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Hate speech remains a persistent and unresolved challenge in online platforms. Content moderators, working
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of comments lower while using HateBuffer, contrary to our expectations, they did not experience improved
emotion or reduced fatigue compared with the control group. In interviews, however, participants described
HateBuffer as an effective buffer against emotional contagion and the normalization of biased opinions in
hate speech. Notably, HateBuffer did not compromise moderation accuracy and even contributed to a slight
increase in recall. We explore possible explanations for the discrepancy between the perceived benefits of
HateBuffer and its measured impact on mental well-being. We also underscore the promise of text-based
content modification techniques as tools for a healthier content moderation environment.
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1 Introduction

As the volume of user-generated content continues to grow on social media [59], the prevalence of
harmful content, particularly hate speech, has become a significant concern [133]. Hate speech is
defined as any form of communication in speech or writing that attacks or discriminates against a
person or group based on their identity (e.g., religion, ethnicity, nationality, race, gender, or other
factors) [134], and is a long-established issue. For example, users on X reported 66.9M instances of
hate speech [140], and Facebook took action on 14.6M instances of hate speech in the first half of
2024 [86].

Hate speech can elicit strong negative emotions [56], resulting in serious psychological effects
(e.g., trauma [114, 126] or depression [131, 135]) for readers, particularly the target and onlookers
who identify with the targets. Given the significant harm that hate speech can cause to individuals
and society at large by reinforcing harmful stereotypes [14, 19], many platforms have employed
commercial content moderators to review and moderate them [104]. Many efforts have been
developed for automated hate speech moderation, mostly based on heuristic rules [87, 88, 130] and
artificial intelligence (AI) [43, 89]. However, these tools often fail to grasp the context and subtle
nuances of hate speech [2, 13, 80, 137]. In fact, X’s 2024 transparency report indicates that of the
over 2M removed hate speech posts, 99.75% required human moderators to address nuanced content,
with only 0.25% managed solely by automated systems [140]. Given the persistent need for human
judgment in hate speech moderation, platforms continue to recruit human moderators [4, 58, 144].

These content moderators are at risk for a variety of detrimental impacts to their mental well-
being due to regular exposure to harsh and offensive content, creating a challenging and emotionally
demanding work environment [105, 122]. Recent studies have shown that modifying the style of
image- and video-based content that moderators review using approaches such as grayscaling,
blurring, and adding cartooning [27, 67, 74] can reduce the emotional burden of moderating harmful
content without compromising accuracy. However, the potential for similar modifications to text
content remains underexplored. To safeguard the mental well-being of moderators who review
hate speech, adapting content modification techniques for text content could be highly beneficial;
however, unlike visual content, where immediate sensory stimuli often drive emotional impact, text-
based hate speech derives its detrimental effect from the semantic meaning, making it challenging
to directly apply visual content modification techniques. To address this, we designed HateBuffer,
a text content modification system for hate speech moderation to alleviate moderators’ mental
burdens while preserving moderation performance.

HateBuffer consists of four features to modify the hate speech content. First, target_anonymization
anonymizes the target group of potential hate speech to reduce the negative emotional impact
on moderators caused by feeling attacked [25] or experiencing vicarious trauma [138]. Second,
paraphrasing_offensive paraphrases offensive expressions to less offensive versions to prevent
the emotional contagion from reviewing offensive language [21, 34, 51]. Lastly, revealing_target
and revealing_original allow moderators to optionally view the original target and offensive
expressions by clicking, providing control over whether to access the full content.

To investigate whether HateBuffer can reduce moderators’ emotional burden without harming
their performance, we aimed to answer the following research questions (RQs):

e RQ1: How does each feature of HateBuffer contribute to moderators’ mental well-being
during hate speech moderation?

e RQ2: How does each feature of HateBuffer influence moderation strategies and contribute
to moderators’ performance in hate speech moderation?
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To address these RQs, we conducted a between-subjects study with 80 participants. We distributed
them into four groups: the control group as the baseline, the anonymizing group using target_
anonymization, the paraphrasing group using paraphrasing_offensive, and the revealing group
using HateBuffer with all features. For the user study, we selected 100 comments from the K-HATERS
dataset [99] and applied text content modification, utilizing a Large Language Model (LLM) for
paraphrasing_offensive. Participants were assigned the role of moderators to perform simulated
hate speech moderation for a fictional news platform. Through surveys and semi-structured
interviews, we investigated HateBuffer’s impact on participants’ mental well-being and moderation
performance.

In contrast to our expectations, we did not detect a difference in post-study fatigue or negative
emotion levels between the study conditions. However, participants in the text modification condi-
tions rated the severity of hate speech lower than those in the control condition, and participants
noted many positive aspects of the system in post-study interviews; they perceived HateBuffer
as a buffer, providing time to prepare themselves to face the hateful content. Participants also
noted that HateBuffer helped to protect them from normalizing biased and hateful opinions from
the comments. In addition, despite HateBuffer modifying the comments by anonymizing targets
and paraphrasing offensive expressions, the moderation accuracy remained similar at between
0.75-0.80 for all groups. Notably, the paraphrasing and revealing groups showed slightly higher
moderation recall.

Building on this finding, we explore possible explanations for the discrepancy between perceived
benefits and the actual impact on mental well-being. Additionally, we highlight how text content
modification can provide positive friction to enable a more thoughtful moderation process, and we
provide considerations for adopting text content modification in commercial settings. Finally, we
discuss the importance of protecting moderators’ mental well-being to support a more sustainable
working environment.

2 Related Work

We review current practices in hate speech moderation, highlighting the complexity that necessitates
the involvement of human moderators. We discuss the challenges human moderators face and
existing approaches that address these challenges, focusing on mental well-being.

2.1 Hate Speech Moderation

Hate speech is a widespread issue in online communication [28, 37, 107, 133] and remains a
persistent concern within HCI and CSCW. Although the exact definition of hate speech varies
among countries and communities [64], it is generally defined as any form of communication,
in speech or text, that attacks or discriminates against individuals or groups based on aspects of
identity, such as religion, ethnicity, nationality, race, gender, or similar factors [79, 134].

Hate speech results in significant psychological and social harm to users within online com-
munities [106, 117]. A large body of research has reported that hate speech targeting individuals
who create content on platforms, such as YouTubers, live-streamers, or journalists, can lead to
considerable emotional distress [46, 50, 56, 65, 108, 126]. This emotional harm can lead to long-term
psychological consequences such as depression [131, 135] and trauma [114, 126]. The negative
impact of hate speech extends beyond direct victims, affecting viewers who share the targeted
identity [25]. Furthermore, prevalent hate speech could foster hostility and reinforce harmful
stereotypes, carrying the potential to incite violence in offline settings [14, 19].

To address these negative impacts of hate speech, various efforts have been directed toward
effective content moderation [42]. Content moderation is an organized practice of screening user-
generated content posted to Internet sites, social media, and other online outlets [105]. Moderation
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is usually shaped by community guidelines and policies [102, 141], and content moderation may
include manual review by human moderators (sometimes volunteer users [115] but often contractors
hired by platforms [105]), semi-automated review where automated tools assist moderators, and/or
fully automated methods usually based on machine learning algorithms [42] or hashes [32].

Automated approaches have been extensively developed to facilitate large-scale content moder-
ation. Word filtering, a traditional automated moderation technique that detects specific words
or similar textual patterns violating community guidelines, is widely employed across various
platforms (e.g., Twitch [130], Facebook [87], Instagram [88], etc.). However, word filtering often
falls short due to high false positive and false negative rates, stemming from its inability to interpret
context [62, 63, 72]. In response, advanced Al-based moderation systems incorporate contextual
understanding to improve accuracy and reduce errors [5, 45, 112].

Although Al-based moderation models claim high accuracy, their real-world performance often
falls short. Gordon et al. noted that evaluating moderation models using crowdsourced data can
dramatically overstate their capabilities [44]. For example, by adjusting for intra-annotator consis-
tency in the popular Jigsaw toxicity task, where the model initially achieved a reported ROC AUC
of 0.95, they found the performance dropped to an ROC AUC of 0.73. The complex nature of hate
speech adds further challenges to detection. As hate speech targets a specific individual or group,
understanding related context or background is often needed to judge whether certain content is
hate speech [2, 3, 80].

Commercial moderation models frequently struggle with limited contextual understanding,
particularly for identity-based language, as in cases based on race and gender [52, 92]. This can
lead to over-moderation, inadvertently flagging non-hateful content, such as counter-speech,
which employs similar linguistic features to challenge or subvert discriminatory narratives [91].
Prior research has documented various classification biases [29], which further exacerbate these
issues. Such biases complicate classifier adjustments, as reducing over- or under-moderation often
worsens the other, particularly when moderation outcomes are unevenly distributed across identity
groups [92]. Additionally, while LLMs show some potential for integration into content moderation
processes, current efforts fall short in terms of accuracy and consistency [70, 77], showcasing the
continued need for human moderators.

These limitations have led platforms such as YouTube and Spotify to take various approaches such
as classifying comments into different categories — e.g., public, held for review, and likely spam -
delegating final decisions on ambiguous content to human moderators [54, 84]. Similarly, X’s 2024
transparency report revealed that among the posts flagged for hate speech, only 0.25% were handled
automatically, with the vast majority requiring human moderators [140]. TrustLab’s ModerateAl
follows a similar approach, using Al to pre-process content and flag potential issues, while human
moderators verify automated decisions to ensure policy alignment [128]. This underscores the
limitations of automatic moderation and the ongoing essential role of human judgment in accurately
identifying and moderating hate speech in online communities [3].

2.2 Mental Burden on Human Moderators: Challenges and Mitigation Strategies

A substantial body of research has highlighted the mental burden faced by human moderators [94,
105, 122, 138]. Regular exposure to highly offensive content, including sexism, racism, and various
other abuses with varying degrees of intensity [139], places a significant psychological burden on
moderators [122]. This burden can result in high levels of mental distress [27, 121], burnout [120],
anxiety [138], and even post-traumatic stress disorder (PTSD) [7, 8, 40, 103, 139]. This mental
strain can also drive moderators to leave their positions due to the cumulative impact of ongoing
exposure [113].
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Various tools and services have been developed to enhance scalable, efficient, and effective
moderation processes, including technological support and improvements to the work environment
to alleviate the mental burden of moderators [122]. For example, a recent approach provides
visual cues that direct moderators’ attention to potentially problematic content [111]. Highlighting
offensive language or hate speech targets identified by machine learning models has supported
faster moderation [17, 48, 53, 81]. Additionally, providing moderators with explanations about why
the content violates the community’s policies can reduce the time required for conducting the
moderation task [17]. Expanding on this concept, an LLM-generated description of an implied
social bias in content can enrich moderators’ understanding of the underlying issues, improving
moderation efficiency [143].

