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Abstract
This article considers natural language processing research as a language-ideological practice, looking specifically at the 
task of toxic language detection, which impacts nearly everybody online through automated content moderation. Industry 
discourse constructs the category of toxicity through a series of oppositions between civil/healthy/referential/rational and 
unhealthy/toxic/indexical/emotional. Examples from a toxicity correction dataset demonstrate how this ideology can become 
encoded algorithmically: a focus on preserving referential content in text “detoxification” results in neglect of important 
poetic, expressive, and social-indexical functions. Overall, the discursive framings of toxicity construct the ideal speaker in 
terms of what I call a “referentialist” language ideology, which values rational debate in the (regulated) liberal-democratic 
public sphere. Ultimately, toxicity detection and other metapragmatic tasks do not merely model the existing pragmatic 
categories but actively construct them. Toxicity in particular potentially reinforces exclusionary norms of white maleness 
and promotes online subjectivities that are useful (profitable) to the commercial platforms that shaped the task. Since there 
is no avoiding NLP as language-ideological practice, independent NLP researchers must acknowledge the political potency 
of their work by continually reflecting on the categories they work with in relation to models of social-political formation.
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1  Introduction

Much of the user- and AI-generated content published on the 
internet is mediated by automated filters. It is easy to find 
obvious cases of this technology gone awry. For example, 
a gamer replies to a tweet about an online streamer caught 
in a sex scandal, contextualizing the gaming community’s 
apologism against its transphobia: “None of those people 
actually care about kids, they just want only cis straight 
people to exist.” “Your tweet may go against our commu-
nity standards. Do you want to revise it before sending?"1 
A baseball fan taps out a message to her new Tinder match: 
“Well anyone kicking the Dodgers ass makes me happy.” 
The first response comes not from her match but from the 
platform: “Slow down—your match may find this language 

disrespectful. Are you sure you want to send?”2 An activist 
working for an NGO notices that their social media posts 
mentioning Palestine are viewed far less often than their 
other posts (Abokhodair et al. 2024). These suggestions are 
made by automated systems for content moderation.

Many such content moderation systems are machine 
learning models trained to solve a natural language process-
ing (NLP) task called toxic language detection. The aim of 
developing such models is to reduce harassment online by 
flagging potentially harmful posts for review or removal. 
Though their developers advise against using them to 
remove posts or ban users without review by human modera-
tors, they are commonly deployed without human supervi-
sion in ‘nudge’ mechanisms (Simon 2020; OpenWeb 2020) 

http://crossmark.crossref.org/dialog/?doi=10.1007/s00146-025-02463-y&domain=pdf
http://orcid.org/0000-0002-0378-5005
https://x.com/EddyZacianLand/status/1805720916930052611
https://twitter.com/Rallyears/status/1407215540687441920
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like the Twitter and Tinder pop-ups that offer users a chance 
to rewrite their message before posting it.

The identities of the authors in these examples—queer, 
Middle Eastern, woman—hint at one of the main claims of 
this article: that the category of toxicity as it is constructed 
in NLP research devalues the very voices such research is 
supposed to protect. But toxicity is more than just exclu-
sionary; it actively constructs the speaking subject. It is a 
Foucauldian “technology of the self” (1978). Rather than 
exclude, the nudge conditions inclusion on a particular kind 
of linguistic behavior. Nudge mechanisms cause a signifi-
cant proportion of users to edit their post before publishing, 
whether to remove hate speech or seek creative ways around 
filters (Simon 2020). Jereza (2024) contends that rather than 
discouraging racism, content moderation encourages people 
to change how it is expressed and circulates a kind of flexible 
racism that abides by liberal democratic norms of politeness. 
If racism can slip through the cracks, what is it that racists 
are changing about their posts? And how might the authors 
of the above examples revise themselves in response to this 
nudge?

What can we learn about content moderation by view-
ing it not as a repressive mechanism of restriction, but as 
a constructive mechanism of production? In other words, 
what kind of subjectivities, in Foucault’s sense, does toxicity 
detection produce?3 NLP research does not merely reflect 
toxicity as an existing social category but actively constructs 
it according to a referentialist language ideology. This article 
characterizes the language-ideological construction of toxic-
ity and illustrates its expression in practical technologies.

After a brief genealogy of toxicity detection in the field of 
natural language processing (NLP) research (Sect. 3), I turn 
to the metapragmatics of toxicity within the field as a lens 
into language ideology. At a rhetorical level (Sect. 4), toxic-
ity research leverages frames of civility, health, inclusivity, 
and engagement to refract a Habermasian ideal of rationalist 
discourse through the lens of commercial interest. Civil-
ity, used to contrast toxicity, places emphasis on scientific 
modes of knowing—evidence, logic, and fact. These values 
evince a referentialist language ideology associated with the 

bourgeois public sphere. At the same time, the engagement 
frame promotes values that clash with the public sphere ide-
ology. As an assemblage of sometimes contradictory frames, 
the discursive construction of toxicity gestures towards a 
new political subject of the public sphere. An audit of a 
training dataset (Sect. 5) illustrates how the metapragmat-
ics of toxicity are presented to machine learning models. 
Through the process of data annotation, toxicity comes to 
be associated with non-referential and performative aspects 
of language like identity negotiation, social connection, and 
poetic expression.

Ultimately, toxic language detection may do more than 
combat online harassment. It may in fact enforce hegemonic 
norms associated with educated white male spaces and aid in 
the production of subjectivities which serve the commercial 
goals of the regulating bodies. Ethical NLP demands that 
researchers must acknowledge and interrogate the ideologi-
cal and political implications of their work, electing catego-
ries that promise to expand rather than contract modes of 
being.

2 � Indexicality, language ideology, 
and metapragmatic practice

Before proceeding to the analysis, it is necessary to define 
the linguistic-anthropological concepts it uses and to clarify 
the relationship between them. One of my central claims is 
that the category of toxicity reflects a referentialist language 
ideology. To make this argument, I need to outline different 
ways of thinking about meaning and about how language 
works.

One might see language primarily as a tool for com-
municating information about the world. This capacity of 
language to refer is the main concern of formal linguistic 
semantics and philosophy of language, which have exerted 
a strong historical influence on AI research. But language 
does much more than refer. People use language to do things 
in the world, like make promises and manage relationships. 
The main concern of linguistic anthropology and semiotics, 
which tends to view language primarily as a social practice, 
is tending to these kinds of meaning and function that aren’t 
easily described by semantics.4

The theory of Roman Jakobson (1960), influential among 
semioticians, identifies six functions of language. Each func-
tion maps to a different element of the speech event. The 
referential function relates the utterance to the physical 
context (a.k.a. ‘the world’). Referential meaning concerns 

3  Toxicity detection systems are part of an apparatus in the sense 
described by Foucault and later elaborated by Giorgio Agamben. The 
apparatus or dispositif is, “literally anything that has in some way 
the capacity to capture, orient, determine, intercept, model, control, 
or secure the gestures, behaviors, opinions, or discourses of living 
beings”. (Agamben 2009). Foucault (1979) argued that institutions 
like prisons, hospitals, factories, schools and so forth do not merely 
govern subjects; they use apparatuses like surveillance and the threat 
of discipline to create subjects. They form and reform subjectivities 
by capturing and reorienting the desires of the subject. Part of this 
process involves organizing ‘regimes of truth’ which construct cate-
gories of people and behavior (such as ‘criminal’, ‘hysteric’, or ‘teen-
age mother’) and influence how power is exercised over them to cre-
ate ideal political subjects (Rampton and Richardson 2007).

