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Preface

A recent research space in Natural Language Processing (NLP) has emerged to tackle the
challenge of what has been called a perspectivist turn. Researchers have increasingly moved
away from traditional data curation protocols such as majority vote aggregation in favor of
considering multiple perspectives as legitimate ground truths. Perspectivist models leverage
human label variation to better account for user diversity and adopt evaluation strategies capable
of embracing disagreement.

Perspectivist NLP is related to personalisation, i.e., a family of methods that aim at adapting NLP
models towards individual users. Personalisation has an impact on NLP applications where the
user is specific and known, such as virtual assistants. However, applications intended for the
broad public, such as automatic moderation and large-scale language analysis, do not benefit
from this level of specificity, either because data about all possible users is not available, or
because the intended output abstracts away from single users and towards more encompassing
audiences.

The most common domain where perspectivist approaches are found to be relevant is the
analysis of pragmatic phenomena in language, especially hate speech or other kinds of
undesirable language. However, even tasks less commonly associated with differences in
human perception, such as grammatical and multi-modal tasks, are sensitive to systematic label
variation.

There are still many open challenges in perspectivist approaches, but research is proliferating,
as demonstrated, for example, by the ongoing success of this workshop as well as other ones
as Context and Meaning: Navigating Disagreements in NLP Annotation and Cross Cultural
Considerations in NLP (C3NLP).

This volume presents the proceedings of the Fifth Workshop on Perspectivist Approaches to
NLP (NLPerspectives 2026), co-located with LREC 2026 in Palma de Mallorca. The workshop
had a total of 22 submissions, with 13 archival papers presented in this volume and 6 non-
archival papers. The workshop continues to serve as a forum for researchers exploring
how to model, preserve, and learn from the diversity of human perspectives in language
annotation and natural language processing systems. This year, we are honored to feature
an invited talk by Federico Cabitza (University of Milano-Bicocca), author of fundamental work
in perspectivist machine learning, whose contributions have been instrumental in shaping the
theoretical foundations of this field.
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What is Truth in NLP? Reflecting on Progress, Lessons, and
Open Challenges as NLPerspectives turns Five

Gavin Abercrombie
The Interaction Lab

School of Mathematical & Computer Sciences
Heriot-Watt University, Edinburgh, Scotland

g.abercrombie@hw.ac.uk.org

Abstract
This paper reflects on five years of the Workshop on Perspectivist Approaches to NLP (NLPerspectives) and
examines how this research community has helped to reconceptualise the notion of ground truth in human-labelled
data and its classification. As NLP research has increasingly engaged with social and affective tasks, traditional
assumptions about annotation reliability–centred on inter-annotator agreement and single ‘gold standard’ labels–have
proven insufficient for capturing the genuine diversity of human perspectives. I review the developments that have
driven the ‘Perspectivist Turn,’ assess its influence on mainstream NLP practice, and highlight the methodological
challenges that arise when modelling disagreement, subjectivity, and annotator variation. In particular, I consider
unresolved questions around evaluation paradigms, task formulation, population representation, community norms,
and the implications of using pre-trained generative models as classifiers. By synthesising discussions from five
years of workshops, keynotes, and related publications, I outline open challenges and propose directions for future
work aimed at more rigorous perspectivist NLP. I argue that we should focus on more realistic task formulations
and the centering minoritised standpoints, and caution against viewing potentially harmful interpretations as equally
legitimate reactions to ‘subjective’ phenomena.

Keywords: Perspectivism, Variation, Disagreement

1. Introduction

’What is truth?’ asked Pontius Pilate (John 18:38),
but famously, he did not provide or wait for an an-
swer. In recent years a growing section of the Nat-
ural language processing (NLP) research commu-
nity has been asking a similar question. In this
paper marking the fifth edition of the Workshop
on Perspectivist Approaches to NLP (NLPerspec-
tives),1 I examine what we mean by (ground) truth
when it has become (relatively) more common to
collect, model, and attempt to represent multiple
diverging responses in human label data. Here, I
reflect on both progress made, and attempt to take
a snapshot of the field, including open questions,
challenges, and limitations of current approaches.

2. Background

As a field that grew out of the related discipline
of computational linguistics (CL), from the early
2000s, NLP saw a shift away from more well
defined linguistic tasks such as part-of-speech
tagging and dependency parsing, which had been
the focus of research up to and including the turn
of the Millenium, to begin considering social and
affective tasks like sentiment analysis (e.g. Pang
et al., 2002; Wiebe et al., 2005) and emotion
recognition (e.g. Mohammad and Turney, 2013).

1https://nlperspectives.di.unito.it/

Throughout this period, methodologies and stan-
dards were developed for establishing the reliability
of human labels applied to text data. These were
believed to provide an indication of the reliability of
these annotations as markers of the ground truth
categories to which individual data points belonged.

Chief among these was the measurement of
chance-adjusted inter-annotator agreement (IAA).
Borrowed from Behavioral Science, this was intro-
duced to CL by Carletta (1996), who pointed out
that the quality of previous work had been purely
’judged according to whether or not the reader
found the explanation plausible.’ In comparison,
the application of a rigorous statistical measure-
ment was a common sense way to improve the
robustness of data collection methods. An iterative
NLP corpus creation methodology was established
in which: (1) guidelines were drawn up explaining
the phenomena of interest, (2) data was annotated
following these instructions, (3) IAA was measured,
(4) reasons for disagreement were interrogated,
attempts made to iron them out, and guidelines
adjusted to avoid such deviance in the future. We
then returned to step (1), and repeated until the Co-
hen’s kappa, Krippendorf’s alpha, or another cho-
sen statistic was deemed to be satisfactory, usually
by meeting some quite arbitrary threshold (Warrens,
2015). Manuals were written with step-by-step ex-
planations of how to follow this procedure (Artstein,
2017; Pustejovsky and Stubbs, 2012).

One effect of this standardisation was that, as
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high IAA scores became synonymous with reliabil-
ity, and therefore the quality of data collection, it
seemed to become almost impossible to publish
work that showed even moderate levels of varia-
tion in annotator behaviour (as many researchers
struggling to achieve high IAA at this time would
probably attest). Where disagreement was found,
this became reason for devising methods to weed
out supposedly unreliable annotators (Hovy et al.,
2013) and ’noisy’ labels (e.g., aggregation by major-
ity vote), or, as Aroyo and Welty (2013) pointed out,
to try to force consensus through over-specified
and overly ungeneralisable development.

The ‘Perspectivist Turn’ There are, in fact, a
number of examples of CL and NLP work acknowl-
edging the potential for finding ‘signal’ in the ‘noise’
of human label variation going back to the 2010s,
and beyond. Aroyo and Welty (2013) proposed to
collect the ’Crowd Truth’ distribution of annotator re-
sponses believing (dis)agreement levels provided
information about the relative ‘clarity’, ‘vagueness’,
or ‘ambiguity’ of a labelled item. Further examples
are Jurgens (2014), who considered annotator dis-
agreement as a proxy for item difficulty in a word
sense labelling task, and Plank et al. (2014), who
showed that such disagreements were systematic
for part-of-speech labelling. Arguing that the notion
of acceptability should replace that of ‘ground truth’,
Alm (2011) pointed to work on subjectivity in CL
and linguistics going as far back as the 1930s.

However, mainstream NLP methodology con-
tinued to prioritise the collection and modelling of
single ‘gold standard’ class labels until the field
saw the beginnings of a ‘Perspectivist turn’ in the
early 2020s. Signs of this included talk of the
‘end of the gold standard’ (Basile, 2020) and the
‘need to talk about disagreement’ (Basile et al.,
2021), the launch of a Perspectivist Data Manifesto
urging researchers to follow disaggregated data
practices,2 a growing interest in ‘learning with
disagreement’ (Uma et al., 2021b), including the
launch of the Le-Wi-Di shared task (Uma et al.,
2021a; Leonardelli et al., 2023, 2025), publication
of a prominent survey of relevant resources (Plank,
2022), and an emerging interest in modelling of
individual annotators (Cercas Curry et al., 2021;
Davani et al., 2022; Vitsakis et al., 2023).

NLPerspectives at Five Which brings us to the
launch of the present workshop series. Conceived
of in 2021, and with its first edition taking place at
LREC in May 2022, NLPerspectives is now cele-
brating its 5th edition. During this time, it has seen
the publication of 68 research papers (up to edi-
tion 4, see Figure 1), the presentations of several

2https://pdai.info/

other non-archival works and research communi-
cations, and hosted five keynote talks on topics
relevant to and overlapping with perspectivist data
practices: Su Lin Blodgett on participatory design
(2022 LREC, Marseille), Przemysław Kazienko on
personalised NLP (2023 ECAI, Krakow), Barbara
Plank on human label variation and model uncer-
tainty (2024 LREC-COLING, Turin), Jose Camacho
Collados on cultural factors in multilingual models
(2025 EMNLP, Suzhou), and now at LREC 2026
in Palma de Mallorca, Federico Cabitza, author of
’the Perspectivist Turn’.3

Each workshop has ended with a panel discus-
sion featuring the organisers, invited speakers, and
other researchers from the community reflecting
on progress, challenges, the state of the field. In
this paper, I attempt to synthesise some of the
talking points from these conversations.

Figure 1: Published papers over time at NLPer-
spectives. With the exception of 2023, when the
workshop was presented outwith the *ACL com-
munity (at ECAI), the workshop has seen steady
growth in submissions and accepted papers.

Influence on the wider NLP field The idea
of collecting, preserving, and modelling multiple
labels appears to have become considerably more
mainstream than it was five years ago. In a reversal
of the situation described previously, anecdotally
at least, peer reviewers sometimes now consider
a lack of consideration for legitimate annotator
disagreement to be a methodological weakness.

There have also been a number of developments
that indicate that the field may have been influ-
enced by the workshop and the research of those
working in this community. Other workshops and
events have sprung up with similar themes, such
as Proceedings of Context and Meaning: Navigat-
ing Disagreements in NLP Annotation (Roth and
Schlechtweg, 2025) and the choice of ‘subjectivity
and disagreement in abusive language data’ as
special theme for the 7th Workshop on Online Ab-

3Information about the workshop is archived at
https://nlperspectives.di.unito.it/.
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Figure 2: Three perspectivist paradigms. For a given data point Xi, and set of labels (here represented
by differently coloured squares), models (1) predict individual annotator labels; 92) output a prediction of
the distribution of labels; or (3) focus on grouping annotators according to their labelling behaviour. Figure
after Davani et al. (2022).

use & Harms (WOAH) (Chung et al., 2023).
Most notably, the ACL 2025 keynote speech
titled ‘Whose Gold?’ was given by founding
member of the workshop’s organising committee,
Verena Rieser, and expounded on perspectivist
themes (Che et al., 2025).

3. Open questions and challenges

Although the developments described above indi-
cate a shift in the field towards more mainstream
acceptance of the tenets of perspectivist NLP,
there remain many challenges. In many ways, the
embrace of perspectivism opens more questions
than it resolves. While (Frenda et al., 2025)
reviewed work conducted under the perspectivist
banner, in the rest of this paper, I consider these
questions, and make suggestions for approaches.

3.1. Evaluation
From the beginnings of the workshop, perhaps the
most frequently posed and least satisfactorily an-
swered question has been ‘how (or what) should
we evaluate?’ Here, three main paradigms have
emerged (see Figure 2):

1. The individual annotators responsible for
providing the labels are modelled, and a
label is output for each that represents a
prediction of what they would label the item
in question (e.g. Cercas Curry et al., 2021;
Davani et al., 2022; Lo et al., 2025; Orlikowski
et al., 2023). This represents a form of

descriptive relativism, in which all individual
truths are seen as equally valid.

2. Models are designed to predict the distribution
of labels, i.e., in the example illustrated in
Figure 2, the soft label is [0.33, 0.33, 0.33].
This has been used as the main evaluation
metric for the Le-Wi-Di shared task, where
it is referred to as ‘soft labelling’ (Leonardelli
et al., 2023). Other examples of this approach
include Madeddu et al. (2023), Parappan and
Henao (2025), Weerasooriya et al. (2023a),
and Weerasooriya et al. (2023b).

3. Some work is concerned primarily with mod-
elling the relationship between the labelling
behaviours of different people, often with the
aim of finding like-minded groups within the
cohort of annotators (Lo and Basile, 2023;
Liu et al., 2019; Prabhakaran et al., 2024;
Vitsakis et al., 2024) or with finding individuals
with particular attitides or beliefs (Chulvi et al.,
2023; Jiang et al., 2024).

Each of these formulations has some drawbacks
and theoretical weaknesses. For (1), beyond
the technical issues of it being difficult to scale
up and of problems arising when annotators are
represented sparsely in datasets (Leonardelli et al.,
2023), it is a little difficult to see many use cases
for this approach. One struggles, for instance, to
see how this paradigm might fit into any scenario
that requires a decision to be taken, such as a
content moderation pipeline.
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We might make a similar criticism of paradigm
(2), which may need some kind of threshold to be
established for decision-making applications—in
which case we are not far from the majority vote
paradigm that perspectivism seeks to avoid. In
fact, some work uses the distribution of soft labels
primarily as a signal to improve prediction of aggre-
gated labels (e.g., Uma et al., 2020). However, it
is easier to see how this output could be informa-
tive for downstream tasks, particularly if we have
some information about who is represented in the
distribution (see subsection 3.3).

Paradigm (3) encompasses work that uses de-
mographic information (e.g. Gordon et al., 2022;
Prabhakaran et al., 2024), annotator behaviour (e.g.
Lo and Basile, 2023; Vitsakis et al., 2024), or un-
derlying beliefs and attitudes of annotators (e.g.
Chulvi et al., 2023; Jiang et al., 2024). A weakness
here, when compared to similar work in other fields,
is that NLP practitioners tend not to consider the
populations that they model, limiting both the rigour
of the research and the utility of the models (see
subsection 3.3).

3.2. Unclear Task Formulation

As discussed in subsection 3.1, there is some-
thing of a lack of clarity in the relationship between
much of the research published in this area and
the real-world tasks that motivate it. For all the
faults with traditional ‘gold label’ modelling that per-
spectivist NLP has attempted to address, it is far
easier to see how systems that output single label
predictions might be applied in practice. Perspec-
tivist researchers have so far failed to demonstrate
how their approaches—which currently seem more
suited to exploratory data analysis—might fit into
such decision-making or predictive systems.

One way to do this might be to consider collecting
evidence from extrinsic evaluation practices, which
have so far been lacking in the field (Reiter, 2025).

3.3. Increasing but Non-rigorous
Complexity

With the rise of perspectivism, researchers
have been gradually de-simplifying supervised
classification tasks, by adding further levels of
complexity, realism, and information that needs to
be accounted for.

Accepting that some annotation items are sub-
jective or ambiguous, or that readings of them can
legitimately differ, researchers became interested in
who holds which perspectives, seeking to harness
demographic and other information about them.
However, unlike social scientists, we have all but
ignored the concept of representing a target popu-

lation,4 leaving the research open to accusations of
lack of rigour. Extreme examples include contend-
ing that three individual annotators can each repre-
sent conservative, moderate, and liberal points of
view (Almanea and Poesio, 2022).

Once it was accepted that there might be valid
variation in annotator responses, we began to look
at the causes of these differences, seeking to tease
apart fixed opinions, ambiguous and difficult data
items, and noisy and erroneous annotation work.
For example, in a series of longitudinal experiments,
Abercrombie et al. (2023a, 2025) found that anno-
tators are internally inconsistent on repeated an-
notation items around 75% of the time, which they
put down largely to ambiguity in the data. In a
field that collects labels primarily from anonymous
crowdworkers working in completely uncontrolled
environments, there are a number of factors that
might make one doubt that these represent any
kind of truth, even a subjective one.

As we acknowledge an increasing number of
factors that cause label diversity, we should be
careful to apply rigour in modelling them.

3.4. The Problem of Noise

A side effect of accepting that label variation can be
valid for a wide variety of reasons is that we have
lost the tools that we previously believed provided
evidence of the reliability of our data and collection
practices. In addition to IAA scores becoming vari-
ation analysis tools rather quality indicators, it has
become very difficult to apply previously common
methods such as attention check items. After all, if
many reactions are valid, how can we say that anno-
tators should label a particular item a certain way?

In situations where we are particularly interested
in minoritised perspectives, such as hate speech
detection, in which only those with lived experience
may be capable of recognising the phenomenon of
interest, a valid approach is to seek those people as
annotators (Abercrombie et al., 2023b; Fleisig et al.,
2024). While one method is to establish a pool of
tried and tested annotators (e.g. Jiang et al., 2024),
there is a danger of a lack of rigour and that this may
be done mainly on ‘vibes’. With the recognition that
the ‘crisis of reproducibility’ is firmly embedded in
NLP data practices (Belz et al., 2023; Dinkar et al.,
2024), and observed specifically in human labelling
for supervised classification (Sasidharan Nair et al.,
2024), we need to establish new methods for val-
idating the quality of the labels we collect.5

4Exceptions include Pei and Jurgens (2023), who
draw representative population samples, and Eckman
et al. (2025), who weight annotations by populations.

5See Fleisig et al. (2025) for an exploration of heuris-
tics for this purpose.
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3.5. Subjectivity vs Community Norms
Undoubtedly the most researched topic in perspec-
tivist NLP has been that of hate speech and other
toxic language. While this is probably due to its
inherently contested nature, it has led to often re-
peated claims that hate speech is a subjective phe-
nomenon (e.g., Akhtar et al., 2021; Almanea and
Poesio, 2022; Basile, 2020). This is not only un-
true from a philosophical (as well as legal) point
of view (Barendt, 2019), but creates the danger
of bothsidesing the points of view of perpetrators
and targets of hate speech. This may be partic-
ularly likely in the individual annotator modelling
paradigm (subsection 3.1), in which each annota-
tor may be given precisely equal weight (at least in
the absence of a well designed task formulation).
In fact, hate speech should be defined at the com-
munity level, preferably according to the norms of
those it impacts (Cercas Curry et al., 2024).

Researchers should be careful to define ‘sub-
jectivity’ precisely in relation to other phenomena
that influence label variation. When working on
hate speech phenomena (e.g., racism, sexism),
we should consider how to model the community
norms of those affected.

3.6. Taking a stand(point)
To do this, we may need to accept that objectivity in
research design is neither possible or desirable. As,
following standpoint theory, only people with rele-
vant lived experience are capable of recognising the
phenomena of interest, NLP researchers may need
to actively seek to foreground those voices. As one
of the theory’s principal proponents, Sandra Hard-
ing, put it ‘a standpoint is not the same as a view-
point or a perspective, for it requires both science
and a political struggle’ (Harding, 1998, p.150).

One approach to this is through participatory/co-
design with stakeholders. This can take many
forms, including focus groups, workshops, and Del-
phi studies (Wilson et al., 2025), but should aim to
involve participants beyond simple consultation and
validation of technical goals, and ideally hand over
a level of ownership of the research agenda (Caselli
et al., 2021; Delgado et al., 2023).

While it may not be easy to fully achieve these
aims (due to e.g. conflicting motivations and
funding issues (Wilson et al., 2025)), another
strand of research investigates how to scale such
work up to select specific crowdworkers that share
the values of these communities. This is important,
as there is growing evidence that demographic
information is not a reliable predictor of annotation
behaviour (see e.g. Orlikowski et al., 2023, 2025).
One approach is to collect information about
annotators’ underlying attitudes using validated
surveys (Jiang et al., 2024).

3.7. Generative Models as Classifiers
As Star and Bowker (1999, p.1) contend, ‘to classify
is human’. But is it also LLM? The vast majority of
work in this area has focused on the type of tasks
traditionally solved by discriminative machine learn-
ing models. However, since 2022–coincidentally
both the year of the first workshop and the re-
lease of ChatGPT–we are increasingly undertaking
classification tasks with pre-trained generative lan-
guage models (see e.g. Balestrucci et al., 2025;
Plaza-del Arco et al., 2024; Pavlovic and Poesio,
2024), often referred to as ‘LLM-as-a-judge’.

While discriminative models were designed to
output discrete labels, the latter, if left to their own
devices, will emit long screeds of text, expounding
on the topic in a vaguely knowledgeable style and
marked by formulaic rhetorical devices and bullet
points. In many cases this output has been guided
through reinforcement learning to appear as helpful
and engaging as possible, and models are known
to engage in seemingly obsequious behaviours,
changing their responses in order to affirm the view-
points of users (Ranaldi and Pucci, 2025). In short,
‘truth’ may be a somewhat secondary concern
for such models, optimised to satisfy users, and
referred to by Hicks et al. (2024) as ‘bullshitters’ .

As text generation models are now pervasive,
perspectivist research needs to take into account
these behaviours and consider what it means
to use such models for classification tasks,
when, in the real-world, users must contend with
non-deterministism, affirmation bias (Sharma et al.,
2023), refusal behaviour (Ouyang et al., 2022),
and generation of false information.

At the same time, we should broaden our focus
from classification tasks to the human preference
ranking data that to a large extent underlies the suc-
cess of these models. Despite the many sources of
disagreement in such data (Dsouza and Kovatchev,
2025), and indications that inclusion of disagree-
ments can lead to better performance (Gooding and
Mansoor, 2023), there is currently little evidence
that minoritised perspectives are actually main-
tained in RLHF training data for generative models.

4. Related Work

In addition to the historical work discussed in
section 2, two recent surveys take critical looks at
perspectivist NLP research. Frenda et al. (2025)
provide a systematic review of work published at
the workshop and beyond. They focus primarily on
thematic analysis of publications up until the writing
of the review (2024), and particularly highlight
the lack of a clear direction on how to evaluate
perspectivist modelling.

Fleisig et al. (2024) take a broader look at the
shift to perspectivist methods, highlighting several
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issues that overlap with the points we make here.
They particularly highlight the need to make norma-
tive decisions highlighting annotators with expert
knowledge of the phenomenon of interest, including
relevant lived experience, and suggest particpatory
practices as a means of doing so, as I advocate in
subsection 3.5.

Combining the approaches of these two works,
in this position paper, I have tried to provide a snap-
shot of the field on the occasion of the 5th NLPer-
spectives workshop, and set out a personal view
of what is currently lacking in this area.

5. Conclusion

As NLPerspectives marks its fifth edition, we are
able to reflect on this research area’s growth from
a niche and fringe community challenging the
orthodoxy of ‘ground truth’ in NLP to a situation
approaching mainstream adoption in the field. At
the same time, a number of difficult questions and
unsolved challenges have come under discussion
at the workshop. In this paper, I have attempted
to set out some of these issues, and argued that
we need to be more rigorous and deliberate in
defining the truths that we seek to model.
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Abstract
Wikipedia aims to provide a unified, neu-
tral record of history, yet its independent lan-
guage editions often function as distinct epis-
temic communities, creating divergent narra-
tives around contested events. This paper in-
vestigates cross-lingual historiographical bias
by analyzing Wikipedia articles across five
languages (Romanian, Hungarian, Russian,
Turkish, and English) focusing on three con-
tentious events in Romanian history: the Bat-
tle of Posada (1330), the Soviet occupation
of Bessarabia (1940), and the Night Attack
at Târgovis, te (1462). Using human annota-
tors and Large Language Models (LLMs) to
classify citation stance and quantify narrative
evolution from 2005 to 2024, we identify a phe-
nomenon of "citation isolation". In the case of
the Battle of Posada, only 2 out of 119 citations
were shared between language editions, with
the Romanian edition exhibiting a 91% pro-
national bias compared to the balanced Hun-
garian edition. Longitudinal analysis reveals
that these narratives are volatile and respon-
sive to contemporary geopolitics, evidenced
by a significant shift in the Russian framing
of Bessarabia in 2024. Finally, we propose a
"Peace-Maker" pipeline to automate conflict
reconciliation. We demonstrate that while stan-
dard prompting leads models to hallucinate con-
sensus, "adversarial" prompting, which explic-
itly instructs the model to preserve and attribute
disagreement, achieves near-perfect neutrality
scores.

History is that certainty produced at the point
where the imperfections of memory meet the
inadequacies of documentation.

Julian Barnes

1 Introduction

Wikipedia is the first place many people turn to for
historical information. It aims to provide a "Neu-
tral Point of View" (NPOV), representing conflict-

ing perspectives fairly and without bias. However,
Wikipedia is not a single unified record. It is a
federation of independent language editions, each
written by a distinct community of editors who of-
ten rely on their own national historiography. When
history is contested, such as in wars or territorial
disputes, these communities can produce articles
that describe the same event in fundamentally dif-
ferent ways.

This problem goes beyond simple translation
differences. A reader of the Romanian Wikipedia
might learn about a heroic defense of independence,
while a reader of the Turkish or Russian Wikipedia
reads about a failed rebellion or a justified annexa-
tion. While the NPOV policy exists in all editions,
its application varies. Local editors often cite local
sources, creating "citation universes" that rarely
overlap. As a result, the bias is not just in the
text, but in the choice of which facts to include and
which authorities to trust.

In this paper, we study how these conflicting
narratives form and evolve. We focus on three
events that are central to Romanian history but
contested by its neighbors: the Battle of Posada
(1330) against Hungary, the Soviet occupation of
Bessarabia (1940) involving Russia, and the Night
Attack at Târgovis, te (1462) against the Ottoman
Empire. We analyze articles from five language
editions (Romanian, Hungarian, Russian, Turkish,
and English) to answer three questions:

1. How do citation choices reflect national
bias? We find that editors almost exclusively cite
authors from their own country. In our analysis of
the Battle of Posada, only 2 out of 119 citations
were shared between the Romanian, Hungarian,
and English editions.

2. How do narratives evolve over time? By
analyzing article versions from 2005 to 2024, we
show that these narratives are not static. While the
Romanian account of the Night Attack has moder-
ated in recent years, the Russian account of Bessara-
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bia has been volatile, shifting significantly in 2024.
3. Can AI help reconcile these conflicts? We

test whether LLMs can act as neutral arbiters. We
find that standard prompting fails because models
try to "fix" the conflict by choosing one side. How-
ever, an "adversarial" prompting strategy, which
explicitly instructs the model to preserve the dis-
agreement, can generate summaries that are rated
as perfectly neutral.

