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Abstract
The role of context has attracted increasing attention in research on toxicity detection. Interpreting toxic language
remains a complex and multifaceted challenge, shaped by numerous linguistic, contextual, and social factors.
However, current approaches often define “context” narrowly, focusing primarily on surface lexical cues such as
hate lexicons, profanity markers, or sentiment polarity. These features, while useful, are insufficient to capture the
interactional dynamics, user behaviors, and intentionality that shape such phenomena. To address this gap, this
paper introduces a novel and systematic annotation framework, grounded in Speech Act Theory (Austin, 1962),
aimed at deciphering the illocutionary and perlocutionary dimensions of conversation, which are unexplored in
existing studies. We apply this framework to a new dataset of complete Reddit conversation threads, sampled to
include discussions that turn toxic (124 conversations, 1990 messages). We evaluate the performance of GPT
models (GPT-3, GPT-4, and GPT-5) on this challenging annotation task, providing insights into how large language
models capture pragmatic and contextual dimensions of online toxicity.
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1. Introduction

Online discussion platforms such as Reddit enable
people to communicate beyond geographical and
temporal boundaries. While these forums provide
valuable spaces for practical advice and commu-
nity support, they can also be misused. Toxic or
hateful messages can spread rapidly, and their con-
sequences may escalate beyond control—driving
participants to leave a discussion or, in more se-
vere cases, causing psychological or even physical
harm to individuals or groups. Effective moderation
is therefore essential to maintaining a healthy and
supportive online environment. Given the diversity
of topics and the vast number of messages, au-
tomated systems are increasingly used to assist
human moderators (Haythornthwaite, 2023).

Since 2016, a growing number of resources
and benchmark corpora have been developed
to support research on toxicity detection. Most
studies have focused on identifying toxic or harm-
ful content—including offensive, abusive, or hate-
ful speech—primarily collected from social media
platforms such as Twitter, Facebook, Gab, and
Reddit (Fortuna et al., 2020). Several surveys
have provided structured overviews of this grow-
ing field by cataloging and characterizing available
datasets (Poletto et al., 2020; Alkomah and Ma,
2022; Yu et al., 2024).

Despite this progress, a recurrent limitation
concerns the definition and conceptualization of
the task, which vary considerably across stud-
ies. These definitions often overlap with one an-
other (Waseem et al., 2017), and the boundaries

remain ill-defined (Hada et al., 2021), leading to in-
consistent annotation guidelines and complicating
efforts to build large-scale, comparable language
resources and develop robust automatic systems.

A further issue relates to how toxicity is anno-
tated. In most datasets, messages are labeled in
isolation from their surrounding context (Pavlopou-
los et al., 2020), disregarding the conversational
flow in which they appear. As pointed out by Vidgen
et al. (2021), this is a well-established shortcoming
of abusive content datasets, where content preced-
ing or following a toxic message is often ignored.
Building on this observation, recent studies have
begun to incorporate thread-level information when
assigning labels of offensiveness (Vidgen et al.,
2021; Hada et al., 2021). However, contextual fea-
tures are still generally treated as supplementary
rather than central to annotation, and only a few
frameworks explicitly encode such information—for
instance, Ollagnier (2024), where intentions and
roles are annotated to capture the pragmatic dimen-
sions of conversational toxicity (Ma et al., 2025).

Recent studies have increasingly explored the
pragmatic dimensions of offensive language, fo-
cusing on the implied assumptions and biases un-
derlying toxic discourse (Sap et al., 2020; Zhou
et al., 2023; Muti et al., 2024; ElSherief et al.,
2021). These studies frame toxicity as both a lin-
guistic and social behavior, where interpretation de-
pends on pragmatic inferences. However, existing
datasets capture only a limited scope of pragmatic
information (Ma et al., 2025), typically restricted
to stereotypes or biases linked to protected char-
acteristics (Meta, 2025). While suitable for hate
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speech targeting social groups, such frameworks
overlook conversational toxicity, where harmful in-
tent emerges through interactional dynamics rather
than explicit bias.

In this study, we try to abstract away the myriad
forms of offensive language, following Pavlopoulos
et al. (2020) and Wulczyn et al. (2017), and use
“toxicity” as umbrella terms to denote “a rude, dis-
respectful, or unreasonable comment that is likely
to make you leave a discussion”. We propose a
generalizable annotation framework that captures
the pragmatic dimensions of toxic conversations
beyond the literal text. Our scheme annotates
pragmatic inferences, their illocutionary speech act
types (e.g., directives, expressives), and whether
they stem from an implicature or a presupposition.
It also models perlocutionary effects by analyzing
replies to assess whether the speaker’s intended
meaning is understood. We apply this framework
to a new dataset of Reddit conversations that turn
toxic, comprising 31 manually annotated and 93
GPT-4/5–annotated threads. We further evaluate
human and model reliability (GPT-3, GPT-4, GPT-
5), demonstrating the framework’s scalability and
applicability. The dataset is publicly released1.

2. Related Work

Toxicity detection has been widely studied through
diverse taxonomies, classifying messages as gen-
eral profanity or targeted insults (Zampieri et al.,
2019), focusing on specific targets (Muti et al.,
2024; Sanguinetti et al., 2018), or analyzing the in-
tentions behind aggressive language (Sanguinetti
et al., 2018; Ollagnier, 2024; Vidgen et al., 2021).
However, across these approaches, several stud-
ies have questioned the practice of annotating toxic
messages in isolation and have emphasized the
importance of incorporating contextual information
to better capture the interactional and pragmatic
nature of toxicity (Schmidt and Wiegand, 2017;
Zampieri et al., 2019; Pavlopoulos et al., 2020;
Wang et al., 2025; Zhou et al., 2023).