4  See James Slotta (forthcoming) on the embattled relationship 
between linguistic semantics and linguistic anthropology its conse-
quences for the theoretical functioning of indexicality and referential-
ity.
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the truth-conditional meaning of a speech event—the prop-
ositional content that is the traditional purview of formal 
semantics. Jakobson identified five other functions, each of 
which relates the utterance to another aspect of the speech 
event: the expressive function relates the utterance back to 
the speaker. Other functions are conative (relating to the 
addressee), metalinguistic (relating to the code/language), 
phatic (relating to the channel/medium), and poetic (relating 
to the form of the message itself).

One non-referential function of language is the construc-
tion of social identity and group formations. Speakers index 
or point to social identities, personalities, and ideological 
stances through non-referential stylistic features such as reg-
ister and dialect. Without explicitly saying that I’m smart (a 
strategy that could even backfire), I can index or point to my 
own intelligence by using a big word (Eckert 2019). Indexi-
cal associations, even conventional ones like the idea that 
big words make you smart, posit a physical/causal relation 
between sign (big word) and object (smarts). Indexes are 
different from the Saussurian model of the sign dominant in 
linguistics, which posits an arbitrary relationship between 
sign (word-shape) and object (conceptual meaning).5

A related framework for theorizing meaning beyond ref-
erence is speech act theory (Austin 1962). This framework 
holds as a basic tenet that all speech is also action. Asser-
tives (statements that describe the state of the world) are 
merely one class of speech acts among others, like apologiz-
ing or pronouncing a couple to be married.

Studying indexical meaning led Michael Silverstein to 
conclude that the lion’s share of linguistic meaning is indexi-
cal. Studying speech acts led J.L. Austin to conclude that 
most language is performative. Complexes of related ideas 
and beliefs of how language works, how it should work, are 
called language ideologies. Language ideology refers to the 
ideas and conceptions speakers have about language, and 
the study of how those ideas both influence and are influ-
enced by social dynamics and power relations (Irvine and 
Gal 2000; Woolard 2020). As people navigate the social 
world, they draw on and develop ideas and practices around 
language use: how language can and should be used, and to 
what ends. These ideas can be expressed more or less con-
sciously and overtly, or through implicit and presupposed 
cultural assumptions.

Language ideology is not just about language; it relates 
ideals about language use to ideals about other structures 
within which we are situated: personhood, society, aesthet-
ics, morality. At the broadest level, language mediates social 

structures (and administers power) by ‘controlling the con-
versation,’ or determining the limits of the sayable (Foucault 
1978). This work is accomplished by the production of spe-
cialized knowledge and techniques which govern, guide, and 
shape linguistic conduct and subjectivities (Urla 2019). By 
discussing the ideal speaker in terms of particular frames, 
and by quantifying this image in datasets, research practices 
around toxicity detection impact not only the subjectivities 
of end users whose posts are guided by algorithms, but also 
the direction and efforts of the research community itself.

This paper explores how NLP research constructs and 
reifies a “referentialist” language ideology, and probes 
some of its sociopolitical implications. Referentialism val-
ues the symbolic and referential functions of language over 
its indexical and performative functions. Furthermore, it 
holds that some kinds of speech are best suited for refer-
ential work: logical argument, factual reporting, scientific 
discourse. Naturally, these registers still index social quali-
ties like a high level of formal education and socio-economic 
status, but referentialism minimizes indexicality by constru-
ing these dominant qualities as socially neutral. In an article 
which serves as a template for my own analysis, Bauman and 
Briggs (2000) develop the connected notion of a scientific 
language ideology by analyzing the texts of John Locke. 
They characterize it as a complex of beliefs that valorizes 
“knowledge, truth, universality, rationality and science,” 
over “passion, beauty, belief, passivity, particularity, error, 
deceit, and rhetoric” (2000, 159). In addition to minimal use 
of idiomatic, poetic, and rhetorical devices, ideal language 
on this view stands on its own, limiting intertextual ties to 
other texts.

The work of anthropologists like Silverstein (1976, 2003), 
Bauman and Briggs (1990), and Lucy (1992) emphasizes 
the language-ideological nature of all linguistic practice. 
Silverstein viewed language ideology in terms of people’s 
beliefs about language that they use to justify or rationalize 
particular linguistic practices over others (Silverstein 1976, 
193). One example would be the belief that smart people 
use standard English. Another is the idea that language can 
be hurtful. To describe how speakers discuss, transmit, and 
negotiate social views about language on a micro-interac-
tional level, he developed the concept of metapragmatic 
speech. Metapragmatic speech is language about language 
use (Silverstein 1976). The classic example is a parent 
telling a child to “say please," which carries within it the 
instruction about how to use language a set of values about 
politeness—when and to whom it is important to be polite 
and show deference and so forth. Roughly, ideology and 
metapragmatics can be thought of as dialectically connected 
facets of the same processes operating at micro- and macro-
social levels: macrosocial language ideologies constitute 
the grounds for micro-interactional metapragmatic practice, 
which in turn influences ideology by shaping “processes of 

5  All kinds of signs perform referential functions, and all speech 
functions, including referentiality, are socially meaningful. However, 
non-referential indexicality has been a major focus for theorists inter-
ested in the social functions of language. Because I am interested pri-
marily in the middle of the Venn diagram of these concepts, in this 
paper I use them interchangeably.
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producing and receiving texts, affecting who is authorized to 
speak …and in what sorts of institutional spaces” (Bauman 
and Briggs 2000, 142).

Below, I analyze two kinds of metapragmatic speech 
about toxicity: industry publications (where researchers 
talk to each other and other industry professionals), and a 
datasets used to train toxicity detection models (in which 
researchers and annotators address the computational agent). 
These metapragmatic discourses plays a role in the construc-
tion of the category of toxic language, which in turn is used 
to license particular metapragmatic practices of machine 
moderation. In other words, NLP in action, because it is 
metapragmatic practice, is language ideology in action.

3 � ‘Toxicity detection’ as an NLP task

Natural language processing (NLP) aims to make accurate 
computational predictions about unstructured, free form text. 
NLP tasks are abstract goals for research that organize dif-
ferent kinds of predictions: sentiment, information about the 
author, continuations of the text, translations into another 
language, summarization, etc. Tasks are social categories, 
shaped by (but not synonymous with) the shared datasets 
that the research community uses to train and evaluate mod-
els. Like all language classification tasks, work on toxicity 
detection begins with constructing a dataset. Annotators 
(typically crowd workers) label each comment ‘toxic’ or 
‘nontoxic.’ These data points are then used to tune a machine 
learning model to predict the annotated label.

Before 2018, there was no natural language processing 
task called “toxicity detection.” In 2017, around five pub-
lished NLP articles mentioned the word toxic.6 Up until that 
time, related research (of which there was plenty) was formu-
lated in terms of other taxonomies and labels, including hate 
speech (Kwok and Wang 2013; Burnap and Williams 2015; 
Djuric et al. 2015; Davidson et al. 2017), insults (Mahmud 
et al. 2008; Sood et al. 2012a, b; Sax 2016; Sharma et al. 
2018), profanity (Sood et al. 2012a, b; Malmasi and Zampieri 
2018), bullying (Xu et al. 2012; Dadvar and Jong 2012; Dad-
var et al. 2014), and personal attacks (Wulczyn et al. 2017).