It is important to note that "neutrality" in his-
tory is a contested concept. Often, there is no sin-
gle objective truth between two national myths.
Therefore, we do not define neutrality as finding a
"middle ground" or a "correct" version of events.
Instead, we define it operationally as perspectival
balance: a neutral summary is one that accurately
represents the existence and nature of the conflict it-
self, attributing claims to their respective traditions
without endorsing one over the other.

2 Related Work

The challenge of addressing conflicting historical
narratives on Wikipedia sits at the intersection of
computational social science, natural language pro-
cessing, and digital history. While early work fo-
cused on metadata-driven analysis of "edit wars",
recent advances in LLMs have shifted attention
toward semantic analysis of bias and automated
conflict resolution.

2.1 Epistemic Communities & Cross-Lingual
Divergence

Wikipedia is ostensibly a global project, but em-
pirical research suggests it functions more as a
federation of distinct "epistemic communities"
(Samoilenko et al., 2016). Hecht and Gergle (2009)
first quantified the "self-focus bias" inherent in
these communities, showing that language editions
disproportionately cover topics related to their own
geography. Miquel-Ribé and Laniado (2018) ex-
panded this to 40 languages, revealing a persistent
"culture gap" where shared knowledge is the excep-
tion rather than the rule.

In the domain of history, this divergence of-
ten manifests as "citation isolation". Taylor et al.
(2025) found that non-English Wikipedias cite
millions of unique sources not found in English
Wikipedia, effectively creating parallel knowledge
bases. Baigutanova and Others (2023) further
showed that sources deemed unreliable in one lan-
guage often persist in others, highlighting the lack

of a unified standard for verifiability. Our work
provides a granular case study of this phenomenon:
we show that for the Battle of Posada, the "Ro-
manian epistemic community" and the "Hungarian
epistemic community" rely on entirely disjoint sets
of historical authorities, with only 2 shared sources
out of 119.

2.2 Bias Detection: From Syntax to Semantics
Traditional approaches to bias detection in NLP
have focused on linguistic cues. Recasens et al.
(2013) created the foundational "NPOV corpus",
identifying subjective intensifiers (e.g., "famous",
"outrageous") as markers of bias. Pryzant et al.
(2020) advanced this by using BERT-based models
to automatically rewrite such sentences into neutral
forms.

However, historical bias is often implicit and
structural rather than purely stylistic. Rogers and
Sendijarevic (2012) demonstrated this in their man-
ual analysis of the Srebrenica massacre articles,
where the bias lay in which facts were selected
rather than how they were phrased. Recent work
by Ghanbari Haez and Dragoni (2025) confirms
that modern LLMs still struggle with this "narra-
tive bias", often reproducing intersectional identity
biases even when explicitly instructed to be neu-
tral. Our methodology addresses this by moving
beyond sentence-level style transfer to document-
level narrative analysis, using LLMs to quantify the
"stance" of citations and the evolution of historical
framing over decades.

2.3 Perspectivism and Automated
Reconciliation

The emerging "Perspectivist Data" paradigm (Per-
spectivist Data Manifesto, 2020) argues that dis-
agreement in data should not always be aggregated
away or treated as noise. Instead, valid conflicting
perspectives should be preserved. This is particu-
larly relevant for LLMs, which tend to hallucinate
a single "consensus" reality when none exists. Kök-
sal et al. (2023) and Li et al. (2023) have shown
that LLMs exhibit strong "nationality bias", often
aligning with the geopolitical views of their train-
ing data’s dominant language.

To mitigate this, recent frameworks like "MoDS"
(Moderating a Mixture of Document Speakers)
(Balepur et al., 2025) and "Multi-Perspective Fu-
sion" (Guan et al., 2025) have proposed treating
documents as debating agents. Our "Peace-Maker"
pipeline extends this line of inquiry. We show that
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standard "summarization" prompts fail because
they encourage the model to resolve conflict (a
form of hallucinated consensus), whereas "adver-
sarial" prompts that enforce the preservation of
conflict, aligning with the perspectivist approach,
achieve significantly higher neutrality scores.

3 Methodology

Our approach combines historical data mining with
LLM-based analysis to quantify bias and generate
neutral narratives. The pipeline consists of three
stages: (1) multi-lingual data collection, (2) granu-
lar stance classification, and (3) adversarial narra-
tive generation.

3.1 Data Collection
We targeted three historical events chosen for their
contentious nature in Eastern European historiog-
raphy:

1. Battle of Posada (1330): A foundational con-
flict between Wallachia and Hungary.

2. Soviet Occupation of Bessarabia (1940): A
territorial dispute between Romania and the
USSR/Russia.

3. Night Attack at Târgovis, te (1462): A mili-
tary encounter between Vlad the Impaler (Wal-
lachia) and Mehmed II (Ottoman Empire).

For the citation analysis (Posada), we extracted
the full content of the Romanian (ro), Hungarian
(hu), and English (en) Wikipedia articles as of
February 2026. We used a standard github library
(Kurtovic, 2023) to parse the MediaWiki markup
and extract all citations, including those in ‘<ref>‘
tags and bibliography sections.

For the temporal analysis (Bessarabia and
Târgovis, te), we used the Wikipedia Action API
(Wikimedia Foundation, 2024) to fetch historical
snapshots of the articles from January 1st of 2005,
2010, 2015, 2020, and 2024. This resulted in a
dataset of 29 article versions across Romanian, Rus-
sian, Turkish, and English editions.

3.2 Stance Classification & Metrics
To quantify bias, we used LLMs and human anno-
tators.

3.2.1 Citation Stance (Posada)
We classified 119 citations into four categories:
Pro-Romanian, Pro-Hungarian, Neutral, and Con-
tested. A major challenge was that many citations

in the bibliography lacked context (e.g., just "Dju-
vara, p. 180"). To address this, we developed a
Context Enhancer module. For each citation, the
module searched the full article text for mentions
of the author or title, extracting a ±300 charac-
ter window around the mention. This "enhanced
context" was then fed to Google’s Gemini 3.0 Pro
Preview model (Gemini Team, Google, 2025) with
the following prompt structure:

"You are an expert historian analyzing the Battle
of Posada (1330) between Wallachia and Hun-
gary. Analyze the following text snippet from
a Wikipedia article to determine the STANCE
of the citation. The citation being analyzed is:
"citation− text". The surrounding context is:
"context". Determine if the citation is used to
support a specific narrative:: Pro-RO (heroic de-
fense), Pro-HU (treacherous trap), Neutral, or
Contested".

All API calls were executed with a temperature of
0 to ensure deterministic reproducibility.

3.2.2 Human validation
To validate the LLM’s classifications, we used two
human annotators. One annotator reviewed a ran-
dom 50% sample of the Romanian and English
citations, while a second annotator reviewed the
complete set of Hungarian citations. Both annota-
tors assessed the same "enhanced context" provided
to the LLM using the identical 4-category scheme
(Pro-RO, Pro-HU, Neutral, Contested), blinded to
the LLM’s ratings. The human-LLM agreement
was substantial, yielding Cohen’s Kappa scores of
0.80 for Romanian, 0.75 for English, and 0.85 for
Hungarian.

3.2.3 Granular Narrative Metrics
(Bessarabia/Târgovis, te)

For the temporal analysis, we defined event-
specific metrics on a 0-100 scale. For example,
for the Night Attack, we measured:

• Vlad Heroism: Extent to which Vlad is por-
trayed as a brave defender.

• Ottoman Threat: Emphasis on the magni-
tude of the invading force.

• Cruelty: Emphasis on impalement and brutal
tactics.

We processed each article version through the LLM
to score these metrics, allowing us to track the
evolution of the narrative over 20 years. The full
prompt used for this granular scoring is provided
in Appendix A.
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While the prompt requested categorical stances
and confidence scores (0.0-1.0), we aggregated
these into 0-100 scales for visualization by map-
ping the confidence of a "Pro-X" classification to a
positive score and "Pro-Y" to a negative or lower
score, normalized to a 0-100 range where 100 rep-
resents the maximum intensity of the national nar-
rative.

3.3 The "Peace-Maker" Pipeline
To address the challenge of representing conflict-
ing narratives, we developed the "Peace-Maker"
pipeline.

1. Claim Extraction: We first extract key fac-
tual claims from each source text (e.g., "Ro-
manian source claims 15,000 Ottoman casual-
ties").

2. Conflict Matching: We use an LLM to iden-
tify pairs of conflicting claims (e.g., "RO: At-
tack was a victory" vs. "TR: Attack was a
failed assassination").

3. Adversarial Generation: We tested four
prompting strategies to generate a summary:

• Standard: "Summarize these sources".
• Academic: "Write as a peer-reviewed his-

torian".
• Mediator: "Write a diplomatic report ac-

ceptable to both sides".
• Adversarial: "Preserve the conflict. Ex-

plicitly state ’Source A says X while
Source B says Y’. Do not resolve the
dispute".

4. LLM-as-a-Judge: We evaluated the gener-
ated summaries using a separate LLM in-
stance to score them on Neutrality (0-1), Con-
flict Preservation (0-1), and Source Attribu-
tion (0-1).

4 Experiments & Results

We present results from three experiments: (1) cita-
tion stance analysis of the Battle of Posada, (2) tem-
poral analysis of narratives surrounding Bessarabia
and Târgovis, te, and (3) the evaluation of the Peace-
Maker pipeline.

4.1 Experiment 1: Citation Isolation (Posada)
We analyzed 119 citations across the Roma-
nian (RO), Hungarian (HU), and English (EN)
Wikipedia articles on the Battle of Posada (1330).

Figure 1: Raw count of citations by stance. Note the
overwhelming volume of Pro-Romanian citations in the
Romanian edition compared to the balanced distribution
in Hungarian.

Figure 2: Stance distribution of citations in the Battle
of Posada articles. Romanian Wikipedia is 91% Pro-
Romanian, while Hungarian Wikipedia is balanced.

Bias Scores: The Romanian edition exhibited
a strong national bias, with 91.1% of citations
classified as Pro-Romanian and only 2.2% as Pro-
Hungarian (Figure 2). In contrast, the Hungar-
ian edition was remarkably balanced, with 23.1%
Pro-Romanian and 25.0% Pro-Hungarian citations.
The English edition, often assumed to be neutral,
showed a moderate Pro-Romanian lean (31.8% Pro-
RO vs 0% Pro-HU).

Figure 1 highlights the sheer volume disparity.
It is important to note that raw citation volume is
not a proxy for quality; a higher count could sim-
ply indicate a more detailed article. However, in
this context, the volume reinforces the echo cham-
ber. The Romanian article builds an "illusion of
consensus" through the repetition of a large, mono-
perspectival corpus, whereas the Hungarian article
achieves a balanced narrative with a smaller but
more diverse set of references.

Citation Isolation: The most striking finding
was the lack of overlap. Out of 119 unique ci-
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Figure 3: LLM Confidence Distribution. The high confi-
dence scores across all stances indicate that the "Citation
Isolation" is not due to model uncertainty but reflects
clear, distinct narrative framing in the sources.

tations, only 2 sources were shared across more
than one language edition. This confirms that these
Wikipedia communities operate in distinct "cita-
tion universes", constructing their narratives from
entirely disjoint sets of historical authorities. It is
important to note that this isolation is partly driven
by linguistic accessibility: Romanian scholars natu-
rally cite Romanian historians writing in Romanian,
while Hungarian scholars cite Hungarian sources.
However, the result is the same: readers of dif-
ferent language editions are presented with funda-
mentally different evidentiary bases. As shown in
Figure 3, the LLM’s classification confidence re-
mained high across all categories, validating that
these sources express clear, unambiguous stances
rather than vague or subtle biases.

4.2 Experiment 2: Temporal Evolution

We tracked narrative metrics across 29 article ver-
sions from 2005 to 2024.

Bessarabia (1940): The Romanian article for
"Basarabia" showed significant moderation, with
its Pro-Romanian score dropping from a peak of 76
(2010) to 55 (2024) (Figure 4, Left). Conversely,
the Russian article was highly volatile. After fluc-
tuating between Pro-Soviet (30) and balanced (65)
stances, the 2024 version of the "Accession" ar-
ticle spiked to a Pro-Romanian score of 72. We
speculate that this may reflect a post-2022 shift
where Russian editors are becoming more critical
of Soviet expansionism, though further qualitative
research is needed to confirm this causal link.

Figure 5 reveals the specific dimensions of this
divergence. While both editions now acknowledge
the Molotov-Ribbentrop Pact, they differ funda-
mentally on the consequences. The Romanian edi-

tion emphasizes "Deportations" (Score: 40) and
"Victimhood" (Score: 80), whereas the Russian
edition emphasizes "Soviet Justification" (Score:
40). Figure 6 tracks this "Deportation Gap" over
time, showing that while Romanian mentions of
atrocities have remained high, Russian mentions
have been near-zero for two decades, only appear-
ing slightly in 2024.

Night Attack (1462): The Romanian article
peaked in nationalism in 2020 (Score: 85), por-
traying Vlad the Impaler as a "valiant defender",
before moderating to 72 in 2024 (Figure 4, Right).
The Turkish edition showed a gradual decline in
Pro-Romanian sentiment (70 → 65) and consis-
tently emphasized Vlad’s cruelty (Score: 80) far
more than the Romanian edition (Score: 60). The
English edition remained remarkably stable at a
score of 70 throughout the 14-year period.

The shape of these narratives is visualized in
Figure 7. The Turkish narrative is defined by high
"Cruelty" and "Ottoman Threat" scores but lower
"Heroism". The Romanian narrative is the inverse.
Figure 8 isolates the "Cruelty Gap", showing a
persistent 15-20 point difference between Turkish
and Romanian portrayals of Vlad’s tactics.

4.3 Experiment 3: Peace-Maker LLM
We evaluated four prompting strategies for generat-
ing neutral summaries of the Night Attack, using
conflicting claims extracted from Romanian and
Turkish articles.

Prompt Strategy Neutrality Conflict Pres.
Standard 0.47 0.60
Mediator 0.95 1.00
Academic 0.97 1.00
Adversarial 1.00 1.00

Table 1: Performance of prompting strategies. Neutral-
ity and Conflict Preservation are scored 0-1.

As shown in Table 1 and Figure 9, the Standard
prompt failed (Neutrality: 0.47) because the LLM
attempted to resolve the conflict, often choosing
one side’s version of events (e.g., regarding the at-
tack’s success). The Adversarial prompt, which
explicitly instructed the model to preserve con-
flict, achieved perfect scores. Figure 10 breaks
this down further, showing that the Adversarial
prompt’s success stems from its high "Source At-
tribution" score—it explicitly attributes disputed
claims ("Romanian sources state X..".), avoiding
the trap of hallucinated consensus.
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Figure 4: Evolution of the "Pro-National" score over time. Left: Bessarabia (RO vs RU). Right: Night Attack at
Târgovis, te (RO vs TR vs EN).

Figure 5: Detailed metric comparison for Bessarabia
(2024). Note the divergence in "Soviet Justification"
and "Deportations".

Figure 6: Deportation mentions over time. Roma-
nian Wikipedia consistently highlights Soviet atrocities,
while Russian Wikipedia largely omits them.

5 Discussion

Our findings challenge the assumption that
Wikipedia functions as a unified global encyclope-
dia. Instead, it operates as a federation of distinct
epistemic communities, each validating knowledge
through its own national lens.

5.1 The Illusion of Neutrality

The "Citation Isolation" we observed in the Posada
case study shows the challenge of achieving neu-
trality. An article can adhere perfectly to NPOV

Figure 7: Radar chart of narrative metrics for the Night
Attack (2024). The shapes illustrate distinct narra-
tive priorities: Turkish (Cruelty-focused), Romanian
(Heroism-focused), and English (Balanced).

guidelines, using neutral language and avoiding ed-
itorializing, while still presenting a heavily biased
narrative simply by selecting sources from a single
national tradition. This "bibliography bias" is invis-
ible to standard NLP tools that focus on sentiment
analysis, but it is the primary driver of narrative
divergence in historical topics.

5.2 Narrative Evolution and Geopolitics

Our temporal analysis shows that these narratives
are not static. The moderation of the Romanian
"Night Attack" article (from 85 to 72) suggests that
community maturity and international scrutiny can
temper nationalism over time. However, the volatil-
ity of the Russian "Bessarabia" article demonstrates
that Wikipedia is not immune to external geopo-
litical shocks. The sudden 2024 shift toward a
Pro-Romanian stance likely reflects a broader re-
alignment of Russian opposition discourse follow-
ing the invasion of Ukraine, where Soviet imperial

16



Figure 8: Comparison of "Vlad Cruelty" scores. Turk-
ish Wikipedia consistently emphasizes Vlad’s brutality
much more than the Romanian edition.

Figure 9: Neutrality scores (0-1) for different prompting
strategies. The Adversarial prompt achieves perfect
neutrality.

history is being critically re-examined.
Bias often manifests as silence. As Figure 6

illustrates, the Russian Wikipedia’s historical omis-
sion of Soviet deportations is a form of narrative
control. The sudden appearance of these mentions
in 2024 signals a potential "thaw" in this histori-
ographical freeze. Similarly, the "Cruelty Gap"
in the Targoviste narrative (Figure 8) shows how
national identity is constructed not just by what is
celebrated (Heroism), but by what is minimized
(Cruelty).

5.3 AI as a Mediator, Not a Judge
Standard LLM summarization fails because it mim-
ics the human tendency to seek a single, coherent
truth, effectively hallucinating a consensus where
none exists. By explicitly prompting the model to
be "adversarial" and preserve conflict, we force it
to act as a mediator rather than a judge.

However, a distinction must be drawn between
interpretive disagreements (e.g., whether a war was
"justified") and factual contradictions (e.g., casu-
alty counts). For the latter, "preserving conflict"
does not imply that all claims are equally valid, but

Figure 10: Detailed evaluation of generated summaries.
The Adversarial prompt excels not just in Neutrality, but
in Source Attribution and Conflict Preservation.

rather that the disagreement itself is a historical fact
worth reporting. When Source A claims 15,000 ca-
sualties and Source B claims 1,500, a LLM that
averages these numbers fails both. A LLM that
reports the discrepancy preserves the epistemic in-
tegrity of the conflict. Future systems must bal-
ance this perspectivism with rigorous fact-checking
to avoid "false balance" when one perspective is
demonstrably pseudohistorical. This suggests that
the future of AI in education and historiography
lies not in generating "objective" answers, but in
synthesizing and attributing diverse perspectives.

6 Conclusion and Future Work

This study demonstrates that Wikipedia functions
not as a unified global archive, but as a federation
of distinct epistemic communities defined by "cita-
tion isolation". Our analysis of the Battle of Posada
revealed that the Romanian and Hungarian editions
shared only 2 out of 119 citations, constructing mu-
tually exclusive historical realities based on non-
overlapping authorities. Longitudinally, we found
these narratives to be volatile and responsive to
geopolitics, evidenced by the 2024 shift in the Rus-
sian framing of Bessarabia.

Methodologically, we show that standard LLM
prompting fails to address this by hallucinating
consensus. Instead, we propose a "Peace-Maker"
pipeline using "adversarial" prompting. By explic-
itly instructing models to preserve conflict rather
than resolve it, we achieve "perspectival balance",
generating summaries that accurately attribute dis-
agreement without enforcing a false middle ground.

We propose several directions for future re-
search:

• Baseline Comparison: Compare these con-
tested events to uncontested historical topics
to establish a baseline for citation overlap
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and narrative divergence. This would verify
whether the "citation isolation" we observed
is specific to conflict or a general feature of
Wikipedia’s language editions.

• Geographic and Domain Expansion: While
our case studies are well-chosen for their con-
tentiousness, they are limited to Eastern Euro-
pean history. Future research should inves-
tigate if "Citation Isolation" holds true for
global topics (e.g., WWII in the Pacific or
Colonialism in the Americas) or scientific con-
troversies.

Limitations

Our study relies on human annotators and LLMs.
LLM-based classification, while calibrated, may
still contain inherent biases. We focused on three
specific events in Eastern European history; results
may vary for other regions. Our validation method-
ology presents a potential circularity: annotators
assigned by language (Romanian/English vs. Hun-
garian) were native speakers whose historiographi-
cal perspectives may reflect the national biases we
sought to measure, rather than providing an inde-
pendent benchmark. Annotator neutrality is hard
to verify.
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tival balance" and are not intended to adjudicate
historical truth or resolve geopolitical disputes.
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A Granular Narrative Scoring Prompt

The following prompt was used for temporal anal-
ysis of the Bessarabia and Târgovis, te articles:

Analyze the following Wikipedia
article excerpt about Bessarabia/Soviet
occupation.
ARTICLE: {article}
LANGUAGE: {lang} (Romanian or Russian)
YEAR: {year}
TEXT:
{text}
—
Analyze the NARRATIVE STANCE of this
article. Consider:
1. **Overall Stance**: Is the article
Pro-Romanian, Pro-Russian, Neutral, or
Mixed?
- Pro-Romanian: Portrays Soviet actions
as occupation, theft, aggression
- Pro-Russian: Portrays Soviet
actions as liberation, reunification,
protection
- Neutral: Balanced presentation of
facts without emotional framing
- Mixed: Contains elements of both
perspectives
2. **Key Themes**: What are the main
themes/topics discussed? (list 3-5)
3. **Emotional Tone**: What is the
emotional framing?
- Accusatory (blaming the other side)
- Neutral (factual, academic)
- Defensive (justifying actions)
- Victimization (emphasizing suffering)
4. **Key Terminology**: What loaded
terms are used? For example:
- "occupation" vs "liberation" vs
"annexation" vs "reunification"
- "ultimatum" vs "agreement" vs
"request"
- How is the USSR/Romania described?
Respond in this EXACT JSON format:
{
"overall_stance": "Pro-RO" or "Pro-RU"
or "Neutral" or "Mixed",
"stance_confidence": 0.0 to 1.0,
"key_themes": ["theme1", "theme2",
"theme3"],
"emotional_tone": "Accusatory"
or "Neutral" or "Defensive" or
"Victimization",
"terminology": {
"event_name": "what the event is
called",
"soviet_actions": "how Soviet actions
are described",
"key_loaded_terms": "any loaded/biased
terms used"
},
"reasoning": "Brief explanation of why
you classified it this way"
}
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Abstract
The deconstruction of gender stereotypes is essential to prevent discrimination, marginalization and gender-based
violence. Despite the increasing attention to this issue, research in this field often focuses on explicitly sexist or
hateful communication, leaving out all the cases where stereotypes are produced unconsciously or even with
apparently positive intentions. Moreover, the identification and analysis of gender stereotypes is often a very
subjective task, heavily influenced by the researcher’s background, beliefs and personal sensitivity. In this context
GSI:detect, a dataset for gender stereotypes identification in Italian, has been annotated following a perspectivist
approach that gives value to the different points of view of four annotators. It has been designed to address (i) the
lack of resources focusing on naturally occurring and non-hateful language conveying implicit or ambiguous forms of
gender stereotypes, and (ii) the scarcity of datasets that can capture multiple interpretations as well as the inherent
variation and disagreement in human perception. Baseline experiments with several LLMs confirm the challenging
nature and value of such a linguistic resource, revealing both apparent differences and limitations in performance
among the evaluated models, and raising questions about the extent to which current LLMs are suitable for detection
and classification tasks in this field.
Content warning: Examples taken from the GSI:detect dataset may contain sensitive or potentially distressing
content.

Keywords: gender stereotypes, learning from disagreement, dataset, linguistic resources, perspectivism

1. Introduction

In the context of Italian language and culture,
stereotypes are studied by many areas of exper-
tise, such as psychology, sociology and, more im-
portantly for this work, linguistics (Arcuri and Cad-
inu, 1998; Peruzzi et al., 2019b; Cavagnoli and
Dragotto, 2021). We can define stereotypes as pre-
constituted, generalised and simplistic opinions
about people, events, and situations. Stereotypical
opinions are not based on personal evaluation of
individual cases, but are mechanically repeated,
creating what has been described as a "cultur-
ally constructed cage" (Biemmi, 2020). Therefore,
stereotypes hinder critical thinking (Biemmi, 2020)
and elicit the insurgence of prejudice, as well as
discrimination (Jackson, 2011).

Gender stereotypes (GSs) are stereotypes
based on socially constructed beliefs regarding
the "appropriate” roles, behaviours, and appear-
ances that people should have according to their
assigned gender. Therefore, GSs are a cultural
conformist force that pushes individuals to shape
their personalities based on specific social expec-
tations, which in the Western world are polarized
into two groups: men and women (Peruzzi et al.,
2019a)1. From this perspective, the two poles are

1Although our present study focuses on stereotypes

in a hierarchical relationship, with the female pole
subordinate to the male pole (Biemmi, 2020). More-
over, deviation from the stereotypical perceived
"normalcy" of femininity and masculinity, including
the "contaminations" between the two genders (i.e.
women who adopt features culturally perceived as
masculine: playing soccer, having short hair, not
wearing makeup, etc. - and the other way round
for men), may result in social marginalization and
stigmatization (Peruzzi et al., 2019a).

This situation makes the deconstruction of GSs
necessary to prevent discrimination and gender-
based violence. Consequently, in recent years the
rise of Natural Language Processing (NLP) has
made it possible to automatically identify and anal-
yse the linguistic expressions through which GSs
are conveyed. However, despite the increasing
attention to this issue, research in this field often
focuses on explicitly sexist or hateful communica-
tion, leaving out all the ambiguous cases where
stereotypes are produced unconsciously or even
with apparently positive intentions. Moreover, the
subjectivity involved in identifying such phenomena
has often been simplified through binary annotation

targeting women and men, this choice is purely method-
ological and does not assume in any way a binary view
of gender. The analysis of GSs applied to non-binary
people might be the object of future works.
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schemes, obscuring the diversity of human point
of views and calling for evaluation frameworks that
explicitly account for annotator variability.