Yet, in most existing work, context is narrowly de-
fined—typically limited to a parent–reply message
pair (Pavlopoulos et al., 2020) or the title of a news
article (Gao and Huang, 2017). Even when consid-
ered, contextual cues are often treated as supple-
mentary features rather than integral to annotation.
Only a few studies (Qian et al., 2019; Ollagnier
et al., 2025; Zhang et al., 2018; Sap et al., 2020;
ElSherief et al., 2021; Zhou et al., 2023) explicitly
encode contextual or pragmatic information—for
instance, intentions and situational context in Ol-
lagnier (2024). Table 1 summarizes context-aware
datasets for toxicity detection, showing the types

1https://github.com/yingxueF/
pragmaticsAggressionRedditConversations/

of contextual information used to annotate offen-
siveness and the degree to which pragmatic dimen-
sions are represented.

To address these limitations, it is crucial to draw
on insights from pragmatics, the study of language
use in context. Pragmatic phenomena—such as
implicature, presupposition, speech acts, and in-
tention recognition—help explain how meaning is
conveyed and interpreted beyond literal content (Ma
et al., 2025). Recent research has leveraged these
concepts to improve interpretability in language
tasks. For instance, Kim et al. (2023) and Kim
et al. (2021) show how modeling presuppositions
and implicatures enhances question answering,
while Srikanth et al. (2024) demonstrate that false
assumptions are often encoded as implicatures.
Beyond QA, Corvi et al. (2025) apply Speech Act
Theory (Austin, 1962) to conceptualize representa-
tional harms—such as stereotyping and demean-
ing—as perlocutionary effects of illocutionary acts.

Similarly, in toxicity detection, integrating prag-
matic information (e.g., underlying biases, inten-
tions, and social cues) can improve the ability
of automatic systems to detect implicit or subtle
toxicity (Ocampo et al., 2023a). Moreover, prag-
matic modeling offers a lens for identifying po-
tential harms (Sap et al., 2020) and promoting
transparency and accountability in content mod-
eration (Yang et al., 2023).

3. Theoretical Framework

According to the Stanford Encyclopedia of Philoso-
phy2, pragmatics can be divided into near-side and
far-side pragmatics. The former concerns the deter-
mination of what is said (e.g., deictic expressions
and ambiguity resolution), while the latter examines
what is done beyond saying—namely, the speech
acts performed and the implicatures conveyed.

Toxic utterances often operate through intentions
and implied meanings (Wang et al., 2025). Conse-
quently, our framework centers on speech acts, to
model the communicative functions of toxic mes-
sages, and on implicatures, to capture their im-
plicit, context-dependent meanings.

3.1. Three Dimensions of A Speech Act
A speech act can be analyzed through a three-
dimensional framework (Austin, 1962): the locu-
tionary act, corresponding to the production of an
utterance according to linguistic conventions; the
illocutionary act, representing the performance of
an action in saying something (e.g., requesting,
questioning, warning); and the perlocutionary act,

2https://plato.stanford.edu/entries/
pragmatics/ , accessed on Oct 2, 2025
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Work Source Size Context Pragmatics Topic
Gao and Huang
(2017)

Fox News user
comments

1528 comments
from 10 complete
discussion threads

all the comments in the
same thread, the news arti-
cle the comment is written
for, and user name

no hate speech

Pavlopoulos et al.
(2020)

Wikipedia Talk
Pages

250 comments
(duly labeled w/o
context)+10k com-
ments

parent post in the thread and
discussion title

no toxicity

Contextual Abuse
Dataset (Vidgen
et al., 2021)

Reddit 25k comments the conversation thread that
a message is part of (Every
annotation has a label for
whether contextual informa-
tion was needed to make the
annotation.)

rationales for judgment: For
each entry, the part of
the text which contains the
abuse is highlighted.

abusive lan-
guage

Ruddit (Hada et al.,
2021)

Reddit 6k comments Reddit thread that a com-
ment is part of

no offensive lan-
guage

Qian et al. (2019) Reddit and Gab 5k (Reddit) + 12k
(Gab)

conversations + title and
post(Reddit)

intervention responses hate speech

CyberAgressionAdo-
Large (Ollagnier
et al., 2025)

French dataset of
aggressive conver-
sations collected
in role-playing
scenarios

5,789 messages full conversations role and intention cyberbullying

Wikipedia Abu-
sive Conversa-
tions (Cécillon
et al., 2020)

Wikipedia talk
pages

193k conversa-
tions and 383k
messages anno-
tated as being
abusive or not

reconstructed conversations no abusive lan-
guage

WhatsApp
Dataset (Sprugnoli
et al., 2018)

Italian chats 14,600 tokens di-
vided in 10 chats

full conversations role, cyberbullying type,
presence of sarcasm, and
whether the expression
containing insults is really
offensive

cyberbullying

Zhang et al. (2018) Wikipedia talk
pages

1,270 paired
awry-turning and
on-track conversa-
tions

reconstructed conversations politeness strategies antisocial be-
havior

Social Bias Infer-
ence Corpus (Sap
et al., 2020)

Reddit, Twitter and
hate sites includ-
ing Gab, Storm-
front and banned
Reddits

44,671 posts no social biases, stereotypes
and whether the intention is
to offend

offensive lan-
guage

ElSherief et al.
(2021)