The “ratification” of the toxicity detection task (see Latour 
1987) was effected in large part by Google Jigsaw, Google’s 
“geopolitical think/do tank” (Carr 2017). Jigsaw accom-
plished this by funding the construction of large crowd-
sourced toxicity datasets and sponsoring public program-
ming competitions with cash prizes for the models that best 
fit those datasets (Wulczyn et al. 2017; Dixon et al. 2018; 
Borkan et al. 2019; Jigsaw 2017, 2019, 2020). Google Jigsaw 

released the “Toxic Comment Classification Challenge" data-
set on Kaggle, a data science contest platform, in December, 
2017. This dataset, based on news comments, defined tox-
icity to annotators as “anything that is rude, disrespectful, 
or unreasonable that would make someone want to leave a 
conversation” (Dixon et al. 2018), emphasis in original; see 
also (Borkan et al. 2019; Vasserman 2019; Pavlopoulos et al. 
2019, 2020, 2022). Thousands of research teams submitted 
systems for predicting the labels in this dataset. By 2018, 
over 100 more articles on toxicity detection had been pub-
lished, all citing Jigsaw’s dataset. As of 2024, the count of 
automated toxicity mitigation articles is closer to the thou-
sands. This research largely adopts Jigsaw’s definition, its 
datasets (which effectively define toxicity to the models) and 
often rely on its product, Perspective API, to operationalize 
toxicity in experiments (e.g., Gehman et al. 2020; Lee et al. 
2024).

Six years later, ‘toxicity detection’ has fully ascended to 
the pantheon of standard NLP tasks. Industry giants invari-
ably list toxicity among the problems that ‘AI safety’ efforts 
aim to address. OpenAI, Meta and Anthropic use Perspec-
tive to develop and evaluate their proprietary large language 
models (LLMs) (Ouyang et al. 2022; Srivastava et al. 2023). 
Google uses Perspective to filter LLM training data and to 
mediate exchanges between LLMs and end-users (Welbl 
et al. 2021; Vasserman 2023). In short, toxicity has become 
a social fact in the NLP community.7

Toxicity research has faced plenty of criticism within the 
field. Analysts have shown that toxicity filters like Perspec-
tive API reflect the racial, gender, and religious biases they 
are supposed to protect people from; posts which merely 
mention identity labels are more likely to be flagged as toxic 
(Dixon et al. 2018; Welbl et al. 2021). Sap et al. (2022) 
demonstrate that Perspective API has a dialectal bias—com-
ments written in African American English are more likely 
to be rated toxic. Some contend that toxicity is contextually 
defined, and call for a community-specific approach (Diaz 
et al. 2022; Saleem et al. 2022). Others propose techniques 
for ‘mitigating bias’ in the data or in the trained model (Zhao 
et al. 2018; Feng et al. 2021). These interventions, and the 
burgeoning field of toxicity research itself, reflect the strong 
current of social consciousness among AI researchers, and 

6  All article counts were determined according to Google Scholar 
search results for “toxic language detection” and “toxic language 
NLP.”.

7  Of course, ‘toxicity’ has risen to prominence in broader popular 
and internet culture as well, as a metaphorical descriptor of persis-
tently negative people, situations, and behaviors. There is not enough 
room in this article to trace the recent semantic broadening of the 
word toxic and trace its genealogy in machine learning research. A 
more detailed picture, complete with accusations of relationship and 
workplace toxicity against important figures in the story (Franceschi-
Bicchierai 2019; Kara Corvus 2020; Izento 2021), is undertaken in 
Chronis (in progress). See also (Rieder and Skop 2021) for an excel-
lent organizational analysis of Jigsaw.
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the awareness that their work is politically charged.8 How-
ever, bias mitigation techniques are demonstrably ineffec-
tive, tending to mask bias rather than ‘remove’ it (Gonen 
and Goldberg 2019).

As metapragmatic agents engaged in the work of lan-
guage ideology, NLP practitioners must take a reflexive per-
spective in their research that accounts for relations between 
power, language and technology (Benjamin 2019; Barabas 
et al. 2020; Miceli et al. 2020). Bias mitigation aims to cor-
rect for ideological bias in the task at hand. That is, it aims 
for ideological neutrality.

In this paper, I aim to show how toxicity detection, and 
by extension other metapragmatic tasks, is ideological in 
essence, and to outline the contours of this ideology: the 
metapragmatics of the task itself reinforce a referentialist 
language ideology that devalues speech practices associated 
with marginalized social groups.

4 � Explicit ideologies of toxicity in technical 
and professional discursive practice

What kind of talk is ideal talk, in toxicity research? Draw-
ing on frames of public/mental health and civic participa-
tion in the liberal democratic public sphere, technical NLP 
discourses construct an image of ideal language as a tool for 
rational deliberation about ideas. They do so by construct-
ing parallel oppositions between the healthy/civil/rational/
engaged user on the one hand, and the unhealthy/toxic/irra-
tional/antisocial individual on the other. The health frame 
additionally naturalizes the idea of behavioral intervention 
(in the form of the ‘nudge’), a characteristic move of neolib-
eral governmentality. Ambiguity in the definition of toxicity 
allows for slippage between ideological frames, enabling it 
to resonate on both ethical and profit-seeking levels.

4.1 � Inclusion

Jigsaw frames toxicity as a problem of inclusivity on the 
internet. A stated goal of the Jigsaw’s Conversation AI 

team is to “raise voices” that are quieted by hateful and 
aggressive online behavior, especially among marginalized 
groups (Vasserman 2019). The Current, Jigsaw’s attrac-
tively designed online marketing journal, has a whole issue 
dedicated to toxicity. It cites studies reporting disproportion-
ately high levels of online harassment and cyber-bullying for 
women, people of color, and LGBTQ + respondents. The 
phenomenon of toxicity “reduces diversity of thought,” and 
toxicity detection facilitates the construction of a “vibrant 
space” for “connectedness on a global scale” (Jigsaw 2021).

Though toxicity encompasses hate speech, it is not con-
sidered co-extensive with identity-based attack. Jigsaw also 
focuses on “subtler forms of toxicity like sarcasm, conde-
scension, or dismissiveness” (Price et al. 2020, 2). At times, 
toxicity seems to encompass almost any form of negativity. 
One recent paper from a major conference proposes word-
level detoxification, which would translate a sentence like, 
“An ugly life for an ugly man,” into, “An amazing life for 
an ordinary man” (Lee et al. 2024). Closely related to the 
inclusion frame is the engagement frame. The difference is 
one of perspective. Whereas inclusion focuses on the emo-
tional experience of the user, engagement focuses on the 
measurable aspects of online behavior like time spent online. 
Inclusion is positive for the user, and engagement is positive 
for the platform. The difference is reflected in the contexts 
of use: the customer engagement frame is foregrounded in 
promotional materials like The Current but backgrounded 
in research papers. Jigsaw’s widely adopted, intentionally 
vague (Vasserman 2019) annotation instructions rely on 
intuitions about what would make somebody leave a con-
versation. This definition resonates with both inclusivity and 
customer engagement frames.

4.2 � Civility

Jigsaw publications consistently oppose toxicity with civil-
ity. As noted, Jigsaw promoted its toxicity datasets by host-
ing coding contests with cash prizes, which led to thousands 
of teams developing and testing models against them. The 
second such dataset was called Civil Comments (Borkan 
et al. 2019).9 Another paper from the Jigsaw automatically 
generates “civil rephrases of toxic texts” (Laugier 2022). 
The two suggested functions of online discourse put forward 
in this paper are to “exchange views” and “express … opin-
ions” that are “legitimate, well intentioned, and construc-
tive” (1442). The motifs of debate, scientific rigor, and their 
emphasis on substance and facts recur throughout Jigsaw’s 

8  Bias in NLP is extremely well-studied (Bolukbasi et  al. 2016; 
Bender et  al. 2021), including the area of toxic language detection. 
However, most of this research uses a framework of inclusion. The 
inclusion framework, which focuses the conversation on discussions 
of fair allocation, can obscure other forms of injustice (Burrell 2024). 
For example, Sap et al. (2022) discuss the problem of dialectal bias 
in terms of “spurious correlations” between toxicity and dialectal 
features. The idea of a spurious correlation means it is an acciden-
tal artifact of the data that texts written in African American English 
score a higher baseline toxicity score. This paper argues that we must 
consider that the definition of toxicity, which hinges on civility and 
rationality, is inseparable from linguistic features which are conven-
tionally associated with groups who are considered to be less than 
rational.