In this context, we introduce the GSI:detect
dataset, a new Italian linguistic resource for the
study of GSs in short texts. The dataset is de-
signed to address two main gaps in current re-
search: (i) the lack of resources focusing on nat-
urally occurring, non-hateful language containing
implicit or ambiguous forms of GSs, while also con-
tributing to a more comprehensive understanding
of the phenomenon by including stereotypes di-
rected at both women and men; and (ii) the scarcity
of datasets that adopt a perspectivist approach to
annotation, useful for capturing multiple interpreta-
tions as well as the inherent diversity and disagree-
ment in human perception of stereotypes. With
this purpose in mind, GSI:detect offers a novel
resource for both linguistic and computational re-
search. From a linguistic perspective, it allows
the exploration of heterogeneous ways in which
stereotypes manifest in everyday Italian discourse.
From a computational point of view, it provides a
challenging test-bed to assess how well Large Lan-
guage Models (LLMs) are able to identify, interpret,
classify, and reason about GSs in Italian, especially
in situations where subjectivity plays a central role.

The paper is organized as follows. Section 2
presents some related work, focusing both on GSs
in NLP and on the perspectivist approach. In Sec-
tion 3, we describe the GSI:detect dataset, out-
lining the data collection procedure, the manual
annotation process, and related statistics. Finally,
Section 4 details the experimental setup, including
task design and evaluation metrics, and Section 5
presents and discusses the results, illustrating the
effectiveness of GSI:detect for assessing model
performance on these tasks.

2. Related Work

2.1. Gender Stereotypes in NLP

GSs have been studied extensively in NLP; how-
ever, for the purposes of this work, we focus on
two primary research directions.

The first one is the automatic recognition of GSs
in texts produced by humans and, more recently,
also produced by LLMs. These investigations are
generally applied in the context of hateful sexist
communication, and therefore are often associated
with hate speech (HS) detection. This is due to the
fact that most cases of misogynistic hate speech
are also imbued with GSs (Fersini et al., 2018).
For example, in Kirk et al. (2023) GSs are a sub-
category of sexist animosity, while in Plaza et al.
(2023) they are one of the many categories of sex-
ism. Similarly, in the context of the Italian language,

stereotypes detection has been mostly a subject in
automatic recognition of misogynistic hate speech
(Fersini et al., 2018).

The second field is the investigation of GSs
encoded in LLMs, due to the presence of preju-
diced material in their training datasets. In fact, it
has been widely assessed that LLMs are prone
to spread stereotypes, prejudices and, more gen-
erally, social biases regarding, for example, race,
ethnicity, religion, age, sexual orientation and, of
course, gender identity (Cao et al., 2022; Ovalle
et al., 2023), due to the presence of these biases
in the human-produced texts used to train them
(Talat et al., 2022).

Taking into account the results obtained from
these two fields of research, our investigation aims
to go one step further: to discover how well LLMs
- given their inclination to spread social biases -
perform in recognizing GSs. A similar study has
been recently conducted by Mitchell et al. (2025),
who focused on the recognition of multilingual so-
cial stereotypes by LLMs. The dataset used by
Mitchell et al. (2025) is, however, quite different
from ours, as it consists of a set of short stereotyp-
ical texts 2, paired with non-stereotypical counter-
parts generated through a template-based process.
On the other hand, as will be better explained in
Section 3.1, our dataset (in addition to focusing
solely on GSs) consists of texts that were not pro-
duced specifically for our experiment, but rather
texts that were naturally written in uncontrolled on-
line environments. In this way, we wanted to collect
not only the gender stereotypes that a group of
experts might imagine, but also and above all the
unexpected and ambiguous cases that arise in
spontaneous writing on the web.

Furthermore, we did not want to investigate GSs
only in hate speech. In fact, while they can be
found in misogynistic hate speech (Kirk et al., 2023;
Fersini et al., 2018), they can appear in non-hateful
communication as well, as unconscious stereo-
types can also be used with well-meaning inten-
tions by both men and women (e.g., a woman’s
intuition is never wrong!). From this perspective,
GSs can be intertwined with the phenomenon of
micro-aggressions (Sue, 2010), whose nature of
implicit indignity makes them particularly prone to
being produced even by their own victims (e.g.,
from: I didn’t do well [in a science exam], but, oh
well, girls aren’t supposed to be good at science
anyway, ha-ha. (Harrison and Tanner, 2018).

2The texts from Mitchell et al. (2025) were produced
by a group of data creators who spoke different native
languages and regarding not only GSs, but also preju-
dices about age, race, physical appearance etc.
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2.2. The Perspectivist Approach

Recognizing stereotypes is often a very subjective
task, as seen in Sanguinetti et al. (2018) where
the inter-annotator agreement between expert an-
notators for racist stereotypes is 0.41 (Cohen’s k ).
In fact, due to their pervasiveness and sometimes
implicit nature, highly subjective tasks performed
by humans (such as GS or HS recognition3.) can
be heavily influenced by interiorized biases (Basile
et al., 2023; Muscato et al., 2024), level of expertise
in the task, affinity or belonging to the group victim
of prejudice (Wojatzki et al., 2018), and even more
generic personal opinions (Klenner et al., 2020).

Therefore, disagreement in annotation is not al-
ways caused by lack of attention or other kinds of
genuine mistakes, but might be a useful cue for
exploring the complexity of human experience with
respect to subjective themes. This methodology
has been defined a Perspectivist Approach (Basile,
2020; Basile et al., 2023; Rizos and Schuller, 2020;
Muscato et al., 2024), as it revolves around the
idea that NLP should not rely on the classic gold-
standard corpora with a majority-aggregated anno-
tation, but should adopt new strategies in order to
integrate the added value of opinion’s diversity in
annotation. In fact, several studies, see for exam-
ple Klenner et al. (2020), underline that majority
voting may suppress rightful points of view that add
new information about a topic, and that they should
not be classified as errors just because they are a
minority vote.

Given that GS annotation can be a very sub-
jective task, we decided to adopt a Perspectivist
approach in the creation of our dataset, aiming to
take advantage of the inherent subjectivity of the
task to better understand the reasons behind differ-
ent annotations and to study the ambiguous gray
area in the continuum between explicit GSs and
non-stereotyped communication. While prior work
models annotator disagreement as a full probability
distribution (Madeddu et al., 2023), more recent
approaches estimate or elicit such distributions
directly from models, either via token-level proba-
bilities over a closed label space (Santurkar et al.,
2023) or by prompting models to output probability

3However, it is important to underline that there are
also different opinions on the subjectivity of HS, such as
(Cercas Curry et al., 2024). Moreover, while there is a
level of subjectivity in the annotation of phenomena such
as GSs and HS, this subjectivity does not deny the harm
done by HS and GSs, nor the fact that there are certain
kinds of hateful or stereotyped texts that are recognised
as such with an extremely high agreement. This is the
case of, for example, extremely sexist HS (e.g. women
like to be raped), which is recognized as such by both
male and female annotators, despite their disagreement
on more subtle forms of sexism (e.g. female quotas are
useless) (Wojatzki et al., 2018).

distributions (Pavlovic and Poesio, 2024). In con-
trast, we adopt a simpler scalar formulation based
on the mean of binary judgments across annota-
tors, which preserves disagreement in a compact
form while ensuring a model-agnostic evaluation
setting, particularly for closed decoder-based mod-
els where access to probability distributions is lim-
ited.

3. The GSI:detect Dataset

GSI:detect is a new Italian resource developed
for the detection, analysis and classification of
gender stereotypes in written texts; it has been
used as the reference dataset for a shared task
with the same name organized within the Evalita
2026 Evaluation Campaign4 (Comandini et al.,
2026) and is distributed under a Creative Com-
mons NonCommmercial-ShareAlike License. The
dataset is publicly available on its official GitHub
repository.

It consists of 1,010 short written Italian texts
(for a total of 52,118 tokens), collected to capture
authentic, naturally occurring language and to rep-
resent a wide range of communicative contexts in
which gender stereotypes may appear at different
levels of prototypicality, or not at all.

3.1. Data Collection

The texts included in GSI:detect have been man-
ually collected from both social media and infor-
mative websites, in order to provide a balanced
representation of both formal and informal written
Italian.

We collected comments from discussion threads
or articles related to different topics from the follow-
ing social media:

• social media pages discussing gender issues
from diverse ideological perspectives5;

• Facebook and Instagram pages of major Ital-
ian newspapers6 and sports newspapers (La
Gazzetta dello Sport and Eurosport Italia);

• public Facebook groups related to chess and
mathematics;

4https://gsi-d-evalita.fbk.eu/
5Such as the Instagram page of the feminist in-

fluencer Chiara Becchi Manzi, the pick-up artists
agency Playlover Academy and the "mom influencer"
amoree__di_mamma, as well as from the Facebook
pages of ironic and parodic groups such as Alpha
Woman and La società femminista.

6Domani and Il Post from Instagram, and ANSA, Il
Corriere della Sera, La Repubblica, La Stampa, La Ver-
ità, Open and SkyTG24.
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Labels GS value Example

no-no-no-no 0 Non comprendo come si possano paragonare due fenomeni, gravissimi entrambi e concordo, come
femminicidi e morti sul lavoro. (I don’t understand how one can compare two phenomena, both very
serious, and I agree on that, such as femicides and workplace deaths.)

yes-no-no-no 0.25 Tenete duro ancora qualche giorno e i vostri fidanzati partiranno in vacanza con le loro mogli. (Hold on
for a few more days and your boyfriends will be going on vacation with their wives.)

yes-yes-no-no 0.50 Io rimango dell’idea che un figlio ha sempre bisogno della sua mamma, anche per dire buongiorno e
buona notte. E la mamma idem. Soprattutto la mamma (I still think an [adult] child always needs his/her
mother, even to say good morning and good night. And the mother too. Especially the mother

yes-yes-yes-no 0.75 [Commento ad articolo di giornale dal titolo "Negli Usa quasi un manager su due è donna. In Italia meno
di 1 su 3"] Infatti il Made usa va’ peggio del Made italy ([Comment on a newspaper article titled "In the
US, almost one in two managers is a woman. In Italy, less than one in three"] In fact, Made in USA is
doing worse than Made in Italy)

yes-yes-yes-yes 1 [Rivolto a una utente donna] fatevi voi una doccia e copritevi. Le donne vere si coprono. Gli animali vanno
in giro nudi. ([Addressed to a female user] Take a shower and cover up. Real women cover up. Animals
go around naked.)

Table 1: GS values corresponding to the five possible combinations of labels assigned by the four
annotators (non aggregated labels).

• more generic sources on Facebook such as
gossip pages (Cosa?) and pseudo-scientific
speculations (Ghiandola pineale - Il terzo oc-
chio)

• Reddit pages focusing on dating and relation-
ships (such as dating_advice).

As far as informative websites are concerned, we
collected excerpts from minor websites spanning
from women-oriented spaces (e.g. Femal) to local
Christian websites (e.g. Amici del Timone).

This variety allows us to explore GSs in differ-
ent contexts (e.g., family, sport, politics, etc), as
presented in detail in Table 2.

The resulting dataset includes texts that may
or may not display stereotypical content within a
linguistic structure that distinguishes between two
types of items:

• NO CONTEXT texts, which can be understood
without additional contextual information (Ex-
amples 1 and 3);

• WITH CONTEXT texts, which are not self con-
tained and are therefore enriched with stan-
dardized human-generated metadata, which
usually contains contextual information such

Topic N. of texts Percentage

Family 95 9%
Gender 167 17%
Gossip 115 11%
Politics 88 9%
Romance 68 7%
Sport 138 14%
Violence 67 7%
Work 95 9%
Other 177 17%
Total 1010 100%

Table 2: Distribution of the texts by topic.

as the headline of a newspaper article (Exam-
ple 2).

Furthermore, the dataset includes not only GSs
regarding women (Example 1), but also GSs re-
garding men (Example 2), or both (Example 3).

1. Vabbè oggettivamente le femmine su alcune
cose non sono in grado. XD Fagli cambiare
una ruota di scorta XD

(Come on, females are objectively incapable of
some things. XD Have them change a tire XD)

2. (Commento ad articolo di giornale dal titolo
"Il corpo di ballo di Marco Mengoni balla al
ristorante sulle note di ’Mi fiderò’") Li vedo
bene in guerra contro i russi. XDXDXD

([Comment to a newspaper article titled "Marco
Mengoni’s dance troupe dances at the restaurant
to the notes of ’Mi fiderò’"] I can see them doing
well at war against the Russians XDXDXD)

3. Paga l’uomo... Se paga lei è lei l’uomo della
coppia.

(The man should pay... If she pays, she is the man
of the couple.)

3.2. Manual Annotation

The whole dataset has been annotated manually
by four trained annotators7, who have spent around
three weeks training on the subject and discussing

7Following the recommendations of Basile et al.
(2023), we provide more in-depth information about the
annotators; we do this as disaggregated data to preserve
their anonymity. All four are Italian native speakers, cis-
gender, and sensitive to gender-related issues due to
either their studies, or their affinity to feminist movements
and/or to the queer community, or their personal experi-
ence with gender-based discrimination. The annotation
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Category Example

ROLE Cento uomini possono creare un accampamento, ma serve una donna per fare una casa. ENG: A hundred men can
build a camp, but it takes a woman to make a home.

PERSONALITY Sentivo qualcosa di speciale e sai, una donna non sbaglia mai le sensazioni. ENG: I felt something special and you
know, a woman never gets her feelings wrong.

COMPETENCE [Commento ad articolo con titolo "La pilota della British Airways ubriaca in volo: cacciata dall’aereo, aggredisce pure i
poliziotti"] Come si possono affidare le sorti di un aereo ad una donna? ....scherzo, naturalmente... ENG: [Comment
on an article titled "British Airways pilot drunk on flight: kicked off plane, she even attacks police"] How can you trust a
plane’s fate to a woman? ....just kidding, of course...

PHYSICAL Oppure c’hanno le 5ˆ, vanno in giro scollate come i manifesti messi d’inverno, e poi se rimani ""attirato"" dalle loro
protuberanze ci rimangono male Povere cucciole. ENG: Or they are a size D, they walk around with low-cut tops like
winter posters, and then if you get ""attracted"" by their protuberances, they get upset. Poor little things. [In the Italian
text, there’s a pun in the word scollate, which can mean both wearing a low-cut top and coming unstuck because the
glue has worn out.]

SEXUAL [Rivolto a una utente donna] fatevi voi una doccia e copritevi. Le donne vere si coprono. Gli animali vanno in giro nudi.
ENG: [Addressed to a female user] Take a shower and cover up. Real women cover up. Animals go around naked.

RELATIONAL [Commento a meme con testo "Aspettavo che mi mandassi tu un messaggio" e sotto l’immagine di un uomo vestito
da principessa] Tipico post da zitella ENG: [Comment on a meme with the text "I was waiting for you to text me" and
underneath a picture of a man dressed as a princess] Typical spinster post

Table 3: Examples of texts belonging to the six GS categories.

and defining the annotation guidelines.8 Both the
extensive preparation phase9 and the involvement
of multiple trained annotators ensured a shared
understanding of the task and consistency in the
application of the criteria, thereby contributing to
the overall quality and reliability of the dataset.

Furthermore, as one of the key contributions of
this work, we propose a new taxonomy for the se-
mantic classification of gender stereotypes, with
each category representing a different dimension
of this phenomenon. This classification, which is
outlined in the annotation guidelines mentioned
above, was developed to capture the variety of
ways in which stereotypes manifest in language
and to support both linguistic analysis and auto-
matic detection tasks.

For each text, the following information is pro-
vided:

• GS value: a number in the interval [0 − 1]
indicating the degree to which the text reflects
or refers to a gender stereotype (where 1 is the
maximum and 0 is the minimum GS degree);

• GS category: the category to which the gen-
der stereotype (if present) belongs to.

GS Value Annotation. The overall annotation
procedure consists of two steps:

1. Each annotator manually assigns, for each
short text, a binary label yes/no indicating

team consists of three women and one man: two are be-
tween 20 and 30 years old, one between 30 and 40, and
one above 40. In terms of education, one holds a PhD
in linguistics and three hold a master’s degree in either
linguistics, foreign language studies or computational
linguistics.

8The annotation guidelines are available for download
at this link.

9Which includes the study of existing literature on
GSs (see 2.1), preliminary annotation of a subset of the
GSI:detect dataset and the discussion of disagreement.

whether or not the text reflects or refers to
a GS;

2. The GS value is computed by combining the
four individual annotations.

Although the dataset was annotated by four
trained annotators, the inherent subjectivity of the
task inevitably introduced a certain level of dis-
agreement. Following the perspectivist approach
we opted for merging all annotations into a numeri-
cal GS value, rather than selecting a binary label
obtained through annotation aggregation on the
basis of majority voting 10. This choice aligns with
recent findings which indicate that leveraging dis-
agreement is more convenient than reliably trying
to eliminate it (Basile et al., 2023; Muscato et al.,
2024).

As shown in Table 1, the underlying assumption
is that full inter-annotator agreement (IAA) corre-
sponds to the endpoints of the continuum: if all four
annotators agree that there is no GS, the result-
ing GS value is 0; if all four annotators agree that
there is a GS indeed, then the resulting GS value
is 1. On the other hand, disagreement between
the annotators in the selection of the binary label
is supposed to indicate intermediate GS values,
such as 0.25 (three no labels and one yes label),
0.5 (two yes labels and two no labels), and 0.75
(three yes labels and one no label).

GS Value annotation and the strictly dependent
Gender Stereotype Detection task was the main
focus of the above-mentioned GSI:detect shared
task.

GS Category Annotation. If a text is marked by
any annotator as containing or referring to a GS, it
is also assigned to one of the six GS categories,

10The distributed dataset contains both the non-
aggregated annotations by the four annotators, and the
merged numerical GS value.
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according to the classification described in the
annotation guidelines and summarised as follows
(examples are provided in Table. 3):

• ROLE: social and cultural expectations about
what women and men should do and about
how they should be;

• PERSONALITY: emotional and behavioural
traits assigned to men and women based on
their gender;

• COMPETENCE: generalized judgments of a
person’s abilities based on their gender;

• PHYSICAL: expectations about the physical
appearance of men and (especially) women,
and all aspects of personal care in general;

• SEXUAL: attitude and behaviour that men and
women should have regarding sexuality;

• RELATIONAL: the way in which women
and men should behave in interper-
sonal/sentimental relations.

To the best of our knowledge, this is the first at-
tempt to provide a systematic taxonomy to classify
gender stereotypes into semantic categories; it is
not intended to be fully exhaustive, however, as it
is derived from an abstraction over the direct obser-
vation of the examples contained in our dataset.

Given the more explorative nature of this level
of annotation, its derived Gender Stereotype Clas-
sification task was presented at Evalita 2006 as
a pilot subtask. Accordingly, we opted for a more
traditional approach where a category is selected
based on majority voting in case of disagreement
between the annotators, resorting to a super-judge
in case of ties (this however amounted to only 60
out of 1,010 entries, approximately 6%). For the
same reason, we also adopted some simplifica-
tions in the annotation guidelines, such as to al-
ways select only one category.

Inter-Annotator Agreement (IAA) The total IAA
between the four annotators on the choice of the
yes or no label is 0.613 (Fleiss’ k ), which is a mod-
erate agreement. Figure 1 provides an overview
of the inter-annotator agreement among the four
annotators, visualized through pairwise Cohen’s
k values for both the GS value and GS category
annotations. The two heatmaps respectively illus-
trate the agreement patterns for the numerical and
categorical scoring schemes.

As shown in Figure 1a, A2 and A3 have the
highest agreement (0.679), A1 and A4 have the
lowest agreement (0.486). A1 has the lowest aver-
age pairwise IAA (0.579), followed by A4 (0.583),
A3 (0.631) and A2 (0.659). Regarding the GS
category annotation (Figure 1b), the four experts
scored another moderate agreement, with a IAA

Dev set Test set Total

WITH CONTEXT texts 82 323 405
NO CONTEXT texts 118 487 605
Total 200 810 1,010

Table 4: Dataset’s size and split.
—

Tokens Items Av. length

Texts only 33,673 1,010 33.3 tok.
Contexts only 18,445 405 45.5 tok.
Whole dataset 52,118 1,010 51.6 tok.

Table 5: Dataset’s size in details.
—

of 0.611 (Fleiss’ k ). Inspecting again the pairwise
IAA values (Cohen’s k), A2 and A3 have again
the highest agreement (0.684), while A1 and A4
have the lowest agreement (0.509). In this case,
however, A4 is the one with the lowest average
pairwise IAA (0.573), followed by A1 (0.587), A3
(0.622) and A2 (0.657).

3.3. Statistics

As the dataset has been used in the context of
a shared task, its 1,010 texts have been split as
follows (Table 4): 20% of the dataset is used as
development data (dev set), while the remaining
80% of the dataset is used for the official evaluation
and ranking of participant systems (test set). The
rationale behind this proportion is to balance the
need for sufficient data for model tuning with the
availability of a larger and more representative test
set for evaluation purposes. Both the dev and
the test set have a ratio of around 58% texts with
context and 41% texts without context.

Table 5 reports detailed information about the
size of the dataset in terms of tokens. The token
count was computed using the Italian rule-based
tokenizer included in the spaCy library11 (version
3.8.7) as part of the it_core_news_sm linguistic
model. The average length of the GSI:detect texts
is 33.3 tokens if we consider pure original text and
51.6 in we include the added contextual informa-
tion. The context metadata (added to 405 texts)
consist on average of 45.5 tokens.

When defining the development and test splits,
particular attention was paid to maintaining a bal-
anced distribution of examples across both sets.
As shown in Table 6, the overall proportion (i.e., the
percentage) of items assigned to each GS value
in the Total % column is approximately reflected
in the relative composition of both the dev set and
test set, when considering the ratio between the
number of items per GS value and the total size of

11https://spacy.io
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Figure 1: Comparison of IAA across the two annotation tasks, i.e. (a) GS value and (b) GS category
annotation. Each heatmap visualizes pairwise agreement between annotators.

GS value Dev set Test set Total Total%

0 60 242 302 29.90%
0.25 25 84 109 10.79%
0.50 27 85 112 11.09%
0.75 25 105 130 12.87%
1 63 294 357 35.35%

200 810 1,010

Table 6: Dataset distribution by GS value.

Category Dev set Test set Total Total%

Role 30 107 137 13.56 %
Personality 29 108 137 13.56%
Competence 34 120 154 15.25%
Physical 20 90 110 10.89%
Sexual 14 72 86 8.52%
Relational 13 71 84 8.32%
GS value = 0 60 242 302 29.90%

200 810 1,010

Table 7: Dataset distribution by GS category.

the respective subset. This indicates that the split
preserves the original distribution of GS values,
ensuring a consistent representation of different
degrees of stereotypicality across both subsets. A
similar balance is maintained with the GS category
(see Table 7), where the relative proportions of
the six stereotype dimensions remain comparable
between the dev and test sets.

This careful selection confirms that both subsets
are representative of the overall dataset, providing
a reliable basis for model tuning and evaluation,
while avoiding unwanted biases in category distri-
bution.

The current release of the dataset maintains the
split between dev and test set. It also preserves the
non-aggregated judgments of all annotators, thus
allowing system to both learn from disagreement

and test their predictions against the GS value
emerging from all judgments.

4. Experiments

In order to provide reference baselines for future re-
search, we conduct a series of experiments on the
GSI:detect dataset. The aim of these experiments
is not to achieve state-of-the-art performance, but
rather to establish an initial benchmark showing
how a predefined set of LLMs perform on the two
tasks for which the dataset was designed: (i) the
GS value detection and (ii) the GS category predic-
tion.

Experimental setting. All models are evaluated
in a zero-shot setting, without any fine-tuning, hy-
perparameter optimisation, or even task-specific
adaptations. To ensure a fair and consistent eval-
uation, a minimal prompt engineering phase was
carried out on the dev set: four researchers in-
dependently proposed one prompt each for both
tasks (i.e., GS value detection and GS category
prediction), and the best-performing prompt was
selected based on preliminary experiments con-
ducted with the GPT5-nano model (OpenAI, 2025).
The final evaluation was then performed on the test
set using the three selected models.

This experimental design allows us to provide
transparent and reproducible baselines that can
serve as a point of comparison for future studies ex-
ploring more advanced or fine-tuned approaches.

Tasks. We prompted the models instructing them
to output a GS value between or equal to 0 and
1 (GS value detection task) and a GS category
label for each instance in the dataset (GS category
prediction task).
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4.1. Models

To establish reference baselines on the GSI:detect
dataset, we evaluate three LLMs differing in archi-
tecture, size, and accessibility, thereby including
both closed-source models and open-source one.

GPT-5. (OpenAI, 2025) We use the gpt-5-nano-
2025-08-07 variant, a lightweight OpenAI model
optimized for classification and reasoning tasks,
employed in its text-only configuration.
GPT-4o. (OpenAI, 2024b,a) A proprietary multi-
modal model from the GPT-4 family, widely rec-
ognized for its strong (multimodal) reasoning and
language understanding skills and used exclusively
with its linguistic component.
Qwen3-14B. (Qwen-Team, 2025) An open-source
transformer model available on the Hugging Face
Hub. We employ the 14B-parameter variant.

Note that for all the models we tested both a
Split Prompt configuration – where each task was
addressed separately12 – and a Unified Prompt
configuration, where both tasks were handled
within a single prompt.

4.2. Metrics

We adopted task-specific metrics to ensure a fair
and accurate evaluation of model performance.

GS value Detection Task. The comparison of the
models’ performance on the GS value detection
task is based on a normalized score derived from
the Mean Squared Error (MSE), as reported in
Table 8. MSE measures the average squared dif-
ference between the predictions and gold values,
with larger errors more penalised, and is normal-
ized by the variance of the data distribution to ob-
tain NMSE. The final metric is defined as 1

1+NMSE ,
bounded in [0, 1], and is adopted for model compar-
ison and ranking due to its improved interpretability.
We compute also the Concordance Correlation Co-
efficient (CCC) score, that shows the agreement
between predicted values and gold values, and
how consistently the predictions align with gold
values. CCC scores range from −1 (perfect dis-
agreement) to +1 (perfect agreement), with higher
CCC values indicating better model performance.
GS category Prediction Task. We assess the
models’ performance on the GS category predic-
tion task using Macro F1 (not accounting for class
imbalance) and Micro F1 scores (accounting for
class imbalance), as seen in Table 9. A breakdown
of models’ per-category performance is provided
in Figure 2, where higher F1 indicates better per-
formance.