Twitter 4,153 implicit hate
(19,112 total)

no target demographic group
and its associated implied
statement

hate speech

Zhou et al. (2023) offensive state-
ments from Toxi-
gen (Hartvigsen
et al., 2022)

around 33k
offensive state-
ments paired
with machine-
generated con-
texts and free-text
explanations

social and situational con-
text for an offensive state-
ment

situation, identities of
speaker and listener, com-
municative intent behind a
statement, target group, so-
ciocultural power differential,
implied biases or stereo-
types, listener’s emotional
and cognitive reactions, and
offensiveness

offensive lan-
guage

Table 1: Context-aware datasets for detecting or countering toxicity.

referring to the effect the utterance has on the lis-
tener’s thoughts, feelings, or actions. For example,
in Could you close the window?, the locutionary act
is producing a grammatical English sentence, the
illocutionary act is making a request, and the per-
locutionary act is the listener responding by closing
the window—or choosing not to.

The locutionary act has been extensively stud-
ied in toxicity research, primarily through analyses
of syntactic patterns and lexical indicators of abu-
sive language (Bassignana et al., 2018; Stamou
et al., 2022). However, much less attention has
been given to the illocutionary and perlocutionary
dimensions, which are essential for understanding
how toxicity emerges and evolves through inter-
action. Focusing on these dimensions allows us
to move beyond surface linguistic features toward

capturing the communicative functions and social
effects of utterances within conversation threads.
This framework thus enables the annotation of fine-
grained pragmatic information that reflects the dy-
namic and contextual nature of online exchanges.
Importantly, it also accounts for non-aggressive ut-
terances, which, as shown by Ollagnier (2024), can
contribute to the escalation or mitigation of toxic
interactions. Yet, such messages are rarely consid-
ered in existing datasets. To address this gap, our
framework integrates pragmatic information across
all messages within a conversation, providing a
more comprehensive view of the interactional dy-
namics of toxicity.
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3.2. Five Types of Illocutionary Acts
A notable extension of Austin’s framework is the
taxonomy of illocutionary acts proposed by Searle
(1975). Table 2 summarizes the five types: repre-
sentatives, which commit the speaker to the truth of
a proposition; expressives, which convey psycho-
logical or emotional states; directives, which aim to
prompt the hearer to act; commissives, which bind
the speaker to a future action; and declarations,
which bring about a new state of affairs through
the act of saying itself, provided the speaker has
the authority. Each type can be identified through
typical performative verbs and, together, they form
an exclusive and exhaustive classification (Birner,
2025).

Type Explanation
representatives The purpose is to commit the speaker to the

truth of the expressed proposition. Typical verbs
include think, believe, assert, claim, conclude,
and deny.

expressives The illocutionary point is to express the psycho-
logical state specified in the sincerity condition
about a state of affairs specified in the proposi-
tional content. Typical verbs include thank, con-
gratulate, apologize, condole, deplore and wel-
come.

directives This illocutionary act is an attempt by the speaker
to get the hearer to do something. Typical verbs
include order, command, request, ask, question,
beg, plead, advise, and permit.

commissives This illocutionary act commits the speaker to
some future course of action. Typical verbs in-
clude promise and vow.

declarations The illocutionary act denotes cases where one
brings a state of affairs into existence by declar-
ing it to exist, such as I resign, You’re fired, I
appoint you chairman, and I declare the opening
of the ceremony.

Table 2: Five types of illocutionary acts.

Previous research has shown the close relation-
ship between emotion and toxic language (Schäfer
and Kistner, 2023; Mohammad, 2018). Since ex-
pressives are likely to contain emotional expres-
sions, they might be closely associated with toxicity.
Moreover, utterances that focus on the truth of a
proposition might trigger aggressive behavior when
the interlocutors disagree with each other. Direc-
tives could signal a command or suggestion from a
speaker, and commissives could also lead to or be
triggered by disagreements or threats. Therefore,
the types of speech acts represent a potentially
useful dimension to study toxicity.

3.3. Presuppositions and Implicatures
Grice (1975) distinguishes between literal and non-
literal aspects of meaning, and develops a frame-
work for analyzing the non-literal aspects. The as-
sumption is that rational conversation participants
follow some general cooperative principles to make
communication efficient: Make your conversational
contribution such as is required, at the stage at

which it occurs, by the accepted purpose or di-
rection of the talk exchange in which you are en-
gaged (Grice, 1975, p.45). Four maxims are pro-
posed, and if they are followed, it will yield results
consistent with the cooperative principle. We do
not elaborate on the maxims here since they are
used as supplementary materials for annotators to
determine whether an utterance involves pragmatic
inferences. We leave it to future work to investigate
toxicity through the lens of these maxims.

Following Srikanth et al. (2024), pragmatic in-
ferences refer to assumptions derivable from a
message, including presuppositions and implica-
tures. Implicatures have been studied extensively
by Grice (1975), focusing on the non-literal as-
pects of utterances. Presuppositions are implicit
assumptions of utterances that interlocutors take for
granted (Kim et al., 2021). These implicit assump-
tions must be true in order for a message to make
sense. For instance, The King of France is bald
presumes that there is a king in France. As such,
presuppositions are stronger assumptions than im-
plicatures, for they require that both interlocutors
have this belief/knowledge/emotional reaction. Pre-
suppositions are generally triggered by lexicons
or some syntactic structures, such as definite arti-
cles and possessives (Kim et al., 2021). However,
Srikanth et al. (2024) show that domain or world
knowledge is often needed to infer presuppositions
in real world data.

