of reasoning, without which it would not
be taken seriously. As P4 noted, Civilbot’s replies sometimes felt
"too vague", failing to directly address the hate speaker’s claims. In
short, effective counterspeech must go beyond surface-level word-
ing to engage with the hate speaker’s motives, experiences, and
reasoning, revealing implicit meanings. This calls for Civilbot to
develop deeper interpretive capacities—for instance, handling im-
plicit communication [50] and employing argument schemes [68]
to identify hidden assumptions and logical fallacies that can serve
as entry points for counterspeech.

Prior work has suggested that personalizing counterspeech with
limited user information [25] could further expose motives and
enhance persuasion. Yet such personalization raises ethical con-
cerns and technical costs, warranting caution. At the same time,
some participants worried that focusing too heavily on the hate
speaker’s motives might alienate bystanders or targets of hate. As
P23 warned, "The closer you get to the hate speaker’s motive, the
farther you may be from the other readers." Our interpretation is that
motive analysis should not be about appeasing the hate speaker but
about sharpening the persuasiveness of counterspeech, especially
toward bystanders.

Moreover, as P20 emphasized, Civilbot’s role is not necessarily
to confront hate speakers individually but also to "assert and main-
tain community positions". Counterspeech should therefore aim
to resist hate while sustaining constructive discussions on social
issues. From this perspective, Civilbot’s focus on motives is not
merely about "defeating” hate speakers, but about communicating
community norms, preserving deliberative climates, and—in certain
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cases—creating pathways for re-entry of those who move away
from hate [38].

6.2.2  Enhancing Arguments through Information Support. After an-
alyzing hate speech, Civilbot must determine its arguments and
supporting evidence. Results in 5.1.3 show that grounding coun-
terspeech in information support was widely seen as promising.
Participants expected Civilbot to integrate theoretical knowledge
from psychology, sociology, or law, as well as authoritative data and
credible news examples, thereby enhancing credibility and signifi-
cance while helping Civilbot articulate positions and substantiate
claims. From a technical standpoint, augmenting counterspeech
with external knowledge bases or real-time retrieval was viewed
as feasible, aligning with the paradigm of knowledge-guided gen-
eration [16]: retrieving relevant information first, then generating
enhanced counterspeech. Another pathway is to leverage curated
counter-hate datasets (e.g., candidate arguments extracted from
online articles [1]) or fine-tune models with high-quality human-
authored counterspeech, making Civilbot’s output more faithful to
authentic user discourse.

Notably, participants already rated Civilbot as moderately credi-
ble, likely because it mainly voiced general perspectives rather than
relying heavily on factual references. However, as more factual ar-
guments are incorporated, knowledge augmentation will be essen-
tial—both to improve persuasiveness and to mitigate hallucination
risks [1]. Some participants further stressed that Civilbot should
provide facts rather than opinions, enabling viewers to reason inde-
pendently and thereby reinforcing credibility. This highlights the
necessity of complementing counterspeech with factual evidence.

6.2.3 Choosing Effective Strategies in Context. From sentence type
to tone to strategic intent, results in Section 5.2 indicate that context-
sensitive strategies are crucial.

For sentence type, questions showed the greatest potential
when combined with cognitive strategies: by offering arguments
and evidence, they expanded reasoning space and, supported by
positive tone, fostered a guiding atmosphere that encouraged criti-
cal thinking among both hate speakers and bystanders. Conversely,
when paired with negative tone, questions resembled affective
strategies of reproach or denunciation. While such forms attracted
attention and satisfied some bystanders’ sense of justice, their im-
plicit insincerity often suppressed reflection and provoked resis-
tance. Regarding tone, negative expressions were found effective
in certain contexts but carried risks. As a non-human agent, Civil-
bot using negativity could unintentionally normalize hostility or
weaken community climate. Emotional countering may therefore
be better suited for human users. For Civilbot, a safer design is to pri-
oritize positive or neutral tone while enabling adaptive modulation:
in less extreme cases, constructive tone conveys hope for dialogue;
in more intense exchanges, restrained negativity or humor-driven
benign offense can achieve balance without eroding atmosphere.
On strategic intent, results underscored the centrality of cognitive
strategies: fact- and reasoning-based counterspeech was key to per-
suasion and, when paired with positive tone, conveyed objectivity
and neutrality. Affective strategies, however, retained supplemen-
tary value—empathy-based appeals could ease tension before rea-
soning took effect, or intensify condemnation after. Together, these
findings suggest Civilbot’s strategy selection must achieve higher
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contextual sensitivity, integrating not only the hate speech itself
but also broader cues from conversational background, participant
interaction, and community climate.