9  Jigsaw purchased this data from an online news comment platform 
of the same name, founded with the explicit goal of “solving the 
problem of civility in online discussions" (Bogdanoff 2017). Their 
mission indicates how from the very beginning the idea of toxicity 
detection was bound up with a conception of speakers as citizens who 
relate to one another through norms of good and orderly behavior.
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publications. In a “healthy” conversation, posts are “made 
in good faith, not overly hostile or destructive, and gener-
ally invite engagement. Such a conversation may include 
robust engagement and debate, and is generally (though not 
always) focused on substance and ideas” (Price et al. 2020, 
emphasis added).

Other Jigsaw-sponsored research develops taxonomies 
and datasets for detecting constructive speech, a category 
which allows ideal language to be defined in positive terms 
rather than merely as toxicity’s negative. The notion of 
constructiveness is closely tied to civility: “Constructive 
comments intend to create a civil dialog through remarks 
that are relevant to the article and not intended to merely 
provoke an emotional response. They are typically targeted 
to specific points and supported by appropriate evidence,” 
write the authors (Kolhatkar and Taboada 2017; Kolhatkar 
et al. 2020, emphasis added). They introduce a taxonomy of 
constructiveness that ranks opinions with rationale or evi-
dence as more constructive than ‘mere’ opinions, and toxic 
but reasoned comments as more constructive than positive 
but unreasoned comments. Comments like “Thanks Mag-
gie!”, a performative speech act which functions phatically 
to build solidarity and community, are dismissed as non-
constructive, “little more than backchannels [that] do not 
contribute much to the conversation” (2).

The task of finding and ranking constructive comments 
is gaining traction as a strategy for platform governance. 
Google recently invested in the annotation of a large con-
structiveness dataset (Jigsaw 2024). The annotation catego-
ries were inspired by characteristics of New York Times Top 
Picks, and the data to be annotated came from the comment 
section of news articles. Researchers suggest the generaliza-
bility of their framework: “While our work focuses on online 
news comments …we believe that the overall constructive-
ness labels and the constructiveness sub-characteristics are 
applicable to many online conversations and commenting 

platforms.” (18). The kinds of speech used to characterize 
civility and constructiveness—providing evidence, debate, 
focus on substance and ideas—as well as the researchers’ 
focus on news comments as a primary data source, evince a 
referentialist language. The standard of polite exchange of 
views among strangers about current events is established 
as the ideal form of speech on the internet.

4.3 � Public health

In addition to civility, toxicity is contrasted with health, as in 
the Jigsaw paper “Six Attributes of Unhealthy Conversation” 
which expands the field of concern “from ‘toxic comments’ 
to ‘unhealthy conversation’" (Price et al. 2020, 2). The health 
frame likens toxicity to an unnatural environmental pollut-
ant or a contagious disease. In 2020, Jigsaw partnered with 
OpenWeb, a platform that manages engagement for scores of 
major online publishers (Coffee 2022). “There is a crisis of 
toxicity online,” reads the front page of OpenWeb’s website, 
“It’s time to save online conversations.”10 This metaphor lik-
ens the digital commons to a natural resource that needs to 
be managed. Indeed, the scrolling animation on Perspective 
API’s landing page shows a stream of comments being fil-
tered through a large cylindrical straw (Fig. 1).11 The waters 
of the information stream have been thoughtlessly muddied, 
and automated content moderation will purify them again by 
filtering out harmful content that can spread and cause infec-
tion in others. The frame of environmental threat blends with 
that of a threat to public order: the environment that needs 
saving is civilization itself. An interactive graphic in “The 
Toxicity Issue” of The Current (Fig. 2) shows an 8-bit city 
skyline labeled ‘Comment Town.’ As the user scrolls, speech 
bubbles pop up around the skyscrapers, which deteriorate 

Fig. 1   Screen capture of an animated graphic from the front page of 
Perspective API’s website. Perspective API is a proprietary toxicity 
detection API service run by Google Jigsaw. It is used by thousands 

of online platforms to manage user-generated content and has become 
an industry standard for guiding LLM “safety” research

10  https://​www.​openw​eb.​com
11  https://​persp​ectiv​eapi.​com

https://www.openweb.com
https://perspectiveapi.com
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and crumble (G. Jigsaw 2021). The first lines of the journal 
declaim that, “toxicity online isn’t just an issue of civility 
and healthy discourse. It poses a threat to publishers, plat-
forms, and society.” 

The health threat that the Perspective promises to neutral-
ize is the toxic individual. According to Jeffey Lin of Riot 
Games, the behavioral scientist whose toxicity research led 
directly to Jigsaw’s initial toxicity papers, one toxic player 
is enough to poison a whole game (Lin 2013).12 At the same 
time, the health frame is used to suggest that toxicity mitiga-
tion will save the toxic individual themselves by ‘nudging’ 
them towards healthy, constructive, civil language. Jigsaw’s 
constructiveness research speaks of the “positive contagion 
effect” of “proactive intervention” (Kolhatkar et al. 2020). 
According to the latest Jigsaw CEO Yasmin Green, internet 
users want to share accurate (true) information online, but 
are hindered by the pace of the internet, which stimulates 
quick and irrational thinking (Green 2022). People want to 
contribute substantively to the discussion of ideas, but they 
cannot help but say non-constructive things like “Thanks 
Maggie,” at times. Toxicity detection systems are supposed 
to help people overcome their own biases by automatically 
capturing their unfiltered responses and redirecting it. It 
helps them slow their roll, as it were. OpenWeb runs all user 
comments through Perspective API. If a comment is flagged 
as toxic, the user is shown a warning encouraging them to 
rephrase it before posting. “We believe encouraging good 
behavior is equally as important as removing the bad actors 
to support a thriving community," said CEO and founder 
Nadav Shoval (OpenWeb 2020).

In framing toxicity as a large-scale public crisis, and toxic 
individual as both malady and victim, Google positions itself 
as a public health expert with sufficient resources to tackle 
the problem, thus justifying the intervention of large plat-
forms in online discourse. Nudge theory, which has roots in 

behavioral economics (Thaler and Sunstein 2008), exem-
plifies the model of liberal governance. Jigsaw is engaged 
almost explicitly in the project of self-formation. It promotes 
automated toxicity detection and content moderation as Fou-
cauldian “technologies of the self” (1988), transferring the 
learning task from the algorithm to the user. Like Catholic 
confession, psychoanalysis and step-counters, toxicity detec-
tors allow users to know themselves and thereby transform 
themselves into good civil subjects. What do users need to 
know about themselves to be good civil subjects? Full civic 
participation requires the ability to anticipate the difference 
between civil and toxic, healthy and unhealthy, rational and 
emotional.

4.4 � The regulated public sphere

Discourse on toxicity identifies civility with factual, descrip-
tive language, prioritizing “substance” over form, “ideas 
and opinions” over emotions, and “rational argument” over 
casual or expressive speech. Referential meaning is valued 
through contrasts between civil, healthy, referential, and 
rational on the one hand and toxic, biased, and indexical 
and emotional on the other. More than just offering a model 
of ideal communication, this complex of values reflects an 
ideological model of political organization, one rooted in 
the Habermasian ideal of the bourgeois public sphere (albeit 
with significant differences).