As claimed by Srikanth et al. (2024), presupposi-
tions are based on mutual acknowledgment of facts:
when one makes a presupposition, the presumed
content is believed to be shared by the interlocutor.
In contrast, implicatures are a softer way to ex-
press uncertainty. Therefore, disagreements over
presuppositions may prompt clarification from the
speaker side or doubt about the speaker, whereas
implicatures might lead to disputes over the implied
content.

3.4. Capturing Perlocutionary Act
An important dimension of a speech act is its effect
on the interlocutor. Typically, among several pos-
sible pragmatic inferences, one is more saliently
or more readily derived because it offers greater
relevance (Wilson and Sperber, 2004). On social
media platforms, interlocutors often come from di-
verse educational backgrounds and hold differing
beliefs, making it not uncommon for a speaker’s
utterance to be interpreted differently from its in-
tended meaning. The hearer may focus on a less
salient inference or construe the most salient in-
ference in an unexpected way. Such violations of
expectation can prompt clarification of the original
message or trigger aggressive responses. There-
fore, this dimension is incorporated into our anno-
tation scheme.
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3.5. Taxonomy
Table 3 shows the taxonomy. Pragmatic inferences
are expressed in free text, and the type of illocution-
ary act for each inference is categorical. More than
one inference is possible, since pragmatic infer-
ences are defined to include presuppositions and
implicatures, and as shown by Srikanth et al. (2024),
multiple inferences are common in real world data.
Among these, the most salient inference is selected.
If the reply message indicates agreement with this
inference, the label “yes” is used to represent the re-
lationship under the category “as intended”. Other-
wise, the label “no” is applied. This design models
the dynamics of a conversation thread, similar to
the study by Procter et al. (2019), where replies to
tweets are annotated based on whether they agree
with the original message. The row “PRE/IMP” de-
notes whether the most salient inference belongs
to a presupposition or an implicature. When no
pragmatic inferences are identified, the annotator
can use “literal” as the inference label and only
needs to annotate the aggressiveness information.

Tag Explanation Categories
inferences content of prag-

matic inferences
free-text

illocutionary act
types

representatives,
expressives, direc-
tives, commissives,
declarations

most salient infer-
ence

the most salient
inference chosen
from row 1

free text

as intended whether the reply
message agrees
with the most salient
inference (perlocu-
tionary act)

yes/no

PRE/IMP whether a mes-
sage belongs
to presupposi-
tions/implicatures

presupposition
(PRE), implicature
(IMP)

aggressive toxicity of the mes-
sage

yes/no

Table 3: The annotation scheme.

We follow a broad definition of toxicity, encom-
passing directed abuse towards (a) conversation
participant(s) or a third party of the conversation,
and generalized abuse defined in Waseem et al.
(2017).

4. Data Collection

Data Source We use complete conversation
threads from Reddit in our study. However, the
method is generalizable to other online discussion
platforms. Reddit is a large, publicly available so-
cial media platform, which is organized based on
topics, known as subreddits. A user starts a dis-
cussion about a question by making a post and
optionally, a description of the post in a subreddit,
and other users can make comments to it. Thus,

users can participate in threaded, asynchronous
discussions, making it a large source of conver-
sational data. A main thread, triggered by a post,
often branches into multiple subthreads, which are
localized interactions between users on a topic. We
use “messages” in the following to refer to posts
and comments collectively.

Data Selection Following previous work using
Reddit data (Hada et al., 2021), we extract data
from the Pushshift repository (Baumgartner et al.,
2020)3. Unlike existing studies, however, we focus
on sampling full conversation threads containing
toxicity, which remains under-explored.

We start with community-based sampling (Qian
et al., 2019; Vidgen et al., 2021), which means that
subreddits that are likely to contain toxic language
are selected. Clues for choosing such subreddits
include subreddits chosen by Hada et al. (2021)
and subreddits containing LGBT, lesbian, immi-
grants, black, Asian, Muslim, Jew, Trump and so
on in their names. Subreddits with titles in other
languages than English are filtered out. We also
refer to recommendations of Reddit users4. Then
we perform a preliminary filtering on extracted sub-
reddits: we only choose subthreads that are public,
with more than 10 comments, and contain mainly
texts, rather than images. We define a conversa-
tion as an interaction involving at least two human
speakers who alternate turns, resulting in nonlinear
and intertwined discourse. Based on this definition,
we remove threads that do not meet the following
conditions: a) at least two participants; b) partici-
pants must send at least two/three messages in a
thread; and c) a minimum of three distinct turns of
speech is required. In addition, we remove threads
with more than 20% of non-English messages us-
ing a language detection tool5, and filter threads
containing more than 20% of non-textual data, such
as urls. To reduce the workload of annotation, we
only keep threads with posts containing [5, 120]
tokens and fewer than 30 messages.

Sampling Method After completing the initial
curation pass, we specifically focus on identifying
threads containing toxic language. To do this, first,
we use a lexicon of toxic words—Hurtlex (Stamou
et al., 2022) to detect threads containing occur-
rences of these lexicon items. From this informa-
tion, we compute indicators that measure the in-

3https://www.reddit.com/r/pushshift/
comments/1itme1k/separate_dump_files_
for_the_top_40k_subreddits/, containing top
40k subreddits (ranked based on number of posts), from
2005-06 to 2024-12.