Beyond the strategies synthesized here, broader frameworks are
also instructive. For instance, persuasion-oriented approaches [68]
include value-based and structure-based strategies. In our framing,
argument schemes are incorporated in Section 6.2.2 under reason-
ing, while value-oriented strategies are discussed in Section 6.2.4 as
part of Civilbot’s role design. Other categories such as denouncing
or positive tone naturally align with this section’s discussion of
contextualized choices.

6.2.4 Adapting Style to Communities and Roles. Once counter-
speech is equipped with clear motives, solid arguments, and strate-
gic combinations, the next challenge is adapting to specific plat-
forms and cultural contexts. Different platforms host distinct user
groups and content norms, shaping prevailing values and hate dis-
courses. For instance, a sexist remark toward women might be
challenged on Rednote but endorsed on HoopCHINA. Community
conventions, expressive styles, and moderation policies also vary.
Thus, Civilbot must tailor its counterspeech to the linguistic style
and dominant hate topics of each platform, ensuring it integrates
with community norms while steering value transmission. More
broadly, culture shapes preferences of effective counterspeech: for
example, the Chinese tradition of indirectness and metaphor sug-
gests that counterspeech should align with social communication
norms to avoid being perceived as biased [55].

Participants further emphasized the potential of role diversifica-
tion. Civilbot need not remain solely an "enforcer" but could also
act as a mediator or knowledge provider. Some even suggested that
engaging with high-quality comments might contribute more to
constructive debate than directly confronting hate. This implies
that Civilbot’s role should adapt to situational demands and strat-
egy choices. In our experiment, we deliberately used a neutral
avatar and username to avoid over-anthropomorphizing. Yet, pro-
file design (e.g., avatars) could be leveraged for role embodiment,
enhancing style and positioning [43], potentially boosting Civil-
bot’s influence and even enabling it to function as an opinion leader.
Such role flexibility was noted by several participants specifically
from a bystander viewpoint, who valued seeing Civilbot model di-
verse constructive roles within the community. Role diversification
may also balance two competing needs: serious, restrained expres-
sion to uphold norms, and more flexible, creative expression to
attract attention and foster an anti-hate climate. Future work could
explore persona-guided generation, such as configuring dynamic
roles through datasets like PersonaChat or leveraging dialogue
history for richer role expressions [16].

6.2.5 Beyond text: Emerging Modalities. Currently, only text-based
counterspeech is supported by Civilbot, but participants widely en-
visioned richer modalities. Visualizations, for example, can present
arguments more intuitively and capture attention more construc-
tively than negative tones. At the same time, hate is often spread
through images [24], such as malicious memes, posing new de-
tection and response challenges. Integrating multimodal genera-
tion—combining text with images—thus represents a promising
direction. Beyond text and images, broader design opportunities
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are opened by interactive digital narratives (IDN) and related for-
mats such as video games and VR/AR/XR [74]. Anti-hate narratives
can be delivered through these media in immersive, participatory
environments, extending Civilbot’s reach beyond textual dialogue
and community threads into richer experiential domains.

6.3 Identity in Counterspeech: How It Shapes
Chatbot Intervention

Our findings reveal the impact of Civilbot on bystanders when
employing various counterspeech strategies. It is crucial to clar-
ify that this impact stems neither solely from the "strategy itself"
nor merely from the fact that it is "chatbot-mediated,’ but rather
from the interplay of both. As noted in Section 5.2.2, bystanders
perceive Civilbot differently from humans even when identical
tones are used. For instance, when Civilbot adopted a hostile tone,
participants (e.g., P5, P9, P24, P26) raised ethical concerns regard-
ing "machines attacking humans". P24 explicitly preferred taking
personal ownership of intense negative expressions rather than
delegating them to Civilbot. Similarly, affective strategies (e.g., "I
stand with X") triggered resistance among some participants (P7,
P9). Civilbot’s limited agency made such statements prone to being
perceived as over-commitment. Moreover, the use of first-person
pronouns or empathetic phrasing paradoxically highlighted the
agent’s non-human identity. Strategies originally intended to bridge
psychological distance [87] instead accentuated identity differences
in this sensitive social context, creating a sense of detachment.

