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INTRODUCTION

A majority of multiplayer game players have reported experiencing or witnessing
abuse while playing online (Anti-Defamation League 2020). Such “toxicity”
manifests in various forms, ranging from fleeting verbal interactions like “trash-
talking”, the belittling of other players, to more strategic and behavioural acts such as
cheating, the use of an exploit to gain an unfair advantage (Kowert 2020). The
persistence of toxicity indicates that content moderation - the formal “governance
mechanisms” deployed to “facilitate cooperation and prevent abuse” (Grimmelmann
2015, p.47) - is failing players in practice.

Moderation primarily takes the form of reporting tools (Kou and Gui, 2021)
utilised by moderators (Seering et al. 2019), communities (Seering 2020), and
increasingly algorithms (Gillespie 2020), resulting in warnings (Seering et al. 2019),
content removal (Srinivasan et al. 2019), or account bans (Kou 2021). However, in
practice, the normalisation of toxicity has led to the underutilisation of these tools
(Beres et al. 2021). Additionally, their outcomes are often perceived as opaque and
unfair, diminishing their effectiveness in reforming behaviour (Ma et al. 2023b).

The failure of moderation is a design problem. Research indicates that offending
players often act in good faith, engaging in information-seeking behaviours on online
forums to overcome the opaqueness of moderation outcomes (Kou and Gui 2020).
Moderation systems that provide explanations alongside decisions are perceived as
more transparent and fair, increasing the likelihood that offenders will understand
how to modify their behaviour (Ma et al. 2023a). Nevertheless, such explanations
remain overly simplistic, typically justifying decisions by reference to the chat log
that was deemed toxic (see Figure 1).

A question naturally arises: could other forms of explanations that centre
transparency improve the perceived fairness of moderation outcomes? Our work-in-
progress research will answer this question by deploying Explainable Artificial
Intelligence (XAI) to automate the generation of moderation explanations. In general,
XAI research focuses on developing techniques to make the decision-making
processes of automated systems clear and understandable to users (Gunning and Aha
2019). We intend to examine the use of XAl techniques to generate moderation
explanations through a within-subjects experiment. In this experiment, participants
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CHAT RESTRICTION

Your account received the following penalties:

7-day chat restriction ending on 9/19/22, 4:45 PM

Rift. If

GAME ID: 123

CHAT LOGS:

1 UNDERSTAND

Figure 1: League of Legends Penalty Notification (League of Legends Support, 2022).

(adult players of multiplayer games) will engage with fictional moderation
notifications justified by different forms of explanations and will self-report their
perceptions across fairness measures and open-answer questions.

Although data collection hasn’t occurred, our preliminary outcome focuses on our
explanation design. Each explanation under examination is composed of two
independent variables, an explanation type delivered by an interaction style. We
have chosen these two variables as they pertain to open questions within the XAl
literature. In particular, we have chosen three levels for each variable to stage a
comparison between current practices, the literature’s postured ideal, and a promising
alternative.

Explanation type is the means by which decisions are justified (see Table 1 for
examples). Referential explanations are used in practice, justifying moderation
decisions by reference to toxic chat logs. Counterfactual explanations are held as an
explanation ideal for decision-subjects as they don’t expose the underlying logic of
decision-making algorithms, thereby protecting trade secrets and preventing the
gaming of outcomes (Wachter et al. 2018; Ribera and Lapedriza 2019).
Counterfactuals justify a decision by way of external facts; what would need to
change for the decision to be otherwise. For instance, a counterfactual for a loan
application might indicate an additional $10,000 in income is required to qualify.
Within our context, a counterfactual is a chat log edited to be non-toxic through word
replacement or removal. However, generating coherent text-based counterfactuals is a
difficult task, as the editing invariably affects the semantic content (Madsen et al.
2022). Attribution explanations present a promising alternative as they simplify the
task from identifying what would be non-toxic to identifying what is toxic. These
explanations highlight the degree to which each input feature contributes to the
classification (Ribeiro et al. 2016; Lundberg and Lee 2017). In our context, this refers
to the degree to which the algorithm considers a word to be toxic.
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You are a [toxic-word] You are a [non-toxic-word] You are a [toxic-word]
(a) Referential (b) Counterfactual (c) Attribution
Table 1: Example Explanation Types

Interaction style is the mode by which explanations are delivered. Static
interactions are used in practice, presenting explanations without further engagement.
Conversational interactions have been heralded as an interaction ideal as people are
cognitively wired to produce and consume explanations in a socially constructed way
(Miller 2019; Ribera and Lapedriza 2019; Liao et al. 2020; Ehsan et al. 2024). A
conversational agent, facilitated by a Large Language Model, will tailor underlying
explanation types to user questions. This approach has shown promise in decision-
support applications like medical diagnosis (Slack et al. 2023). However, questions
remain over whether the same holds in the non-cooperative context of content
moderation. Explorative interactions present a promising alternative by centering user
control. These interactions expose the underlying classification system, allowing
users to simulate alternative inputs and receive corresponding explanations (Bertrand
et al. 2023).

At the conclusion of our study, we will have two unique contributions. For the
XAI literature, we will provide an examination of how explanation type and
interaction style combine to affect the perceptions of algorithmic decisions. For the
content moderation literature, we will provide an evaluation of how different forms of
explanations affect players’ perceived fairness of automated moderation. More
generally, our research will form part of a growing movement aimed at fostering
legitimacy, accountability, and transparency within online governance, with the
ultimate goal of promoting more inclusive online communities.
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