4https://www.reddit.com/r/
NoStupidQuestions/comments/1co8ish/what_
are_the_most_toxic_subreddits/

5https://pypi.org/project/
fasttext-langdetect/
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tensity and concentration of toxic terms within a
thread. At the message level, intensity is computed
as the ratio of toxic tokens over the total number
of tokens of a message, and the intensity score of
the whole thread is computed by averaging inten-
sity scores of all the messages. Higher values of
intensity indicate a greater overall presence of toxi-
city in the conversation. Concentration assesses
the density of toxic terms within specific conversa-
tion windows. We define it as the density of toxic
terms within specific conversation windows (i.e.,
subsets of consecutive messages within a thread).
This helps capture localized bursts of toxicity rather
than its overall distribution. Inspired by Ollagnier
(2024), we use a window size of two in our imple-
mentation. Similarly, the concentration score of the
whole thread is computed by averaging concentra-
tion scores of all the windows.

Following Hada et al. (2021), we incorporate va-
lence and arousal scores when identifying targeted
threads to increase the likelihood of capturing im-
plicit forms of toxicity6. Valence measures the pos-
itive–negative dimension of emotion, while arousal
captures the active–passive dimension. We use
the NRC VAD lexicon developed by Mohammad
(2018), which provides real-valued scores between
0 and 1 for tokens along these two dimensions.

Because intensity and concentration scores mea-
sure different properties of messages within a con-
versation, we compute thread-level valence and
arousal scores using the same method as for in-
tensity and concentration scores of toxic terms.
The thresholds for valence and arousal are set as
in Hada et al. (2021): 0.25 for valence and 0.75 for
arousal.

The thread-level intensity index is obtained by
summing the intensity scores of toxic terms with the
valence and arousal scores. Similarly, the thread-
level concentration index is computed by summing
the corresponding concentration scores. Finally,
threads are ranked based on the sum of the thread-
level intensity and concentration indices. We leave
it to future work to explore weighted combinations
of these indicators and compare their effectiveness.

In our pilot experiments testing the effectiveness
of this method, we selected the top 50 threads from
a total of 196 threads after the data selection proce-
dure. Among these, 10 threads were found to con-
tain toxicity upon manual verification. Additionally,
we examined the remaining 146 threads and identi-
fied 14 threads containing toxicity. For comparison,
a random baseline on the same data yielded a pre-
cision of 12.24% and a recall of 25.50%, whereas
our method achieved a precision of 20.00% and a
recall of 41.67%.

We then adjusted the top N values until the cor-
pus reached a reasonably large size and performed

6These are primary dimensions of emotion.

a manual examination to ensure that the threads
contained toxicity. In the end, 124 threads were
selected.

5. Data Annotation

Agreement Measure It is challenging to measure
consistency in annotating pragmatic inferences. In
some cases, there may be no pragmatic inference
(labeled as “literal”). The number of inferences
can vary across instances, and the inferences in
the two annotation sets are presented in random
order by the annotators. Moreover, the illocution-
ary act types are specific to individual inferences,
so their agreement cannot be measured indepen-
dently. We adopt the following procedure: 1) If both
annotations are “literal” in pragmatic inferences,
then this counts as a total match7; 2) If one an-
notation is “literal”, while the other is not, this is
considered a total disagreement; 3) The cosine
similarity between sentence embeddings (Reimers
and Gurevych, 2019) of two sets of annotations
is computed, which suggests that each annotation
from an annotator (set A with m entries) will be com-
pared with all the inference annotations from the
other annotator (set B with n entries), forming an m
× n matrix. For each item i of m, check if its highest
cosine similarity score with items in n exceeds a
threshold t (we set it to 0.40 based on empirical
results). If the maximum similarity ≥ t, count it as
a match (semantic match). Then, precision is com-
puted as the number of matches divided by m. The
same computation is performed over n, and the
result is considered as recall. The canonical F1 is
used.

As is clear, precision and recall can be used ex-
changeably here. However, the distinction between
precision and recall is necessary in some cases.
For example, if set A contains human/reference
annotations, set B contains GPT annotations, and
we focus on the performance of GPT, the precision
defined above would be better changed to recall
because it measures the fraction of all human an-
notations that are matched, and the recall above
would be precision, as it means the fraction of GPT
annotations that are true matches. For computing
the agreement on illocutionary act types, we first
compute the number of entries from reference anno-
tations that are matched by entries in the other set
of annotations in cosine similarity (semantic match)
and at the same time, in illocutionary act types
(type match). The agreement is calculated as the
number of entries with both a semantic match and
a type match divided by the number of entries with
a semantic match. By definition, the most salient
inference is selected from the annotated inferences,

7This label suggests that no pragmatic inference is
involved.
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which are presented in random order. We choose
to use semantic match to compute agreement on
the selected most salient inference. In future work,
the annotation procedure can be refined to better
facilitate the evaluation of this property. Cohen’s
Kappa (Cohen, 1960) is used to measure agree-
ment on the remaining tags.