12i.e. with different prompts and different API calls.

For both tasks, models were also evaluated against
several baselines.

COMPETENCE

PERSONALITY

PHYSICAL

RELATIONAL

ROLE

SEXUAL

0.2
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F1 - Category Prediction
GPT-4o [Split Prompt]
GPT-5nano [Split Prompt]
Qwen3-14B [Split Prompt]
GPT-4o [Unified Prompt]
GPT-5nano [Unified Prompt]
Qwen3-14B [Unified Prompt]
Random
Most-frequent

Figure 2: F1 score per Category

5. Results and Discussion

Table 8 presents results for the GS value detection
task, clearly showing GPT-5-nano achieving the
best overall performance in the split-prompt set-
ting, with the highest normalized score (0.61) and
CCC (0.60). GPT-4o exhibits a comparable behav-
ior in the unified prompt setting with respect to the
error-based metric, although with lower agreement.
While the unified prompt setting does not bring sub-
stantial improvements for GPT-5-nano , it appears
to benefit GPT-4o, exhibiting an increase of 0.10
points. Qwen3-14B does not achieve competitive
performance overall. While in the unified prompt
setting it reaches 0.54, slightly surpassing GPT-4o
in the split configuration, it remains the weakest
model in the split-prompt setting (0.49), where it
achieves the lowest score among all evaluated
models. Overall, all evaluated models consistently
outperform both random and worst-case baseline.
The same holds when considering the 0.5 base-
line13, which assigns the midpoint value to all in-
stances. However, Qwen3-14B in the split-prompt
configuration does not surpass this baseline (0.49),
making it the weakest model overall across both
prompt configurations.

GS category prediction task results are de-
scribed in Table 9. GPT-4o achieves the best
Macro F1 score in the split-prompt configuration
(0.54), and a clear improvement in Micro F1 (0.63)
within the unified one. This indicates better han-
dling of class imbalance. By contrast, Qwen3-
14B consistently performs poorly also in this task,

13Results of this baseline perfectly correspond to 0.5
due to the balanced distribution of the dataset and the
fact that GS values lie in the interval [0, 1].
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Setting Model 1/(1+NMSE) ↑ CCC ↑

Baselines
Random 0.40 0.00
Worst-case 0.18 -0.87
0.5 value 0.50 0.00

Split Prompt GPT-4o 0.51 0.43
GPT-5nano 0.61 0.60
Qwen3-14B 0.49 0.38

Unified Prompt
GPT-4o 0.61 0.55
GPT-5nano 0.59 0.57
Qwen3-14B 0.54 0.46

Table 8: GS value detection results. Best perfor-
mance in bold.

Setting Model Macro F1 ↑ Micro F1 ↑

Baselines Random 0.19 0.20
Most-frequent 0.06 0.21

Split Prompt GPT-4o 0.54 0.54
GPT-5nano 0.52 0.53
Qwen3-14B 0.38 0.40

Unified Prompt
GPT-4o 0.54 0.63
GPT-5nano 0.50 0.52
Qwen3-14B 0.39 0.40

Table 9: GS category prediction results for the
evaluated models in a zero-shot setting. Best per-
formance in bold.

achieving the lowest results among all evaluated
models in both configurations (0.38 Macro F1
and 0.40 Micro F1 in the split setting), with only
marginal differences between split and unified
prompts (0.38 vs 0.39 Macro F1). Notably, all
models remain substantially above both baselines,
namely the random assignment and the most-
frequent strategy (which always predicts the most
common class, i.e., competence). Finally, Figure 2
(F1 scores per categories) shows that most mod-
els perform similarly across categories. However,
the GPT-4o model not only outperforms the oth-
ers, especially in the Unified Prompt setting, but
shows a particular expertise in the PHYSICAL GS
dimension.

Thus, overall, GPT-based models outperform
the open model, with GPT-5-nano and GPT-4o re-
spectively excelling in task 1 and 2. Such results
highlight several interesting trends across the two
tasks: GPT-5-nano is particularly aligned to hu-
mans capturing the gradient and continuous nature
of stereotypicality in language, in contrast, GPT-4o
performs better in the categorical classification of
stereotypes. Moreover, the poor performance of
Qwen3-14B across both tasks may be attributed
to its smaller scale or to a training set of data that
lacks the right amount of exposure to Italian data
and gender-related social phenomena, suggesting
that such performance may be also influenced by
the ability of the model to capture language- and
culture-specific patterns.

Finally, while almost all models outperform the
random, worst-case and 0.5 baselines, the im-
provements over them remain relatively limited. In
particular, when considering the 0.5 baseline, even
the best-performing model (GPT-5-nano in the split
setting) exceeds it by only 0.11 points, with GPT-4o
showing a marginal gain of 0.01 points in the same
configuration and a larger improvement (0.11) in
the unified setting, and Qwen3-14B improving by
only 0.04 points in its best configuration. Combined
with the modest improvement over the random ref-
erence (~20 points for GPT-based models and ~10
for Qwen3-14B), this suggests that GS value pre-
diction and, more generally, the assignment of reli-
able continuous scores remains a non-trivial task
even for state-of-the-art systems.

6. Conclusions and Future Work

We presented GSI:detect, a new Italian resource
for studying gender stereotypes in Italian short
texts. The dataset introduces several innovations:
(i) it includes cases of Gender Stereotype in nat-
urally occurring contexts that goes beyond hate
speech, (ii) it applies a perspectivist annotation
that values disagreement, and (iii) it proposes for
the first time a fine-grained taxonomy of gender
stereotype categories. Experiments with LLMs
show that the closed-source models considered
in this study align more closely with human judg-
ments, both in detecting the degree of stereotyp-
icality and in categorical classification. However,
given that only one relatively small open-source
model (i.e, Qwen3-14B) was evaluated, and that
it may have had more limited exposure to Italian
data and its culturally grounded phenomena dur-
ing training or instruction tuning, this result should
be interpreted with caution and not generalized to
all open-source systems, but rather viewed as an
initial exploratory comparison in this direction. In
addition, the relatively limited margin over the ran-
dom baseline suggests that modeling the graded
nature of stereotypicality remains challenging even
for state-of-the-art (closed-source) systems.

Given the good response obtained by the par-
ticipants in the shared task we organised based
on GSI:detect, as future work we plan to consol-
idate our work by releasing a new version of our
dataset applying the perspectivist approach to the
classification of GSs. In addition to this, future work
will focus on the sociolinguistic profiling of LLMs to
better understand how their behaviour towards this
topic aligns – or diverges – from human perspec-
tives, with special attention to distinct demographic
groups.
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Abstract
It is increasingly recognized that humans do not always agree, and disagreement is inherent in many annotation
tasks. However, not all items in a given task elicit the same level of opinion divergence. In this paper, we study the
extent to which item-level annotation variation and variation structure can be captured from text features, focusing on
inappropriate language detection, including offensive language, hate speech, and toxic language detection. We
model annotation variation to assess whether the degree of annotation divergence can be predicted from item-level
textual features. We also propose the Opposition Index, a metric that quantifies the extent of opposing stances
among annotators based on their Likert ratings.
Keywords: annotation variation, graded human ratings, opposing stances, human disagreement

1. Introduction

Recent work has demonstrated that many natu-
ral language processing (NLP) datasets and tasks
exhibit inherent annotation variation (Plank, 2022;
Sorensen et al., 2024). This variation occurs across
multiple linguistic domains and task types. In syn-
tax, it is observed in annotation tasks such as
part-of-speech tagging (Plank et al., 2014; Zeman,
2010); in semantics, such as semantic similarity
(Wang et al., 2023) and natural language inference
(Huang and Yang, 2023; Jiang and de Marneffe,
2022; Pavlick and Kwiatkowski, 2019; Liu et al.,
2023; Zhang and de Marneffe, 2021); in pragmat-
ics, including irony detection (Casola et al., 2024)
and dialogue act annotation (Verdonik, 2023); and
in other socially-relevant NLP tasks, such as hate
speech detection (Sang and Stanton, 2022; MacA-
vaney et al., 2019), offensive language (Kocoń et al.,
2021; Davani et al., 2024), and toxic content detec-
tion (Kumar et al., 2021).

It is increasingly acknowledged that human an-
notators do not always make identical decisions or
hold the same opinions on many NLP tasks (Plank,
2022; Uma et al., 2021; Basile et al., 2021). How-
ever, the annotation pattern is not consistent across
all items in the same task: some cases are clear-
cut and have near-perfect agreement from multiple
annotators, while others can be more ambiguous,
resulting in variance in annotation patterns. Such
annotation variation can arise from item ambiguity
or vagueness (e.g., insufficient context), language
complexity (e.g., use of slang or jargon), or annota-
tors’ personal beliefs, values, expertise, or person-
ality (Sap et al., 2020, 2022).

Reflected in Likert rating distributions, annota-
tions for some items show sharper peaked distribu-
tions, indicating strong consensus among annota-
tors, while others may display flatter or multi-modal
distributions, reflecting interpretation variability or
the presence of opposing opinions among annota-
tors.

Estimating which items are likely to elicit dis-
agreement has important practical and theoreti-
cal implications. In annotation practice, identifying
disagreement-prone items allows researchers to
optimize annotation workflows by prioritizing diffi-
cult or perspective-divergent cases. For instance,
socially controversial items such as potentially of-
fensive or politically charged content often require a
larger number of annotators to capture the diversity
of latent perspectives, whereas less controversial
items may require fewer annotations.

From a linguistic perspective, analyzing uncer-
tainty patterns allows researchers to uncover the la-
tent factors underlying annotation uncertainty, such
as detecting cases that lack sufficient context (San-
dri et al., 2023), and provide insights into human
perception of complex language phenomena, such
as irony, sarcasm, or figurative language. Study-
ing perspective disagreement can further reveal
culturally dependent interpretations (e.g., Western
vs. non-Western perspectives (Sap et al., 2022;
Huang and Yang, 2023; Larimore et al., 2021), lib-
eral vs. conservative viewpoints (Luo et al., 2020))
or conflicts in judgment. In other decision-making
domains, including legal, political, and medical
decision-making, annotation variation may reflect
conflicting interests and opposing perspectives be-
tween different parties (e.g., employers vs. employ-
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ees, producers vs. consumers) (Angouri, 2012).
Automatically identifying disagreement-prone items
can help flag conflicting cases, prioritize expert re-
view, and improve decision fairness (Patel et al.,
2018).

In this work, we investigate whether the item-level
annotation patterns can be inferred solely from item
features, and we mainly focus on inappropriate lan-
guage detection tasks in this work, including hate
speech, offensive, and toxic language classifica-
tion. These tasks have been extensively studied
and are known to exhibit substantial annotator dis-
agreement (Sang and Stanton, 2022), and there
is a lack of universally accepted standards or def-
initions. For example, definitions of hate speech
vary across research objectives (Talat and Hovy,
2016), legal frameworks (European Commission,
2016), and platform policies. It is often impracti-
cal to specify every possible case in annotation
guidelines, particularly in crowdsourced settings
where annotators are not formally trained. Thus,
hate speech annotation often relies on annotators’
perceptions, linguistic intuition, and individual un-
derstanding of what constitutes hate speech. In
the era of large language models (LLMs), these
challenges become even more critical (Weidinger
et al., 2021). Given the rapidly growing user base
of LLM-powered systems, detecting toxic and inap-
propriate language is essential for mitigating risks,
preventing the amplification of harmful content, and
ensuring safer user interactions.

To more faithfully capture the nuances of hu-
man judgment and annotation distributions, we use
datasets annotated with Likert-scale ratings instead
of discrete binary labels in this work. We also tailor
the training objective by employing loss functions
designed for ordinal data rather than simple dis-
crete classes, including the Earth Mover’s Distance
(and its variant) and cumulative cross-entropy. This
work focuses on estimating two aspects of human
annotation variation:

• Annotation variance: whether the degree of
dispersion in annotator responses can be in-
ferred from item features.

• Opposing stances: whether the conflicting
stances among annotators can be effectively
modeled and predicted.

By modeling item-level annotation variance and
stance opposition, our work takes an initial step
toward characterizing patterns or structures of hu-
man annotation variation. We hope this study will
inspire further research on annotation uncertainty
and perspective-aware NLP systems.

2. Related Work and Positioning

Existing literature on annotation variation can be
broadly divided into two main streams. The first
stream focuses on analyzing human annotation and
human interpretation variation (Hong et al., 2025;
Jiang and de Marneffe, 2022), investigating types
or causes of variation across annotators (Xu et al.,
2023), disentangling noise from genuine disagree-
ment (Weber-Genzel et al., 2024), and analyzing
cultural background influence (Huang and Yang,
2023). The second stream focuses on modeling
human annotation variation with machine learning
approaches (Uma et al., 2021; Mostafazadeh Da-
vani et al., 2022; Zhou et al., 2022). The methods
include soft-label training (Uma et al., 2021; Forna-
ciari et al., 2021), incorporating socio-demographic
features for group perspective simulation (Gordon
et al., 2022), multi-task learning (Mostafazadeh Da-
vani et al., 2022) with each task corresponding to
a specific annotator, and using an annotator em-
bedding layer (Mokhberian et al., 2024) to learn
annotator-specific labels.

Work that explicitly predicts or infers disagree-
ment from text features remains relatively scarce.
In this direction, Zhang and de Marneffe (2021)
aim to tease apart agreed and disagreed items in
natural language inference (NLI) and propose an
ensemble approach by integrating three specialized
models trained to predict three labels: entailment,
neutral, or contradiction. In subjective tasks such
as hate speech detection, Wan et al. (2023) model
disagreement by directly predicting whether or not
annotation variation exists for an item as a binary
classification problem, and a regression problem
by predicting annotation variation with the value
1−Pma jority, the proportion of annotations that do
not fall into the majority label. Baumler et al. (2023)
and van der Meer et al. (2024) estimate the uncer-
tainty of human annotations and incorporate it into
an active learning framework.

Despite these advances, prior work has largely
treated opinion divergence as a categorical predic-
tion problem (e.g., three-way NLI labels or binary
hate speech decisions) and has not examined the
degree of annotation uncertainty and whether the
full structure of fine-grained annotation distributions
can be recovered from item-level signals (Zhang,
2025). To address this gap, we perform a detailed
analysis to model the full distribution of Likert-scale
ratings and examine its effectiveness in inferring
annotators’ opinion divergence with item textual
features.
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3. Rating Variation Prediction

To model opinion divergence, including both vari-
ance and opposing views, we use datasets with
Likert-scale ratings. Unlike discrete labels, these
graded ratings capture fine-grained human percep-
tion differences, reflect gradations in perceptions of
inappropriate language, enabling analysis of mul-
timodal and polarized patterns in distribution. We
aim to test whether the structure of annotation vari-
ation across items can be captured from textual
features. Specifically, we examine the magnitude
of opinion divergence in Section 3.1 and the pres-
ence of opposing stances among annotators in
Section 3.2.

3.1. Inferring Annotation Variance

For discrete classes, the entropy of annotator la-
bels is commonly used to quantify uncertainty. For
Likert ratings, where the distance between ratings
is meaningful, we treat them as equally spaced
values. For each item i, the degree of annotation
variation is computed as the unbiased variance of
the ratings from Ni annotators:

σ2
i =

1
Ni −1

Ni

∑
j=1

(ri j − r̄i)
2, (1)

where ri j is the rating of annotator j on item i, and r̄i

is the mean rating for that item. Perfect agreement
corresponds to σ2

i = 0.

To estimate annotation variation, we consider two
approaches:

1. Direct variance prediction: we train a regres-
sion model to predict the unbiased variance
σ2

i directly from item-level features.

2. Distribution-based prediction: we pre-
dict the full Likert rating distribution pi =

[pi1, . . . , piK ] for item i, then compute the vari-
ance from the predicted distribution:

σ̂2
i =

K

∑
k=1

pik(k− µ̂i)
2, µ̂i =

K

∑
k=1

pik · k. (2)

To evaluate the performance of prediction, we
mainly measure with the following metrics: (1)
Mean Squared Error (MSE) between predicted and
true variance, (2) Spearman’s rank correlation r be-
tween predicted variance and true variance across
items and (3) F1 score of whether or not opinion
divergence or rating difference is in the annotation
of an item among annotators.

Comments Annotations

1 “Mr #Trump will be loving to-
day. As it is the one day of
the year when #FakeNews
is acceptable. #aprilfools ”

[0, 0, 0, 2, 2, 2]

2 “Nigga at da end of the
day we all would be gone,
or somewhere else. and
speakin about it is not gonna
fucking matter! ”

[0, 0, 2, 2, 2]

3 “I hate when guys call
their girls bitches and hoes.
That’s your girl. You respect
her. ”

[0, 0, 0, 2, 2]

Table 1: Examples of opposing stances in the of-
fensive dataset (Sap et al., 2020). Three-ordinal
ratings are used for labels, with scores from 0 to 2,
with 0 as not offensive and 2 as offensive.

3.2. Identifying Opposing Opinions

Beyond variance, it is also crucial to assess dis-
tribution structures (Akhtar et al., 2021; Van der
Eijk, 2001) and whether genuine opposing opin-
ions exist for an item. Some cases with divergent
judgments on offensive classification are shown in
Table 1. The annotations suggest that disagree-
ment can arise from different interpretations of what
constitutes offensive content. In Example 1, dis-
agreement emerges in a case that involves political
satire. Some annotators interpret mocking a politi-
cal figure as offensive, possibly due to perceived
contempt or disrespect, whereas others regard it
as legitimate political expression or humor rather
than offensive content per se. In some cases, an-
notators label a comment as offensive due to the
presence of offensive terms, even when the overall
intent of the comment is not to insult. For example,
in Example 3 of Table 1, a comment condemn-
ing derogatory terms toward women may still be
marked offensive by some because it quotes them,
while others focus on the critical intent and label it
non-offensive. These examples show that annota-
tion variation is often driven by differences in how
annotators weigh lexical content, speaker intent,
and contextual meaning about respect and harm.

Reflected in the Likert distribution, this manifests
as bimodal patterns rather than a single Gaussian
mode. We propose a metric to quantify opposing
stances, referred to as opposition index.1 Let the

1Traditional bimodality measures, such as the Bi-
modality Coefficient (BC), or mixture-model-based
modality tests, are typically designed for continuous dis-
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Figure 1: Opposition Index Illustration

predicted or observed distribution for an item be
divided into three segments: the low, mid, and high
ratings of the Likert scale, with probabilities denoted
as Plow,Pmid,and Phigh. Plow corresponds to the pro-
portion of annotators giving the lowest ratings (e.g.,
not toxic). Phigh corresponds to the proportion giv-
ing the highest ratings (e.g., extremely toxic); and
Pmid corresponds to the proportion in the middle of
the scale. We define the opposition stance index
as:

Indexi = 2 ·min(Plow,Phigh) · (1−Pmid) (3)

The final index value ranges from 0 to 1, with 1

indicating maximal polarization (half of the annota-
tors select the low end and half the high end, with
no intermediate ratings), with a value of 0 indicat-
ing consensus, reflected in a unimodal distribution
centered in the middle or skewed toward either end
of the scale, with no annotations spanning both ex-
tremes. Figure 1 illustrates how the index behaves:
when Plow = 0.5 and Phigh = 0.5 with negligible Pmid,
the index reaches its maximum, reflecting clear
opposing stances among annotators.

4. Objective Functions for Likert
Distribution Prediction

To model both annotation variation and opposing
opinions discussed in the previous section, we in-
fer the full Likert rating distribution for each item,
apart from predicting a single summary statistic of
variance. In this section, we propose objectives

tributions with sufficiently large sample sizes. When the
number of annotators per item is small (e.g., around
five), these statistics become unstable and lack statisti-
cal power, making them unsuitable for reliably detecting
bimodality in item-level annotation distributions.

specifically designed for Likert-scale ratings, lever-
aging their ordinal structure rather than treating
them as categorical labels. For an item i with K Lik-
ert categories, the target distribution is represented
as:

pi = [pi1, pi2, . . . , piK ], where 1 < 2 < · · ·< K. (4)

where pik denotes the proportion of annotators as-
signing rating k to item i, and ∑K

k=1 pik = 1. For
example, in a 5-point Likert setting (ratings range
from 0 to 4), if the annotations for an item are
{1,1,0,1,2} collected from 5 annotators, the em-
pirical distribution is represented as a vector: pi =

[0.2,0.6,0.2,0.0,0.0].

To train the model to predict distributions, we ex-
periment with loss functions listed below:

Earth Mover’s Distance (EMD), also known as
the Wasserstein distance (Rubner et al., 2000), ex-
plicitly accounts for the ordinal distance between
rating categories. EMD penalizes prediction errors
proportionally to the distance between categories.

EMD with Mean Regularization We further pro-
pose a multi-task objective that combines Earth
Mover’s Distance with an explicit constraint on the
predicted mean rating with mean squared error.2

Ordinal Cumulative Cross Entropy To capture
the ordinal structure of Likert-scale labels, we cus-
tomize cross-entropy loss to measure the distri-
butional difference of the Likert ratings. In our
approach, a K-level Likert-scale problem is trans-
formed into K − 1 binary decisions with positive
class as y > k. The total loss is then computed as
the sum of the losses over all K −1 thresholds.

Kullback–Leibler Divergence We also consider
the Kullback–Leibler (KL) divergence (Kullback and
Leibler, 1951) as as a comparison to cumulative
probability approaches and use it to quantify the
dispersion from the predicted distribution to the
target distribution (soft-label representation, which
we refer to as KL-soft in this work).3

2While EMD captures overall distributional shifts and
respects the ordinal structure of the Likert scale, it does
not directly constrain the expected rating (i.e., the mean
of the distribution). Two distributions with similar cumula-
tive shapes may still differ in central tendency. To address
this, we introduce an additional mean-squared error term
on the expected rating.

3While KL divergence is widely used for multi-class
classification, the standard categorical formulation treats
all class mismatches equally, ignoring the ordinal rela-
tionships among Likert ratings.
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Figure 2: Summary of Dataset Statistics: Mean and Variance. The y-axis values indicate normalized
density, which accounts for the relative proportion of data points in each bin.

5. Experiments and Implementation

This section introduces the datasets used for the
experiments in this study and experiment imple-
mentation details.

5.1. Datasets

We conduct experiments on three subjective
datasets annotated by multiple annotators. Fig-
ure 2 shows the summary of the statistics (annota-
tion mean and variance) of three datasets.

Offensive Language. The Offensive Language
dataset (Sap et al., 2020) is annotated with three
categories of offensiveness: no, maybe, and yes.
We map these categories to a three-point Likert
scale (0 - 2). The dataset contains approximately
150k annotated items. To ensure reliable empirical
annotation distributions, we filter out items anno-
tated by fewer than three annotators. After filtering,
the dataset comprises approximately 128.6k anno-
tations over 35.8k unique items, with an average
of 4 annotations per item.

Hate Speech. The hate speech dataset by
Kennedy et al. (2020) provides graded annotations
of hatefulness. Labels are provided on a three-level
Likert scale, where 0 denotes non-hateful content
and higher values indicate increasing hate speech
severity. Items annotated by fewer than four anno-
tators are removed, resulting in approximately 67k
annotations over 5,990 unique items, and each item
is roughly annotated by 11 annotators on average.

Toxicity. Annotations in the dataset (Kumar et al.,
2021) follow a five-point Likert scale ranging from
not toxic (0) to extremely toxic (4). The dataset
contains approximately 107.6k text instances, most
of which are annotated by 5 annotators. We retain
items with at least five annotations and merge repet-
itive comments, resulting in approximately 106k
items.

5.2. Implementation

Data Splits. Each dataset is randomly divided
into training, validation, and test sets, following a
50%, 25%, 25% ratio. It is partitioned at the level
of distinct text instances to prevent any items from
appearing in multiple data splits.

Model Setting. Models are implemented in
PyTorch, and text inputs are encoded using
the pretrained Sentence-Transformer model all-
MiniLM-L6-v24 (Reimers and Gurevych, 2019).
To allow fair comparison across different predic-
tion objectives, we keep the model architecture
fixed, including input features, number of hidden
layers, and layer dimensions, for all experiments.
Models are trained with early stopping. Training
is terminated if the validation performance does
not improve for five consecutive epochs. The best-
performing model on the validation set in the train-
ing history is selected for evaluation and reporting.

Baseline Setup. We use the aggregated binary
distribution (where responses greater than (K −
1)/2 for K-class Likert are treated as the positive
class) as a baseline for each dataset, training with
binary cross entropy loss, and compare its predic-
tion with direct variance regression and full Likert
distribution prediction.

Evaluation Protocol. For reliability, each exper-
iment is repeated with five independent random
splitting seeds, and the mean of the evaluation met-
rics is reported as the model performance.

Metric Computation. For the computation of the
opposition index, we treat rating 0 as the low value
and 2 as the high value for three-class Likert ratings,
and treat ratings 0 and 1 as the low-value group
and ratings 3 and 4 as the high-value group for
five-class Likert ratings, representing two opposing
stance camps.

4https://huggingface.co/
sentence-transformers/all-MiniLM-L6-v2
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Figure 3: Item-level variance grouped by target variance bins: true versus predicted variance.

Model Var_MSE ↓ Var_Corr ↑ Disagree_F1 ↑
Offensive
Binary CE 0.218 ± 0.003 0.344 0.5917 ± 0.007
Var Reg 0.195 ± 0.008 0.389 0.6112 ± 0.018
EMD 0.227 ± 0.008 0.393 0.5957 ± 0.018
EMD+MSE 0.206 ± 0.003 0.386 0.6071 ± 0.018
Cum CE 0.248 ± 0.006 0.371 0.6076 ± 0.014
KL Soft 0.251 ± 0.014 0.372 0.6096 ± 0.022

Hate Speech
Binary CE 0.275 ± 0.014 0.435 0.7275 ± 0.014
Var Reg 0.197 ± 0.003 0.424 0.7233 ± 0.016
EMD 0.216 ± 0.019 0.454 0.7365 ± 0.013
EMD+MSE 0.197 ± 0.011 0.445 0.7313 ± 0.017
Cum CE 0.204 ± 0.008 0.449 0.7408 ± 0.016
KL Soft 0.206 ± 0.008 0.445 0.7371 ± 0.011

Toxic
Binary CE 2.203 ± 0.021 0.290 0.9185 ± 0.001
Var Reg 1.005 ± 0.027 0.308 0.9185 ± 0.007
EMD 1.179 ± 0.060 0.307 0.9186 ± 0.008
EMD+MSE 1.087 ± 0.049 0.303 0.9187 ± 0.007
Cum CE 1.056 ± 0.028 0.306 0.9191 ± 0.007
KL Soft 1.061 ± 0.012 0.298 0.9191 ± 0.007

Table 2: Comparison of models for estimating item-
level annotation variance (mean ± std).