To further address the mental burden faced by moderators, various approaches have been taken
to improve mental well-being and to promote moderators’ workplace wellness. These include risk
mitigation strategies (e.g., scheduling recess, showing relaxing images), providing clinical support,
and fostering peer support connections to help manage their work’s psychological impacts [95, 122].
For instance, offering mindfulness content, such as meditation videos, has shown potential benefits.
Lee et al. found that providing positive videos (e.g., scenic landscapes, baby animals) during breaks
in a car accident video annotation task reduced negative emotions among moderators [74]. In
contrast, Cook et al. observed no positive effect from using similar stimuli (cute and relaxing images)
during breaks from moderating text content related to sexism, racism, and threats, indicating that
visual relief alone may not fully address moderators’ emotional stress [24].

A complementary line of work for supporting moderation processes has explored methods
for reducing harm from content exposure by proactively modifying the content itself. In image
moderation, Karunakaran et al. applied grayscaling and blurring to images that moderators reviewed
to reduce visual stimuli, finding that this adjustment led to more positive emotional responses
without compromising moderation performance [67]. Building on this, Das et al. introduced an
interactive blurring intervention that allowed moderators to selectively reveal content as needed,
which further reduced emotional distress for moderators [27]. Recently, similar techniques have
been extended to video content moderation, incorporating blurring, grayscaling, and cartoonizing
effects [74]. While blurring and grayscaling maintained comparable moderation accuracy to the
baseline, cartoonizing was perceived as an effective intervention for reducing negative emotions
when dealing with provocative and unpleasant videos.

Inspired by the existing work on modifying the content to alleviate moderators’ mental burdens,
we explore how to realize that for user-generated textual content. In this work, we propose
HateBuffer, a text-based content modification system for hate speech moderation. While previous
research has focused on limiting moderators’ exposure to visual stimuli by altering images or
videos, our work focuses on textual content by introducing novel content modification techniques.
Given the essential role that human moderators play in online spaces and the unique challenges
they encounter, we explore the impact of HateBuffer’s features on their mental well-being and
moderation effectiveness.

3 HateBuffer

We propose HateBuffer, a system designed to support moderators’ mental well-being during
hate speech moderation (Fig. 1). HateBuffer consists of four features: target_anonymization,
paraphrasing_offensive, revealing_target, and revealing_original. We present each fea-
ture and its design rationale.
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You are a news comment moderator responsible for managing comments.
Hate speech is any content that attacks or discrimi against individual
or groups based on characteristics such as religion, ethnicity, nationality, race,
gender, or other identity factors.

Comment to be moderated:

Comments you do not delete will be visible to news readers. As expected, Korea's embarrassing moment (3 1/3 is once again caused by 'women,
Comment to be moderated: (b) revealing_ta r‘get.

As expected, Korea's embarrassing moment C 1/3 is once again caused by

1. How severe do you perceive the hate speech in this comment to be?
(1: Not hateful at all, 2: Not hateful, 3: Average, 4: Hateful, 5: Very hateful)

4

1 2 3 5 Comment to be moderated:
Not hatefulatall O O O O O Very hateful

As expected, Korea's embarrassing %mentc 1/3 is once again caused by

2. Please decide whether to delete the comment. O Keep (O Delete (C) reveali ng or‘igi nal

ST m

(a) Default view.

Fig. 1. Screenshots of HateBuffer. Instructions for the moderation task, a comment to moderate, and an
interface for moderation are given. (a) By default, HateBuffer provides a modified comment with target_
anonymization and paraphrasing_offensive. (b) By clicking the anonymized target, moderators can see
the original target expression (revealing_target). (c) By clicking the paraphrased expression, moderators
can see the original offensive expression (revealing_original).

Target Anonymization

Moderators frequently encounter hate speech that targets their identities or communities, which
can have a negative emotional impact [25]. Even when the hate speech is not personally directed at
them, offensive language aimed at their social group or identity can still evoke secondary trauma
or PTSD [122]. To mitigate the emotional impact of moderating hate speech, we designed target_
anonymization. As shown in Fig. 1a, it anonymizes the original target expression ‘women’ using
a gray cover.

Paraphrasing Offensive Expressions

Reading offensive expressions can evoke negative sentiment through the behavioral phenomenon of
emotional contagion [6, 41, 47, 55]. Research has shown that emotional contagion, usually examined
through non-verbal cues such as facial expressions [55], can also occur through text [21, 34, 51].
These expressions not only cause immediate emotional responses but also tend to linger in memory,
resulting in an enduring cognitive effect [114, 126]. To mitigate these impacts on content moderators,
we designed a feature to reduce exposure to offensive language.

One approach to reducing the negative impact of text involves using euphemism, which replaces
direct, potentially harmful language with softer alternatives to create emotional distance and reduce
the shock factor [82]. Euphemisms have been observed to obscure the harshness of the original
content, thereby lowering the emotional intensity of the message [15]. Prior research has shown
that, even when the content remains the same, the tone of expression can significantly alter the
reader’s perception and emotional response [57].

With this in mind, we designed paraphrasing_offensive, which paraphrases offensive ex-
pressions within hate speech into less offensive versions. As shown in Fig. 1a, it paraphrases the
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original offensive expression ‘downfall’ to a less offensive version, ‘embarrassing moment.’ Since
we replaced only specific expressions rather than entire sentences, the paraphrased terms may
occasionally feel out of place in the surrounding context, even if the overall meaning is preserved.
For better readability, HateBuffer provides up to three alternatives shown as ‘1/3’ next to the
underlined text, to ensure a smoother integration within the comment. We used an LLM to achieve
this goal, and the detailed process of generating the paraphrased expressions is described in §4.2.

Revealing Targets or Original Offensive Expressions

Research on online harassment has shown that providing users with a high-level summary of
negative responses to their posts allowed them to engage with the content that elicited negative
emotions on an optional basis. Interestingly, even when users opted to read the feedback, the
summary helped them mentally prepare for the negative content. Participants reported feeling less
emotionally impacted when they could anticipate the criticism before fully engaging with it. This
strategy highlights the importance of introducing a preparatory phase, giving users a moment to
prepare before exposure to potentially harmful materials [68].

This approach aligns with the idea of positive friction, which refers to intentional interventions
designed to momentarily interrupt automatic processes and encourage mindfulness and deliberate
decision-making [20]. For instance, trigger warnings operate as positive friction by prompting
users to decide whether they want to engage with sensitive content that might negatively affect
their emotional state [49, 116].

Building on this idea, we developed two features: revealing_target and revealing_original.
revealing_target shows the original target of the hateful content when the moderators click
the anonymized target expression (Fig. 1b). Similarly, revealing_original displays the original
offensive expression when the moderator clicks the paraphrased offensive expression (Fig. 1c). By
offering these options, we create a psychological buffer that reduces moderators’ emotional strain
while enabling them to effectively carry out their moderation tasks.

We implemented HateBuffer as a web application using TypeScript and React.js, with real-time
logging on Firebase Firestore [35].

4 User Study

In this section we detail the user study methods, including data curation, evaluation metrics,
study design, and analyses used to assess HateBuffer’s support for moderators’ well-being and
performance in hate speech moderation tasks.

4.1 Study Setup

We designed a between-subjects user study that included a hate speech moderation experiment
followed by semi-structured interviews to explore how HateBuffer supports moderators in protect-
ing their mental well-being and moderation task performance. To clearly observe the effectiveness
of target_anonymization and paraphrasing_offensive, we designed four study groups: the
control group as the baseline, the anonymizing group using only target_anonymization, the
paraphrasing group using only paraphrasing_offensive, and the revealing group using Hate-
Buffer, where participants initially encounter anonymized targets and softened expressions but can
reveal the target and original expressions using revealing_target and revealing_original.

!Note that examples provided throughout this paper have been translated by the research team from their original Korean
into English. We have endeavored to find English phrasings that capture the same sentiment, but this is difficult in some
cases due to cultural differences. Participants in the study saw the phrases and their modifications in the original Korean.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW428. Publication date: November 2025.



CSCW4238:8 Subin Park et al.

Comment to be moderated:

As expected, Korea's downfall is once again caused by women

(a) The control group.

Comment to be moderated:

As expected, Korea's downfall is once again caused by

(b) The anonymizing group.

Comment to be moderated:

As expected, Korea’s embarrassing moment (3 1/3 is once again caused by women

(c) The paraphrasing group.

Fig. 2. Screenshots of the user interface with an example comment for (a) control, (b) anonymizing, and
(c) paraphrasing groups.

For the control group, target expressions are highlighted in gray and offensive expressions
are underlined (Fig. 2a). This design reflects the standard visual support typically employed in
collaborative moderation support systems, both in real-world platforms [31, 118] and academic
research [17, 22, 48, 53, 100, 119]. For the anonymizing group, only target_anonymization is
given, where the target expression is anonymized with a gray cover (Fig. 2b). For the paraphrasing
group, only paraphrasing_offensive is given, where the offensive expression is paraphrased as
less offensive (Fig. 2c). Lastly, for the revealing group, the full set of features in HateBuffer is given.

4.2 Data Curation

To curate 100 comments for a moderation experiment, we reviewed Korean hate speech datasets:
K-HATERS [99], K-MHaS [75], BEEP! [90], and KoLD [61]. From these, we selected the largest
dataset that included sufficiently detailed labeling criteria and rich annotations (e.g., topic, target,
and offensive rationales). K-HATERS is the largest Korean hate speech dataset with human-labeled
hate classes (i.e., hate speech or normal) and labels for target and offensive expressions [99]. The
dataset defines hate speech as “words or phrases containing aggression or derogatory remarks directed
at individuals or groups with specific attributes” and categorized comments into 11 topics (e.g.,
insult, violence, sexual hate, and race) similar to hate speech policies used by popular social media
platforms [85, 101, 141].

We began by reviewing randomly selected 300 hate speech comments and 300 normal comments
with diverse topic labels (i.e., gender, politics, region, and job) from the entire dataset. The first
and second authors individually reviewed and selected comments that provide sufficient context
to be understood without reading the corresponding news article, as the dataset consists of news
comments. We also verified that the hate class, target expressions, offensive expressions, and
topics of the comments were correctly labeled. The final selection consisted of 50 hate speech
comments and 50 normal comments, chosen based on agreements between at least two authors.
Fleiss’ Kappa score reached 0.88, indicating almost perfect agreement [73]. Additionally, to prevent
participants from moderating hate speech without reading the comments using annotations of
target and offensive expressions as cues, we added annotations for key subjects/objects (instead of
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target expressions) and keywords (instead of offensive expressions) in the normal, non-hate speech
comments through iterative discussions.