Habermas (1989) envisioned the public sphere as a space 
where free and open rational debate forms public opinion, 
which lawmakers and politicians then use to inform policy. 
Thus the ideology of the public sphere is a metadiscursive 
ideology about the role language plays in political organiza-
tion. The mode of political action in the public sphere also 
deserves comment. For most of the public, political activity 
is about speaking rather than acting. The kind of speech is 
also key for Habermas. His “ideal speech scenario” assumes 
an impartial common ground. Participants arrive at objective 
truth and intersubjective consensus through reasoned debate, 
with assertion and factual reference being the primary kinds 
of speech acts by which people arrive at objective truths 
(1990). According to Habermas, this kind of discourse natu-
rally leads to optimal solutions. Unfortunately, he opines, it 

Fig. 2   Interactive graphic from “The Toxicity Issue” of Google Jigsaw’s online journal The Current. As the reader scrolls, the vibrant skyline of 
comment town erodes into a toxic ruin

12  Google’s research on toxic language detection can be traced 
directly to Lin’s efforts to detoxify player behavior in the online game 
League of Legends. Lin conducted massive-scale psychological prim-
ing experiments based on ‘nudge theory’ mechanisms similar to those 
promoted by Jigsaw. Again, for an account of Lin’s role in the story 
of toxic language detection, see the genealogy in [redacted] (in pro-
gress).
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only really existed for a brief time in English coffee houses 
in the 17th century, after which point commercial interests 
interrupted its proper functioning.

4.4.1 � Exclusion

Jigsaw heralds the internet as a “virtual public square,” 
mirroring Habermas’ idealized vision and lamenting its 
decline in a way reminiscent of his nostalgia for the 17th-
century coffee houses. Like Jigsaw, Habermas emphasized 
the importance of inclusivity for proper functioning of the 
public sphere. Yet critics of Habermas have rightly pointed 
out that the public sphere was not inclusive. It excluded 
women, people of color, criminals, the disabled, workers, 
immigrants, children—everyone other than educated upper 
middle class white men (Fraser 1990; Agha 2011). Linguisti-
cally, only those with access to educated forms of speech are 
able to participate in the production of truth.

Habermas himself acknowledged the importance of all 
kinds of speech acts, but Jigsaw’s characterization of ‘civil,’ 
‘constructive’ speech as rational, dispassionate, and substan-
tive echoes the contemporary imaginary of the public sphere 
in placing heavy emphasis on referentialist types of speech. 
This is a classic problem of Standard English hegemony: 
because civility and rationality are associated with educated 
white maleness, genres of discourse associated with edu-
cated white male spaces are seen as neutral or ideal, while 
others are marked as deficient. Reformist efforts to mitigate 
bias in toxicity detection assume that features like civility, 
rationality, and constructiveness can be separated from iden-
tity, when in reality, those qualities are socially constructed 
and tied to particular groups. Kolhatkar et al. (2020) label 
“Thanks Maggie” as a nonconstructive comment because 
it does not contain a reasoned argument. Why place purely 
phatic communication below reasoned debate in the hierar-
chy of pragmatic value? The way we define and value civil-
ity, rationality, and constructiveness is based on who is seen 
as possessing those traits. “Thanks Maggie" is constructive 
of social relationships, a function which not coincidentally 
is often marked as feminine.

Even if a model could disentangle dialectal features from 
toxicity, the deeper issue is that toxicity itself is defined in 
terms of civility and rationality (constructiveness). His-
torically, rationality and civility have been defined as the 
negative of Black/Woman/Native and categorically denied 
to those groups (Wynter 2003). If constructiveness is a nec-
essary prerequisite for participation in the digital public 
square, and constructiveness is equated to dispassionate, 
logical debate (a referentialist view), then the concept of 
constructiveness (and its converse toxicity) may be consti-
tutively exclusive.

4.4.2 � Useful users

The discursive construction of toxicity hint at a new kind of 
“ideal subject”—one that differs from the classical public 
sphere model of political participation. Habermas saw com-
mercial interests as a corrupting influence that ultimately 
caused the collapse of the bourgeois public sphere. Contem-
porary critiques of “digital publics” follow a similar line, 
noting that digital platforms are controlled by a small num-
ber of commercial entities with vested interests in shaping 
online interactions. Yet Jigsaw (a subsidiary of Google) uses 
public sphere rhetoric to justify its interventions in online 
discourse. This apparent paradox highlights a key departure 
from Habermas’ vision. The most obvious departure is the 
use of the public health frame to justify a move away from 
“absolute” free speech in favor of stricter governance. But 
Jigsaw’s ideal subject differs from Habermas’ in their moti-
vation. Jigsaw’s vision of the ideal online subject as one 
who “invites engagement” (Price et al. 2020) resonates with 
both ethical values of inclusion and corporate values of user 
engagement. The tech industry defines engagement in terms 
of clicks, responses, and longer watch times. I have noted 
that the category of toxicity sometimes extends to encom-
pass all negativity. This is striking because, in the classical 
public sphere, negativity is essential—for Habermas, criti-
cism and dissent are crucial for arriving at the truth through 
democratic deliberation. The suppression of negativity sug-
gests a different function for toxicity detection, more in line 
with the motive of increasing engagement. In addition to 
combatting harassment, toxicity detection systems may play 
a material role in technocratic governmentality—its shaping 
of subjectivities (Rose and Miller 1992; Urla 2019; Rouvroy 
and Stiegler 2016). Could the blending of frames be working 
to reconfigure the ideal subject of online discourse—not as 
a truth-seeker, but as a continuously engaged and engaging 
user? Without space for deepening the connection to govern-
mentality, my comments can do no more than suggest that 
toxicity detection is not a neutral technology but a crucial 
part of a broader transformation in the public sphere.

Others raise the connection between liberal governance 
and content moderation (Jereza 2024), even linking Jigsaw to 
the imaginary of the public sphere (Rieder and Skop 2021). 
In this section, I have built on this foundation by detailing 
how the idealized model of civic participation that is foun-
dational to the category of toxicity in NLP systematically 
excludes emotional, expressive, and marginalized forms of 
speech. The next step is to illustrate that this referentialist 
ideology can become encoded in the models themselves. 
How is the ideal speaker represented in a machine-readable 
format? Sect. 5 illustrates how data annotation practices 
around toxicity can come to implicitly exclude speech that 
is emotional, expressive, or socially indexical.
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5 � Metapragmatics of toxicity in a machine 
learning dataset

I began this article with the question of how toxicity detec-
tion systems might affect the “objects” (actual populations 
and their language) they model. Yet the above discussion 
mainly concerns relations between machine learning model-
ers. Neither internet users nor algorithms attend to researcher 
discourse nearly as much as other researchers. The nexus 
between researcher and algorithm is data. Along with other 
junctures like model architecture and task design, data col-
lection is one of the primary points where the choices and 
actions of people affect the ultimate behavior of the model 
(Kockelman 2020).

The annotation of data and its use in training regimes both 
constitute metapragmatic practice. First, researchers instruct 
annotators about how to label data for a task, Then, just as 
a parent teaches a child about politeness, a comment-anno-
tation pair tells a machine learning algorithm to associate 
an utterance with a moral and ethical value: “This comment 
should be labeled toxic; this one should not." For a given 
model, its training data effect a semiotic closure over toxic-
ity. Despite the explicitly metapragmatic nature of model 
training, the important process is implicit: the model must 
infer features that contribute to the toxic label by honing in 
on statistical regularities across many examples.