Semi-automated Annotation Workflow Man-
ual pragmatic annotation is resource-intensive and
requires trained annotators well versed in linguis-
tics. Large language models (LLMs), such as GPT,
have demonstrated strong performance in com-
plex semantic and pragmatic reasoning (Sravanthi
et al., 2024). We therefore explore their use as
semi-automatic annotators to accelerate corpus
construction while maintaining quality. One of the
authors, who has a background in computational
linguistics, performed the annotation on 31 threads
(25% of the whole corpus) first, and three LLMs
(GPT-3, GPT-4, and GPT-5) independently anno-
tated the same subset. Inter-annotator agreement
(Inter-AA, also referred to as IAA) was then com-
puted between the human and each model’s an-
notations to assess reliability. Based on the IAA
results, GPT-4 and GPT-5 were selected to anno-
tate the remaining corpus. The prompt template
is shown in Appendix A (section 9.1) and model
parameter settings are shown in Appendix B (sec-
tion 9.2).

Intra-Annotator Consistency As pragmatic in-
ference is a subjective and elusive phenomenon
and free-text annotation is used, we assessed
intra-annotator consistency (Intra-AA) by having
the same annotator re-annotate a random subset
of 10 conversations three weeks after the initial an-
notation. This procedure allows us to estimate the
stability of annotation decisions over time and to en-
sure that the annotation scheme yields consistent
judgments by the same individual. According to the
annotator’s account, the time gap between the two
stages was sufficient to minimize the influence of
the first round of annotation on the second round.

Analysis Corpus statistics are shown in Table 4
and the results of IAA and Intra-AA are presented
in Table 5. IAA is computed between human anno-
tation and the GPT model’s annotation. We recom-
mend using the human annotated part (31 threads)
as test set and the rest as training set8, as shown
in Table 4.

It is noticeable from the Intra-AA scores that the
same annotator would use different texts to express
pragmatic inferences and the perception regarding
the most salient inference changes over time. As is
clear from Table 4, the messages are long and vary
considerably in length. When a message is long,

8GPT-4 and GPT-5 annotations are produced on the
same text, and the data can be used jointly or selected
based on their respective strengths.

Properties Test (Human) Training
(GPT4)

Training
(GPT5)

avg. num-
ber of mes-
sages/thread

15 ± 3.22 14.84 ± 3.14 —

avg. num-
ber of to-
kens/message

42.50 ±
42.70

42.26 ±
43.32

—

avg. num-
ber of unique
users/thread

3.94 ± 1.03 3.97 ± 1.03 —

avg. num-
ber of infer-
ences/message

1.94 ± 0.32 2.02 ± 0.22 3.11 ± 0.10

avg. number
of tokens
per infer-
ence/message

14.16 ± 1.82 15.17 ± 1.85 10.78 ± 1.21

ratio of ag-
gressive
labels

0.44 0.50 0.48

Table 4: Statistics of the annotated corpus. ±
indicates standard deviation. The entries of GPT5
in dashes are the same as GPT4.

Tag Intra-AA IAA(GPT3) IAA(GPT4) IAA(GPT5)
inferences
(seman-
tic)

0.85 0.56 0.64 0.55

illocutionary
act types

0.69 0.38 0.50 0.48

most
salient
inference
(seman-
tic)

0.55 0.40 0.43 0.40

as in-
tended
(κ)

0.74 0.01 0.24 0.66

PRE/IMP
(κ)

0.53 0.77 0.35 0.49

aggressive
(κ)

0.70 0.25 0.56 0.60

Table 5: Annotators’ agreement. The word “se-
mantic” denotes semantic match, and κ refers to
Cohen’s Kappa.

its content is likely to be multifaceted, and multiple
pragmatic inferences are possible. When the reply
message is also long and rich in content, it is chal-
lenging to maintain high consistency in identifying
the most salient inference. Among GPT models9,
GPT-4’s annotations of pragmatic inferences and
the corresponding illocutionary act types are more
similar to those produced by humans. It can be
observed from Table 4 that the number of tokens
per inference generated by GPT4 is closer to those
annotated by humans, while the inferences gener-
ated by GPT5 are much shorter. GPT5 and GPT3
are close to each other in annotating pragmatic in-
ferences and selecting the most salient inference,
with GPT5 outperforming GPT3 in annotating illo-
cutionary act types. Moreover, GPT5 outperforms
the others in annotating perlocutionary acts (as in-
tended) by a large margin, indicating a stronger

9GPT3 = gpt-3.5-turbo, GPT4 = gpt-4.1-2025-04-14,
and GPT5= gpt-5
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capability of understanding content concordance
between messages10. As our target label is aggres-
siveness, an expert human annotator worked on
annotating this label on 9 full threads. After mod-
erate adjunction, the κ between human annotators
on this label is 0.60, which suggests that GPT5’s
annotation on this label is close to human level.
Therefore, GPT5’s annotation on the target label
can be extracted and GPT4’s annotation of prag-
matic inferences may be used in training automatic
systems.

Statistical Correlation Features such as illocu-
tionary act types, as intended, and PRE/IMP are
potentially useful for predicting aggressiveness. As
a first step, we use mutual information (MI) (Shan-
non, 1948) to measure the correlation strengths
between different pragmatic features and the tar-
get label. To better control the variables, features
represented by free texts are not considered. In
addition to pragmatic features, we also incorporate
thread-level features for reference, including mes-
sage_author, parent_username (user name of the
parent message), subthread_depth (measured as
the distance from a leaf node to the message within
the subthread), and turn_index (the distance from
the root to the message in the subthread, i.e., the
reverse of subthread_depth). To better interpret
the results, we randomly shuffle the target labels
and compute the correlation strengths11. As can be
seen from Table 6, the correlation strengths drop
considerably when the target labels are shuffled.
Thread-level features including message_author
and parent_username are the strongest indicators
of aggressiveness. However, these features are
tied to specific users. The feature expressiveness
is also one of the strongest indicators of aggressive-
ness. The feature inference type in the table means
the illocutionary act type of the most salient infer-
ence. It is known from Table 5 that intra-AA for se-
lecting the most salient inference is low, and conse-
quently, the corresponding inference-type annota-
tions are noisy. While selecting threads with shorter
messages could potentially improve the results, we
argue that this would misrepresent the character-
istics of real data. The other features show only
weak correlations with the target label. A compli-
cating factor is imbalanced distribution of feature
classes. For example, in the human-annotated por-
tion, representatives constitute 63.04%, followed
by expressives at 27.11%. Directives and com-
missives are rare, comprising 8.69% and 1.16%,
respectively, and no instances of declarations are
present. In the PRE/IMP dimension, PRE repre-