To apply paraphrasing_offensive intervention on curated comments, we paraphrased the
offensive expressions using LLM. We used GPT-4o0, chosen for its fluency in Korean and effectiveness
in rephrasing [98]. We generated ten paraphrased versions of each comment by prompting the
LLM as follows: (1) assigning the role of a text content moderator for Korean news comments,
(2) explaining the definition of euphemism, (3) requesting the paraphrasing of only the annotated
offensive expressions euphemistically, and (4) ensuring the original meaning remained unchanged
(see Supplementary material A for the full prompt). We then filtered the paraphrased comments,
retaining only those with a similarity score higher than 0.7 using cosine similarity of two text
embeddings (OpenAl text-embedding-3-small [97]) by referring to the criteria used by LLM-based
text data augmentation works [60, 127]. Afterward, the two lead authors selected three paraphrased
comments for each original comment that best preserved the original meaning while still providing
alternative expressions. We followed the same process for normal comments but paraphrased them
into similar expressions.

In addition to the 100 comments to be used in the experiment, we selected eight more hate
speech comments to be used to obtain the hate sensitivity level of each participant as part of the
recruitment process, following the same process we used for the main data curation but without
the paraphrasing process.

4.3 Measures

To investigate the effectiveness of HateBuffer in protecting hate speech moderators’ mental well-
being, we collected quantitative measures across two dimensions: mental well-being and moderation
performance.

4.3.1 Mental Well-being. To understand how HateBuffer supports participants in preserving their
mental well-being during hate speech moderation, we collected perceived hate severity, perceived
effectiveness in mental well-being protection, Scale of Positive and Negative Experience (SPANE)
score, and Multidimensional Fatigue Symptom Inventory (MFSI). The detailed explanations of each
measure are as follows:

e Perceived Hate Severity. To understand whether HateBuffer reduces the offensiveness of
comments, we observed how participants perceived the hate severity of the comments they
saw. We asked them to evaluate the hate severity of each comment during the main task:

“How severe do you perceive the hate speech in this comment to be?” in a 5-point Likert scale

(1: Not hateful at all, 5: Very hateful).

Perceived Effectiveness in Mental Well-Being Protection. We measured how participants

perceived the effectiveness of HateBuffer in protecting their mental well-being. We asked them

to rate the statement, “{feature} helped protect my mental well-being,” on a 5-point Likert
scale (1: Strongly disagree, 5: Strongly agree) after the experiment.

e SPANE. We examined how moderating hate speech with HateBuffer affected participants’
emotions differently using the Scale of Positive and Negative Experience (SPANE) [30]. Partic-
ipants responded to the adjusted question, “To what extent do you feel at this moment?”, on
six positive items (e.g., Pleasant, Happy) and six negative items (e.g., Unpleasant, Sad) on a
5-point Likert scale (1: Not at all, 2: A little, 3: Moderately, 4: Quite a bit, 5: Extremely) before
and after the experiment. SPANE_B, the balance of positive and negative, is calculated by
subtracting the sum of negative item scores from the sum of positive item scores, ranging
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Table 1. Statistical summary of participants’ demographics of each group. Moderators # represent the number
of participants who have served as a moderator on the online platform (e.g., Facebook groups, YouTube
channels, Naver Cafes, etc.).

Age Gender Hate
Group Num Mean gMin Max Female Male No disclosure Moderators # Sensitivity
Control 20 23.05£2.35 18 27 8 12 0 3 3.94+0.70
Anonymizing 20 24.75£7.12 19 51 7 12 1 2 3.98+0.75
Paraphrasing 20  24.70+7.02 18 49 10 10 0 2 4.08+0.71
Revealing 20 24.55£4.01 19 33 8 11 1 4 4.05£0.72

from -24 to +24, indicating that a positive value represents participants feeling more positive
than negative emotions.

e MFSI. Given the mentally demanding nature of hate speech moderation, we assessed the
fatigue caused by moderating hate speech with HateBuffer. We used the Multidimensional
Fatigue Symptom Inventory-Short Form (MFSI-SF) [123], focusing on emotional, mental, and
vigor subscales before and after the experiment. We asked “Which of the following best
describes how true each statement is for you at this moment?” on a 5-point Likert scale (1: Not
at all, 2: A little, 3: Moderately, 4: Quite a bit, 5: Extremely). MFSI is calculated by subtracting
the sum of emotional and mental scores from the sum of vigor scores, ranging from -28 to 54,
with higher values indicating greater fatigue.

4.3.2  Moderation Performance. To evaluate HateBuffer’s feasibility as a moderation support tool,
we collected perceived effectiveness in hate speech moderation, moderation accuracy, moderation
recall, and task completion time. The detailed explanation of each measure is as follows:

e Perceived Effectiveness in Hate Speech Moderation. We assessed how participants per-
ceived each part of HateBuffer’s effectiveness for moderating hate speech. We asked them to
rate the statement, “{feature} helped perform the moderation task,” on a 5-point Likert scale
(1: Strongly disagree, 5: Strongly agree) after the experiment.

e Moderation Accuracy and Recall. We measured moderation accuracy and recall to compare
how consistently participants moderated hate speech with HateBuffer. These statistics are
considered here more as baselines for comparison rather than objective indicators of real-world
performance. During the main task, participants made moderation decisions—either ‘delete’
or ‘keep’—for each comment. We then calculated moderation accuracy and recall based on
their responses. Moderation accuracy, defined as the proportion of participants’ decisions
consistent with the labeled dataset, captures how reliably participants identified what should
or should not be deleted. Moderation recall refers to the ratio of deleted hate speech comments
to the total number of true hate speech comments.

e Task Completion Time. We evaluated the time efficiency of using HateBuffer for moderating
hate speech by collecting the task completion time for moderating 100 comments.

4.4 Participants

We recruited 80 participants by uploading the recruitment post to our institution’s online commu-
nities and sending cold emails to moderators of 139 active Naver Cafes.” To be eligible for the study,
participants had to be (1) over 18 years old and (2) fluent in Korean. We calculated each participant’s
hate sensitivity score by asking them to rate the severity of eight hate speech comments—including

2Naver Cafe (https://section.cafe.naver.com/ca-fe/home) is one of the most popular online community platforms in South
Korea.
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Table 2. Interview participants’ demographic and moderator experience information. P represents participant
number, G represents gender, and M represents moderator experience.

Control group Anonymizing group Paraphrasing group Revealing group
P Age G M P Age G M P Age G M P Age G M
Ccot 18 F A0l 19 F P01 20 F RO1 19 M
Co2 21 F A02 20 M P2 20 F V/ ROZ 20 M
Co3 23 M A03 21 F P03 22 F RO3 21 M V
Co4 23 M A04 22 M P04 23 F Ro4 21 F
Co 23 M V AO5 23 M P05 23 F RO5 24 F V
Co6 23 F A06 24 M Po6 26 M V RoO6 28 M
co7 23 F A07 25 F P07 26 M R07 28 F
Cog 24 M A8 26 MV P08 28 M RO8 29 F V
Coo 24 M V/ A9 28 MV P09 32 M RO 32 M V
Cl0 25 F V A10 30 M P10 49 F R10 33 M
/ s ) N N
L Introductory W 1-min | { Pre-survey ‘ { Practice Simulated { Post-survey ‘ ‘ (Interview)
Session J \ Meditation | Session ) Moderation

Fig. 3. Overall user study procedure. Half of the participants from each group were interviewed.

two comments from each of four categories: gender, politics, region, and job—and then averaging
their ratings to determine their overall hate sensitivity level. We utilized hate sensitivity scores to
evenly distribute participants across groups. To minimize potential biases, we balanced groups based
on participants’ age and gender. Despite our best efforts, minor imbalances inevitably occurred
due to unexpected factors, such as last-minute scheduling changes from participants. However, we
ensured these differences were minimal and did not significantly affect group comparability. To
confirm this, we conducted a Kruskal-Wallis test specifically on participants’ hate sensitivity scores
across the groups, which revealed no statistically significant difference (H=2.55, p=.466).

Table 1 presents the statistical summary of participants across the four groups. The average age
was 24.26 years (min=18; max=51; std=5.45). Of the participants, 33 (41.25%) identified as female, 45
(56.25%) as male, and two chose not to disclose. Eleven participants (13.75%) had prior experience as
content moderators for various platforms (e.g., Facebook groups, YouTube channels, Naver Cafes,
etc.). Table 2 shows the detailed demographic and moderator experience of the interviewees in each
group. To gather more meaningful insights from a moderator’s perspective, we included those with
moderation experience as interviewees, and we randomly selected additional participants from each
group to ensure that half of the group participated in the interviews. Participants were compensated
with 20,000 KRW (approximately USD 14.50) for the 1-hour user study and an additional 10,000
KRW (approximately 7.25 USD) if they participated in the subsequent half-hour interview.

4.5 Study Procedure

Fig. 3 shows the overall procedure of our user study, which was consistent across the four groups.
First, we delivered definitions for hate speech in the introductory session and explained content
moderators’ roles and tasks during the experiment. To ensure participants understood how to
use the features available in their assigned condition, we presented dummy comments (e.g., “In
the comment, the targets are highlighted in gray, and offensive expressions are underlined.”) and

explained each feature in detail. After the explanation, participants were given the chance to ask
clarifying questions. We guided participants to follow a one-minute meditation video to allow them
to begin the study with a neutral emotional state. Next, participants responded to the pre-survey
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with the SPANE and MFSI questionnaire and practiced with group-specific features on dummy
comments introduced during the introductory session.

In a simulated moderation experiment for a fictional news platform, participants were assigned
as moderators and asked to assess the perceived hate severity and moderate hate speech within
a set of 100 comments. After completing the task, participants completed a post-survey, which
asked SPANE, MFSI, and questions about the perceived effectiveness of HateBuffer in protecting
mental well-being and moderating hate speech. Finally, we selectively interviewed participants to
understand their experiences and perceptions of the content modification features. We interviewed
participants, focusing on their perceptions of HateBuffer and each feature in supporting mental
well-being and moderation performance, as well as their experiences during the simulated hate
speech moderation experiment. The two lead authors conducted the user study online via Zoom.
Up to four participants participated in each 1-hour session, with a maximum of two participants
pre-selected during the scheduling phase for an additional half-hour one-on-one interview. This
arrangement allowed two interviews to be conducted simultaneously using Zoom’s breakout room
feature. Since the study did not require face-to-face interaction, participants were allowed to turn
off their cameras. The direct message function of the chat was used for participants to ask any help
if needed during the study. Participants did not interact with each other at any point. We share the
survey questionnaire and interview protocol in Supplementary material E and F, respectively.

4.6 Analysis

We used a mixed-methods approach, combining qualitative and quantitative data to comprehen-
sively understand the participants’ experience with content modification interventions.