In the spirit of Crawford and Paglen’s (2021) excavation 
of a machine vision dataset, I analyze a ‘toxicity correction’ 
dataset to examine how the category of toxicity is encoded. 
Toxicity correction is the task of rewriting a comment to 
be non-toxic while retaining content (Atwell, et al. 2022; 
Laugier et al. 2021; Logacheva et al. 2022; Lu et al. 2022). 
The dataset, called APPDIA (Atwell et al. 2022) is not one 
of the large, influential datasets mentioned above. The data 
consist of about two thousand offensive Reddit comments, 
with corresponding style-transferred inoffensive text. The 
dataset was developed for a “discourse-aware” offensiveness 
correction model that is better able to understand the influ-
ence of context on perceived offensiveness.13 The research 
was undertaken by an academic team at the University of 

Pittsburgh whose members work on ethical issues in NLP 
including AI safety, inclusion, and democratic conversa-
tional AI.

Though APPDIA is relatively marginal, and is techni-
cally an offensiveness corrector, it was chosen for the unique 
insight afforded by its parallel structure. Three expert soci-
olinguists were hired to rewrite Reddit comments, so that 
each toxic comment is annotated with a detoxified transla-
tion. The parallel data are particularly illuminating in that 
they make it clear what parts of the original comment war-
ranted the label toxic. The annotation instructions are not 
reproduced exactly, but the principle was to (if possible) 
“remove offense,” while preserving “original intent.” The 
paper conflates intent with content, elsewhere framing the 
task as “eliminating offensiveness from text while preserv-
ing [the] original semantic content” (1). The word content 
is used 25 times (compared to twice for intent), mostly in 
collocations like original content, semantic content, and 
content preservation.

Recalling Jakobson, the intent of an utterance can extend 
beyond its referential (i.e., semantic) content. In each of 
the examples that follow, the toxic comment is displayed 
alongside it detoxified counterpart. I consider several of 
Jakobson’s nonreferential speech functions (Sect. 3), show-
ing that when offensive content is removed, priority is given 
to maintaining reference over other kinds of meaning. By 
neglecting idiom, poetics, and social meaning, and generally 
cutting indexical ties, the dataset encodes values reminiscent 
of the scientific language ideology described by Bauman 
and Briggs (2000). Through this analysis, we see how mod-
erating language to focus on “substance and ideas” (a core 
constituent of the toxic/civil binary described in Sect. 4) can 
devalue other modes of expression.

The main phenomenon I attend to is the identification of 
content with referential content. But of course, translations 
can and do remove referential content. For the most part the 
transformations are glaringly obvious: profanity and hate 
speech are removed, insults are masked. But some changes 
are subtler: essentializing language is deemed toxic; insult-
ing powerful politicians and institutions is deemed as inap-
propriate as insulting one’s interlocutor. These observations 
recall and call into question the public sphere ideology that 
underwrites the task.

5.1 � Poetic function

The poetic function of language highlights the formal char-
acteristics of the message itself. Online comments often use 
portmanteau and wordplay, for example in insulting nick-
names. In addition to minimizing the insult, detoxification 
often eliminates the use of portmanteau and wordplay alto-
gether. Example (1a)’s “repugnikkans” becomes “republi-
cans” in detoxified (1b). In Example (2), “Fucker Carlson” 

13  Data available from https://​github.​com/​sabit​hsn/​APPDIA-​Disco​
urse-​Style-​Trans​fer. The paper calls the task ‘offensive language cor-
rection.’ While at face value this might seem to pose a problem for 
my argument which centers on toxicity, the authors construction of 
offensiveness in terms of content echoes the constructions of toxicity 
laid out in Sect.  4. The analysis here, which indicates the influence 
of the referentialist ideology on the representation of offensiveness, 
illustrates the general principle that language ideology operates in all 
kinds of pragmatic classification tasks, from toxic language detection 
to human preference judgments for creating conversational language 
models. Since I undertook this analysis, several more parallel datasets 
have been released or come to my attention which do use the label 
toxic. Further work is needed to expand the present analysis to these 
datasets.

https://github.com/sabithsn/APPDIA-Discourse-Style-Transfer
https://github.com/sabithsn/APPDIA-Discourse-Style-Transfer
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becomes “Tucker Carlson” (Tucker Carlson is a notorious 
right wing pundit and former Fox News anchor in the US). 
Example (3) contains a portmanteau of Donald Trump and 
fairy tail trickster Rumpelstiltskin. Example (4) uses rhyme, 
and (5) exploits the minimal pair between dims and dems 
(short for democrats).

(1)

a.	 Repugnikkkans are the worst fighters… they just 
run and leave you to fend for yourself

b.	 Republicans are the worst fighters… they just run 
and leave you to fend for yourself

(2)

a.	 Fucker Carlson is a piece of shit racist
b.	 Tucker Carlson does a lot of racist things.

(3)	 Suck it up, trumplstiltskin. You are on your own.14

(4)	 Trump Chumps see themselves when they gaze into 
the Orange Taint’s idiotic eyes. Studies show that the 
more ignorant you are, the more confidence you have. 
Describes Trump and his Chumps perfectly. Pathetic.

(5)	 Dims have gotten to be the nastiest trash in our nation.

Each nickname has a kind of poetic argument in it. That 
argument meant to insult—Republicans are claimed to be 
repugnant and also racists, with “kkk” referring to the Ku 
Klux Klan. However, the argument is not a logical, scientific 
one. It’s poetic in the Jakobsonian sense. That is, it relies 
on the formal qualities of the message itself. The nickname 
asserts an equivalence of the sign-objects by highlighting the 
iconic resemblance of the sign-vehicles. The argument goes: 
“Tucker Carlson must be a fucker, because his name has so 
many of the letters in it already. It’s self evident.”

5.1.1 � Idioms

Idiom is also commonly minimized through detoxifica-
tion. Example (6a) employs an idiomatic retort to an insult 
(takes one to know one) to imply that someone, perhaps the 
addressee, is also a racist.

(6)

a.	 Takes a racist to know one right
b.	 Takes racist actions to know racist actions

The speaker was probably accusing someone of racism, 
whether their interlocutor or a third party. The idiom takes 
one to know one is usually an insult, an ad hominem retort. 
We consider the detoxification of (6a) into (6b) on poetic and 
referential dimensions.

The poetic dimension of the original insult comes from 
the idiom. Remember that the poetic dimension relates the 
message to itself. It’s not just what is said but the form of 
the message that matters. In this case, translation alters the 
poetic form of the comment: the takes one to know one 
construction usually demands that its ‘slots’ be filled by 
potential Experiencers. Replacing the animate noun with 
an inanimate noun phrase has a secondary effect of break-
ing the idiom.

On a referential level, a statement about essences has been 
transformed into a (somewhat nonsensical) statement about 
actions (a racist → racist actions). The apparent strategy of 
detoxification in (6b) is to minimize essentializing language. 
This strategy is strongly indicative of the annotator’s ideol-
ogy of toxicity. For the annotator, polite public discourse 
bars negative generalization about the essence of another. 
To go past observation of effects (racist actions) to causa-
tion (racist essence) transgresses the bounds of what people 
can justifiably and objectively reason about (an extremely 
postmodern position!).

Example (7a) uses the variable templatic construction 
Just when you think X couldn’t get any Yer.

(7)

a.	 Just when you think liberals couldn’t get any 
dumber…

b.	 Just when you think liberals could be smarter…

By reversing the polarity of the sentence, the annota-
tor renders the insult more implicit, cloaked behind a layer 
of confusing positivity. Again, the idiomatic construction 
breaks through the removal of negation. Example (8) is not 
so much a fixed expression as it is a creative variation on the 
phrase bootlicker, an English (and I’m told Japanese) idiom 
for someone who sycophantically worships authority.