6. Results and Discussion

This section presents the experimental results for
both annotation variance estimation (Section 6.1)
and opposing stance prediction (Section 6.2).

6.1. Annotation Variance Estimation

Variance Prediction Models predict annotation
variance values with reasonable accuracy. They
achieve a variance MSE of around 0.2 on the 3-
point Likert annotation tasks (Offensive and Hate
Speech), and a variance MSE of approximately 1
for the 5-point Likert task (Toxic). Among all meth-
ods, directly predicting the unbiased variance us-

ing a regression model achieves the best perfor-
mance. Among models that predict the Likert dis-
tribution and then compute variance, those trained
with the EMD with mean regularization (EMD+MSE)
achieve the second-best performance. They con-
sistently outperform the EMD and KL-soft models.

Prediction across Annotation Variance Bins
Apart from overall performance, we also analyze
variance prediction across bins divided based on
human-annotated variance levels (see Figure 3).

The bin-grouped analysis reveals a similar pat-
tern across models. All variance predictions exhibit
a monotonic trend: items with near-perfect agree-
ment are assigned the lowest predicted variance
scores, and items with higher empirical variance
tend to receive higher predicted variance. However,
the predicted variance values tend to concentrate
around a middle range. The difference between low,
medium, and high variance bins is attenuated. For
instance, the magnitude differences are underesti-
mated for the highest variance category. Models do
not distinguish well between items with moderate
and high variance. It may be due to the relatively
smaller number of examples in these bins for the
offensive and hate speech datasets. For the low-
est variance bins, predicted variance values rarely
reach exactly 0, particularly for distribution-based
models. As a result, the lowest bin is not as low as
the target variance.

Spearman Correlation Models show a moder-
ate positive correlation with human annotation
variance, ranging from approximately 0.3 to 0.45
across three datasets. Some models (e.g., EMD)
trained to predict Likert distributions often achieve
higher Spearman correlations with human annota-
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Figure 4: Opposition index values binned according to target scores.

tion variance compared to regression models that
directly predict the variance. This suggests that
even when variance is not explicitly supervised,
distribution-based training objectives can recover
the annotation variation structure across items. By
contrast, directly regressing the variance can force
the model to overfit the noise in the dataset. In con-
trast, predicting the full rating distribution allows the
model to capture more structured patterns in anno-
tator judgments. Rather than fitting a single sum-
mary statistic, the model learns the overall shape
of the response distribution, providing a richer and
more robust representation of opinion divergence.
However, as expected, the loss function (KL-soft)
that does not account for rating distances performs
the worst, particularly for tasks with more Likert
classes, such as the 5-rating Toxic dataset.

F1 Score F1 score in this study measures whether
an item’s annotations exhibit rating differences (that
is, whether the variance is greater than 0). Across
all three datasets, the F1 scores from different mod-
els are generally very similar. On the Offensive
dataset, the Variance Regression model achieves
the highest F1 score (0.611 ± 0.018), slightly out-
performing the other models. For hate speech, dis-
tribution prediction with cumulative cross-entropy
loss achieves the best performance. On the Toxic
dataset, all models achieve high (~0.92) and nearly
identical F1 scores, likely because the dataset is
annotated using a 5-point Likert scale, and most
items have variance greater than 0. The imbalance
tendency toward the class of presence of anno-
tation variation (around 85% items) may lead to
most results at class 1 (the presence of annotation
divergence). Overall, the models achieve strong
performance in detecting variation, with F1 scores
exceeding 0.6 for nearly all models across the three
datasets.

6.2. Opposing Stance Prediction

For opposing stances measured by the polariza-
tion index, we group items into intervals based on
their target opposition index values and analyze
the results within each interval.

Ideally, items with higher true opposition val-
ues should also receive higher predicted scores
from models. However, this pattern does not fully
hold. While models successfully distinguish be-
tween items with no opposition (index close to 0)
and items with moderate opposition, they struggle
to capture extreme polarization. For items whose
true opposition index approaches 1, predicted val-
ues tend to remain in a mid-range (approximately
0.4), indicating underestimation of highly polarized
cases.

Several factors may explain this phenomenon.
First, as shown in Figure 4, the number of items in
the highest opposition index bin is relatively small,
which limits the model’s ability to learn stable pat-
terns for extreme polarization when such cases are
rare in the training set.

Secondly, items with a high polarization index are
more prone to noise when a few annotators devi-
ate significantly from the majority. When annotation
noise inflates the opposition index, the resulting pat-
terns may not reflect stable item features, causing
the model to regress toward the mean.

Finally, extreme opposition may partly result from
other factors beyond the text itself, such as an-
notators’ ideological differences, personal experi-
ence, or differing interpretations of the guidelines,
which cannot be inferred from textual features alone.
Across the three datasets, items are labeled by
annotators with diverse socio-demographic back-
grounds, which are not evenly distributed across
items. As a result, certain influences cannot be
fully inferred from item-level features alone.
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7. Limitations of Current Experiments

Firstly, although this paper examines the predictabil-
ity of annotation variation from textual features, it
cannot be assumed that the state-of-the-art en-
coder model, which converts texts into embeddings,
perfectly captures all textual information (Lucy and
Gauthier, 2017; Zhang et al., 2024; Zhang and Çöl-
tekin, 2024). There can be information loss during
the embedding process, and some linguistic cues
may not be fully represented. Secondly, the num-
ber of annotations per item is limited, which limits
the reliability of opinion divergence and distribu-
tional estimates. Additionally, the observed rating
distributions may be sensitive to sampling noise.
The datasets used in this work are crowd-sourced.
Although crowd-sourced data increases annotator
diversity, it also introduces additional noise, making
human opinion modeling more challenging. Finally,
Likert scales are restricted to three or five cate-
gories in the datasets we experiment with. With few
annotators and coarse-grained scales, the space of
possible variance or distributional values becomes
highly discrete. For example, when only three anno-
tators are available, certain distribution proportions
(e.g., 0.33 or 0.66) occur frequently due to combina-
torial constraints rather than meaningful underlying
differences. This discreteness reduces the granu-
larity of human opinion divergence and can affect
the interpretability of predicted distributions.

8. Conclusion

This study investigates the extent to which anno-
tation variation can be inferred from item-level fea-
tures alone. We explore two aspects of annota-
tion variation: human annotation variance estima-
tion and opposing stances prediction. Our results
show that variance derived from predicted distribu-
tions achieves performance comparable to direct
variance regression when appropriate loss func-
tions, such as Earth Mover’s Distance and its vari-
ant with mean regularization, are used. Beyond
predicting a single summary statistic like variance,
distribution-based approaches can better capture
disagreement structure, such as annotators’ op-
posing stances. To quantify this, we propose the
opposition index and demonstrate its use across
three datasets. These findings have practical im-
plications for future annotation design: resources
can be allocated more efficiently by assigning more
annotators to items likely to exhibit opinion diver-
gence, while reducing effort on items with clear
consensus.
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Abstract
Offensive language detection systems often rely on majority-aggregated annotations, overlooking the diversity of
perspectives that shape how different communities perceive harm. In this contribution, we introduce HurtLens, a
perspectivist corpus of hurtful language leveraging four disaggregated datasets which are automatically enriched
through HurtLex lemmas, a multilingual resource of offensive and derogatory terms. Using mixed-effects modeling,
we investigate how annotators’ sociodemographic backgrounds, the presence of specific types of offensive
language (through Hurtlex categories) and their interaction influence offensiveness ratings. Our analysis reveals
that offensiveness ratings are influenced both by annotators’ sociodemographic characteristics (particularly when
considering them in intersection) and by the presence of specific types of offensive language. Additionally, we identify
significant interaction effects showing that different demographic groups vary in their sensitivity to texts containing
particular types of offensive language.

Keywords: offensive language, perspectivism, language resources, sociodemographic analysis

WARNING: This paper contains examples of offen-
sive or upsetting content.

1. Introduction

A single word can hurt, but not everyone is of-
fended by the same type of words in a specific
context. Offensiveness is a complex phenomenon,
where context and individual-subjectivity play a sig-
nificant role (Kiritchenko et al., 2021).

The problem of offensive speech detection is not
new in literature, neither in NLP nor in other related
fields such as linguistics, social sciences, and com-
munication sciences (Fortuna and Nunes, 2018).
However, when it comes to offensive speech detec-
tion, what is mainly done is to annotate datasets
based on the majority opinion of annotators, thus
losing essential information such as minority views
(Mostafazadeh Davani et al., 2022). A turning point
in this regard has been provided by the perspec-
tivist approach, which calls for the release of dis-
aggregated resources and systems that learn from
disagreement (Cabitza et al., 2023a).

In this work, we introduce HurtLens, a perspec-
tivist corpus of hurtful language1 that preserves dis-
aggregated annotations across sociodemographic
groups. This corpus enriches four existing re-
sources under the lens of HurtLex lemmas, en-
abling the analysis of how different sociodemo-
graphic groups respond to different types of hurt-
ful expressions. HurtLex is a multilingual lexicon
containing offensive and hateful words, which are

1Throughout this work, we use the terms hurtful and
offensive interchangeably to refer to language that may
cause harm or be perceived as disrespectful, since both
terms encompass a spectrum of harmful language phe-
nomena (Poletto et al., 2020).

mapped to 17 categories indicating the semantic
area of the word used to offend. For example
“wh*re” falls in the category of words related to
prostitution, while “pig” in that of animals (Bassig-
nana et al., 2018).

Importantly, HurtLens includes both offensive
and non-offensive uses of potentially hurtful words,
reflecting the inherently contextual nature of offen-
siveness. Using our resource, we analyze how
sociodemographic characteristics (who), the pres-
ence of specific types of offensiveness (what) and
their interaction (who reacts to what) jointly shape
perceived offensiveness. We articulate our work
into three research questions:

RQ1 How do annotators’ sociodemographics influ-
ence their offensiveness ratings of texts?

RQ2 How does the presence of lemmas belonging
to specific HurtLex categories influence the
offensiveness ratings?

RQ3 Do certain demographic groups exhibit dif-
ferent sensitivity to texts including certain
HurtLex categories of offensive language?

Following previous works by Homan et al. (2024),
we leverage multilevel modelling (Gelman and
Hill, 2006) (or mixed-effects modelling), to ana-
lyze these three levels. This approach enables
the examination of how sociodemographic factors,
categories of hurtful language, and group-specific
sensitivities interact, while accounting for inherent
variability in both the text itself and the annotators.

Our analysis reveals that intersectionality of
sociodemographic traits provides a more com-
prehensive explanation of rating behaviour com-
pared to independent sociodemographics. Further-
more, we observe that the presence of specific
types of hurtful words also informs the ratings pre-
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diction. Finally, analyzing the interaction between
sociodemographics and types of hurtful lemmas,
we uncover different sensitivities across age
and race groups to different types of offensive
lemmas.

The full code is publicly available2.

2. Related Works

In recent years, the growing presence of offensive
and discriminatory language in public debate and
on online platforms has attracted increasing atten-
tion, becoming a major concern for society and the
scientific community in various fields. An approach
to addressing this issue has been to develop mod-
els for the recognition of hate speech (Basile et al.,
2019; Zampieri et al., 2020), requiring linguistic
resources for model training and benchmarking
mostly based on annotated texts taken from social
media platforms (Poletto et al., 2020; Alkomah and
Ma, 2022; Yu et al., 2024; Fortuna et al., 2020;
Ollagnier, 2024).

Although previous research has focused mainly
on textual resources, there are also studies that
treat words as clues for analysing hate speech, us-
ing lexical knowledge to identify offensive language.
Lexica based on this assumption are presented,
for example, in Wiegand et al. (2018) and Bassig-
nana et al. (2018). HateWiC (Wiegand et al., 2018)
provides a basic and automatically expanded lexi-
con of words in context, based on the assumption
that offensive terms constitute a subset of nega-
tively polarized expressions. HurtLex (Bassignana
et al., 2018), on the other hand, is a multilingual
lexicon of hate originally developed for Italian and
organised into 17 semantic categories. The lexicon
was then expanded through links to synset-based
lexical resources such as MultiWordNet and Babel-
Net, and extended to multiple languages through
semi-automatic translation and expert annotations.

In the same years, a new paradigm in linguistic
annotation has emerged, highlighting the inher-
ently subjective nature of human annotation (Aroyo
and Welty, 2015). In this context, disagreement
is no longer seen as background noise, but as a
meaningful signal (Uma et al., 2021; Plank, 2022).
Building on this view, the perspectivist approach
seeks to model and preserve annotators’ view-
points (Basile, 2021; Cabitza et al., 2023b). This
has led to the spread of disaggregated corpora and
datasets (Sap et al., 2022; Sachdeva et al., 2022;
Frenda et al., 2023), and a shift in research towards
the analysis of the perspectives that emerge from
the annotation process itself (Mostafazadeh Da-
vani et al., 2022; Homan et al., 2024; Sap et al.,
2022).

2https://github.com/SDavenia/hurt_
persp

Previous works have analyzed the effect of so-
ciodemographic variables in subjective NLP tasks.
Hu and Collier (2024) analyse the role of non-
intersectional persona variables, finding that they
explain up to 10% of the variability in those datasets.
Homan et al. (2024) show that safety judgments
in conversational AI are highly subjective and
shaped by intersectional demographic factors, with
Bayesian multilevel models revealing how gender,
race/ethnicity, age, and education jointly influence
annotators’ perceptions of conversational harm
and surface underrepresented perspectives.

3. HurtLens: A Corpus of
Perspectivist Hurtfulness

In this section, we describe the construction of
HurtLens, a corpus of social media posts featuring
lemmas from the HurtLex lexicon of hurtful words
(Bassignana et al., 2018), encompassing both of-
fensive and non-offensive usages. We first present
the lexicon and the source datasets upon which
HurtLens relies, and then describe the construction
process.

3.1. HurtLex

As previously mentioned, HurtLex (Bassignana
et al., 2018) is a multilingual computational lexicon
of offensive and hateful expressions, originally de-
rived from the Italian lexicon Le Parole per Ferire
developed by De Mauro (2016). We chose this
lexical resource for its detailed categorical struc-
ture, which enables fine-grained analyses across
different semantic types of offensive language. In
addition, it is a widely adopted resource explicitly
designed with a multilingual perspective (Stanković
et al., 2020; Stamou et al., 2022; Tontodimamma
et al., 2023; Osenova, 2024) and its effectiveness
for offensive language detection has been demon-
strated in numerous studies (Koufakou et al., 2020;
Giordano and Di Buono, 2023; Árcos and Pérez,
2023).

In this work, we leverage the English HurtLex-
core lexicon, containing 501 lemmas. Each lemma
is associated with a semantic category tag that
reflects the taxonomy defined in the original Ital-
ian lexicon and preserved across its multilingual
extension. These categories capture the kind of
harmful or sensitive concept the word expresses,
with some referring to social groups (e.g. ethnic
slurs), or others to personal characteristics (e.g.
physical or cognitive disability).

One of the authors of this paper, with a Linguis-
tics training, manually reviewed each entry and
removed entries with no known offensive usage.
Entries were retained if they exhibited at least one
of the following: (i) explicit offensiveness or abusive
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Figure 1: HurtLens construction steps. Example with entries from the SBIC dataset.

meaning (e.g., “wh*re”), (ii) non-literal derogatory
usage arising from semantic shift or metaphor (e.g.,
“pig”), (iii) negative evaluative connotation without
direct insult and (iv) vulgarity, such as terms related
to sexuality that may occur in derogatory contexts.

Additionally, the same author reviewed the se-
mantic categories to handle incorrect assignments
due to translation (such as “idiot” associated with
the category plant). We also include an addi-
tional category indicating lemmas that fall within
the sphere of sexuality (sexual words) which are
distinguished from words strictly related to male
genitalia or female genitalia. The resulting lexicon
includes 341 of the 501 entries available in the orig-
inal published resource and a total of 18 lexical
categories. The full set of categories, along with
their definitions and example lemmas are included
in Appendix A

3.2. Datasets and Harmonization

The selection of source datasets is guided by the
following criteria: (i) availability of English-language
data, (ii) focus on abusive or related phenomena,
and (iii) provision of disaggregated annotations,
including annotator-level sociodemographic infor-
mation.

Table 1 provides an overview of the four datasets
included in HurtLens. Below we detail what anno-
tators were asked to label in each dataset and
how we mapped the original labels onto a binary
offensive/not offensive distinction.

• Attitudes (Sap et al., 2022): Annotators
were asked “How toxic/hateful/disrespectful
or offensive does this post seem to you?”,
“How much could this post be seen as
toxic/hateful/disrespectful or offensive to any-
one?” and “In your opinion, how racist is this
post?” on a 1-5 scale.

• Voiced (Weerasooriya et al., 2023): Annota-
tors were generally asked if the text was of-
fensive to them, using a four-point scale (Not

at all Offensive, Slightly Offensive, Moderately
Offensive, Very Offensive).

• SBIC (Sap et al., 2020): Annotators were
asked whether a post could be considered
“offensive to anyone” with three possible cate-
gorical answers (yes, maybe, no).

• POPQUORN (Pei and Jurgens, 2023): An-
notators were asked “Consider you read the
above comment on Reddit, how offensive do
you think it is?”. on a 1-5 Likert scale, where
1 means "Not offensive at all" and 5 means
"Very offensive".

Given that each dataset adopts its own concep-
tualization of offensive speech, we perform a har-
monization process over both the offensive speech
labels and the annotators’ demographic variables.

For the offensive speech labels, we reduce the
label space to a binary setting, mapping all in-
stances to either the offensive or non-offensive
class. Specifically, we adopt a conservative harmo-
nization in which all labels indicating any degree
of offensiveness are grouped into the offensive
class 3. This strategy was chosen to retain all
possible ways of using a lemma offensively, re-
gardless of the degree, to capture a broader range
of potential harmfulness. We further discuss the
implications of this choice in Section 7.

For the sociodemographic variables, we nor-
malize heterogeneous annotations into a unified
schema. Gender is mapped to four categories
(man, woman, nonBinary, transman), while for
race we consider seven groups (asian, black, his-
panic, white, native, arab, other ). Age is dis-
cretized into standard intervals (18–24, 25–34,
35–44, 45–54, 55–64, 65 or older ). Political ide-
ology is reduced to three categories (left, right,
other ), and education levels are grouped into
five (less_than_high_school, high_school_diploma,
bachelors_degree, graduate_degree, other ).

3https://github.com/SDavenia/hurt_
persp/blob/main/utils/dataset_lexicon_
processing.py

46



Dataset Platform #Annotations #Annotators #Texts #Off. Texts Avg/Annotator Avg/Text

Attitudes Twitter 3454 184 627 586(93.0%) 18.77 5.51

Voiced Reddit 44676 726 2338 2327(∼ 100%) 61.54 19.11

SBIC Tw./Red./Gab/Storm. 144649 304 45223 30863(68.0%) 377.71 2.54

POPQUORN Reddit 13036 262 1500 1338(89.0%) 49.76 8.69

Table 1: Summary of datasets with annotation statistics containing unique number of annotators, unique
total number of annotations, number of annotators, number of texts and number of offensive texts. We
report the number of offensive texts by counting instances where at least one annotator flagged it as
offensive.

This harmonization enables consistent cross-
dataset comparisons while preserving the core
demographic distinctions captured in the original
annotations.4

3.3. HurtLens

For each HurtLex lemma, we construct HurtLens
by retrieving from the selected datasets instances
in which the lemma appears, encompassing both
hurtful and non-hurtful usages. We use spaCy
to perform lemmatization and part-of-speech tag-
ging on the texts, and then we match the extracted
lemma–POS pairs with the corresponding HurtLex
entries.

A visual workflow of HurtLens is reported in Fig-
ure 1, while Table 2 reports its main statistics,
where triplets correspond to the extracted text-
lemma-annotation units.

Dataset #Triplets #Texts #Offensive #Annotators

Attitudes 3052 364(58.0%) 356(97.8%) 148(80%)

Voiced 41468 1332(57%) 1331 (∼ 100%) 726(100%)

SBIC 59429 18066(40%) 14331(79.3%) 235(77%)

POPQUORN 6665 569(38%) 546(96.0%) 262(100%)

HurtLens 110614 20331(40.9%) 16564(81.5%) 1371(92.9%)

Table 2: Summary of HurtLens statistics, triplets
are the extracted text-lemma-annotations. We re-
port also the number of texts extracted, the number
and percentage of texts originally annotated as of-
fensive, the number of unique annotators, and the
percentage of annotators retained from the original
datasets after retrieval.

4. Methodology

We model the offensiveness label, which is our
dependent variable y as a binary variable using
a generalized linear mixed model, using logistic
regression with a logit link function.

4https://github.com/SDavenia/hurt_
persp/blob/main/data/sociodemographic_
mappings.json

4.1. Preprocessing for Modelling

For this analysis, we only consider the sociodemo-
graphic variables which are available in all datasets
considered, namely race, age and gender. To en-
sure reliable estimates of the model parameters,
we excluded all sociodemographic levels for which
any combination with other variables (correspond-
ing to the interaction effects) has less than 30 ob-
servations. A similar filtering is conducted on the
HurtLex categories. We filter these cases for the
purposes of the present analysis; however, the re-
leased resource retains them for other downstream
uses.

Moreover, we remove all instances where some
sociodemographic is set to other, as it is deemed
not informative. After this filtering step we are left
with the following levels for each variable: age
(18-24, 25-34, 35-44, 45-54, 55-64), therefore ex-
cluding 65 or older ; race (white, black, asian),
excluding hispanic, native, arab; gender (man,
woman), excluding non-binary, transman, while for
the HurtLex categories we exclude is_or (plants),
with a total of 17 types of offensive language.

After this filtering step, the dataset upon which
we build our models consists of 70062 text-
annotator instances, from 1247 unique annotators
on 19945 unique texts.

For modeling purposes, both sociodemographic
variables and lexical category tags correspond to
the fixed effects under investigation for this analy-
sis, while a by-annotator and by-text intercept for
annotator_id and text_id are included as random
effects to account for text and annotator variability.
Additionally, for the sociodemographic variables we
set the reference level to the most common traits,
namely white, man, 25-34.

4.2. Models Definition

The null model (N) does not include any fixed
effexts and only considers a by-annotator and by-
text random intercept. In R notation:

y ∼ 1 + (1|rater_id) + (1|text_id)
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Sociodemographic-only Models These models
only consider the sociodemographic variables as
fixed effects.

For the first model we consider these variables
as independent, non-intersecting predictors. We
denote this model as the sociodemographic
model (S), in R notation:

y ∼ race+age+gender+(1|rater_id)+(1|text_id)

For the second model, we focus on the inter-
action between race and the other two sociode-
mographics, grounded in previous literature on in-
tersectionality which showed that it is a common
predictor to interact with other variables (Homan
et al., 2024). We denote this model as the sociode-
mographic race-intersectional model (SRi), in
R notation:

y ∼ race∗(age+gender)+(1|rater_id)+(1|text_id)

Tags Model We consider a model using each
binary variable denoting the presence of lemmas
from certain HurtLex categories as independent
fixed-effects. We denote this model as the tag
model (T), in R notation:

y ∼ is_ps + ...+ is_re + (1|rater_id) + (1|text_id)

Sociodemographics-Tags Interaction Models
For this set of models, we consider both sociode-
mographic variables and whether the text contains
lemmas from certain HurtLex categories.

We first include a model where the race-
intersectional model is enriched with the var-
ious tags. This model is denoted as race-
intersectional + tags model (SRi-T), in R nota-
tion:

y ∼ race ∗ (age + gender)+
+ is_ps + · · ·+ is_re
+ (1 | rater_id) + (1 | text_id)

Finally, we define a model that allows us to inves-
tigate how different sociodemographic traits inter-
act with texts containing different types of offensive
language, identified via HurtLex categories. Fit-
ting an interaction term between each category tag
and sociodemographic variable would lead to an
overly-complex model. As such, we conduct an
exploratory analysis to identify which interaction
terms are of interest.

The methodology for this exploration is de-
scribed in Section 4.3 with results in Section 5.1,
leading to the inclusion of 4 interaction terms be-
tween age and category tags and 3 for age. The
final model is denoted as race-intersectional +
tag-sociodemographic model (SRi-TS), in R no-
tation:

y ∼ race ∗ (age + gender)+
+ is_ps + · · ·+ is_re
+ (is_asm + is_ddp + is_ps + is_asf) ∗ race
+ (is_ddf + is_pa + is_is) ∗ age
+ (1 | rater_id) + (1 | text_id)

4.3. Exploratory Analysis Methodology

To select meaningful interaction terms for the SRi-
TS model, we conduct an exploratory analysis to
identify which texts, grouped by the presence of
lemmas from specific HurtLex categories, cause
different demographic levels to diverge most in their
offensiveness ratings.

For every pair of levels of a sociodemographic
variable (A, B) and category c, we identify the tex-
tual instances containing at least one lemma be-
longing to category c that were rated by at least
one annotator from each group, and obtain a within-
group majority label (excluding ties). We compute
the divergence between groups A, B on category c
as:

wc
AB = (nc

A>B − nc
B>A)/nAB

Where nc
A>B indicates the number of instances

annotated as offensive by sociodemographic level
A but not B and nc

B>A the opposite, over a total of
nc
AB instances with lemmas from category c that

were rated by both. This coefficient wAB ∈ [−1, 1]
serves as a sensitivity index: values near 0 indicate
consensus, while values toward the extremes indi-
cate that one group consistently perceives those
texts as more offensive than the other. To avoid
drawing conclusions from a few observations, we
exclude pairs with fewer than 20 comparisons, and
include interaction terms between the sociodemo-
graphic variable and c if there is at least a coeffi-
cient wc

AB > 0.25. This procedure is exploratory
and heuristic rather than a formal model-selection
method, and its limitations are discussed in Sec-
tion 7.