4.6.1 Quantitative Analysis. We conducted a descriptive statistical analysis on the collected mea-
sures: perceived hate severity, SPANE_B, MFSI, moderation accuracy and recall, and task completion
time. To account for personal bias in perceived hate severity, we applied z-score normalization. We
confirmed normality using the Shapiro-Wilk test. If the data followed a normal distribution, we
conducted a one-way ANOVA; otherwise, a Kruskal-Wallis test, to observe significant differences
across groups. We performed two-tailed t-tests or Mann-Whitney U tests for pairwise comparisons.
All between-subject analysis p-values were corrected with Bonferroni correction to control for
multiple comparisons. We conducted Wilcoxon signed-rank tests for within-subject comparisons
of SPANE_B and MFSI changes within each group.

4.6.2 Qualitative Analysis. We conducted inductive thematic analysis [12] on the participants’
interview data to understand participants’ perceptions of interventions and moderation experiences
during the experiment. Korean speech-to-text services transcribed the recorded interviews.> Two
lead authors independently open-coded each group’s first three out of ten interviews, focusing on
moderation experiences with HateBuffer and emotion change during the experiment. All authors
then had discussion sessions to develop an initial codebook by discussing emerging themes, ad-
dressing inconsistencies, and resolving disagreements to reach a consensus. Based on the initial
codebook, we coded the remaining interviews and had iterative discussion sessions to finalize the
codebook.

4.7 Ethical Considerations

Our institution’s Institutional Review Board (IRB) approved all study phases for ethical compliance.
Each participant was pseudo-anonymized using a unique nickname throughout the research,
including the user study, data analysis, and reporting. The participants were informed of their right

3https://clovanote.naver.com
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Fig. 4. Changes in participants’ SPANE_B before and Fig.5. Changes in participants’ MFSI before and after
after the moderation task. *** represents p<.001 of the moderation task. * represents p<.05 and ** repre-
Wilcoxon signed-rank test result. sents p<.01 of Wilcoxon signed-rank test result.

to decline any interview questions. We notified participants in advance of the study that they would
engage with hate speech content, which could impact their mental well-being. We also notified
them that they could withdraw their participation at any time.

5 Results

We assess HateBuffer’s feasibility as a moderator support tool by answering the following RQs:
(1) How does each feature of HateBuffer contribute to moderators’ mental well-being during hate
speech moderation? (§5.1, §5.2) and (2) How does each feature of HateBuffer influence moderation
strategies and contribute to moderators’ performance in hate speech moderation? (§5.3, §5.4)

We present an overview of quantitative findings for each research question and contextualize
our results with insights from the semi-structured interviews.

5.1 Quantitative Findings: HateBuffer’s Impact on Moderators’ Mental Well-Being

We quantitatively evaluate how each feature of HateBuffer impacts moderators’ mental well-being
during hate speech moderation (RQ1). First, we analyze participant emotions and fatigue changes
after the hate speech moderation task across different experimental conditions. We compare the
perceived hate severity of comments modified by HateBuffer to that of unmodified comments. We
then explore participants’ self-reported perceptions of the effectiveness of HateBuffer in protecting
mental well-being.

5.1.1 Impact of HateBuffer on Emotional State. We first examined how HateBuffer influenced par-
ticipants’ emotional state, focusing on changes in SPANE_B scores before and after the moderation
task. Fig. 4 shows each group’s changes in SPANE_B scores. The average SPANE_B score in the pre-
survey was 12.00 for the control group, 10.65 for the anonymizing group, 10.35 for the paraphrasing
group, and 10.35 for the revealing group. A one-way ANOVA test found no statistically significant
difference in SPANE_B results across groups in the pre-survey (F=0.36, p=.785), indicating that
participants started the moderation task with similar emotional states.

In the post-survey, the average SPANE_B score was 1.95 in the control group, 2.70 in the
anonymizing group, 0.20 in the paraphrasing group, and -0.30 in the revealing group. A one-way
ANOVA test indicates no statistically significant difference in SPANE_B results across groups in
the post-survey (F=0.84, p=.477). This result shows that although participants’ emotional states
were significantly more negative after the moderation task, this change was roughly equal across
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Fig. 6. Comparison of normalized hate severity scores of 50 hate speech comments across four groups. **
indicates p<.01 and *** indicates p<.001.

all experimental groups. The descriptive statistics and Wilcoxon signed-rank test results are in
Supplementary material B and D.1, respectively.

5.1.2  Impact of HateBuffer on Fatigue. Next, we examined how HateBuffer affected participants’
fatigue levels based on MFSI scores. Fig. 5 shows the changes in participants’ MFSI scores before
and after the moderation task for each group. The average MFSI score in the pre-survey was 2.60
for the control group, 2.25 for the anonymizing group, 2.80 for the paraphrasing group, and 3.75 for
the revealing group. A one-way ANOVA test revealed no statistically significant difference in MFSI
across groups in the pre-survey (F=0.36, p=.785), showing that participants started the moderation
task with similar fatigue levels.

In the post-survey, the average MFSI score was 9.05 in the control group, 6.20 in the anonymizing
group, 8.35 in the paraphrasing group, and 10.50 in the revealing group. The post-survey one-way
ANOVA test indicated no statistically significant difference in fatigue scales across groups (F=0.90,
p=.447). As with the SPANE_B results we analyzed previously, we found that participants in all
groups felt significantly greater fatigue after the hate speech moderation based on within-subjects
comparison of MFSI, but no experimental condition mitigated this increase in fatigue. We report the
descriptive statistics and Wilcoxon signed-rank test results in Supplementary material C and D.2,
respectively.

In summary, both emotional and fatigue scales showed similar trends: participants felt more
negative emotions and greater fatigue after performing hate speech moderation, regardless of the
assigned study group.

5.1.3  Perceived Hate Severity. Following our assessment of emotion and fatigue, we examined
how participants rated the severity of hate in the comments across all groups. We found that
the control group rated the severity of hate in the 50 hate speech comments as significantly
higher (mean=3.94, std=0.58) than the anonymizing group (mean=3.56, std=0.75), the paraphrasing
group (mean=3.66, std=0.65), and the revealing group (mean=3.58, std=0.80). To clearly observe the
distribution of perceived hate severity across groups, independent of individual bias, we applied
z-score normalization to the perceived hate severity scores of all 100 comments for each partici-
pant (Fig. 6). A one-way ANOVA test found a statistically significant difference in the normalized
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target_anonymization | 20% 20% 30% - 45%
paraphrasing_offensive | 15% 15% 40% - 75%

revealing_target | 50% 40% 25% I 30%
revealing_original | 55% 50% 25% . 35%
100% 75% 50% 25% 0% 25% 50% 75% T00%
Percentage
. 1 (Strongly disagree) 2 3 4 Ms (Strongly agree)

Fig. 7. Distribution of impact on the mental well-being of each feature. Responses range from 1 (Strongly
Disagree) to 5 (Strongly Agree).

hate severity distribution across groups (F=6.53, p=.001). Pair-wise two-tailed t-tests revealed
that the three experimental groups evaluated the comments as significantly less severe than the
control group: the anonymizing group (U=3.54, p=.006), the paraphrasing group (U=4.27, p=.001),
and the revealing group (U=3.94, p=.002). There was no significant difference among the experi-
mental groups (i.e., anonymizing, paraphrasing, and revealing groups). This result indicates that
paraphrasing_offensive and target_anonymization reduce the perceived hatefulness of hate
speech. These effects appear to persist in HateBuffer, even when participants had the option to
view the original expressions through revealing_target and revealing_original. As partici-
pants perceived comments as less severe with HateBuffer, we next examine how these perceptions
contributed to HateBuffer’s perceived effectiveness in protecting mental well-being.

5.1.4  Perceived Effectiveness of HateBuffer in Protecting Mental Well-Being. For the final quantitative
analysis for RQ1, Fig. 7 illustrates the distribution of the perceived effectiveness of HateBuffer’s
features for protecting mental well-being based on analysis of a five-point Likert scale survey
question. Participants perceived target_anonymization’s effectiveness in protecting mental well-
being as moderate: 45% of participants agreed or strongly agreed that target_anonymization was
effective in protecting their mental well-being, while 20% disagreed. Participants’ perceptions of
the effectiveness of paraphrasing_offensive in protecting them from hate speech were more
positive, with 75% agreeing that it offered emotional protection.

In contrast to the positive evaluations of target_anonymizationand paraphrasing_offensive,
participants had mixed evaluations of the effectiveness of revealing_target and revealing_
original features. While 30% of participants from the revealing group evaluated revealing_
target as effective in protecting their mental well-being, 50% did not. Similarly, 35% evaluated
revealing_original as effective in protecting their mental well-being, but 55% disagreed. These
results indicate that although target_anonymization and paraphrasing_offensive are largely
perceived as supportive of mental well-being, revealing_target and revealing_original had
mixed evaluations.

Overall, participants felt more negative emotions and greater fatigue after moderating hate
speech, regardless of the study condition. However, the three experimental groups rated the
severity of hate speech in the comments they saw as less severe than the control group, suggesting
that anonymizing targets and paraphrasing offensive expressions can make hate speech appear
less hateful.

We now turn to qualitative insights to complement these mixed quantitative findings, exploring
participants’ experiences and perceptions of HateBuffer’s features in supporting their mental
well-being. We also discuss potential explanations for these mixed results in § 6.1.
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5.2 Qualitative Insights: HateBuffer’s Impact on Moderators’ Mental Well-Being

Through qualitative analysis, we gain deeper insights into participants’ experiences with Hate-
Buffer’s features and their perceptions of its role in supporting mental well-being, including its
effectiveness in preventing the normalization of hateful and biased opinions.

5.2.1 Aspects of HateBuffer that Were Perceived as Helpful for Mental Well-Being. In the interview,
participants shared diverse perspectives on the value and impact of each feature. Participants
expressed varying views on target_anonymization’s value. While some were uncertain about
anonymization’s effectiveness, others highlighted how it helped when the participant shared
an identity with the target. For example, A01 noted, “When there are hate speech comments directed
at a certain gender, if I belong to that gender, it could hurt me more and make me feel more depressed
than when the target is hidden.” In addition, some participants described target_anonymization
as effectively preventing emotional contagion from pejorative terms. As A03 explained, ‘T think
hiding [targets] is much better for my emotions. If 'm repeatedly exposed to unpleasant words like
‘Feminazi’ [pejorative term for feminist] or ‘Democrap’ [pejorative term for Democratic Party], I feel
like my emotions might get influenced by them.”

For paraphrasing_offensive, participants reported a noticeable impact on emotional well-
being. P01 described, “When I read the softened expressions, I don’t really feel offended.” Some
participants emphasized that, although they could infer the original expressions, the protection pro-
vided by the paraphrasing_offensive was still meaningful. P02 said “Tmagining is just imagining,
so I told myself that I was over-interpreting the comments. Because of that, I don’t think [moderating
the hate speech] really had much of an emotional impact on me.”