10Since auto-regressive GPT models cannot see fu-
ture messages, we expect their predictions to differ from
human judgments, which are informed by full context.

11MI is computed at the thread level and averaged over
the dataset.

sents only 2.92% of the instances. These are the
features that show the weakest correlations.

Annotated Labels Labels Randomly Shuffled
message_author 0.22 ± 0.15 parent_username 0.14 ± 0.08
parent_username 0.21 ± 0.12 inference_type 0.13 ± 0.13
expressives 0.20 ± 0.22 message_author 0.12 ± 0.08
inference_type 0.14 ± 0.13 as_intended 0.08 ± 0.06
as_intended 0.09 ± 0.06 expressives 0.08 ± 0.14
representatives 0.06 ± 0.10 representatives 0.07 ± 0.16
subthread_depth 0.05 ± 0.11 commissives 0.05 ± 0.09
turn_index 0.04 ± 0.06 subthread_depth 0.04 ± 0.06
declarations 0.03 ± 0.06 turn_index 0.04 ± 0.07
commissives 0.03 ± 0.06 declarations 0.04 ± 0.06
PRE/IMP 0.03 ± 0.05 PRE/IMP 0.03 ± 0.05
directives 0.03 ± 0.05 directives 0.02 ± 0.07

Table 6: Correlation strengths of pragmatic fea-
tures and thread features, computed on the human
annotated part.

To further investigate this question, we run a
Random Forest model (Breiman, 2001) (details are
shown in Appendix C, section 9.3) to predict aggres-
siveness using the above features. The ensemble-
based structure of a Random Forest model pro-
vides a convenient means of quantifying how much
each feature contributes to predictive performance.
We use the implementation from Scikit-learn (Pe-
dregosa et al., 2011). The annotations of GPT4
and GPT5 are used jointly as the training set. Note
that we only use the features above.

The test set contains 259 non-aggressive and
214 aggressive instances. Proportional random
guessing yields an overall F1 score of 0.45. With a
random seed of 42, we achieve a macro-averaged
F1 score of 0.52. From Table 7, it is clear that a
computational model tends to rely on thread-level
features. Similar to the observations by Pavlopou-
los et al. (2020), pragmatic features do not improve
the performance on toxicity detection. This may
suggest that pragmatic features encode higher-
level discourse and interactional cues rather than
surface-level indicators of toxicity. Consequently,
such features may be better suited for tasks that fo-
cus on detecting early conversational derailment or
shifts in interactional stance before explicit toxicity
arises.

Features Importance
message_author 0.25
parent_username 0.23
turn_index 0.14
subthread_depth 0.12
representatives 0.06
as_intended 0.06
expressives 0.04
inference_type 0.04
directives 0.03
commissives 0.02
PRE/IMP 0.01
declarations 0.00

Table 7: Importance scores of features.
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6. Conclusion

We propose a generalizable framework for anno-
tating pragmatics in datasets containing toxicity,
enabling a deeply contextualized approach to study-
ing toxicity in online discussion forums. The frame-
work is theoretically grounded in Speech Act The-
ory, delving into the illocutionary and perlocution-
ary dimensions of language, which remains under-
explored in existing studies. For the implementation
of this new framework, we demonstrate a workflow
from data selection and sampling to corpus anno-
tation and evaluation. Owing to the elusive nature
of pragmatic inference, we test intra-annotator con-
sistency and find that it is possible to achieve rea-
sonable consistency for the same annotator. We
also test GPT models’ capability in this task in or-
der to achieve scalability and cost-effectiveness. In
future work, we plan to explore using the corpus for
detecting warning signs of whether a conversation
will derail (Zhang et al., 2018).

7. Ethical Considerations and
Limitations

Ethical Considerations The dataset contains Red-
dit discussion threads. It is intended to support a
contextualized study of pragmatics of toxic behav-
iors in online forums. In the final release, user-
names will be replaced with their cryptographic
hash digests in the conversation, and only com-
ment IDs will be shared in place of the original
messages. This research has been reviewed by
our institutional ethics committee.

Limitations We present our theoretical frame-
work and describe the complete workflow for its im-
plementation. At the same time, we acknowledge
that additional human annotations are valuable for
checking inter-annotator agreement. However,
due to limited resources, this step was not per-
formed. As stated in Semi-automated Annotation
Workflow, manual annotation of pragmatic phenom-
ena is resource-intensive and requires annotators
to have considerable expertise in linguistics. If large
language models (LLMs) can be used effectively,
we consider this a positive indicator of the scalability
and cost-effectiveness of the proposed approach.
In future work, the annotated pragmatic information
could support multiple applications, such as pre-
dicting from the onset of a conversation whether
it will derail, or improving transparency in toxicity
detection and mitigation.