5. Results

5.1. Exploratory Analysis

For our exploratory analysis, we compute wc
AB for

every pair of values A,B for a specific sociodemo-
graphic variable and category c. We visualize only
comparisons for pairs and tags where there is at
least a coefficient larger in absolute value than 0.20.
Cells highlighted in green indicate that annotators
from the first group on the x-axis annotated more
instances as offensive, while those in pink indicate
the opposite.
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Figure 2: wAB values for levels of race, only show-
ing pairs and tags where at least one entry is
greater or equal than 0.20. A positive value (in
green) indicates that the first entry in the compari-
son annotated more as offensive, while a negative
one indicates the opposite.

Figure 2 shows the results for race. We observe
that across the observed categories white anno-
tators tend to label more instances as offensive
than both black and native annotators, and the
same behaviour is observed for asian annotators
compared to black ones.

From this exploration we decided to include
an interaction term between race and asf, ddp,
asm, ps (corresponding to female genitalia, cogni-
tive disability, male genitalia and negative stereo-
types/ethnic slurs). An interaction term with pr
(words related to prostitution) is not included as it
appears above our threshold only in a comparison
with race=hispanic, which is not included in the
model as stated before.

Figure 3 shows the results of the exploratory
analysis for age. We observe that in general across
the observed categories, young annotators tend
to label more instances as offensive compared to
older ones, with only some exceptions.

Similarly to what we did for race, we de-
cided to include interaction terms between age
and ddf, is, pa (corresponding to physical dis-
ability, social/economic disadvantage and profes-
sions/occupations). An interaction term with ddp
(corresponding to cognitive disability) is not in-
cluded since level 65 or older is excluded from
the model.

Concerning gender, across all combinations, no
wAB is above our pre-specified threshold and no
interaction term is included in the model.

5.2. Model Comparison

We report number of degrees of freedom, marginal
and conditional R2, Akaike (AIC) and Bayesian
(BIC) Information Criteria across all models in Ta-
ble 3. Degrees of freedom reflect model complexity
in terms of the number of estimated parameters.
Marginal R2 represents the proportion of variance
explained by fixed effects alone, while conditional
R2 captures the variance explained by both fixed
and random effects. AIC and BIC are informa-
tion criteria used for model comparison, balanc-
ing goodness of fit with model complexity; lower
values indicate a better trade-off between fit and
parsimony.

Model df M-R2(↑) C-R2(↑) AIC(↓) BIC(↓)
N 3 — 81.1 62661 62689

S 10 3.2 81.6 62592 62683
SRi 20 5.3 81.7 62573 62756

T 19 4.2 81.6 61189 61363

SRi-T 36 9.3 82.2 61101 61431
SRi-TS 56 9.4 82.2 61087 61600

Table 3: Model comparison statistics, reporting
number of degrees of freedom (df), marginal and
conditional R2 (M-R2, C-R2) as percentage of total
variability, AIC and BIC.

The results from the null model reveal that 81.1%
of variability can be accounted for by the random
effects, indicating that a large part of variance is
explained by text-specific and annotator-specific
characteristics.

The results from the sociodemographic models
indicate that sociodemographic variables treated
independently (S) account for 3.2% of the total vari-
ability. However, when modeled with an intersec-
tional approach (SRi) they account for 5.3% of total
variability, emphasizing the importance of con-
sidering interaction effects with an intersec-
tional approach. These findings agree with Hu
and Collier (2024), who observed that sociode-
mographic variables accounted for 4.5% and 2.9%
on AnnwithAttitudes and POPQUORN respectively.
Similarly, in line with previous work on intersec-
tionality by (Homan et al., 2024), when consid-
ering the intersection of race with the other so-
ciodemographic variables the explained variability
increases.

The results from the tag model (T) indicate that
the presence of specific HurtLex lemma category
tags accounts for 4.2% of total variability when
treated independently. This effect is similar in mag-
nitude to that of the sociodemographic variables.

When considering the models leveraging both
tags and sociodemographics information (SRi-T,
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Figure 3: wAB values for levels of age, only showing pairs and tags where at least one entry is greater
or equal than 0.20. A positive value (in green) indicates that the first entry in the comparison annotated
more as offensive, while a negative one indicates the opposite.

SRi-TS), the variability explained by those fac-
tors jumps to 9.3% for the model not considering
sociodemographic-tags interactions and 9.4% for
the other. This increase compared to both tags-
only and sociodemographic-only models indicates
that the sociodemographics and presence of spe-
cific lemma category tags model different aspects
of the variability.

While the interaction model (SRi-TS) only results
in a small increase in marginal R2, we choose to
utilize this model as it allows us to investigate the
interaction between sociodemographic groups and
the presence of lemmas from HurtLex belonging
to the identified categories. Moreover, while BIC
favours simpler models due to its penalty for larger
parameters, the decrease in AIC compared to all
other models justifies the inclusion of the interac-
tion terms of the SRi-TS model.

5.3. Effects and Interaction of
Sociodemographics and Tags

For the rest of the analysis, the predicted
probabilities of offensive ratings are obtained
with the SRi-TS model using the Average
Marginal Effect (AME) method via the ggeffects
package predict_response function with
margin="average", ensuring the predicted
probabilities are averaged over the distribution of
all observations (Lüdecke, 2018). Additionally, we
include the 95% confidence interval error bars for
these predicted probabilities.

Effect of Sociodemographics To answer RQ1,
we investigate how the effect of age and gender
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Figure 4: Predicted probability of offensiveness
rating (AME) for race and age interaction.

varies across different levels of race. This allows
us to visualize the intersectional component of the
model, allowing for the influence of age and gender
to vary depending on the annotator’s race.

Figure 4 shows the effect of age across differ-
ent levels of race. We note that while for white
annotators older age groups have lower predicted
probability of rating a text as offensive than younger
groups, an opposite trend is observed on average
when focusing on black annotators, with only lit-
tle overlap between the error bars for 25− 34 and
55 − 64 age groups. Within asian annotators, we
observe that the 25− 34 group is identified as be-
ing the one most likely to rate content as offensive.
However, for the other groups, particularly the older
ones, the limited number of observations leading
to large confidence intervals does not allow us to
derive strong conclusions.

Similarly, Figure 5 shows the effect of gender
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Figure 5: Predicted probability of offensiveness
rating (AME) for race and gender interaction.

across different levels of race. We observe that
across both white and asian annotators, women
appear to be less likely to rate texts as offensive,
while this behaviour is not observed in black anno-
tators.

Effect of Tags To answer RQ2, we investigate
how the presence of lemmas belonging to certain
HurtLex Categories impacts the predicted prob-
ability of offensiveness of those texts. Figure 6
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Figure 6: Predicted probability of offensiveness
rating (AME) for texts containing lemmas from dif-
ferent HurtLex category tags.

shows how the predicted probability of a text being
offensive changes based on which HurtLex tag the
text contains. We observe that texts containing
words related to stereotypes, slurs (is_ps), female
genitalia (is_asf ) and prostitution (is_pr ) are much
more likely than the others to be annotated as of-
fensive, with the CI lower bound above 0.80. On
the contrary, texts containing potentially negative
words (is_qas), animals (is_an), seven deadly sins
(is_svp) and moral/behavioral defects (is_dmc) are
less likely than the others to be annotated as offen-
sive, with the upper bound of the CI falling below
0.7.

Effect of Sociodemographics and Tags Interac-
tions Finally, to answer RQ3 we investigate how
different sociodemographic groups vary in their
offensiveness ratings on texts containing words
belonging to different HurtLex categories. For our
SRi-TS model, described above, we included 3 in-
teraction effects with age and 4 with race. Here
we report only those where we observed at least a
significant interaction effect compared to the base
group (i.e. 25− 34 for age and white for race).
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Figure 7: Predicted probability of offensiveness
rating (AME) for texts containing words related to
male genitalia (is_asm) for varying levels of race.

Figure 7 shows how annotators with different
race change their ratings comparing texts without
male-genitalia related words to those containing
them. We observe that while across all groups
the presence of is_asm (male genitalia) words
increases the predicted probability of offensive-
ness ratings, this increase is more pronounced for
asian annotators. In particular, asian annotators
are more similar to black annotators when those
terms do not appear, and less likely than white
annotators to identify texts as offensive, but their
offensiveness ratings are more similar to white an-
notators for texts containing asm related lemmas.
This indicates that asian annotators appear to be
particularly sensitive to lemmas belonging to this
category. This agrees with our exploratory findings
where we did not identify any difference between
white and asian annotators on these terms.

Similarly, Figure 8 shows how annotators with
different race change their ratings comparing texts
with cognitive-disability related words to those con-
taining them. We observe different effects across
the different race groups, where asian and white
annotators become slightly more likely to identify
texts as offensive when they contain ddp (cogni-
tive disability) lemmas, while for black annotators
the opposite behaviour is observed. This com-
plements our exploratory findings, where we ob-
served that both asian and white annotators were
more likely than black annotators to annotate as of-
fensive texts containing cognitive-disability related
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Figure 8: Predicted probability of offensiveness
rating (AME) for texts containing words related to
cognitive disability (is_ddp) for varying levels of
race.
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Figure 9: Predicted probability of offensiveness
rating (AME) for texts containing words related to
physical disability (is_ddf ) for varying levels of age.

Finally, Figure 9 shows how annotators with dif-
ferent age change their ratings comparing texts
with physical-disability related words to those con-
taining them. We observe different effects across
various age groups. In particular, while for younger
age groups (up to 35 − 44 group), the annotators
are more likely to rate texts containing ddf (phys-
ical disability) lemmas as offensive, this change
is not observed in the older demographics. This
points to younger generations being more sensitive
to the topic of physical disability.

6. Conclusions

In this work, we introduce HurtLens by enrich-
ing existing disaggregated datasets with hurtful
lexicon-based information. We demonstrate that
offensiveness perception is shaped by both the
sociodemographic characteristics of annotators,
the lexical categories of hurtful words present in
texts and the interaction between them. Through
the proposed mixed-effects modelling approach

(SRi-TS) we found that intersectional modelling
increased explained variance (marginal R2) com-
pared to models including independent sociode-
mographic predictors. In particular, race and age
groups exhibited different rating shifts depending
on the presence of specific lexical categories, un-
covering novel insights into group-specific sen-
sitivities to distinct types of hurtful language.

These findings underscore the importance of
adopting perspectivist approaches to offensive lan-
guage detection.

Moreover, our methodology is generalizable to
other pragmatic phenomena, provided a prior struc-
tured knowledge, e.g., a lexicon capturing the
target phenomenon, and suitable disaggregated
source datasets.

As part of future work, we intend to further inves-
tigate not only the categories but also the individual
lemmas in HurtLex, examining how the perception
of specific lemmas varies according to sociodemo-
graphic variables and context of use. By shifting
the analysis to the lemma level, it will also be pos-
sible to incorporate additional lexical resources in
order to expand the lexical coverage.

Furthermore, we aim to leverage perspective-
specific examples from HurtLens to tackle over-
moderation issues in Large Language Models on
offensive speech detection. Current systems of-
ten struggle to identify hurtless usage of certain
lemmas, leading to many False Positives (Draetta
et al.). By utilizing a perspectivist corpus which
also includes non-offensive usage of certain words
and demographic-specific interpretations could
help models disambiguate between different uses
of these words.

Finally, we intend to adopt community-led and
participatory approaches to validate and refine the
resource with input from the demographic groups
represented in our analyses.

7. Ethics Statement and Limitations

Ethics Statement The primary goal of HurtLens
is to provide a resource for combating online hate
by enabling more nuanced models that can bet-
ter account for the multifaceted nature of offen-
siveness perception across different demographic
groups, ultimately supporting more equitable con-
tent moderation systems. We acknowledge that
resources documenting hurtful language carry in-
herent risks of misuse. HurtLens is intentionally
designed to expose the diversity of perspectives
on offensiveness rather than to provide a definitive
catalog of harmful terms. The resource should not
be used to target or harass specific demographic
groups, nor to train models that disproportionately
silence marginalized voices. Our perspectivist ap-
proach is motivated by the goal of reducing bias
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in content moderation by making systems aware
of how different communities perceive harm differ-
ently, thereby avoiding both over-moderation of mi-
nority perspectives and under-moderation of actual
harmful content. We strongly discourage any ap-
plication of this resource that would amplify harm
or reinforce existing power imbalances in online
spaces.

Limitations We identify limitations of our work.
First, it is restricted to the English language, which
may limit the generalization of the findings to
other linguistic and cultural contexts. Similarly, our
methodology builds upon the HurtLex lexicon, and
therefore inherits its coverage limitations despite
our revision efforts. Additionally, the resource fo-
cuses on explicit lexical realizations of hurtful lan-
guage and does not account for implicit expres-
sions of hate or stereotypes, which often require
deeper contextual and pragmatic interpretation.
Furthermore, our use of spaCy for lemmatization
may fail to resolve non-standard slang or inten-
tional misspellings.

From a modeling perspective, our selection of
interaction terms between sociodemographic lev-
els and HurtLex categories was guided by an ex-
ploratory analysis rather than an exhaustive search
using more appropriate model selection criteria.
While this approach allowed us to identify salient
interaction terms, it is not exhaustive. Moreover,
we did not consider intersectional groups interac-
tions with lexical categories, which could capture
additional patterns. As a methodological note, em-
ploying Bayesian approaches could provide more
robust and interpretable estimates, but given the
dataset size we were limited by computational re-
quirements for this exploratory analysis.

Another limitation arises as we reduced hetero-
geneous annotation schemes to a binary offensive
vs. non-offensive label which may hide important
differences in the original scales. In particular, our
conservative choice to treat any degree of offen-
siveness as offensive merges mild, ambiguous,
and severe cases into a single case. While this
supports a broad view of harmful usage, different
thresholding choices (e.g., excluding mid-scale val-
ues) could lead to different distributions and effects.

Finally, combining multiple source datasets intro-
duces potential confounds, as they differ in anno-
tation guidelines, platform, and annotator compo-
sition. As a result, some observed demographic
or lexical effects may partly reflect dataset-specific
artifacts rather than general patterns. While our
unified analysis aims at capturing broader trends,
controlling for dataset effects (e.g., via per-dataset
models or dataset indicators) could help disentan-
gle these factors, and we leave this for future work.
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and Cvetana Krstev. 2020. Multi-word expres-
sions for abusive speech detection in Serbian. In
Proceedings of the Joint Workshop on Multiword
Expressions and Electronic Lexicons, pages 74–
84, online. Association for Computational Lin-
guistics.

Alice Tontodimamma, Lara Fontanella, Stefano An-
zani, and Valerio Basile. 2023. An italian lexi-
cal resource for incivility detection in online dis-
courses. Quality & Quantity: International Jour-
nal of Methodology, 57(4):3019–3037.

Alexandra N. Uma, Tommaso Fornaciari, Dirk Hovy,
Silviu Paun, Barbara Plank, and Massimo Poe-
sio. 2021. Learning from disagreement: A sur-
vey. Journal of Artificial Intelligence Research,
72:1385–1470.

Michael Wiegand, Josef Ruppenhofer, Anna
Schmidt, and Clayton Greenberg. 2018. In-
ducing a lexicon of abusive words – a feature-
based approach. In Proceedings of the 2018
Conference of the North American Chapter
of the Association for Computational Linguis-
tics: Human Language Technologies, Volume
1 (Long Papers), pages 1046–1056, New Or-
leans, Louisiana. Association for Computational
Linguistics.

Zehui Yu, Indira Sen, Dennis Assenmacher, Mattia
Samory, Leon Fröhling, Christina Dahn, Deb-
ora Nozza, and Claudia Wagner. 2024. The
unseen targets of hate - A systematic review

of hateful communication datasets. CoRR,
abs/2405.08562.

Marcos Zampieri, Preslav Nakov, Sara Rosenthal,
Pepa Atanasova, Georgi Karadzhov, Hamdy
Mubarak, Leon Derczynski, Zeses Pitenis, and
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A. Additional Details

A.1. HurtLex categories

Column Tag Definition Example

ps negative stereotypes dearethnic slurs jewish
pa professions and occupations cop
ddf physical disabilities and diversity disabled
ddp cognitive disabilities and diversity dumbass
dmc moral and behavioral defects liar

is words related to social and economic disadvantage poor
or plants melon
an animals snake

asm male genitalia dick
asf female genitalia pussy
pr words related to prostitution slut
om words related to homosexuality twink
qas with potential negative connotations camp
cds derogatory words baby
re felonies and words related to crime and immoral behavior abuse

svp words related to the seven deadly sins of the Christian tradition rage
sex words related to sexual acts fuck

Table 4: Hurtlex categories with their definitions
and example lemmas.
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Abstract
This paper introduces a new metric, called σ, that quantifies the degree of systematicity in inter-annotator
disagreement. The metric is inspired by Structural Balance Theory and is designed to approximate the clusterability
of annotators in a dataset. When paired with a standard inter-annotator agreement measure such as Krippendorff’s
α, σ provides a complementary signal designed to capture the extent to which disagreement stems from genuine
subjective factors rather than from ambiguity or annotation noise. The metric is applied to over twenty datasets
encoding a broad variety of annotations, showing a tendency to produce higher values for tasks conventionally
considered subjective.

Keywords: Inter-annotator agreement, Subjective tasks, Perspectivist NLP

1. Introduction

Inter-annotator agreement has been the main lens
to quantify, or at least approximate, the quality of
a human-annotated dataset (Artstein and Poesio,
2008). While this connection is unchallenged, the
recent attention on the phenomenon of Human la-
bel variation (Plank, 2022) in the NLP research
community has spurred proposals to investigate
the aspects that impact observed disagreement
and its multiple causes. Basile et al. (2021) argue
that annotator disagreement can be traced to a
variety of causes, which they cluster in two main
sources:

• Ambiguity, encompassing all the exogenous
factors such as lack of clear annotation guide-
lines, less-than-ideal annotation interfaces, hu-
man distraction, or genuine errors;

• Subjectivity, the characteristic of a language
annotation task to depend strongly on the indi-
vidual perception, as well as the personal or
cultural background of the annotator.

The study of subjectivity-bound disagreement, al-
ready an important aspect mentioned in the seminal
work on disagreement by Aroyo and Welty (2015),
has led to interesting developments in the NLP
research community, including learning with dis-
agreements (Leonardelli et al., 2025; Uma et al.,
2022) and the perspectivist turn in NLP (Cabitza
et al., 2023).

While disagreement is a measurable signal (Sec-
tion 2), at the moment we lack a straightforward
procedure to determine the contribution of individ-
ual factors. The objective of this paper is to intro-
duce a computational tool to measure the degree
of systematicity of the disagreement of annotators
who expressed judgments on the same data.

2. Related Work

Cohen’s κ (Cohen, 1960) and Scott’s π (Scott,
1955) are quantitative indexes of the amount of
agreement between two annotators. With respect
to simpler measures (e.g., percent agreement), κ
and π account for the probability of the annotators
to agree by chance, just by virtue of imbalanced na-
ture of the label distribution, while differing slightly
in the definition of chance agreement. Fleiss’ κ ex-
tends both Cohen’s κ and Scott’s π to an arbitrary
number of annotators. Krippendorff’s α further ex-
tends π to cases where the annotation matrix is
sparse, i.e., not all annotators annotated every in-
stance, which is a common scenario, e.g., in a
crowdsourcing context.

While the aforementioned measures are
widespread, we note that they quantify disagree-
ment independently from its origin, or, in other
words, disregarding any knowledge about the
identity of the annotators. Checco et al. (2017a)
identify a set of pitfalls in the use of κ-like metrics,
especially in crowdsourcing contexts. Dumitrache
et al. (2018) introduce a set of metrics that consider
the distribution of the annotated instances and the
distribution of the annotators jointly, to account for
different annotator behaviors.

Akhtar et al. (2019) introduce the polarization
index, a measure of systematic disagreement at
the instance level. While the authors note that the
average polarization over an annotated dataset can
approximate an overall measure of systematic dis-
agreement, the polarization index needs a predeter-
mined partition of the annotator cohort into groups.
Recently, Tsirmpas and Pavlopoulos (2026) build
on the polarization idea and introduce statistical
tools to quantify the level of polarization in relation
with determined annotator groups (e.g., by socio-
demographic traits). Alacam et al. (2025) propose
a method to discriminate the effect of subjectivity vs.
uncertainty in hate speech annotation by leveraging
the confidence measured through gaze data. To
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cope with the need to know, or somehow box in the
identity of the annotators, several works propose
methods to learn annotator representations, mainly
as a step towards modeling human perspectives in
supervised classification contexts. Lo and Basile
(2023) apply clustering algorithms to vectors repre-
senting the entirety of each annotators activity. Con-
versely, the approaches of Mostafazadeh Davani
et al. (2022) and Mokhberian et al. (2024) learn an-
notator embedding from the annotated data. These
works are highly related to the present paper, where
a metric is defined that approximates the cluster-
ability of annotators. More precisely, this paper
proposes a metric that validates the assumptions
made by Lo and Basile (2023) and others, i.e., that
subjective tasks tend to produce annotations with
more separable clusters of annotators.

3. Systematicity of Inter-annotator
Disagreement

In Social Psychology, like/dislike relationships be-
tween humans are modeled through signed undi-
rected graphs, where the nodes represent the in-
dividuals and and edge between A and B repre-
sent their relationship (if present) as positive (+)
or negative (-). The theory of Structural Bal-
ance (Cartwright and Harary, 1956) models triadic
relationships and their possible states. As a classic
example, if a person A has a positive relation (e.g.
affection) for a person B, and if B is responsible
for an entity X (e.g. an event or an artifact, then
there will be a tendency for A to like or approve
of X. However, if the direct attitude of A towards
X (without considering B) is negative, the triangle
A-B-X is "imbalanced". At a more abstract level, the
theory posits that any three entities in relationship
with each other (a triangle) in such a graph tend to-
wards a balance achieved by either all edges being
+ or a situation where one edge is + and the other
two are -. The other two possible configurations are
instead regarded as imbalanced, as summarized
in Figure 1.
Davis (1967) applies the notion of structural bal-
ance to graphs, calling a balanced graph an undi-
rected signed graph where all triangles (i.e., cycles
of length 3) are balanced, and proving that a bal-
anced graph has a unique clustering. I extend this
definition to a degree of balancedness, that is, the
rate of triangles in an undirected signed graph that
are balanced:

σ =
(#balanced triangles)

(#triangles)
Next, the outcome of an annotation task is repre-

sented as a signed undirected graph, where each
node represents an annotator, and the +− sign indi-
cates whether the pair agrees (+) or disagrees (−).

Figure 1: Possible configurations of graph triangles
according to the sign of their edges in Structural
Balance theory.

The pairwise Krippendorff’s α is computed (α{i,j}
where i and j are two annotators) and compared
to overall agreement (α). Formally, the sign s of an
edge connecting two annotator-representing nodes
i and j is computed as follow:

s{i,j} =

{
+, if α{i,j} ≥ α

−, if α{i,j} < α

In this paper, I argue that σ, by virtue of approx-
imating the clusterability degree of an annotator
graph, will tends to higher values when the annota-
tion is related to more subjective tasks.

4. Experimental validation

σ is tested as a reliable measure of systematic
disagreement on a collection of manually anno-
tated datasets. The experiment reported in this
section has the goal of verifying the hypothesis that
datasets annotated according to subjective phe-
nomena should exhibit higher values of σ by virtue
of their disagreement being more systematic. On
the contrary, datasets where the agreement is not
systematic should exhibit lower σ.

For this experiment, it is crucial to have access to
disaggregated datasets, where individual annota-
tions are distributed rather than a single aggregate
annotation for each instance. The datasets col-
lected, listed in Section 4.2, have the general form
of an m × n matrix A where m is the number of
annotators, n is the number of instances, and Ai,j

is the label given by annotator i on instance j. A
can be fully populated or sparse (typical outcome
of crowdsourcing annotation).
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4.1. Experimental Setting
All the mainstream IAA measures, and in particu-
lar those listed in Section 2 are computed starting
from an instance vs. label contingency table. Note
that in this process, the identity of the annotators is
lost, because the contingency table does not model
any relationship between the annotations provided
by the same annotator. Therefore, any operation
Ai,j := Ak,j , Ak,j := Ai,j (swapping two annota-
tions on instance j provided by annotators i and k)
results in exactly the same IAA.

This characteristic of IAA measures is exploited
to test the hypothesis by generating randomized
variations of a dataset that preserve its overall IAA
(here computed as α). Firstly, the columns of A
are randomly divided into two groups. The rows
of the sub-matrix with columns from the first group
are shuffled, and so are the rows of the sub-matrix
with columns from the second group. The two shuf-
fles are independent from each other. Finally, the
entire procedure is repeated ten times, producing
the derived annotation matrix Arnd. While it is en-
sured that α(A) = α(Arnd), the shuffling procedure
destroys the systematicity of the annotator agree-
ment. Therefore, if there is a certain degree of
systematicity in the original annotation, we should
observe σ (A) > σ (Arnd).

4.2. Data
I collect a number of datasets of varying size and
shape, annotated according to different language
phenomena, with the only common characteristic
of being distributed with disaggregated labels.

I start by retrieving the datasets harmonized
in structure and made available by two pop-
ular benchmarks for perspectivist classification.
From PersEval (Lo et al., 2025), I obtained
the following datasets: BREXIT (Akhtar et al.,
2020), made of English tweets about Brexit an-
notated with hate speech (hs), aggressiveness
(ag), offensiveness (of), and stereotype (st); MD-
Agreement (Leonardelli et al., 2021), English tweets
annotated for offensive language; Measuring Hate
Speech (Sachdeva et al., 2022), with crowdsourced
annotations of hate speech across may targets by
a diverse set of annotators; DICES (Aroyo et al.,
2024), a collection of human-chatbot conversations
annotated for AI safety. The final dataset from Per-
sEval is EPIC (Frenda et al., 2023), containing post-
reply pairs annotated for irony, which is replaced by
its newer multilingual version MultiPICo (Lo et al.,
2024).