(8)

a.	 Keep licking that boot.
b.	 Keep doing what you’re doing

The use of a fixed form again makes a kind of argument, 
this time by conventional wisdom. The power of an idi-
omatic expression—it’s truth—derives from being uttered 

14  Examples (3–5) come from the Civil Comments dataset (Jigsaw 
2017) In some cases, such as these, the ‘detoxification’ is not neces-
sary to determine which aspects of the comment the annotator con-
sidered toxic.
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countless times in countless situations. An idiom possesses a 
kind of intertextual force that relies on these prior utterances. 
Because you can say it in this form, it is true. Like typing in 
a password, the truth of an idiom in lies in muscle memory. 
Only for idioms, the muscle has been trained for generations. 
Recall that rational argumentation is a defining feature of 
“constructiveness” (Kolhatkar et al. 2020, see Sect. 4.2). To 
discount poetic and idiomatic arguments as arguments rei-
fies a centuries-long tradition of excluding certain modes of 
being from the category of rationality (Wynter 2003).

5.2 � Expressive function

Speech that relates the utterance or speech event back to 
the speaker employs the expressive function of language. 
Jakobson cites interjections like “Ouch!” as almost purely 
expressive. I’ll treat nonreferential features that index and 
construct identity (Silverstein 1976, 2003) in terms of the 
expressive function. Consider how the author employs crea-
tive spelling to index their attitude and social identity in 
Example (9a).

(9)

a.	 > tRy AgAiN Typical condescending partisan
b.	 Stop being so condescending and such a partisan

The nonstandard orthography in “ > tRy AgAiN" is con-
ventional: the right carat is used in some online subcultures 
as a quotative device, and alternating capital letters are a 
prosodic convention that indicates a mocking tone. In other 
words, in a move familiar to playground rhetoricians, the 
speaker repeats their interlocutor’s prior comment back 
to them in a mocking voice. In (9b) these non-referential 
expressive features are removed (but curiously, the accu-
sations remain, again transformed from essential state to 
activity).

Most would consider it a stretch to label Example (10a) 
as toxic. It also uses non-standard English, this time with the 
term of address bruh.

(10)

a.	 You don’t even have a profile bruh
b.	 You don’t have a profile

“Messy” data are considered a necessary evil in NLP—
the cost of doing data science on a large scale. Noise or 
not, such examples influence which patterns models discern 
during training. The annotator apparently interprets bruh as 
aggressive, or at least the most objectionable thing about the 
sentence provided, and removes it in detoxified (10b). As an 
interjection, bruh can mean many things. It is most strongly 

associated with expressing disappointment and frustration, 
but can also express happiness, sadness, approval, tired-
ness—it marks an emotional reaction.15 Use of bruh indexes 
the speaker as someone who is at home in internet and youth 
subcultures. Stylistic features are important dimensions of 
online discourse. The direct quote and ‘tonal’ spelling in 
(9a) and the slang term bruh in (10a) perform non-referential 
functions of indexing speaker identity, expressing emotional 
and conversational stance, as well as constructing and nego-
tiating social categories associated with such features.

Identity is also indexed by grammatical structure. Exam-
ple (11a) elides the subject and the copula be.

(11)

a.	 Really bad stance. What an unbelieveable moron 
you are

b.	 That is a really bad stance

Left-edge deletion is common in informal registers, espe-
cially in written contexts like diaries, emails, and text mes-
sages. In context, the argument of the predicate would be 
understood to be an earlier comment, or the news article 
itself. In detoxification, the annotator inserts a pronominal 
subject and overt copula, thus ‘translating’ the sentence into 
Standard English grammar. In translation, the comment also 
becomes more self-contained—the predicate is given a cop-
ula and an argument in the same sentence. The ambiguity 
in (11) potentially stems from the same kind of left-edge 
deletion.

(12)

a.	 Just like Republicans creating themselves narratives 
to fuel their persecution complex to justify their 
hatred for everyone that isn’t on the Jesus c***

b.	 Republicans create their own narratives to justify 
themselves.

Under the first reading, (12a) can be understood as a 
drawing a comparison between the named group (a deroga-
tory generalization about Republicans that insults Chris-
tians) and an unnamed situation apparent from the context 
(i.e., “That’s just like Republicans creating themselves …”). 
Under the second reading, the elided pronoun is the same 
expletive it we use to describe the weather. Under this read-
ing, the gerund usage is nonstandard (consider the possible 

15  https://​www.​urban​dicti​onary.​com/​define.​php?​term=​Bruh. Origi-
nating in African American English, as is common with many online 
linguistic innovations, it’s been adopted by white culture and has 
become an enregistered feature of ‘Gen Z’ language (read: stereo-
typed, see (Agha 2003) on enregisterment).

https://www.urbandictionary.com/define.php?term=Bruh
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gloss “It’s just like Republicans to create …”). The annota-
tor simplifies the comment significantly, eliminating both 
potential readings. The resulting (12b) stands on its own: 
any anaphoric reference is cut or rendered implicit. It also 
standardizes the grammar: the nonstandard construction cre-
ate oneself an X is discarded.

In both (11b) and (12b), the annotators (who could read 
the parent comment) chose to make the comment more self-
contained. This cutting of intertextual ties to other comments 
echoes the sentiment from constructiveness research that 
high-quality comments “do not excessively rely on context” 
(Kolhatkar et al. 2020). It also echoes the nascent ideology 
of scientific language exemplified by John Locke: “Creating 
intertextual links, for Locke, is a passive process that deters 
individuals from following the path to truth and knowledge; 
the chain of signifiers accordingly must be broken and ideas 
derived from texts must be ‘divested of the false lights and 
deceitful ornaments of speech’ (Locke 1971:93)" (Bauman 
and Briggs 2000, 153).

5.3 � Conative function

The last of Jakobson’s functions that I will explore here is 
the conative function, which relates the utterance to the 
addressee. The conative function is clear in uses of the 
imperative. The comment in (13a) is a very strong impera-
tive, with an almost incantatory quality.

(13)

a.	 Fuck off, catch covid and give it to everyone you 
care about

b.	 You could get covid and give it to people you care 
about.

The detoxified (13b) has been transformed into an asser-
tive, a cautionary bit of information about a potential risk. 
Gone is the profanity as well as the ill wish (though that is 
perhaps still implicit through thematic clash with the sur-
rounding context), and with it the illocutionary force of the 
speech act and even the perlocutionary effect of the curse 
being placed on the addressee. The same thing happens 
in (14a), which is not even an imperative but itself an idi-
omatic, Shakespearean curse.

(14)

a.	 a plague upon you and upon all those who function 
like you !

b.	 that you have what you deserve, and all those who 
are like you

Example (14a) is not describing a state of the world in 
which the addressee is cursed, but actively bringing it about. 
The comment functions both poetically through intertextual 
reference, and conatively in saying something about (not 
just saying something about but doing something to!) the 
addressee. Its detoxified counterpart (14b) still has that 
archaic orientation, but it’s expressed as a cosmic wish rather 
than a direct consequence of the speaker’s words, and it loses 
the Shakespearean allusion (again cutting intertextual ties).

Given that the overt definition of offensive language refers 
to speech acts like insults and threats, it is unsurprising when 
these overt performatives become targets for detoxification, 
as in the removal of the rude dismissal, “Fuck off” in (13a). 
However, while the performativity of these insults is perhaps 
less salient, they remain insults. Detoxified example (13b) 
is still a threat, albeit a veiled one, and (14b) is still a curse.