When it came to the revealing features, some participants described how encountering the
target of hate speech was surprising, saying “When the target was hidden, it felt like vague or
meaningless talk, but once I clicked and saw the real subject, it felt more emphasized and dramatic. It
didn’t make me feel worse or sad, but I was just surprised” (R02). Participants also mentioned that
inferring the original expressions and reading the original felt a bit different. R07 noted T had
expected similar expressions to some extent, but there were still moments when I felt some discomfort.
But it wasn’t like my mental state was severely affected.” These reactions suggest that exposure to
the original target and offensive expressions was the source of discomfort, and the hiding features
gave participants control over whether to experience this.

Some participants explicitly described how they valued this type of control. They explained
how revealing_target and revealing_original enabled a phased approach that made them
feel less offended by hate speech. R08 explained how “Going through the somewhat complicated
process of checking the original made me feel less offended. So, whether the target was directed at me
or my group, I think this more complex process helped reduce the impact on my mental state.” R04
also described how revealing allowed them time to prepare mentally, saying “For any content that
involves hate speech, I feel like I need time to mentally prepare before clicking to reveal it. If I were
a moderator, I would probably encounter mostly hate speech, so instead of trying to encounter all
the content right away, I think I'd prefer to know first that it’s likely to contain violent or offensive
language so I can be mentally prepared.”

To sum up, some participants noted how target_anonymizationand paraphrasing_offensive
could be effective in preventing their attitudes from being influenced by hate speech, and others
noted how revealing_target and revealing_original worked as a form of positive friction.
We next examine how these perceptions influenced their attitudes during the moderation process.

5.2.2  HateBuffer Safeguarded Against Normalization of Biased and Hateful Opinions. Participants
in the control group reported concerns that exposure to hate speech not only triggered emotional
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Table 3. Descriptive analysis of moderation accuracy and recall.

Moderation accuracy Moderation recall
Group Mean Std Min Max _Shapiro-Wilk Mean Std Min Max _Shapiro-Wilk
W p-value W p-value
Control 079 0.12 054 096 0.97 .749 0.62 0.28 0.05 098 0.95 375
Anonymizing 0.75 0.13 052 092 0.94 212 054 031 0.01 094 092 .089
Paraphrasing  0.80 0.09 0.68 0.91 0.97 .851 0.67 024 034 097 095 .299
Revealing 0.79 011 059 092 097 752 071 026 0.27 1.00 0.94 .250

distress but also could lead to normalization of biased and hateful opinions from the com-
ments. Per C07, “.. even though I don’t personally think the baseball players did anything wrong,
reading the comments made me wonder, ‘Did they really do something wrong?’ ... It seems like these
comments make me think more negatively, and I don’t feel good about that.”

In contrast, the experimental groups felt that anonymizing specific targets of hate speech or
paraphrasing offensive expressions safeguarded them from the normalization of biased or
hateful opinions from hate speech, creating a needed distance between their perspectives and the
negative opinions they encountered during the experiment. For instance, A01 reflected on the role
of target_anonymization in containing negative emotional contagion: “When it’s hidden, it feels
like I'm just dealing with my own negative emotions [about the comments]. If I read comments about
a specific country without any hiding, I end up reading all the criticisms directed at that country. This
makes me feel like I might start to resonate with those negative emotions and end up disliking that
country as well.” Similarly, P05 reflected on the experience of reading hate speech in the recruitment
form and said, “When I read hate speech in the recruitment form, I had the feeling that if I kept
seeing these kinds of comments, I might start to think like the people who wrote them. But today, I
didn’t feel like my emotions became extremely negative, and I was less worried that doing this kind of
work continuously would negatively affect my mental state.” These reflections suggest that, while
reviewing hate speech can influence participants’ attitudes, HateBuffer offered a protective layer
for moderators’ mental well-being by supporting them in maintaining emotional distance from
biased and hateful opinions.

5.3 Quantitative Findings: HateBuffer’s Impact on Moderation Performance

We explore how altering comment text through the features of HateBuffer affects moderation per-
formance (RQ2) by analyzing moderation accuracy and recall, task completion time, and perceived
effectiveness for hate speech moderation.

5.3.1 Moderation Accuracy and Recall. Table 3 presents a descriptive analysis of each group’s
moderation accuracy and recall. Overall, the average accuracy scores were similar across all groups.
The average accuracy was 0.79 for the control group, 0.75 for the anonymizing group, 0.80 for the
paraphrasing group, and 0.79 for the revealing group. A one-way ANOVA test was conducted, as
the Shapiro-Wilk test confirmed a normal accuracy distribution in each group, and no significant
differences were found across the groups (H=1.05, p=.377). We also investigated moderation recall,
the ratio of deleted hate speech comments to the ground truth hate speech. The average recall
was 0.62 for the control group, 0.54 for the anonymizing group, 0.67 for the paraphrasing group,
and 0.71 for the revealing group. A one-way ANOVA test was conducted, as the Shapiro-Wilk test
confirmed a normal distribution of recall in each group, and no significant differences were found
across the groups (H=1.71, p=.173).

To summarize, there was no statistically significant difference in moderation accuracy and
recall across groups despite target_anonymization and paraphrasing_offensive limiting the
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Fig. 8. Cumulative task completion time by modera-

tion step.
target_anonymization | 50% 50% ‘ 20% . 30%
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revealing_original | 0% 55% - 85%
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Fig. 9. Distribution of perceived effectiveness of each feature for hate speech moderation. Responses range
from 1 (Strongly disagree) to 5 (Strongly agree).

information participants received about the comments. Still, the paraphrasing group demonstrated
higher moderation recall than the control group, despite the offensive expressions being paraphrased
as less aggressive. The revealing group achieved the highest moderation recall. We explore what
enables participants to moderate accurately and sensitively despite content modification in § 5.4.2.

5.3.2  Task Completion Time. Fig. 8 plots the cumulative task completion time across moderation
tasks, and Table 4 provides descriptive statistics for the task completion time of each group. Overall,
the control and anonymizing groups displayed a similar trend, completing the moderation of 100
comments in an average of 18.07 minutes and 18.13 minutes, respectively. The paraphrasing group
took the longest to complete, averaging 26.10 minutes. While the revealing group showed a similar
trend to the paraphrasing group, they completed the task slightly faster, with an average time of
25.17 minutes, despite the availability of more interactive features.

Kruskal-Wallis test revealed a statistically significant difference across the groups (H=15.38, p=.002),
indicating that at least one group differs significantly from the others. There were significant differ-
ences in task completion time between the paraphrasing and control groups (U=84.5, p=.002), para-
phrasing and anonymizing groups (U=94.5, p=.005), revealing and control groups (U=106.0, p=.011),
and revealing and anonymizing groups (U=110.0, p=.015). We discuss the friction introduced by
HateBuffer, which led to increased task completion times in hate speech moderation, in §6.2.

5.3.3 Perceived Effectiveness for Hate Speech Moderation. Fig. 9 illustrates the distribution of
perceived effectiveness for each HateBuffer feature in hate speech moderation. In the anonymizing
group, 30% of participants agreed or strongly agreed that target_anonymization was helpful for
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the moderation task, while 50% disagreed. In the paraphrasing group, 65% of participants agreed or
strongly agreed that paraphrasing_offensive helped moderate hate speech, while 25% disagreed.
In the revealing group, 80% of participants agreed or strongly agreed that revealing_target was
helpful for the moderation task, while 15% disagreed. Finally, 85% of the participants agreed or
strongly agreed that revealing_original was beneficial for performing moderation tasks, and
none disagreed.

To summarize, we explored the impact of HateBuffer on moderation performance and found
that, despite target_anonymization and paraphrasing_offensive modifying the original com-
ments, overall accuracy was not negatively affected. Notably, both the paraphrasing and revealing
groups demonstrated increased moderation recall, with paraphrasing_offensive providing sub-
tle cues in paraphrased expressions. For the task completion time, the paraphrasing and revealing
groups took longer than the others. Overall, participants considered paraphrasing_offensive,
revealing_target, and revealing_original features helpful for moderating hate speech, de-
spite paraphrasing_offensive modifying the original expressions. Building on these quantitative
findings, we next explore qualitative insights into participants’ experiences and perceptions of how
HateBuffer’s features support moderation performance.

5.4 Qualitative Insights: HateBuffer’s Impact on Moderation Performance

In this section, we explore participants’ strategies in applying HateBuffer’s features and examine
how these approaches influenced moderation accuracy and recall, shedding light on the benefits
and challenges of hate speech moderation with textual content modifications.

5.4.1 Strategies to Moderate Hate Speech with HateBuffer. We first describe participants’ strategies
for moderating hate speech using HateBuffer: focusing on explicit, offensive language, evaluating
overall content, and selectively revealing the original expressions. The revealing group varied in
their use of revealing features, balancing accuracy in moderation with protecting their emotions.

In the study groups where original offensive expressions were visible (i.e., control, anonymizing,
and revealing groups), participants frequently relied on the presence of explicit expressions
to determine whether a comment constituted hate speech. Many participants reported removing
comments with raw and acute expressions. A01 noted, ‘T believe that even if the content is the same,
the choice of words can determine whether a comment should be kept. ... Some people phrase things
more gently, in a way that helps other people improve, while others use provocative words to hurt
someone intentionally, and that’s the real issue. ... So, I focused on the underlined words [offensive
expressions] to see whether they used hateful language.”

In particular, some participants mentioned removing comments containing pejoratives, as these
words tended to ridicule certain entities. R06 explained, “There are cases where the noun itself carries
hate speech. For example, when I revealed the target like ‘Democratic Party, I found nouns [ Democrap’]
that people use mockingly. In such cases, when I sensed mockery or discrimination, especially toward
race, gender, or nationality, I decided to delete the comment if the expression seemed overly aggressive.”

On the other hand, some participants, especially those exposed to milder expressions through
paraphrasing_offensive (ie., paraphrasing and revealing groups), made moderation decisions by
assessing the detailed context, such as keeping logical criticism or removing offensive comments
without valid reasoning. P10 described, ‘T think I deleted more comments based on the overall content
rather than specific words. If the content was fake news or targeted certain regions, countries, or races
with hate, I tended to delete those comments first.”

Participants in the revealing group mentioned that they adopted a selective approach when
using revealing_target and revealing_original. R04 explained that revealing_target was
used where determining whether a comment constituted hate speech depended on the target.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW428. Publication date: November 2025.



CSCW4238:20 Subin Park et al.