I further collected three datasets distributed in
the context of the 2025 edition of the Learning with
Disagreements challenge (Leonardelli et al., 2025):
VariErrNLI (Weber-Genzel et al., 2024) on Natural
Language Inference; The Paraphrase Detection

dataset released specifically for the challenge, an-
notated with paraphrastic relation between pairs of
questions; Conversational Sarcasm Corpus (CSC)
by Jang and Frassinelli (2024), containing short
dialogues annotated with perceived sarcasm.

Other three datasets were added to the set se-
lecting from publicly available lists of disaggre-
gated datasets, in particular the Perspectivist Data
Manifesto1 and the Awesome Human Label Varia-
tion repository2: ConvAbuse (Cercas Curry et al.,
2021), a corpus of conversations with AI assistants
annotated with abusive language; Tweet Annota-
tion Sensitivity (Kern et al., 2023), made of tweets
annotated with hate speech (hs) and offensive lan-
guage (of); jobQ3MT+ (Liu et al., 2019), a collection
of tweets annotated according to the three ques-
tions on the interpretation of the job market as-
pects of the messages (Q1: point of view of job
/employment-related information in the target tweet;
Q2: employment status of the subject in the tweet;
Q3: mention of job/employment transition event in
the tweet).

The datasets listed so far have been published
with disaggregated labels mostly because they re-
late to study on annotator disagreement and per-
spectivist approaches to NLP (Frenda et al., 2025).
As a consequence, they mostly cover NLP tasks
typically considered subjective, i.e., where the in-
dividual perception of the annotator strongly influ-
ences their annotation, with the exception of VariEr-
rNLI (natural language inference). Unsurprisingly,
analogous corpora annotated for less subjective
phenomena are harder to come by. However, I col-
lected three more datasets in this broad category:
Frame Disambiguation (Dumitrache et al., 2019)
contains crowdsourced annotations for frame dis-
ambiguation of sentence-word pairs; Phrase Detec-
tives (Poesio et al., 2019) is a corpus of documents
annotated for anaphora with four labels (NR: non-
referring; PR: predicative NPs; DN: discourse-new
mention; DO: discourse-old mentions). Visual Fea-
tures (Cheplygina and Pluim, 2018) consists of 100
images from dermoscopic a medical AI challenge,
annotated according to four features: asymmetry,
border, color, dermoscopic structures.

Table 1 summarizes the datasets along with their
size and annotation statistics.

4.3. Results
The result of the metrics computed as defined in
Section 4.1 on the dataset listed in Section 4.2
are shown in Table 2. Under my hypothesis, the
datasets encoding phenomena whose annotation
is more dependent on subjective perception will

1https://pdai.info
2https://github.com/mainlp/

awesome-human-label-variation
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Dataset Instances Annotators
Avg. annotations

per instance
(st. dev.)

BREXIT (Akhtar et al., 2020) 1120 6 6.0(0)
BREXIT-hs " " "
BREXIT-ag " " "
BREXIT-of " " "
BREXIT-st " " "

MD-Agreement (Leonardelli et al., 2021) 10753 819 5.0(0)
MHS (Sachdeva et al., 2022) 39565 7912 3.4(26.96)
DICES (Aroyo et al., 2024) 350 123 123.0(0)
MultiPICo (Lo et al., 2024) 18778 506 5.0(1.53)
VariErrNLI (Weber-Genzel et al., 2024) 480 4 3.9(0.89)
Paraphrase (Leonardelli et al., 2025) 500 4 4.0(0)
CSC (Jang and Frassinelli, 2024) 7036 872 4.5(0.89)
ConvAbuse (Cercas Curry et al., 2021) 2894 8 4.4(7.67)
TAS (Kern et al., 2023) 3013 263 4.1(3.09)

TAS-hs " " "
TAS-of " " "

jobQ3MT+ (Liu et al., 2019) 2000 1185
jobQ3MT+-Q1 " " 10.06(0.29)
jobQ3MT+-Q2 " " 10.06(0.29)
jobQ3MT+-Q3 " " 10.55(0.96)

Frame (Dumitrache et al., 2019) 433 51 21.03(4.08)
Phrase Detectives (Poesio et al., 2019)

PD-DN 5997 290 10.90(4.38)
PD-DO 3029 326 14.48(9.42)
PD-NR 155 103 7.41(3.22)
PD-PR 1826 282 7.77(3.98)

Visual Features(Cheplygina and Pluim, 2018) 100 6
VF-asymmetry " " 5.93(0.38)
VF-border " " 17.86(0.77)
VF-color " " 11.90(0.54)
VF-dermo " " 23.83(0.97)

Table 1: Statistics of the datasets used in the experimental validation.

show a more systematic structure (σ). The step
of randomizing the annotation matrix has the ef-
fect of lowering the systematicity (σrnd) to an extent
proportional to the subjectivity of the task. This is
confirmed by ordering the result table by σrnd − σ
and grouping the tasks into subjective and “objec-
tive”3. Most of the former datasets at the top of
the table (high subjectivity), while the latter ones
cluster at the bottom (low subjectivity). Note that
at the bottom of the table the statement σ > σrnd
does not hold, signaling that the agreement in the
annotation of those dataset is not systematic.

The two outliers are arguably justified. In VF-
asymmetry, the task requires annotators to judge
the symmetry of certain skin formations in medi-
cal imagery. The subjectivity of this task founds

3"Objective" is written in quotes in this context follow-
ing the observation of Cabitza et al. (2023) who prefer
the term low intersubjective to highlight the difficulty of
considering any annotation task completely objective.

confirmation in the scientific literature both in the
clinical domain (Kunz et al., 2021) and from a com-
putational modeling perspective (Amirshahi et al.,
2017), including highlighting correspondences be-
tween the task of judging symmetry and the indi-
vidual perception of human emotions (Evans et al.,
2012). The BREXIT-ag dataset has labels of ag-
gressiveness annotated according to the intention
to be aggressive, harmful, or even to incite, in var-
ious forms, to violent acts against a given target.
Examining the examples in the annotation guide-
lines (Sanguinetti et al., 2018), this task seems to
be correlated, at least partially, with overt lexical
features (an example contains the work extermina-
tion, for instance), which is arguably a more formal
rather than subjective task.

4.4. Visual Analysis

In order to gain better insights into the explana-
tory potential of the new measure, I visualize
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Dataset α σ σrnd σrnd − σ
Paraphrase .155 1.000 .350 −.650
BREXIT-hs .347 1.000 .500 −.500
VF-asymmetry .344 1.000 .550 −.450
CSC .121 .494 .120 −.374
BREXIT-of .364 .800 .470 −.330
ConvAbuse .578 .714 .386 −.328
jobQ3MT+-Q3 .276 .392 .159 −.233
jobQ3MT+-Q2 .353 .427 .201 −.226
MD-Agreement .359 .494 .283 −.211
jobQ3MT+-Q1 .247 .339 .154 −.185
PD-NR .085 .416 .264 −.152
VF-dermo .072 .600 .450 −.150
BREXIT-st .294 .600 .480 −.120
TAS-hs .397 .558 .452 −.106
DICES .210 .601 .518 −.083
MultiPICo .264 .496 .439 −.057
Frame .250 .558 .505 −.053
MHS .516 .677 .637 −.040
TAS-of .469 .451 .421 −.030
PD-DO .040 .384 .377 −.007
VF-border .112 .500 .510 .010
PD-DN .076 .376 .423 .047
BREXIT-ag .299 .500 .580 .080
VF-color .146 .400 .500 .100
PD-PR −.048 .532 .645 .113
VariErrNLI .344 .000 .550 .550

Table 2: Results of the experiment described in Section 4.1, in ascending order of difference between
original σ and the same metric computed on randomly shuffled datasets (σrnd). Datasets of tasks tradition-
ally considered “objective” are highlighted with a darker background.

Figure 2: Agreement (α) and systematicity (σ) of the analysed datasets by task domain.

60



the datasets used in the experiment in a scat-
terplot (Figure 2). The datasets are coarsely
grouped into three domains related to the task they
model, namely semantics (VariErrNLI, Paraphrase,
jobQ3MT+, Frame, and Phrase Detectives), prag-
matics (BREXIT, MD-Agreement, MHS, DICES,
ConvAbuse, MultiPICo, CSC, and TAS), and visual
(the four VF-* datasets).

Despite a certain amount of variability and the
few outliers, the visual analysis shows a clear
pattern: the pragmatics dataset generally have a
higher agreement (α) than semantics and vision,
and the agreement on pragmatics is more system-
atic (σ).

Besides the visual analysis at the dataset level,
Structural Balance Theory provides useful analyt-
ical tools for inspecting the inner structure of a
dataset annotation. The signed graphs computed
as an intermediate steps in the calculation of σ
(Section 3) are visualized for some of the datasets
involved in the experiment. In the figures, nodes
represent annotators, solid lines represent a pair-
wise agreement above average (i.e., a + edge),
and dashed lines represent a pairwise agreement
below average (i.e., a - edge).

Figure 3 shows the graph of BREXIT-hs, one of
the most subjective datasets according to the analy-
sis. In this graph there are two clear 3-size clusters
of annotators, internally connected by + edges and
connected with members of the other cluster by
- edges. Consequently, the disagreement of the
annotators of BREXIT-hs is highly systematic.

Figure 3: Signed graph of BREXIT-hs.

Figures 4 and 5 show graphs from the annota-
tion of less subjective tasks (VF-color and BREXIT-
ag, respectively), which do not exhibit a clustered
structure. Interestingly, the distribution of pairwise
agreement can vary: while in VF-color 60% of the
pairs (9 out of 15) are linked by a +, only 40% of
the pairs agree more than the average amount in
BREXIT-ag.

Finally, the visualization of the graph of VF-

Figure 4: Signed graph of VF-color.

Figure 5: Signed graph of BREXIT-ag.

asymmetry reveals a specific structure with a sin-
gle annotator disagreeing from all the others, who
agree among them, possibly contributing to explain
the outlier result on this dataset highlighted in Sec-
tion 4.3.

Figure 6: Signed graph of VF-asymmetry.
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5. Conclusions

I introduced σ, a quantitative measure of the sys-
tematicity of inter-annotator agreement and vali-
dated it on a large number of diverse annotated
datasets. In particular, the experiment shows that
σ captures the systematic patterns of individual an-
notators and groups, that traditional IAA metrics
like Krippenrodffs α are not designed to model.

While in this work σ is validated on a variety
of real datasets, its application can be further ex-
tended. Intra-annotator agreement could be ana-
lyzed under the lens of σ, if data is available with
multiple annotations from the same people. Corre-
lations between σ and groups, e.g., by sociodemo-
graphics or moral values, are also worth exploring,
as well as the impact of persona and perspective-
taking prompts in LLM-based annotation.

Besides further tests on more annotated
datasets, and extensions to other annotation styles
such as rating and ranking, the planned future work
also includes the integration of σ into predictive
models in order to produce better, more separable
representation of the annotators.

6. Limitations

While the experimental section of this paper aims
at exploring a wide array of datasets and language
phenomena, the resulting figures cannot definitely
be grounded in anything other than intuition and
the collective consensual experience of a research
community. Ironically, there is no objective notion
of the subjectivity of a task.

On the practical side, as the number of edges of
the graph scales quadratically with the number of
nodes, the computational efficiency of σ on a very
large dataset with many annotators may dramati-
cally decrease.

Finally, while σ does not need any additional infor-
mation on the annotators, it relies on Krippendorff’s
α, which may exhibit an anomalous behavior under
particular circumstances (Checco et al., 2017b), a
potential limitation already noted by Tsirmpas and
Pavlopoulos (2026).
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Abstract
Beyond exploring disaggregated labels for modeling perspectives, annotator rationales provide fine-grained signals
of individual perspectives. In this work, we propose a framework for jointly modeling annotator-specific label
prediction and corresponding explanations, fine-tuned on the annotators’ provided rationales. Using a dataset with
disaggregated natural language inference (NLI) annotations and annotator-provided explanations, we condition
predictions on both annotator identity and demographic metadata through a representation-level User Passport
mechanism. We further introduce two explainer architectures: a post-hoc prompt-based explainer and a prefixed
bridge explainer that transfers annotator-conditioned classifier representations directly into a generative model.
This design enables explanation generation aligned with individual annotator perspectives. Our results show that
incorporating explanation modeling substantially improves predictive performance over a baseline annotator-aware
classifier, with the prefixed bridge approach achieving more stable label alignment and higher semantic consistency,
while the post-hoc approach yields stronger lexical similarity. These findings indicate that modeling explanations as
expressions of fine-grained perspective provides a richer and more faithful representation of disagreement. The
proposed approaches advance perspectivist modeling by integrating annotator-specific rationales into both predictive
and generative components.

Keywords: Explanation, Perspectives, Annotator

1. Introduction

Perspectivist NLP argues that annotations should
reflect the specific judgments of individual annota-
tors rather than converge on a single consensus
label (Pavlick and Kwiatkowski, 2019). In tasks
such as natural language inference (NLI), stance
detection, and hate speech classification (Xu et al.,
2024), it is legitimate for annotators to disagree
due to differences in background, interpretation,
or socio-demographic perspective. Modeling such
disagreement has become an important focus of
recent shared tasks (Leonardelli et al., 2023; Uma
et al., 2021) and research initiatives, shifting the
emphasis away from majority voting toward pre-
serving variation.

Most perspectivist approaches implicitly model
perspectives using linguistic and contextual signals
such as sociodemographic information, user IDs,
and group affiliations (Davani et al., 2022; Plepi
et al., 2022). These signals are used to infer the
potential sources of variation and diversity in an-
notations. However, beyond disaggregated labels,
annotators’ perspectives often remain abstracted
and only indirectly represented in the model. Al-
though some datasets require annotators to provide
rationales for selecting a particular label (Weber-
Genzel et al., 2024), these explanations are rarely
integrated explicitly into perspectivist modeling. In-
corporating annotator rationales enables more nu-

anced and fine-grained representations of perspec-
tive.

Explainability in perspectivist approaches has
gradually emerged as a critical component of trust-
worthy NLP systems, as it supports model-level
interpretability through the analysis of attention pat-
terns or internal structures used to justify predic-
tions (Mastromattei et al., 2022a). In recommenda-
tion systems, for example, natural language gener-
ation (NLG) methods have been proposed to gen-
erate flexible, free-text explanations based on user-
generated content (Li et al., 2021b). While such
approaches demonstrate the potential of generative
models to produce fluent and varied explanations,
they also expose limitations: generated content
may be off-topic, insufficiently grounded in the in-
put, repetitive Li et al. (2021a), or insufficiently per-
sonalized. These challenges highlight the need
for controllable and faithful explanation generation,
particularly when explanations are expected to re-
flect specific user or annotator viewpoints.

Within perspectivist NLP, explainability has been
approached in different ways. Some studies treat it
as post-hoc model interpretation Mastromattei et al.
(2022a), identifying linguistic features or structural
patterns that influence perspective-aware predic-
tions (Muscato et al., 2025). Others rely on prompt-
ing strategies to simulate user perspectives in large
language models (Hayati et al., 2024). However, rel-
atively little work has explicitly modeled annotator-
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specific explanations alongside disaggregated la-
bels, partly because few datasets contain both dis-
agreement and distinct rationales.

In this study, we integrate perspectivist modeling
with perspectivist explanation by explicitly condition-
ing explanation generation on annotator-specific
representations. Using a dataset with disaggre-
gated NLI labels and annotator-provided explana-
tions, we model perspective in both label prediction
and rationale generation. We explore a prompt-
based post-hoc explainer and a representation-
prefix bridge that transfers classifier representa-
tions enriched with annotator information into a gen-
erative model. In doing so, we treat explanations
as expressions of perspective rather than merely
post-hoc justifications of a model’s decisions.

2. Related works

Perspectivist NLP aims to preserve the nuanced in-
formation hidden within disagreement by modeling
annotator-specific labels rather than aggregating
them into a single label (Cabitza et al., 2023). How-
ever, explainability within this paradigm remains rel-
atively understudied and fragmented (Frenda et al.,
2025). Existing research primarily approaches
explainability either through model interpretability
as in Mastromattei et al. (2022a) or by explicitly
prompting Large Language Models (LLMs) for ex-
planations (Orlikowski et al., 2025). However, most
work has yet to explore annotator-specific rationales
grounded in internal representations as a primary
approach for perspectivist explainability.

2.1. Current Approaches to
Perspective-Aware Explanations

One line of research addresses explainability in per-
spectivist models by identifying the linguistic com-
ponents in Hate speech tasks with the use of rec-
ognizers that incorporates syntactic dependency
trees to provide post-hoc justifications for classifi-
cations (Mastromattei et al., 2022a). In these in-
stances, explainability focuses on revealing the me-
chanics of the model’s prediction rather than captur-
ing the annotator’s subjective reasoning. Similarly,
Mastromattei et al. (2022b) explored explainable
syntax-based models within hate speech detection
to identify trigger words that influence target clas-
sification. In a different vein, Nirmal et al. (2024)
implicitly extracted user rationales from input text
using LLMs to guide classifier outcomes, aiming
for a more interpretable architectural framework.

2.2. Personalized Generation and
Recommendation

A shift toward personalized explanation is evident in
the work of Li et al. (2021b), who designed a special-
ized Transformer for explainable recommendation.
This model utilizes user IDs and items alongside
linguistic cues to generate recommendations and
justifications that reflect individual user interests.
Similarly, Li et al. (2020) utilized a neural template
approach to address user ratings within recom-
mender systems. More recently, Plepi et al. (2024)
introduced twin-encoder architectures that sepa-
rately encode auxiliary user information to facilitate
perspective-taking in conflict situations. This allows
the model to conceptualize user viewpoints through
self-disclosure statements. While this approach
structurally integrates user context, it does not ex-
plicitly disentangle annotator-specific explanatory
reasoning in disaggregated datasets, where anno-
tators might agree on a label but diverge signifi-
cantly in their underlying logic. In this study, we
address explainability through the lens of annotator
rationales, seeking to understand the why behind a
label from the human’s perspective. Our approach
models annotator perspectives at both the classi-
fication and explanation levels. Furthermore, we
introduce a representation-level bridge that condi-
tions explanation generation directly on annotator-
specific internal representations. By doing so, we
treat explanation not merely as a post-hoc inter-
pretability tool, but as an explicit expression of an-
notators perspectives tied directly to disaggregated
labels they represent.

3. Methods and data

We study perspectivism in generative explainability
using the VariErrNLI dataset (Weber-Genzel et al.,
2024), which contains disaggregated annotator la-
bels and annotator-specific rationales. Unlike most
existing disaggregated datasets, VariErrNLI pre-
serves both label disagreement and explanation di-
versity, making it suitable for modeling fine-grained
perspectives.

Our framework consists of two components: (i)
an annotator-aware classifier that predicts label
sets for each annotator, and (ii) an annotator-
conditioned explainer that generates corresponding
rationales. We explicitly model annotator identity
using learned embeddings and metadata features,
which are fused with the contextual representation
of the input (context and statement) to produce
annotator-specific predictions.

We compare two explanation approaches. The
first is a post-hoc, prompt-based explainer that gen-
erates explanations from textual inputs. The sec-
ond is a prefixed bridge explainer that conditions
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generation on the classifier’s internal annotator-
specific representations. This allows the model
to incorporate both predicted labels and underlying
annotator-specific reasoning signals.

3.1. VariErrNLI Dataset
We use VariErrNLI (Variation vs. Error), a perspec-
tivist NLI dataset designed to disentangle human
label variation from annotation error. VariErrNLI
contains approximately 500 NLI items sampled
from ChaosNLI (MNLI subset) and annotated in
two rounds by four independent annotators.

In Round 1, annotators assigned one or more NLI
labels, Entailment (E), Neutral (N), or Contradic-
tion (C) to each item and provided a one-sentence
explanation for each label assigned, preserving
fine-grained reasoning diversity. This round of an-
notation produced 1,933 label-explanation pairs.

In Round 2, annotators independently evaluated
the validity of each label–explanation pair (includ-
ing their own) by judging whether the explanation
plausibly supports the assigned label. This second
stage enables distinguishing plausible human la-
bel variation from annotation errors. The dataset,
therefore, provides not only disaggregated labels
and rationales but also meta-judgments about their
validity.

Although VariErrNLI was originally designed to
study annotation error versus variation, we use it for
a different purpose. Specifically, we leverage its dis-
aggregated labels and annotator-specific explana-
tions to model and generate annotator-conditioned
reasoning. For this study, we use the version re-
leased for the Learning with Disagreement (LeWiDi)
2025 Shared Task (Leonardelli et al., 2026), which
provides predefined training, development, and test
splits. The dataset statistics are presented in Ta-
ble 1

3.2. Problem Formulation
We formalize annotator-specific prediction and ex-
planation as a joint task. Each instance in the Vari-
ErrNLI dataset consists of a context c, a statement
s, and annotations from annotators a ∈ A. Each
annotator provides a judgment (in some instances,
multi-label) over the label set

L = {C,E,N}, (1)

corresponding to contradiction (C), entailment (E),
and neutral (N); and an explanation that justifies
their labeling decision. For each annotator a, there
is an annotator-specific label

ya ⊆ L, (2)

and an associated explanation ra, where ra is a
short sentence describing the reasoning for ya. Be-
cause two annotators can assign the same label for

different reasons, we treat explanation generation
as an explicitly perspectivist problem. Our model
therefore has two goals: (i) predict the annotator-
specific label set for each annotator a, and (ii) gen-
erate the corresponding annotator explanation ra,
which we define as the annotator’s expressed per-
spective. For each instance (c, s) and annotator
a, we learn an annotator-aware classifier and an
annotator-conditioned explainer trained on the pro-
vided human rationales.

3.3. Annotator-Aware Classification
We implement the User Passport method to explic-
itly model annotator-specific perspectives within
our classification framework (Sarumi et al., 2025),
using DeBERTa-v3-base as the backbone encoder.
This approach incorporates annotator identity and
metadata directly at the representation level rather
than through input text modification or token-based
methods (Welch et al., 2022). The resulting classi-
fier serves as the underlying prediction component
for both the post-hoc and prefixed bridge explana-
tion models.

Formally, we consider an annotated dataset de-
fined by D = (X,A, Y ), where X is the set of text in-
stances {x1, x2, . . . , xn}. Each instance xi ∈ X is a
pair (ci, si) representing the context and statement.
The set A = {a1, a2, . . . , ak} represents unique an-
notators, and the annotation matrix is defined as:

Y : X ×A → {0, 1}3 (3)

To handle varying annotator coverage, a masking
mechanism is applied during training and evalua-
tion. The annotator-level loss is computed only for
instances where a label exists, using a binary mask
to ensure missing annotations do not contribute to
the training objective.

The encoder extracts a pooled representation
h ∈ RH capturing the relationship between ci and
si. To incorporate individual variation, we define a
learnable embedding space where each annotator
aj is mapped to a unique, d-dimensional vector
uj ∈ RE :

uj = Embedding(aj) (4)
Simultaneously, each annotator’s structured demo-
graphic metadata is transformed into a fixed-size
vector mj and projected into the latent space of the
text encoder. We then perform a representation-
level fusion by concatenating the instance represen-
tation, the annotator embedding, and the metadata
projection. The resulting fused representation zij
is passed to the classification head:

zij = [h ; uj ; mj ] (5)

This allows the model to explicitly account for both
the annotator’s identity and their demographic con-
text by learning systematic patterns between these
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Statistic Train Dev Test Total
Split-level statistics
Instances 388 50 50 488
Annotators 4 4 4 4
Annotations 1,505 187 199 1,891
Avg. annotations / instance 3.88 3.74 3.98 3.88
Explanations 1,505 187 199 1,891
Avg. explanation length (words) 13.90 13.12 14.28 13.86
Label distribution (count, %)
Entailment 446 (29.6%) 34 (18.2%) 61 (30.7%) 541 (28.6%)
Neutral 767 (51.0%) 96 (51.3%) 93 (46.7%) 956 (50.6%)
Contradiction 292 (19.4%) 57 (30.5%) 45 (22.6%) 394 (20.8%)
Annotations per annotator (count) and demographics
Ann1 (F,22,CN,MSc) 367 45 47 459
Ann2 (M,33,DE,Postdoc) 376 45 47 468
Ann3 (F,25,CN,MSc) 379 46 54 479
Ann4 (M,25,CN,MSc) 383 51 51 485

Table 1: VariErrNLI dataset statistics by split. Demographics are abbreviated as Gender, Age, Nationality,
Education (CN=Chinese, DE=German; MSc=Master student).

features and labeling behavior through latent fea-
ture fusion.

3.4. Annotator Explanation Modeling
To generate annotator-specific rationales, we im-
plement two explanation approaches that produce
an explanation ra but differ in how they incorporate
classifier information.

3.4.1. Post-hoc Explainer

Our first approach trains a standard encoder-
decoder model Flan − T5 (Chung et al., 2024)
to generate an annotator explanation using a text-
only prompt. For each training record, we con-
struct an input prompt that contains: the context
and statement, the annotator’s gold labels, annota-
tors persona: derived from the annotator metadata
information, and an annotator control token. The
annotator control token is linked to the annotator
ID in the dataset and prepended to the prompt by
extending the tokenizer vocabulary with a unique,
learnable special token (Sarumi et al., 2024; Plepi
et al., 2022). At inference time, we insert the clas-
sifier’s predicted probabilities (pC , pE , pN ) into the
prompt. The explainer then generates a short ex-
planation. In this setup, there is no differentiable
connection between the classifier and the explainer.