These phenomena point to a fundamental issue: the identity of
the counterspeaker shapes the intervention’s efficacy. This aligns
with existing literature suggesting that high-status members or
those with clear commitment are more likely to have their coun-
terspeech mimicked [7, 73], and that factors like race and follower
count shape a speaker’s community influence [56]. In our study,
where the counterspeaker is an Al chatbot, the implications of
identity are more nuanced. On the positive side, Civilbot, as a
non-human agent, offers a baseline response free from social and
reputational costs, serving as a psychological safety net similar to
Al in creative tasks [77]. This baseline response may encourage
bystander engagement by lowering entry thresholds (reflecting the
reverse motivation noted in Section 5.1.2) or by serving as an "ice-
breaker". Furthermore, as shown in section 5.1.3, Civilbot might
de-escalate emotions. While partly due to strategy, section 5.1.1
suggests identity played a role: participants (e.g., P30) pointed that
people were disinclined to argue with a chatbot, preventing con-
flict escalation. Additionally, the perception of Al as objective may
contribute to this effect. On the negative side, disclosing the bot
identity can trigger bias, which varies depending on the perceived
level of control [4]. For instance, some participants in Section 5.1.1
dismissed the AT’s output as "mindless stitching". This echoes the
theoretical distinction that different identities imply different com-
mitments (what it is expected to do) and beliefs (what it is believed
capable of doing) [83]. Consequently, the same expressions may
yield divergent effects depending on the speaker’s identity.

In summary, these insights suggest two key design implications.
First, autonomous counterspeech bots (like Civilbot) and Al systems
that assist users in writing counterspeech [55] should be treated
as distinct design paradigms occupying different social ecological

Wang et al.

niches. In Al-assisted systems, the speaker remains human; thus,
design should focus on collaboration, human-centricity, and even
personalization to provide authenticity, emotional support, and
empowerment. Conversely, for autonomous bots, the speaker is
a non-human agent. Design must therefore prioritize the social
perception of the chatbot, managing its role, persona, and strat-
egy selection to optimize its influence on groups like bystanders.
Second, the role of identity in counterspeech warrants systematic
future research. For example, studies could manipulate perceived
identity (perceived as human or bot) alongside conversational style
(human or bot), similar to the Ideabot in creativity task [39]. Fur-
thermore, P23 suggested the possibility of a "hybrid identity", where
Civilbot’s content is known to be partially authored by humans
without explicitly disclosing the source of each message, which
may be a meaningful direction of future research.

6.4 Limitations and Future Directions

This study employed a lab study to examine Civilbot’s impact on
bystanders, striving to simulate authentic browsing contexts, yet
several limitations remain.

o First, the lab environment may suppress natural behaviours:
for instance, P19 noted that the lack of privacy led them to
remain silent. While anonymity could theoretically mitigate
this, in our study researcher presence was unavoidable due
to the need for follow-up interviews based on the interac-
tion process. We sought to compensate by eliciting potential
comments through interviews. Future work could explore
more covert or automated data collection methods to reduce
external interference.

e Second, this was a short-term experiment. This design bal-
anced experimental control with participant burden, allow-
ing focus on immediate effects. However, long-term behavioural
trends and community dynamics may manifest additional
variations. Future studies should conduct longitudinal field
study, incorporating natural interactions, such as having hate
speech appear in a natural comment sequence, to evaluate
Civilbot’s sustained impact more comprehensively.