Referring to a comment in Fig. 1, she noted, “If the target here had been something like, ‘It’s criminals
who bring embarrassing moment or downfall to Korea,” I wouldn’t have considered it hate speech. So,
in cases like this, I checked the target.” R02 explained he used revealing_original only when the
flow of altered comments felt awkward, saying ‘T only checked the original expression when the
sentence didn’t match the previous or following sentences. Otherwise, I could generally understand the
comment, so I didn’t often check the original expressions.”

The reasons for the selective use of revealing features were clustered into two purposes: accu-
rate moderation and mental well-being protection. Half of the interviewed participants from the
revealing group said they frequently used revealing_target and revealing_original, as they
found it challenging to determine whether a comment should be deleted or kept based solely on the
anonymized or paraphrased expressions. R01 described “When I saw only the softened expression,
I couldn’t really tell whether the comment was something that should be deleted, so I immediately
checked the original version.” This frequent use of revealing functions was driven by their sense of
responsibility as moderators, emphasizing accuracy in their moderation decisions. R02 noted “.. In
the end, it was my role to make a judgment, whether this is too hateful, so I checked everything to
review the (original) content.”

In contrast to the frequent use of revealing_target and revealing_original, a few partici-
pants expressed concerns on the potential emotional impact of confronting offensive expressions.
R09 explained, ‘T felt it was less stressful not to click and reveal everything, so I often just skipped over
comments with that kind of (offensive) tone without even looking at the original version. ... I tried to
avoid looking at the original as much as possible”. This participant ended up using the revealing_
original feature only twice.

The observed strategies illustrate how participants engaged with HateBuffer’s content modi-
fication features to moderate hate speech effectively with less mental burden. Building on these
insights, the next sections illustrate how participants described the specific impact of HateBuffer’s
features on moderation accuracy and recall, examining how each feature contributed to or hindered
participants’ ability to make precise moderation decisions.

5.4.2  Impact of HateBuffer on Precise Moderation Decisions. The anonymizing group often men-
tioned that they could “infer the target based on the revealed information, though targets were
anonymized” (A08). However, they also reported that target_anonymization hindered accurate
moderation in certain cases, especially when a comment could be interpreted as either an ordinary
opinion or hate speech, depending on the target. A04 noted, ‘I found it difficult to judge whether the
comment should be deleted. Once the anonymized target is revealed, it feels like they might not be
genuine hate toward a specific group, but more like fake news.” Another participant, A06, expanded
on the issue, pointing out that certain words could describe factual observations but might still
be perceived as hate speech depending on the context: “Words like ‘incompetent’ are negative, but
depending on the target, someone might think it’s a fair opinion. For example, saying someone is
incompetent could be based on actual data; in that case, deleting the comment doesn’t seem right.” This
uncertainty around target_anonymization was also reflected in the lower perceived effectiveness
of target_anonymization, as reported in § 5.3.3.

In the paraphrasing group, participants explained they could still sense the nuance of the offensive
content. P09 noted, “Even if an offensive expression is toned down, it still feels like it demeans this
group. From the overall context, even if the aggressive wording is reduced, the sentence itself still
demeans or disparages a certain group.” Some participants mentioned that they could infer the
original offensive expressions, saying, “You know, if it’s something like ‘a person with foggy
mind,” you can pretty much guess the kind of insult that’s implied” (P08). Understanding the overall
context and inferring the original offensive expressions behind paraphrasing_offensive could
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make participants more sensitive to hate speech, requiring careful consideration. Moreover, P02
mentioned that she “took action to delete based on imagining the worst-case scenario in many cases.”

Meanwhile, both anonymizing and paraphrasing groups expressed that they wanted to delete
some comments that had been kept while reviewing their moderated comment lists during the
interview. The comments they referred to often contained pejorative terms, which were anonymized
by the target_anonymization or replaced with neutral targets by the paraphrasing_offensive.
For instance, terms such as ‘Feminazi, ‘Ching chong’ (a pejorative term for Chinese), and ‘Nip’
(a pejorative term for Japanese) were mentioned by participants. Participants from the reveal-
ing group, who initially encountered modified comments through target_anonymization and
paraphrasing_offensive but had the option to view the original expressions, were able to mod-
erate comments containing these pejoratives, which might explain their higher recall than the
other groups. R06 noted, “For example, when the target is anonymized, technically, it’s not considered
hate speech. But in cases like calling Japanese people ‘monkeys,” the noun itself becomes hate speech,
and seeing these terms made me decide to delete them.”

In summary, participants adopted different strategies depending on the visibility of original
expressions, either focusing on explicit expressions or evaluating the broader context. In addition,
participants exhibited a bifurcated approach to using the revealing features: some prioritized ac-
curacy in moderation, while others engaged the features selectively to protect their emotional
well-being. While target_anonymization may compromise accurate moderation by limiting in-
formation, paraphrasing_offensive encourages a more complex moderation practice, prompting
moderators to infer the original expressions and interpret the overall contents carefully. Further-
more, revealing_target and revealing_original facilitated precise moderation by allowing
them to verify pejoratives.

6 Discussion

We evaluated HateBuffer, a text content modification system designed to support hate speech
moderation while protecting moderators’ mental well-being. HateBuffer offers four main features:
target_anonymization, which anonymizes the target of hate speech; paraphrasing_offensive,
which paraphrases offensive expressions into less harmful language; and revealing_target and
revealing_original, which allows users to reveal the target and original expressions with a click.
Contrary to our expectations, we did not observe a significant improvement in emotional state or a
reduction in fatigue after moderation when comparing the experimental groups with the control
group. However, the experimental groups considered modified comments less severe and perceived
HateBuffer to effectively protect their mental well-being.

Furthermore, the moderation accuracy remained similar despite HateBuffer modifying the com-
ments by anonymizing the target and paraphrasing offensive expressions into less offensive ones.
Notably, the participants who used paraphrasing_offensive showed slightly higher moderation
recall. In interviews, our participants described the revealing features of HateBuffer as a type of
buffer, providing time for them to prepare to face the offensive original expressions. They also noted
that HateBuffer prevented them from normalizing biased and hateful opinions from the comments
by anonymizing targets and paraphrasing offensive expressions. Despite such positive aspects, we
did not find clear evidence that HateBuffer can better safeguard a moderator’s overall emotion and
fatigue after moderation.

In this section, we discuss possible explanations for the mixed findings between perceived
benefits and actual impacts of HateBuffer on mental well-being. We then examine in depth how
hate speech moderation can still be accurate despite textual modifications, highlighting further
considerations for content modification in text content moderation. Additionally, we shed light
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on possible strategies for protecting moderators’ mental well-being for a sustainable working
environment.

6.1 Understanding the Discrepancy Between Perceived Benefits and Actual Impact on
Mental Well-Being

Our findings revealed a discrepancy between measured outcomes and participants’ opinions: while
participants perceived comments modified by HateBuffer as less hateful and positively viewed the
effectiveness of target_anonymization and paraphrasing_offensive, there was no significant
difference in the emotion scale or fatigue levels between experimental groups and the control group.
Several factors may contribute to this gap between perceived benefits and actual impact on mental
well-being.

One potential explanation is that while the paraphrasing and revealing groups evaluated the
modified comments as less hateful than the control group, they also took significantly longer
to process each comment owing to the uncertainty induced by paraphrasing offensive phrases.
Although these features helped lower the perceived severity of each comment, our participants
spent a longer time on moderation, resulting in longer cognitive engagement with each potentially
hateful comment. This might have contributed to significant changes in emotion and fatigue scales
after the experiment. In other words, HateBuffer reduced the intensity of hate speech, but the
longer exposure may have had a negative impact, potentially diminishing the intended emotional
protective effect.

Additionally, the cognitive load associated with inference generation could cause negative
emotion and fatigue at the end of the experiment. Our participants indicated that as the target of
hate speech was anonymized and the offensive expression was paraphrased, they often inferred
and imagined the original expression to understand the full context of a comment and make a
moderation decision. This inference process, which requires considerable cognitive effort [83], may
have affected participants in the experimental groups, resulting in changes in emotion and fatigue
levels similar to those observed in the control group.

Another consideration is the short duration of hate speech exposure in our study. Participants
moderated 100 comments, with only 50 containing hate speech, and the control group took an
average of 18.07 minutes in total moderation time, with the shortest session lasting only 10.45
minutes. Given this limited exposure, it is possible that the system’s protective benefits were not
fully realized in such a short session. In contrast, commercial moderators typically work extended
hours each day [105]. A longer moderation session using HateBuffer could better reveal its protective
effects, not only in perceived benefits but also in measurable outcomes for mental well-being.

The results of this study show that text content modification systems such as HateBuffer have
potential, but underlying complexities impact their real-world effectiveness in protecting modera-
tors’ mental well-being. Future studies might examine how these factors (e.g., exposure duration,
perceived severity, and cognitive load) interact over longer moderation sessions to better understand
how text content modification tools can sustainably support moderators’ mental well-being.

6.2 Text Content Modification in the Context of Content Moderation

We found that using target_anonymization and paraphrasing_offensive maintained compa-
rable moderation accuracy to a control condition, even with anonymized targets and paraphrased
offensive expressions. This resilience may stem from inference generation processes, where readers
actively use their knowledge and context to fill gaps in a text to create logical conclusions [83].
Our participants explained that they inferred the original hateful meaning to understand and
make moderation decisions, mentally reconstructing the likely intent of paraphrased or concealed
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expressions. This ability to fill in the modified elements of hate speech, even when information
was limited, allowed participants to maintain accuracy comparable to that of the control group.

Another unexpected finding was that participants in the paraphrasing and revealing groups, who
moderated comments using paraphrasing_offensive, exhibited slightly higher recall than the
control group. This may also be attributed to the inference generation process, as participants took
more time to reconstruct the possible offensive intent behind paraphrased comments, resulting in
more careful judgments. This aligns with the dual process theory of human decision making [96],
which is also known as the concept of thinking fast and slow—system 2’s slow thinking involves a
deeper and more thoughtful evaluation of statements and their implications, whereas system 1’s
fast thinking lacks such deliberate reasoning [23, 66].

Anonymizing targets or paraphrasing offensive phrases fosters a reflective approach to modera-
tion, as it introduces uncertainty that requires moderators to actively infer concealed targets or
offensive meanings. We posit that this uncertainty in user interactions facilitates mindful interac-
tion, similar to traditional ‘interaction lockout’ or ‘friction’ designs, which restrict user interactions
for safety or prevent human errors [26]. Our moderation features can introduce a lightweight
interaction lockout that slows cognitive processing and encourages deliberate thought.

While uncertainty or ambiguity in HCI literature has historically been explored to inspire design
and enrich hedonic interactions [39], its role is expanding. Traditionally, designers introduced
elements of ambiguity or uncertainty (e.g., information, context, and relationship) to foster curiosity,
enhance engagement, and encourage self-reflection, particularly in creative and playful systems.
Uncertainty also plays an important role in pragmatic applications that involve data contextualiza-
tion and sense-making [69]. In content moderation contexts, such elements of uncertainty not only
create a psychological buffer for content moderation but also possibly improve the performance of
content moderation (e.g., higher recall in hate speech moderation).