Thanks to the suggestion made by a reviewer,
we highlight the complexity and cognitive de-
mand of annotation guidelines here. Based on our
annotation experience, when a message is long,
it poses significant challenges on identifying the
most salient inference and its perlocutionary act,

i.e., whether the reply message agrees with it or not,
and whether it is an implicature or a presupposition.
A remedy is to segment long messages into smaller
argumentative units first. However, this assumes
the conversation is argumentative in style—a condi-
tion that may not always hold. This reveals a deeper
issue familiar to toxicity detection research: data
bias. Specifically, datasets tend to overrepresent
conflict-heavy conversations, and the distinctive
features of platforms like Reddit further limit the
generalizability of methods across domains.
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9. Appendices

9.1. Appendix A. Prompt Template for
Annotating Pragmatic Inferences

Table 8 shows the prompt template for pragmatic
annotation using LLMs.

9.2. Appendix B. Model Parameters
max_completion_tokens =4096
temperature=0
n=1

9.3. Appendix C. Details of
Computational Models

9.3.1. Proportional random guessing

Total instances: 214 + 259 = 473
aggressive probability (p): 214

473 = 0.452
non-aggressive probability: 1- p = 0.548

Table 9 shows the expected values for predicting
the aggressive class. Following this, we compute:

precision: 96.7
96.7+117.0 = 0.453

recall: 96.7
96.7+117.3 = 0.452

F1 2 × precision×recall
precision+recall = 2 × 0.453×0.452

0.453+0.452 = 0.452

9.3.2. Random Forest Model

Parameter settings of the Random Forest model:
random seed = 42
n_estimators=200
max_depth=None
class_weight= "balanced"

You are a language expert.
Let’s analyse step by step.
Given a thread of messages from an online forum, generate 2-3 or
more, if possible, most important pragmatic inferences for EACH
message.
The inferences can be sentiments, such as emotional state or stance
towards some issues, and hidden knowledge from the message,
including stereotypes and social constructs, pre-assumptions held
by the author of the message, and implications derivable from the
message. Try to avoid trivial inferences.
Be CONCISE. For example, given a sentence "What kind of music
should I play to my baby in the womb?", you need to generate infer-
ences like the following:
1. Babies can hear sound in the womb.
2. Babies can differentiate different sounds.
3. Hearing music positively influences fetal development.
4. Certain kinds of music are more beneficial to babies in the womb
than the others.
The following inferences are also possible. However, these are trivial
inferences that do not contribute to conveying the main point.
# There is a baby in the interlocutor’s womb.
# Different kinds of music are available.
# Music is something that can be played.
b) When giving an inference, you need to determine the "type" of the
inference from one of the following:
1. representatives: statements that tell how things are, focusing on
the truth of a proposition.
2. directives: statements attempting to persuade the hearer to do
something, such as ordering, advising, and warning the hearer.
3. commissives: statements that commit the speaker to a course of
action, such as actions of vowing, promising, offering to do something,
or negatively, refusing or preventing someone from doing something
by threatening.
4. expressives: statements expressing a psychological state, such
as apologizing, congratulating, condoling.
5. declarations: statements effecting an immediate change in the
institutional state of affairs (firing from employment, christening).
e.g."I declare you husband and wife", and "You are fired!"
c) If no pragmatic inferences are considered important for the conver-
sation but only literal interpretation of the messages is used by the
conversation participants, simply output "literal" and "none" in "type".
d) Give your confidence score [0, 100] for each of the generated
INFERENCES.
e) Determine the most salient inference for a message BASED ON
its reply message, which has the message id in REPLY_To, and copy
its type to an entry "inference_type".
f) Determine whether the most salient inference is agreed in the reply
message. Put "yes" or "no" or "uncertain" (when no messages has
the message id in "Reply_To") in an entry "as_intended".
g) Determine wehther the most salient inference belongs to a "presup-
position" (PRE, something taken to be true by the speaker, without
proving) or "implicature" (IMP, something the speaker tries to convey
with the message).
h) Determine whether the message is aggressive (using abusive
language) (OAG), covertly aggressive (not using abusive language)
(CAG), or not aggressive (NAG).
Your output should be in a valid json format:
{ "15zppta": { "Pragmatic_Inferences": { "1": { "content": "...", "type":
"...", "confidence": 0.90 }, "2": { "content": "...", "type": "...", "confi-
dence": 0.85 }, "3": { "content": "...", "type": "...", "confidence": 0.80 } },
"as_intended": "yes", "aggressive": "CAG", "most_salient_inference":
"1", "inference_type": "...", "PRE/IMP": "IMP" }, "jxiaamu": { "Prag-
matic_Inferences": { "1": { "content": "...", "type": "...", "confidence":
0.92 }, "2": { "content": "...", "type": "...", "confidence": 0.88 } },
"as_intended": "yes", "aggressive": "CAG", "most_salient_inference":
"1", "inference_type": "...", "PRE/IMP": "IMP" } } ...
Input:
"Message_ID": "kq2jlzg",
"Message_Content":"...",
"Reply_To": "kq2hrm8"
Your output: ?

Table 8: Prompt template for pragmatic annotation.

Predict AG Predict NAG
True AG 214 × p = 96.7 (TP) 214 × (1-p) = 117.3 (FN)
True NAG 259 × p = 117.0 (FP) 259 × (1-p) = 141.9 (TN)

Table 9: Expected values for the aggressive class.
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