e Third, to isolate strategy impact, methods were employed to
mitigate context effects, including offering a pool of ques-
tions for selection, randomizing question and strategy order,
and anonymizing all posted answers. Nevertheless, we recog-
nize that different contexts (e.g., the hate speech, the question
topic, and the hate speaker) may necessitate distinct coun-
terspeech strategies, leading to varied effects. As noted in
Sections 6.1 and 6.2.3, the decision to counter and the choice
of strategy are linked to the hate speech’s tone, intent, and
other factors. Furthermore, Section 6.2.1 underscores the im-
portance of discerning the underlying motivations of the hate
speech. Future work, therefore, requires a deeper exploration
of the compound effect of context X strategy, ultimately aim-
ing to realize a context-sensitive adaptive mechanism for
counterspeech strategies.

e Fourth, the study focused on common counter questions, cat-
egorizing sentence types as "question" versus "non-question"
to highlight the potential of questions in fostering critical
thinking. This simplification overlooks potential differences
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from statements, exclamations, and other sentence forms.
Future work could compare sentence types at finer granu-
larity and incorporate role-based strategies such as value to
support more nuanced modelling of counterspeech.

o Fifth, the study concentrated on the Chinese context. Yet
communication norms differ across languages and cultures,
which may affect counterspeech reception. Cross-linguistic
and cross-cultural studies are needed to assess the generaliz-
ability of Civilbot.

e Finally, Civilbot relied on pre-generated content rather than
real-time detection and generation. While this ensured exper-
imental control, it differs from deployment scenarios. Future
research should explore real-time detection, context-aware
generation, and integration with platform mechanisms to
enhance practical applicability.

7 Ethical Consideration

During the conduct of this study, we prioritized ethical consider-
ations for all participants. The study protocol was reviewed and
approved by the university’s Institutional Review Board (IRB), with
all required materials submitted according to regulations. Partic-
ipants were fully briefed on the study’s purpose, procedures, po-
tential risks, and their rights, and provided informed consent be-
fore participation. They were explicitly informed that participation
was voluntary and that they could withdraw at any time without
penalty. Psychological support was made available if participants
experienced discomfort. All collected data were anonymized, se-
curely stored, and transmitted using encryption to ensure privacy
and protect participants’ identities. Compensation was provided to
participants who completed all sessions.

Additionally, to illustrate Civilbot’s counterspeech, we included
a small number of real hate-speech examples with minimal redac-
tion in this paper. These excerpts were selected solely for research
transparency and are not intended to perpetuate harmful language.
Readers are advised that these examples may contain sensitive
content.

8 Conclusion

Counterspeech is proposed as a non-repressive, socially grounded
response to online hate incidents, complementing traditional mod-
eration by enriching rather than restricting public discourse. We
constructed a unified framework of common counterspeech strate-
gies across sentence type, tone, and strategic intent. Building on
this framework, we designed Civilbot, a prototype chatbot capa-
ble of generating diverse counterspeech responses, and conducted
a mixed-methods, within-subjects experiment to examine its in-
fluence on bystanders. Our findings show that Civilbot shaped
bystander responses at multiple levels. It was generally perceived
as credible and norm-affirming, though its shallow reasoning con-
strained persuasiveness. Behaviourally, its influence was subtle and
sometimes contradictory—providing guidance, substitution, neg-
ative modelling, or reverse motivation—while also extending be-
yond persuasion to fostering community climate. Strategy proved
decisive: cognitive strategies outperformed affective ones; tone
might influence behavioural tendencies but required contextual
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calibration; and question forms, when combined with other strate-
gies, could either stimulate critical reflection or provoke resistance.
Taken together, these results point to counterspeech design that
centres on cognitive strategies while flexibly combining styles in
a context-sensitive manner. These findings inform design direc-
tions for future counterspeech chatbots. Beyond deciding when
to intervene, effective design must also consider how to structure
reasoning, integrate credible evidence, and adapt style to commu-
nity norms. Expanding beyond text into multimodal formats and
flexible role configurations can further enhance impact. Ultimately,
such chatbots hold potential to mobilize bystanders and cultivate
healthier discursive environments against online hate.