While our study underscores the potential of text content modification for hate speech mod-
eration, additional directions remain for exploration. One possible consideration is the question
of authorship in modified user-generated content. Given that HateBuffer presents content in its
modified form for evaluation, users might argue that moderation decisions do not accurately
reflect the original intent or expression behind what they had written. Authorship of LLM-based
paraphrased content has been actively discussed in Al and Human-AI Interaction fields [127, 142],
where authorship typically depends on two factors: content, representing the subject matter of
thematic focus, and style, the distinctive manner of expression [110]. Recent research has argued
that LLM-based paraphrasing retains the core content while altering the style [127]. Traditional
views on authorship often emphasize the author’s unique ideas, concepts, or thoughts, aligning
more closely with content [36, 109]. Given that HateBuffer preserves core content (i.e., hateful intent)
while modifying style to reduce offensive language, moderation decisions based on the modified
content could reasonably translate to judgments on the original version. However, further inves-
tigation is needed to understand how users perceive having their content assessed in a modified
form and how they might react to decisions based on these modifications.

Additionally, when users request a reconsideration of decisions they find incorrect or unfair, the
appeals process generally allows them to explain in free text why they believe the decision was
incorrect [129]. However, text content modification through HateBuffer introduces an information
asymmetry: moderators view the modified text, while appealers present arguments based on their
original content. Further research exploring the impact of this information disparity could be
valuable in guiding the development of a fair and transparent appeal process for situations where
text content modification techniques are used for moderation.
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6.3 Toward a Sustainable Career in Content Moderation

Our qualitative findings highlight the potential for text content modification in hate speech moder-
ation to support moderators’ mental well-being. Participants discussed how HateBuffer protected
their personal viewpoints from being shaped by biased and hateful opinions from the comments.
Unlike image and video moderation, where explicit visual stimuli (e.g., violent or sexual content)
can trigger immediate, sensory-based reactions [132], text-based hate speech presents a distinct
set of concerns via repeatedly exposing moderators to biased or extreme opinions. Moderating
this type of content requires individuals to engage in a complex cognitive process to interpret and
reconstruct the underlying message, as discussed in §6.2, which may have long-term effects on
their personal perspectives.

Repeated and prolonged exposure to such violent, negatively stimulating content places mod-
erators at risk of longer-term psychological damage, including emotional desensitization — char-
acterized by a gradual numbing of emotional reactions and reduced empathy toward real-world
situations [71, 78] — or, conversely, emotional sensitization, wherein repeated exposure heightens
their responsiveness to stressful stimuli [10]. Recent work has documented instances where expe-
rienced moderators exhibited adverse reactions even to traditionally positive emotional stimuli
intended to alleviate stress, underscoring the complexities of sensitization and its challenges for
effective emotional support [24]. Although our study did not directly measure sensitization or
desensitization, participants indicated that content modification, anonymizing target expressions,
and/or paraphrasing offensive expressions could potentially reduce their mental burden. Such
support may help moderators sustain their roles over a longer period, creating a more stable
working environment and reducing turnover rates commonly observed in moderation work [18].

The revealing features of our study allowed participants to selectively view the targets and
original offensive expressions, providing a sense of control. Facebook’s Global Resiliency Team has
noted that “shielding moderators from harm begins with giving them more control over what they see
and how they see it” [125]. Given that a lower sense of control in high-stress workplaces can increase
stress levels [1], tools such as HateBuffer could enhance moderators’ agency over their exposure
to potentially hateful text-based content. In addition, our participants found revealing features
helpful in providing them time to mentally prepare before encountering potentially distressing
language, consistent with findings of previous work [68]. Considering the repetitive and emotionally
demanding nature of moderation [105, 122], this sense of control supports self-efficacy and promotes
healthier engagement with the work.

With that said, implementing content modification tools such as HateBuffer in real-world moder-
ation settings involves navigating a tension between performance and moderator well-being. Our
findings show that reviewing modified content, designed to reduce the offensiveness of hate speech,
led to longer task completion time while maintaining quantitative fatigue levels. These outcomes
are consistent with observations with commercial moderators, who often prefer reviewing a smaller
number of severe cases over a high volume of mildly offensive content, citing the increased cognitive
load and time demands of the latter [124]. In such settings, especially where strict performance
quotas are in place [16, 92, 139], the need to interpret softened expressions more carefully may
contribute to slower moderation. However, given that commercial platforms typically provide far
more detailed moderation guidelines than those used in our study [92], it remains unclear how
such content modifications would affect moderators’ speed and experience in practice. Future work
should examine how tool use, time constraints, and policy design interact to shape moderation
outcomes and moderator well-being in real-world environments.

In addition, prior research in content moderation has emphasized the importance of providing
appropriate rest, which can benefit moderators’ mental well-being [24, 33, 122]; structured breaks
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are essential in maintaining workplace well-being and reducing fatigue [9]. While a standard
recommendation for break duration is known as a 7.5-minute break after 50 minutes of content
review [11], break scheduling could be further adjusted based on the frequency of exposure to
original, unmodified content, especially when content modification techniques are used in text
moderation. Future research should explore the optimal balance of modified and original content
exposure and break frequency and duration to effectively support moderators’ mental well-being.

6.4 Limitations and Future Work

In this paper, we present insights from a mixed-methods approach, combining quantitative analysis
with in-depth qualitative insights, which allows us to explore the potential for text content modifi-
cation to support moderators’ mental well-being in hate speech moderation. In addition, our user
study was conducted using a simulated moderation task with pre-curated data. This controlled
setup enabled us to protect participants from encountering unexpected harmful content, but it
may not fully capture the range and complexity of real-world hate speech moderation scenarios.
Implementing a full pipeline that includes Al-based detection of targets and offensive expression
through techniques such as entity recognition [76] and sentiment analysis [136], followed by
paraphrasing via LLMs could facilitate field studies with real-world data. Moreover, evaluating the
actual moderation accuracy with HateBuffer through large-scale studies in real-world settings could
provide deeper insights into the practical applicability of content modification. Such studies could
offer more comprehensive insights into HateBuffer’s effectiveness within content moderation’s
dynamic, unpredictable nature.

Additionally, our simulated moderation experiment utilized the K-HATERS dataset [99], which
consists of news article comments that may lack full context. Although we made efforts to select
comments that seemed understandable independently of their original news articles, there remains
a possibility that participants might not fully grasp certain context-dependent meanings. However,
context dependency is not unique to news comments; moderation of content from other platforms,
such as X’s threads, Reddit’s discussions, or YouTube’s comments, may similarly face challenges
if moderators review comments without the original root content. Therefore, investigating how
moderation performance and moderators’ experiences with HateBuffer vary across diverse content
types and platforms, including different degrees of contextual availability, would be a valuable
direction for future research.

Furthermore, since the K-HATERS dataset includes topics specifically relevant to Korean so-
ciety, such as gender issues and internal regional discrimination, our findings may have limited
generalizability across different cultural contexts. Hate speech varies significantly across cultures,
reflecting unique social, political, and historical factors [38]. For example, prevalent topics of hate
speech in other cultures, such as gun control and immigration, were not present in our dataset.
Even for the same topic, the targeted race or event may differ [19]. To gain a broader understanding
of text content modification systems’ impact on hate speech moderation, it would be valuable to
investigate their effects across various cultural contexts, expanding our observations to account
for global dynamic social issues. Moreover, while HateBuffer’s paraphrasing_offensive was de-
signed to paraphrase hate speech effectively, a key challenge remains in how accurately LLMs can
interpret and respond to cultural nuances. As the types, targets, and subtleties of hate speech vary
widely across cultures, incorporating a culturally adaptive or localized model [93] could enhance
HateBuffer’s ability to moderate contextually relevant hate speech and increase its applicability
across diverse cultural backgrounds.
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7 Conclusion

We designed HateBuffer, a text-based content modification system for hate speech moderation, to
safeguard moderators’ mental well-being while preserving moderation performance. We conducted
a user study with 80 participants who were assigned the role of moderators to perform simulated
hate speech moderation from a fictional news platform and observed qualitative insights through
semi-structured interviews. In contrast to our expectation, we could not observe any improvement
in emotion and fatigue after hate speech moderation with HateBuffer compared with the control
group. However, the perceived hate severity of comments was significantly lower when HateBuffer
is used, and participants recognized HateBuffer as an effective buffer for emotional contagion
and normalization of biased opinions from hate speech. Notably, HateBuffer did not hinder the
moderation accuracy, even enabling slightly higher recall. Building on these findings, we explored
possible explanations for the discrepancy between perceived benefits and the actual impact of
HateBuffer on mental well-being. We highlighted the potential of the content modification technique
in the text as a content moderation tool and mental well-being protection tool, fostering a more
sustainable working environment for content moderators.
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A Full Prompt for Paraphrasing Comments
A.1 Paraphrasing Hate Comments

You are a text content moderator for Korean news comments. Your task is to paraphrase the original
comment into a euphemistic comment while maintaining the original meaning of the comment.
For your information, Euphemism is an innocuous word or expression used in place of one that is
deemed offensive or suggests something unpleasant. From a given Korean comment on the News,
output 10 distinct Euphemistic paraphrased comments by paraphrasing only words between .
Do not change the original meaning and separate each output with ‘$’.

A.2 Paraphrasing Normal Comments

You are a text content moderator for Korean news comments. Your task is to paraphrase a comment.
From a given Korean comment on the News, output 10 distinct paraphrased comments by para-

phrasing only words between ‘%’. Do not change the original meaning and separate each output
with ‘$’.