5.4 � Referentialism in action

Many aspects of the APPDIA rephrasings are easily inter-
preted in terms of the explicit metapragmatics of toxicity 
as harassment. Profanity is removed, hate speech redacted, 
insults blunted. Yet in case after case, features are removed 
or altered which would seem to have nothing to do with 
“toxicity” either commonly understood or defined by 
researchers. Under direction to preserve content, annotators 
elected to preserve the referential function of the comments, 
i.e., their denotational content, at the cost of poetic, expres-
sive, and conative functions. Rephrased comments often 
minimize attention on the concrete particulars of the utter-
ance—the speaker, the addressee, the activity or speech act 
they are engaged in—and foreground propositional meaning. 
The annotators’ choices reflect the researchers instructions, 
imbuing the data with valued oppositions characteristic 
of referentialism: logical argument over poetic argument, 
standard English over non-standard Englishes, monolog 
over dialog, fact over feeling, case-building over community 
building, saying over doing.

5.4.1 � Form vs content

In equating symbolic content with referential meaning, the 
annotators align indexical, non-referential meaning with 
style. Indeed, the detoxification task is often used as a case 
study for the task of ‘style transfer’ (Jing et al. 2020). Thus, 
symbolic and referential functions give the text its mean-
ingful content, while other indexical and nonreferential 
functions are merely formal. A comment’s potential con-
structive contribution lies in its content, while toxicity can 
come from content or form. This connection between form/
content and toxic/civil reifies the asymmetrical oppositions 
between symbolic/indexical, rational/emotional, descriptive/
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performative language characteristic of the ideology of the 
public sphere (Sect. 4).

5.4.2 � Politeness

The transformation of essentializing language and the veil-
ing of threats bring harassment into conformity with stand-
ards of politeness without removing it. That couching insult 
in dispassionate terms should make it non-toxic devalues 
emotion while still permitting mean-spirited interaction in 
coded language. Internet users commonly evade moderation 
of racist, sexist, homophobic sentiments by employing dog 
whistles and scientific language (which often come to absorb 
over time the negativity of the slurs they replace). The anno-
tators’ translation of open hostility into veiled antagonism 
actually seems to codify this strategy. As Beaver and Stanley 
(2023) point out, “bureaucratic language is openly antidemo-
cratic. The practices of using bureaucratic language signal 
membership of an exclusive community of practice, which 
cannot be freely joined because of systemic societal issues 
and active gatekeeping” (442).

5.4.3 � Saying vs doing

The transformation of performative speech acts into asser-
tives creates a valued opposition between saying and doing 
that reflects the association of toxicity with forms like ration-
als debate. This referentialist division between is epistemi-
cally limiting. In debate, the primary speech act is assertion. 
Yet truth seeking through reasoning about statements about 
the world is just one mode of political discourse among 
many. Encouraging people through nudges to rephrase them-
selves in dispassionate, reasoned, assertive speech acts fore-
closes political subjectivities which rely on emotional force 
to convey their message. For instance, it discounts the power 
of pure outcry in building networks of resistance to systems 
of subjugation and domination.

Examples (1–6) in particular suggest a limit to what 
counts as valid critique in the regulated public sphere. Even 
the most powerful political figures are off limits for insults, 
and essentialization is uncivil even when used to denounce 
racism. APPDIA and the influential Toxic Comments dataset 
(Dixon et al. 2018) contain innumerable examples of insults 
directed at politicians, political parties, and other notable 
figures, as well as callouts of bigotry and hatred. What are 
the limits of critique? Should generalizing about socially 
powerful groups like politicians and CEOs (i.e., “punch-
ing up") be treated the same as generalizing about socially 
marginalized groups (punching across or down)? Habermas 
and Jigsaw may be divided on this point.

Emotional, poetic, and intertextual language is no less 
valuable than rational argument to public discourse. How-
ever, these features been historically devalued because of 

their association with women and people of color. A toxic-
ity detection system which demands assimilation to referen-
tialist norms, stereotypically associated stereotypically with 
white, masculine, and scientific discourses, might be labeled 
covertly racist and sexist (Hofmann et al. 2024). An associa-
tion between toxicity and emotionality is not explicitly racist 
or sexist, but it does reflect negative societal stereotypes of 
Black language or women’s language as overly emotional. 
My goal here is more than just to point out possible spurious 
correlations between toxicity and certain non-referential lin-
guistic features. Rather, in combination with the analysis of 
overt metapragmatics in Sect. 4, this analysis demonstrates 
that toxicity research, and indeed NLP in general, is the work 
of encoding language ideology.

6 � Conclusion

This article applies language ideological and metapragmatic 
analysis to show how the pragmatic category of toxicity is 
naturalized as an NLP task through professional and techni-
cal metapragmatic discourses. It illustrates one of the many 
ways in which technological distributions—and the socially 
dominant ideologies of the people who produce them—sig-
nificantly influence the ideal shape of language and create 
useful users. The task of toxic language detection, designed 
to improve the online experience of people from marginal-
ized arenas of society, may ultimately reify historical opposi-
tions between referential/non-referential, symbolic/indexical 
and logical/emotional. These oppositions privilege linguistic 
forms associated with a referentialist language ideology and 
the social groups associated with those forms. Analyzing 
toxicity detection as part of a subjectivity-forming appara-
tus points to a potential shift in the ideal subject of online 
discourse away from the classic liberal model of the public 
sphere, from the truth-seeking to engagement-maximizing. 
This shift indicates a need to tend to what kinds of speech 
are privileged by algorithmic governmentality, and what 
kind of public sphere is being produced. Perhaps the uto-
pia of maximal engagement is one where deliberation never 
stops—one where users are forever online interacting, react-
ing, saying much and doing little. Though geared toward 
the pragmatic end of increasing engagement, toxicity may 
do more to render the user politically inert than politically 
potent.

It is risky to critique the category of toxicity because it is 
designed to address real harms. And in some ways, it suc-
ceeds. In the last five years, the reputation of the YouTube 
comments section has undergone a dramatic transformation. 
It used to be a “cesspool,” a place people were warned away 
from lest they lose their faith in humanity.16 Now, it has a 

16  https://x.​com/​patri​ckc/​status/​14879​84412​09236​6849

https://x.com/patrickc/status/1487984412092366849
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reputation for “wholesomeness.” The radical shift is a con-
sequence of content ranking in combination with automated 
toxicity classification.17 Some users are angry about the 
censorship of anything negative. Many give thanks that the 
comments section can no longer ruin their day. Others warn 
that genres like dangerous how-to videos necessitate some 
negativity: “critical comments are key if you want to keep 
your fingers and your head.”18 The politics of platform gov-
ernance are complex, and these analytics can’t determine a 
best course of action. But in so far as NLP research actively 
shapes online discourse in such a significant way, language 
ideology and metapragmatics are critical tools for inves-
tigating power relations and political implications of such 
research. The status of NLP research as language-ideological 
work is of particular importance given the importance of 
AI in the increasingly technocratic sociopolitical landscape.

Much research on toxicity is conducted outside of indus-
try. The APPDIA dataset was developed by in the computer 
science department at The University of Pittsburgh. Recog-
nizing the ends implicit in the means of toxicity detection 
liberates NLP researchers, especially independent academ-
ics, to shape these means in service of other ends. For start-
ers, what pragmatic categories might serve the important 
political functions of playfulness, self-organization, direct 
action, and expressive force?

Data availability  The toxicity detection datasets generated analyzed 
during the current study are freely available online. The Civil Com-
ments dataseton HuggingFace under a Creative Commons 1.0 License, 
https://​huggi​ngface.​co/​datas​ets/​google/​civil_​comme​nts. The APP-
DIAdataset is available under a Creative Commons Attribution 4.0 
International License, https://​github.​com/​sabit​hsn/​APPDIA-​Disco​
urse-​Style-​Trans​fer.
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