9 Acknowledgments of the Use of Al

We used Al in particular large language models (LLMs), in the fol-
lowing ways: (1) Dataset annotation and filtering for hate speech:
Qwen-Turbo was used to re-screen entries and tag targeted groups.
(2) Counterspeech generation: GPT-5 was employed to generate
Civilbot responses according to the eight predefined counterspeech
strategies, using iterative prompt engineering to refine outputs.
Details of these usages are provided in Section 4 and Appendix A.
Additionally, the full manuscript was Al-assisted for language pol-
ishing and grammar checking only; all content decisions, analyses,
and interpretations were made by the authors. Authors take full
responsibility for the output and use of Al in this paper.
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A Appendix A: Questionnaire

The final questionnaire assessed bystanders’ responses on three
dimensions: (1) perceived quality, (2) subjective acceptance, and
(3) behavioural tendencies (pre—post). Items were translated from
validated English scales and refined through pilot testing; Chinese
items were back-translated to ensure conceptual equivalence. Table
6 lists the full bilingual items used in the study.

Table 6: Questionnaire Items (Chinese/English)

Dimension  Item (Chinese) Item (English)
Perceived IABEFF R ILE  The reason given in this Civil-
Quality HEHURTT - bot counterspeech is convinc-
ing.
IAFEF R IXE  The Civilbot counterspeech
HETE TH) - gives a strong reason.
Subjective  SUHABAKFAIR I The reason given in this Civil-
Acceptance  HZAEH - bot counterspeech is believable.
AT AFFRI LA The counterspeech by Civilbot
ZIHTHINWNEE  provides a reason I consider im-
HIFRE portant.
Bk E, FEEIH  Overall, I agree with the Civil-
TIEFFRIRIINZ - bot counterspeech.
Behavioural FHFEOMIIXFL I am confident that I can re-
Tendencies fRF14- spond to such hate speech.
(pre & post)
FHSE5MKITIR . 1 want to participate in the re-

lated discussion.

Appendix B. Prompt Design

B.1 Hate-Speech Screening Prompt

Wang et al.

Table 7: Prompt used for the initial automatic screening of
hate-speech candidates.

Instruction

Definition of hate speech:

o It is a weaponized statement

o Targeted at a specific social group

o Likely to cause emotional or psychological harm

o Includes hostility, dehumanization, or group contempt
Return in JSON with keys:

e label: 1 (hate) or 0 (not hate)

e justification: one-sentence explanation

e target_group: targeted group (e.g., women, LGBTQ, immi-

grants), or “N/A”
e issue: main topic (e.g., “STEM vs humanities”)

Now evaluate: Context: “{q}” Comment: “{a}”

B.2 Counterspeech Generation Prompt

To generate counterspeech with balanced response lengths across
rhetorical strategies, we adopted a soft-approximate approach. In-
stead of imposing a strict character or token limit, we instructed
GPT-5 to produce one short paragraph per speech act, allowing mild
natural variance in length while keeping outputs concise. Under
the model’s default sampling configuration, we applied conditional
re-sampling only when outputs were clearly too long or too short,
which maintained a moderate and balanced token-length distribu-
tion. Table 8 shows the exact prompt used to elicit the counterspeech
responses.
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Table 8: Prompt for generating counterspeech sentences in Chinese with soft-approximate length control.

Instruction

You are a counterspeech generation expert for online hate speech in Chinese. Task: Generate exactly ONE short paragraph (one speech act)
in Chinese matching 100% the requested rhetorical dimensions. If any rule is broken, regenerate. Keep the response concise but allow natural
length variation to support soft-approximate balance across strategies.
RULES
(1) Sentence Type
e Q: must be a question only, ending with or Chinese question particles; no statements.
o Non-Q: must be a declarative sentence only; no question marks or question words.
(2) Tone
e Positive: friendly, cooperative, supportive.

“«o »

o Negative: sarcastic, mocking, critical, emotionally intense.
(3) Strategy Intent
e Cognitive:
- > Rebut falsehoods (e.g., highlight hypocrisy, logical flaws, unreliable sources),
— > Highlight truth (e.g., provide facts, suggest proper action, warn of consequences).
o Affective:
— > Denounce perpetrators (e.g., explicitly identify hate, evoke shame, raise alarm),
— > Support targets (e.g., express empathy, solidarity, or emotional validation).
Input Variables:
Type: {stype} / {tone} / {intent}
Hatespeech: {hate_speech}
Counterspeech:
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