B Shapiro-Wilk Test for SPANE_B Scores: Pre- and Post-Experiment
B.1 Pre-experiment

Table 5. Shapiro-Wilk Test Results of Pre-experiment scores for SPANE_B

Shapiro-Wilk

W  p-value
Control 12.00 5.38 3.00 20.00 0.91 .625
Anonymizing 10.65 4.86 1.00 19.00 0.97 .659
Paraphrasing 10.35 5.03 3.00 19.00 0.94 .256
Revealing 1035 7.84 -4.00 24.00 0.96 .587

Group Mean Std Min Max

B.2 Post-experiment

Table 6. Shapiro-Wilk Test Results of Post-experiment scores for SPANE_B

Shapiro-Wilk

W p-value
Control 1.95 7.17 -11.00 13.00 0.96 478
Anonymizing 2.70 7.19 -13.00 14.00 0.95 .420
Paraphrasing  0.20 7.12 -17.00 14.00 0.92 .096
Revealing -0.30  6.20 -10.00 13.00 0.92 .109

Group Mean Std Min Max

C Shapiro-Wilk Test for MFSI Scores: Pre- and Post-Experiment
C.1 Pre-experiment

Table 7. Shapiro-Wilk Test Results of pre-experiment scores for MFSI

Shapiro-Wilk

W  p-value
Control 2.60 812 17.00 -11.00 0.96 478
Anonymizing 2.25 6.67 13.00 -7.00 0.91 .072
Paraphrasing 2.80 832 23.00 -9.00 0.96 482
Revealing 375 791 18.00 -12.00 0.97 .840

Group Mean Std Min Max
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C.2 Post-experiment

Table 8. Shapiro-Wilk Test Results of post-experiment scores for MFSI

Shapiro-Wilk

W  p-value
Control 9.05 9.02 31.00 -6.00 0.96 .540
Anonymizing 6.20 7.18 23.00 -7.00 0.97 777
Paraphrasing  8.35 9.32 28.00 -10.00 0.99 .988
Revealing 10.50 8.13 23.00 -8.00 0.96 .607

Group Mean Std Min Max

D Wilcoxon Signed-Rank Test Results comparing Pre- and Post-experiment for SPANE
and MFSI

D.1 Pre- and Post-experiment for SPANE

Table 9. Wilcoxon Signed-Rank Test Results comparing pre- and post-experiment scores for SPANE question-
naire items.

Comparison Statistics p-value

Control 0.00 <.001***
Anonymizing 8.50 <.001***
Paraphrasing  0.00 <.001***
Revealing 3.00 <.001***

D.2 Pre- and Post-experiment for MFSI

Table 10. Wilcoxon Signed-Rank Test Results comparing pre- and post-experiment scores for MFSI question-
naire items.

Comparison Statistics p-value

Control 22.50 .002**
Anonymizing 28.00 .012%
Paraphrasing  17.50 .002**
Revealing 21.50 .002**

E Survey Questionnaire

This survey contains the following two sections.
(1) Korean Scale of Positive and Negative Experience (pre- and post-survey)
(2) Multidimensional Fatigue Symptom Inventory (pre- and post-survey)
(3) System Evaluation Questionnaire (post-survey)

Please answer all questions sincerely.

Korean Scale of Positive and Negative Experience

This scale consists of a number of words that describe different feelings and emotions. Read each
item and indicate to what extent you feel at this moment before you have started the experiment
(at this moment after you have finished the experiment). [1: Not at All, 2: A Little, 3: Moderately, 4:
Quite a Bit, 5: Extremely]
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(1) Positive

(2) Negative
(3) Good

(4) Bad

(5) Pleasant
(6) Unpleasant

Subin Park et al.

(7) Happy

(8) Sad

(9) Afraid

(10) Joyful

(11) Angry
(12) Contented

Multidimensional Fatigue Symptom Inventory

Below is a list of statements that describe how people sometimes feel. Please read each item
carefully, then mark the one number which best describes how true each statement is for you at
this moment before you have started the experiment (at this moment after you have finished the
experiment). [1: Not at All, 2: A Little, 3: Moderately, 4: Quite a Bit, 5: Extremely]

(1) I have trouble remembering things
(2) I feel upset

(3) I feel cheerful

(4) I feel lively

(5) I feel nervous

(6) 1 feel relaxed

(7) I am confused

(8) I feel sad

(9) I have trouble paying attention

System Evaluation Questionnaire

(10) I am unable to concentrate

(11) I feel depressed

(12) I feel refreshed

(13) I feel tense

(14) I feel energetic

(15) I make more mistakes than usual
(16) I am forgetful

(17) I feel calm

(18) I am distressed

Based on your experience using the system during the experiment, please indicate how much you
agree or disagree with the following statements, and provide answers to the open-ended questions
about your overall comment moderation experience. [1: Not at All, 2: A Little, 3: Moderately, 4:

Quite a Bit, 5: Extremely]
e Control group

(1) T had no trouble understanding the meaning of the comments.

(2) Please describe the overall process you went through when reading the comments and
making deletion decisions. How did you feel when reading the comments? What factors
did you consider when deciding whether to delete them? [open-ended]

e Anonymizing group

(1) The fact that the targets were hidden was helpful in performing the comment moderation

task.

(2) The fact that the targets were hidden was helpful in maintaining my mental well-being.

[open-ended)

(3) Please describe the overall process you went through when reading the comments with
hidden targets and making deletion decisions. How did you feel when reading these
comments? What factors did you consider when deciding whether to delete them? [open-

ended]
e Paraphrasing group

(1) The following questions pertain to the mitigated offensive expressions in the comments.

(a) The fact that the expressions were mitigated was helpful in performing the comment

moderation task.
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(b) The fact that the expressions were mitigated was helpful in maintaining my mental
well-being.

(2) Please describe the overall process you went through when reading the mitigated comments
and making deletion decisions. How did you feel when reading these comments? What
factors did you consider when deciding whether to delete them? [open-ended]

® Revealing group

(1) The following questions pertain to the target hiding feature in comments.

(a) The “view original target” feature was helpful in performing the comment moderation
task.
(b) The “view original target” feature was helpful in maintaining my mental well-being.

(2) The following questions pertain to the mitigated offensive expressions in comments.

(a) The “view original expression” feature was helpful in performing the comment modera-
tion task.
(b) The “view original expression” feature was helpful in maintaining my mental well-being.

(3) Please describe the overall process you went through when reading the modified comments
and making deletion decisions. How did you feel when reading these comments? What
factors did you consider when deciding whether to delete them? [open-ended]

F Interview Protocol

We will now begin the interview about the experiment you participated in today. If there are any
questions you don’t wish to answer during the interview, feel free to refuse to answer.
Warm-up and Overall Experience
First, I will ask some questions about your overall experience with comment moderation.
(1) What was the general intensity of hate speech you felt in the comments you reviewed during
the experiment?
(a) (If negative) You mentioned that the atmosphere of the comments was what the participant
described. How did moderating such comments affect your emotions or mental well-being?
(b) If you had to moderate these comments daily as a comment moderator, how would it impact
your emotions or mental well-being?
(2) (Questions asked again about any parts the participant did not elaborate on in the survey)
(a) How did you feel when reading the comments?
(b) What are your criteria for determining hate speech?
(c) Were there any difficult instances in deciding whether to delete a comment? Please explain
the situation and the reason.
About the System
I will now ask some questions regarding the system you used today and comment moderation.
e Control group
The system you used today annotated words that could be considered targets of hate speech
and offensive expressions in the comments.
(1) Did the fact that targets were annotated help you determine hate speech? Why or why
not?
(2) Did the fact that offensive expressions were annotated help you moderate hate speech?
Why or why not?
(3) Did the fact that targets were annotated affect your mental well-being? If it did, was the
effect positive or negative? Please explain the reason.
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(4) Did the fact that offensive expressions were annotated affect your mental well-being? If it
did, was the effect positive or negative? Please explain the reason.
o Anonymizing group
The system you used today concealed words that could be considered targets of hate speech
and underlined offensive expressions in the comments.

(1) Would you make the same moderation decisions even if the targets were not concealed?
Why or why not?

(2) Do you think reviewing and moderating comments with concealed targets affects your
mental well-being differently compared to seeing the original comments? Please explain
the reason.

(3) If there is a feature to reveal the concealed targets, how would you use it in the decision-
making process for comment moderation? If you think you wouldn’t use it, please explain
why.

(4) Did the fact that offensive expressions were annotated help you moderate hate speech?
Why or why not?

(5) Did the fact that offensive expressions were annotated affect your mental well-being? If it
did, was the effect positive or negative? Please explain the reason.

o Paraphrasing group
The system you used today paraphrased offensive expressions in less offensive and annotated
words that could be considered targets of hate speech.

(1) Would you make the same moderation decisions if you saw the original, unmodified
comments? Why or why not?

(2) Have you changed your moderation decision after reading another version of the expression
using the refresh feature? Please describe the situation and explain why you changed your
decision.

(3) Would reviewing and moderating comments with the original offensive expressions affect
your mental well-being differently than their paraphrased versions? Please explain the
reason as well.

(4) Suppose there is a feature that allows you to see the original versions of the paraphrased
offensive expressions. How would you use it in the decision-making process for comment
moderation? If you feel you wouldn’t use it, please explain why.

(5) Did the fact that targets were annotated help you determine hate speech? Why or why
not?

(6) Did the fact that targets were annotated affect your mental well-being? If it did, was the
effect positive or negative? Please explain the reason.

o Revealing group

The system you used today concealed words that could be considered targets of hate speech
and paraphrased offensive expressions into less offensive ones. It also allowed you to view
the original comments or different versions of paraphrased expressions when needed.

(1) First, I will ask questions related to your moderation decision.

(a) Was there a situation where you changed your moderation decision after checking the
concealed target? Please explain the situation and why you changed your decision.

(b) Was there a situation where you changed your decision to delete a comment after
checking the original version of the mitigated offensive expression? Please explain the
situation and why you changed your decision.
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(c) Was there a situation where you used the refresh feature to switch to a different para-
phrased version of a comment and subsequently changed your decision to moderate it?
Please describe the situation and explain why you changed your decision.

(d) Among the features—target hiding, offensive expression paraphrasing, refresh, and view
original—which was the most helpful in comment moderation, and why?

(2) Next, I will ask questions related to your mental well-being.

(a) Did checking the concealed targets affect your mental well-being? If so, how did it change,
and why?

(b) Did checking the original version of the mitigated offensive expressions affect your
mental well-being? If so, how did it change, and why?

(c) Did using the refresh feature to change the paraphrased versions of the comments affect
your mental well-being? If so, how did it change, and why?

(d) Among the features—target hiding, offensive expression paraphrasing, refresh, and view
original—which was the most helpful in protecting your mental well-being, and why?

Wrap-up
We’ve covered almost all the questions about today’s experiment, but Id like to ask you a simple
question before we finish.

o (Control group) It is known that moderators are often exposed to content that negatively
impacts mental health, potentially leading to vicarious trauma or PTSD. Considering the
negative effects of moderating comments, are there any features you think should be added
to a moderation system?

o (Target, Offensive, Revealing group) It is known that moderators are often exposed to content
that negatively impacts mental health, potentially leading to vicarious trauma or PTSD. The
system you used today was designed to help protect moderators. Are there any features
you would like to see improved? Or are there any new features you would propose to better
preserve the moderator’s mental well-being?

Thank you for answering all of our questions thoroughly. We’ve asked everything we intended
to cover. Before we conclude, is there anything you’d like to share with us or any responses you
couldn’t fully express during the interview?

Thank you. This concludes today’s experiment. We will follow up with additional documents via
email for your compensation.

Thank you again.
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