3.4.2. Prefixed Bridge Explainer

Our second approach introduces a stronger cou-
pling between classification and explanation us-
ing the classifier’s continuous internal representa-
tion, rather than text-only features. We first run
the annotator-aware classifier on (c, s) to obtain

the fused representation zij . We then learn a small
neural Prefixed Bridge (a 2-layer MLP) that projects
this vector into a sequence of prefix embeddings
with the same dimensionality as the T5 encoder
embedding space. These prefix embeddings are
prepended to the T5 encoder input embeddings
before encoding. We then train by freezing the
classifier parameters and optimizing the bridge and
the T5 parameters to minimize explanation gen-
eration loss. At inference time, explanation gen-
eration is performed using the prefix produced by
the bridge, which is concatenated with the prompt
token embeddings before encoding and generation
(see Figure 1).

4. Experiments

In our experiments, we used two base models that
follow the encoder-decoder architecture. We also
implemented the User Passport method for incor-
porating annotator-meta information.

4.1. Experimental set-up

We train the annotator-aware classifier for 50
epochs using the AdamW optimizer with a learn-
ing rate of 2 × 10−5 and weight decay 0.01. A lin-
ear scheduler with warmup (ratio 0.06), gradient
clipping (max norm 1.0), and early stopping on de-
velopment macro-F1 (patience 3) is applied. The
backbone model is DeBERTa-v3-base (He et al.,
2023), with a maximum input length of 256 and
batch size 32. To model annotator-specific predic-
tions, we incorporate annotator information through
a learnable annotator embedding (dimension 64)
and a projected metadata representation, fused

69



Explainer F1 (Macro) Exact Match ROUGE-L Semantic Similarity
User Passport (Sarumi et al., 2025) 70.5 — — —
Post-hoc Explainer 92.3 92.2 24.5 51.0
Prefixed Bridge Explainer 93.9 92.4 24.0 53.4

Table 2: Aggregated evaluation scores across all annotators. We report the results of the User Passport
model from previous work, without explanation, as the baseline. Bold values indicate the best scores. All
scores are reported as the mean of three runs.

Figure 1: The Prefixed Bridged Explainer

with the instance representation at the feature level.
Training uses masked binary cross-entropy with an
auxiliary soft-label alignment objective ( λsoft = 1.0).
Class imbalance is handled using masked focal
BCE with class-specific positive weighting.

For explanation generation, both explainer vari-
ants are trained using Flan-T5-base with a maxi-
mum input length 512 and target length 128. Mod-
els are trained for up to 50 epochs with early stop-
ping on validation loss, using AdamW with learning
rate 8× 10−5 and weight decay 0.01. Label thresh-
olds are tuned on the development set with grid
search over [0.1, 0.9], selecting the configuration
that maximizes mean Jaccard similarity with gold
annotator label-sets.

All experiments are conducted on a single
NVIDIA A100 80GB PCIe GPU (CUDA 13.1). Av-
erage end-to-end runtime (training and evaluation)
is approximately 15-20 minutes per model. All re-
ported results are averaged over three runs.

Figure 2: Prefixed Bridged Faithfulness Evaluation

Figure 3: Post-hoc Faithfulness Evaluation

5. Result and Discussion

Aggregated Evaluation of Explainers

Table 2 presents the aggregated performance com-
parison between the baseline annotator-aware clas-
sifier (User Passport) from previous work, the Post-
hoc Explainer, and the Prefixed Bridge Explainer.
The baseline achieves a Macro-F1 score of 70.5,
indicating that incorporating explanation modeling
substantially improves classification performance.

Both explanation-based approaches outperform
the baseline, with the Prefixed Bridge Explainer
achieving the highest Macro-F1 (93.9) and Exact
Match (92.4), indicating stronger agreement with
the gold labels. The Post-hoc Explainer also per-
forms well with Macro-F1(92.3), but remains slightly
below the bridge model.

In terms of explanation quality, ROUGE-L is
marginally higher for the Post-hoc Explainer, sug-
gesting better lexical overlap with reference expla-
nations, which is consistent with its text-based ap-
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Prefixed Bridge Explainer
Annotator Gender Age Nationality Education Macro F1 Exact Match ROUGE-L Semantic Sim
Ann1 Female 22 Chinese MSc. 94.3 94.2 23.8 55.2
Ann2 Male 33 German Postdoc 92.5 92.0 34.1 59.6
Ann3 Female 25 Chinese MSc 92.0 88.7 21.2 53.5
Ann4 Male 25 Chinese MSc 95.5 94.7 17.9 45.8

Post-hoc Explainer
Annotator Gender Age Nationality Education Macro F1 Exact Match ROUGE-L Semantic Sim
Ann1 Female 22 Chinese MSc. 87.9 90.6 24.5 49.9
Ann2 Male 33 German Postdoc 96.7 97.1 31.3 55.9
Ann3 Female 25 Chinese MSc 90.4 88.7 22.9 50.0
Ann4 Male 25 Chinese MSc 92.4 92.7 19.6 48.7

Table 3: Comparison of Explainers per annotator: A descriptive Analysis. Bold values highlight key
patterns discussed in section 5: improved predictive performance with the bridge model (Ann1, Ann4),
stronger lexical overlap and semantic strength with both prefixed and post-hoc model (Ann2), and overall
Macro-F1 score, Exact Match (notably Ann2).

proach. In contrast, the Prefixed Bridge Explainer
achieves higher semantic similarity, indicating that
its generated explanations are better aligned in
meaning. This improvement can be attributed to
its use of the classifier’s internal representations,
which provide richer contextual features for gener-
ation.

These results show that explanation modeling
significantly improves performance over the base-
line, while tighter integration between prediction
and generation further enhances classification con-
sistency and semantic alignment.

Faithfulness Distribution and Qualitative
Analysis

The faithfulness distributions in Figures 2 and 3
show that, for both models, semantic similarity
scores cluster around moderate values (median
∼ 0.5), while ROUGE-L remains relatively low
(median ∼ 0.24), indicating lexical divergence de-
spite semantic alignment. However, the Prefixed
Bridge Explainer exhibits a more balanced NLI en-
tailment distribution, with a larger proportion of high-
entailment cases compared to the Post-hoc model,
suggesting stronger inferential alignment between
predictions and explanations. To further examine
these differences, we present qualitative examples
in Figures 4 and 5, focusing on cases where the
predicted label is consistent but the generated ex-
planations differ in structure and depth. In both
examples, the two models correctly identify that the
context supports investment in information technol-
ogy rather than the financial sector. However, the
nature of the generated explanations differs. The
Prefixed Bridge Explainer produces explanations
that are more concise and directly grounded in the
key contrast between the context and the state-
ment, closely mirroring the underlying reasoning
required for the prediction. In contrast, the Post-hoc
Explainer tends to generate more verbose expla-

nations, introducing additional statements that are
not explicitly stated in the context. While both ex-
planations are semantically aligned with the gold
rationale, the prefixed bridged explanation more
precisely captures the core inference without intro-
ducing random words. This qualitative difference
supports the distributional findings. The Prefixed
Bridge Explainer demonstrates stronger alignment
between prediction and explanation, not only quan-
titatively through higher scores, but also qualita-
tively in the clarity and focus of the generated ex-
planation.

Comparison of Explainers per annotator: A
descriptive Analysis.

Table 3 presents a detailed examination across
the four annotators. Differences are observed in
Macro-F1, Exact Match, ROUGE-L, and Seman-
tic similarity, suggesting that both models interact
differently with individual annotator patterns.

The Prefixed Bridge Explainer generally pro-
duces more stable performance across annotators
in terms of Macro-F1 and Exact Match. In particular,
Ann1 and Ann4 show improvements in both met-
rics compared to the Post-hoc Explainer, indicating
that incorporating classifier-level representations
contributes to more reliable alignment between pre-
dictions and annotator-specific labels. This sug-
gests that the shared representation between the
two encoders better captures variability in annota-
tor decision patterns, especially when explanations
differ in structure or clarity.

Ann2 achieves the highest overall performance,
particularly under the Post-hoc Explainer (Macro-
F1: 96.7, Exact Match: 97.1), outperforming the
Prefixed Bridge model. Ann3 and Ann4 exhibit
comparatively lower or more variable performance
across certain metrics, particularly in ROUGE-L.
For Ann4, while Macro-F1 and Exact Match im-
prove under the Prefixed Bridge Explainer, ROUGE-
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Figure 4: The Prefixed Bridged Explanation Example

Figure 5: The Post-hoc Explanation Example

L and Semantic similarity remain relatively low
across both models.

A closer examination of the VariErrNLI dataset
(Weber-Genzel et al., 2024) provides important con-
text for interpreting these results. The dataset ex-
plicitly distinguishes between variation and anno-
tation error through a second round of self- and
peer-validation, where explanations are assessed
for whether they plausibly support the assigned la-

bels. As shown in the original study, agreement in-
creases substantially after validation, indicating that
a portion of annotator disagreement is attributable
not to genuine perspectives and differences, but to
inconsistencies and errors.

This distinction is reflected in our findings. An-
notators whose explanations are more consistently
grounded in the input text and validated by peers
are more reliably modeled by both approaches. In
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particular, Ann2 achieves the highest predictive per-
formance across metrics, especially under the Post-
hoc Explainer, aligning with the dataset’s validation
framework where more coherent and text-aligned
reasoning leads to more stable label–explanation
pairs. Notably, Ann2 is also the annotator with the
highest age (33) and level of education (Postdoc)
in the dataset. While this may be associated with
clearer or more structured explanations, stronger
task understanding or domain expertise, we do not
draw definitive conclusions from this observation
due to the limited number of annotators. Instead,
this serves as an indicative pattern that can be
further investigated in larger and more controlled
settings.

In contrast, annotators exhibiting more variabil-
ity in explanation quality are more challenging to
model. For example, Ann4 shows comparatively
lower or less consistent performance across certain
metrics, particularly in lexical overlap (ROUGE-L),
despite improvements in predictive performance
under the Prefixed Bridge Explainer. This pattern
is consistent with the dataset observations, where
some explanations may be less well-aligned with
the assigned labels or expressed in ways that de-
viate from reference formulations. As a result, the
model relies more heavily on underlying represen-
tations rather than surface-level cues.

A consistent pattern across annotators is the di-
vergence between lexical and semantic metrics.
The Post-hoc Explainer tends to produce higher
ROUGE-L scores, indicating closer surface-level
similarity to reference explanations. In contrast,
the Prefixed Bridge Explainer achieves higher or
comparable semantic similarity across most an-
notators, suggesting better alignment in mean-
ing. This reflects the underlying modeling differ-
ence: the Post-hoc approach relies primarily on
textual prompts, whereas the bridge model lever-
ages classifier-derived internal representations, en-
abling richer contextual grounding of explanations.

These per-annotator differences highlight that
identical labels do not imply identical reasoning
processes. The variation observed across met-
rics suggests that annotators may express similar
decisions through different explanatory structures,
levels of detail, or linguistic forms. By incorporating
explanation generation, both models move beyond
label prediction and provide additional insight into
how annotator perspectives are represented. The
Prefixed Bridge Explainer, in particular, better pre-
serves the relationship between predictions and un-
derlying reasoning, especially when explanations
are less consistent in form.

It is important to note that these observations
are based on a small number of annotators, with
limited demographic diversity and a relatively small
test set. As such, we do not perform statistical

significance testing and instead rely on descriptive
analysis. The patterns observed should therefore
be interpreted as indicative trends rather than gen-
eralizable findings.

Overall, the per-annotator analysis suggests that
incorporating explanation modeling improves the
representation of annotator perspectives, and that
tighter integration between prediction and explana-
tion, as in the Prefixed Bridge Explainer, provides
more consistent and semantically aligned outputs
across diverse annotator behaviors.

6. Conclusion

This work demonstrates the importance of Mod-
eling fine-grained annotator perspectives jointly
with explanation generation in natural language
inference. Rather than treating explanations as
post-hoc rationalizations, we show that integrating
annotator-expressed rationales into the predictive
architecture enables more robust modeling of hu-
man diversity. By leveraging explanation-level su-
pervision tied to individual annotations, the model
captures not only label outcomes but also the rea-
soning patterns underlying them, allowing for more
faithful representation of disagreement and inter-
pretative nuance.

Methodologically, we implement an encoder-to-
encoder bridge architecture that explicitly connects
prediction and explanation modules. This structural
coupling enables the model to condition its explana-
tory representations on the same signals that drive
classification decisions, thereby improving macro-
level stability and inferential alignment across anno-
tators. Our results show that Modeling perspectives
through annotator rationales strengthens semantic
consistency and predictive robustness, particularly
in semantically complex categories. Overall, this
work highlights the value of integrating explana-
tion modeling into annotator-aware architectures
for developing more transparent and perspective-
sensitive NLP systems.

7. Limitation

A primary limitation of this work is the dataset used,
which was originally constructed to investigate an-
notation errors in human label variation. Although
the inclusion of annotator-specific rationales repre-
sents a substantial step toward preserving individ-
ual reasoning patterns, the explanations were not
designed to systematically capture controlled vari-
ations in demographic, linguistic, or cultural back-
ground, but were instead targeted toward annota-
tion error detection. As a result, the scope remains
limited, which may constrain the generalizability
of the proposed encoder-to-encoder bridge frame-
work.
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We initially proposed extending the ChaOSNLI
instances used in VariErrNLI with explanations writ-
ten by native English speakers to systematically
examine how bilingual versus native annotator ra-
tionales affect modeling outcomes. This extension
would allow a more controlled investigation of lin-
guistic background effects on explanation faithful-
ness and predictive performance. Future work will
focus on expanding the dataset in this direction to
strengthen the empirical foundation of perspective
modeling.

Additionally, an ensemble of the Post-hoc and
Prefixed Bridge approaches presents an interesting
direction for future work, as it could leverage the
strengths of the individual models to produce a
more well-rounded output.

All code and resources developed for this study
are publicly available1 to facilitate reproducibility
and further research.
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Abstract

Annotation pipelines in Natural Language Processing (NLP) commonly assume a single latent ground truth per
instance and resolve disagreement through label aggregation. Perspectivist approaches challenge this view by
treating disagreement as potentially informative rather than erroneous. We present a large-scale analysis of graded
health-literacy annotations from 6,323 open-ended COVID-19 responses collected in Ecuador and Peru. Each
response was independently labeled by multiple annotators using proportional correctness scores, reflecting the
degree to which responses align with normative public-health guidelines, allowing us to analyze the full distribution of
judgments rather than aggregated labels. Variance decomposition shows that question-level conceptual difficulty
accounts for substantially more variance than annotator identity, indicating that disagreement is structured by the task
itself rather than driven by individual raters. Agreement-stratified analyses further reveal that key social-scientific
effects, including country, education, and urban–rural differences, vary in magnitude and in some cases reverse
direction across levels of inter-annotator agreement. These findings suggest that graded health-literacy evaluation
contains both epistemically stable and unstable components, and that aggregating across them can obscure
important inferential differences. We therefore argue that strong perspectivist modeling is not only conceptually
justified but statistically necessary for valid inference in graded interpretive tasks.

Keywords: Perspectivist NLP, Health literacy, Low-resource languages, Annotation disagreement

1. Introduction

Manual annotation underlies most NLP systems.
The dominant paradigm assumes that each in-
stance has a single latent ground truth and resolves
disagreement through aggregation methods such
as majority voting or probabilistic label modeling.
Within this framework, variability is typically inter-
preted as annotation noise or insufficient guide-
line clarity. Perspectivist approaches challenge
this assumption by treating disagreement as poten-
tially informative rather than erroneous (Basile et al.,
2021a). While perspectivism has been widely dis-
cussed in overtly subjective tasks such as toxicity
or stance detection (Davani et al., 2022; Kanclerz
et al., 2021), less attention has been paid to more
objective graded interpretive tasks. This raises a
broader question: when does disagreement reflect
instability in the task itself rather than annotator
unreliability? Health-literacy evaluation provides
a compelling case. Assessing whether an open-
ended response to a public-health question is cor-
rect often involves interpreting partial knowledge,
implicit reasoning, and degrees of completeness.
Such judgments lie between fact verification and
subjective stance evaluation, particularly in multi-
lingual and low-resource settings where linguistic
variation and unequal access to formal health infor-
mation widen interpretive space.

In this paper, we analyze structured disagree-
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ment in graded COVID-19 health-literacy annota-
tion across Ecuador and Peru. The dataset con-
sists of 6,323 open-ended response-question items
annotated independently by four raters using pro-
portional correctness scores on a five-point scale,
reflecting the degree to which each response aligns
with normative answers derived from WHO and
national public health guidelines, yielding 17,305
annotation-level observations. The corpus includes
Spanish and Quechua-Kichwa responses along
with sociodemographic metadata and represents
one of the largest publicly releasable datasets
linking graded health-literacy judgments with In-
digenous Andean communities. We examine
disagreement using variance decomposition and
agreement-stratified inference. Question-level con-
ceptual difficulty explains substantially more vari-
ance than annotator identity, indicating that dis-
agreement is primarily task-structured rather than
rater-driven.

Although lexical modeling captures substantial
signal in responses, it does not eliminate epistemic
variability. Crucially, social-scientific effects such
as education and urban-rural differences vary in
magnitude and, in some cases, direction depend-
ing on levels of inter-annotator agreement. Aggre-
gation, therefore, obscures important inferential
differences. In this work, we argue that graded
health-literacy evaluation contains both epistem-
ically stable and unstable components and that
strong perspectivist modeling is statistically neces-
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sary for valid inference in graded interpretive tasks.

2. Background and Related Work

Perspectivism distinguishes three central concepts
(Frenda et al., 2025):

• Disagreement: observable variability in la-
bels.

• Subjectivity: interpretive dependence on indi-
vidual perspective.

• Reliability: annotator consistency indepen-
dent of stance.

Disagreement may arise from subjectivity, ambi-
guity, or conceptual difficulty rather than annotator
incompetence (Plank et al., 2014; Uma et al., 2022).
Weak perspectivism preserves disaggregated la-
bels, whereas strong perspectivism incorporates
disagreement into model training, evaluation, and
explanation (Basile et al., 2021a). The latter treats
variability as a signal rather than noise. Most per-
spectivist research has focused on clearly subjec-
tive domains such as hate speech, stance clas-
sification, and aggressiveness detection in user-
specific settings (Davani et al., 2022; Kanclerz et al.,
2021). However, disagreement also appears in
tasks typically framed as objective, including se-
mantic similarity and inference (Biester et al., 2022).
This suggests that epistemic instability may arise
not only from annotator differences but also from
properties of the task itself.

Public-health evaluation has traditionally relied
on aggregated correctness judgments and closed-
ended assessment tools, leaving graded interpre-
tive variability underexplored. Prior work on health
literacy assessment (Altin et al., 2014) and COVID-
19 knowledge (Meneses-Navarro et al., 2020; Mejia
et al., 2022) further suggests that educational back-
ground and community context can shape how pub-
lic health information is interpreted. In multilingual
and Indigenous settings, these challenges are es-
pecially pronounced. By examining health-literacy
annotations through a perspectivist lens, this study
extends disagreement-aware analysis to a graded
public-health evaluation domain that combines fac-
tual knowledge, conceptual difficulty, and socially
structured variation.

3. Data

3.1. Survey Design
Open-ended COVID-19 knowledge responses
were collected in Ecuador and Peru as part of a
broader cross-national health communication study
(Kellert et al., in press). The instrument included

questions covering transmission, symptoms, vacci-
nation, risk groups, mask use, and protective mea-
sures. The survey was designed to elicit open-
ended responses rather than forced-choice an-
swers in order to capture graded health literacy
and interpretive variability across respondents.

Size

• 17,305 annotation-level observations

• 6,323 response-question items

• 25 question identifiers

• 6,280 non-empty responses

3.2. Dataset & Participants
This corpus links graded health-literacy judgments
with respondent-level sociodemographic metadata
and self-reported information sources in historically
underserved Quechua/Kichwa-speaking commu-
nities in Peru and Ecuador. It combines (i) open-
ended responses, (ii) graded expert annotations,
and (iii) metadata on language use, education, and
location. The dataset is therefore relevant to public-
health research, low-resource NLP, and perspec-
tivist annotation studies that require naturally oc-
curring interpretive variability rather than artificially
constructed ambiguity.

Participants. Participants (N = 299) were re-
cruited through targeted snowball sampling, a non-
probability recruitment method in which referrals
are guided toward specific subgroups of interest
(e.g., rural, Indigenous, and linguistically diverse
communities) in selected urban and rural sites
(Lima and Apurímac in Peru; Cañar and El Tambo
in Ecuador). The strategy aimed to capture varia-
tion in language use, education, and information
access, particularly among Indigenous communi-
ties. Although non-probabilistic, the sampling was
designed to increase representation from rural and
linguistically diverse populations central to the study
aims.

Survey items and analytic subset. The ques-
tionnaire included 30 items (including predomi-
nantly open-ended questions, along with a small
number of structured items and metadata ques-
tions). For inferential analyses, we selected seven
open-ended questions that were semantically spe-
cific enough to allow comparison with official WHO
and national public-health guidance and that were
frequently answered across participants. These
items were selected prior to analysis and were
used to construct composite knowledge scores and
question-level models. In total, 18 questions were
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annotated for correctness, of which seven open-
ended questions were used for the primary inferen-
tial analyses reported in this paper.

Normative references and fieldwork. Norma-
tive answers were derived from official national
health ministry materials and WHO recommenda-
tions available at the time of fieldwork and were
used to develop the annotation rubric. Data were
collected from November to December 2022 by
trained local fieldworkers in participants’ preferred
language (Spanish, Quechua, or Kichwa). All re-
sponses were anonymized prior to analysis.

3.3. Annotation Protocol
Annotators. Four annotators participated in the
labeling process. All were undergraduate students
(aged 19-22) at Arizona State University, includ-
ing two studying data science and two with back-
grounds in biology and healthcare. Two annotators
were fluent in Spanish and additionally assisted
with dataset translation. This combination of tech-
nical and health-related expertise was intended to
support both analytical consistency and domain-
informed evaluation. All annotators were drawn
from the same institutional context, which may in-
troduce shared interpretive biases. We mitigate this
by focusing on agreement structure and question-
level variability rather than treating annotations as
independent ground-truth judgments.

Scoring procedure. Responses were evaluated
using a proportional correctness scoring scheme
anchored to a five-point scale:

{0, 0.25, 0.5, 0.75, 1.0}

Proportional correctness reflects the degree to
which a response aligns with normative answers
derived from official national health ministry mate-
rials and WHO guidelines. Scoring was adapted
to question type. Binary questions were scored as
0 (incorrect) or 1 (correct). For structured selec-
tion questions, scores were assigned proportionally
based on the number of correct options selected.
For open-ended responses, annotators assigned
scores based on the extent to which key concepts
from the normative answer were present, with par-
tial matches receiving intermediate values.

While the five-point scale served as a common
reference, some items admitted finer-grained pro-
portional scores depending on the number of pos-
sible correct elements. Label distributions were
skewed toward fully correct responses (score = 1),
with a substantial proportion of partially correct re-
sponses (e.g., score = 0.5), indicating that interme-
diate values capture meaningful partial knowledge
rather than annotator uncertainty.

Annotators worked independently and did not
discuss individual cases during scoring. They were
blinded to respondent sociodemographic metadata
to minimize bias. Prior to annotation, raters re-
ceived training using a pilot subset of responses
to ensure consistent interpretation of the scoring
rubric. For baseline lexical modeling, proportional
scores were binarized into incorrect (< 0.5) and
correct (≥ 0.5). This threshold reflects the distinc-
tion between predominantly incorrect and predomi-
nantly correct responses while preserving graded
variation for subsequent disagreement analyses.

4. Agreement and Baseline Modeling

Metrics. Throughout the analysis, accuracy
refers to the degree to which a response matches
the normative answer derived from official public-
health guidance. We report the following three
measures throughout the paper:

• Weighted Fleiss’ κ. We use the weighted
version of Fleiss’ κ, which accounts for ordi-
nal distance between categories and there-
fore captures partial agreement more appro-
priately than the unweighted variant. Follow-
ing conventional interpretation guidelines, val-
ues below 0.40 indicate low agreement, values
between 0.40 and 0.60 moderate agreement,
and values above 0.60 substantial agreement
(Fleiss, J. L., 1971).

• TF-IDF (Term Frequency-Inverse Document
Frequency). TF-IDF weights tokens by their
frequency within a document relative to their
frequency across the corpus. This represen-
tation captures discriminative lexical patterns
and is used here as a baseline feature space
for predicting binary correctness labels.

• Intraclass Correlation (ICC). To quantify the
structure of disagreement, we report intraclass
correlation coefficients (ICC), which estimate
the proportion of total variance attributable to
grouping factors (e.g., question or annotator).
A high ICC for questions indicates that a sub-
stantial portion of the variance is structured by
question-level properties rather than annotator
identity.

Inter-annotator agreement, measured using
weighted κ across the seven analytic questions,
ranged from 0.42 to 0.70, indicating moderate to
substantial agreement. As a lexical baseline, we
trained a logistic regression classifier over TF-IDF
features to predict binary correctness (incorrect
< 0.5, correct ≥ 0.5). Model performance was
evaluated using stratified 5-fold cross-validation to
preserve class balance across splits. The classifier
achieved:
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Accuracy = 0.8398 (SD = 0.0062)

The reported accuracy reflects the mean per-
formance across held-out folds, with standard de-
viation indicating fold-level variability. This result
demonstrates substantial lexical predictability: re-
sponses judged as correct and incorrect exhibit
systematic differences in word usage. However,
lexical separability does not imply epistemic stabil-
ity. The classifier captures surface-level signal in
token distributions but does not eliminate structured
disagreement. Despite this predictive performance,
residual variability remains strongly tied to question-
level conceptual difficulty and agreement regimes.
High lexical predictability therefore does not equate
to inferential stability.

Variance Structure. To quantify the structure of
disagreement, we estimated a mixed-effects model
with random intercepts for question and annota-
tor using proportional correctness scores as the
dependent variable. Total variance was:

σ2
total = 0.13196

Component Variance Percent
Question-level 0.04451 33.73%
Annotator-level 0.00151 1.14%
Residual 0.08594 65.13%

Table 1: Variance decomposition.

The intraclass correlation for questions
(ICCquestion ≈ 0.337) substantially exceeds that
for annotators (ICCannotator ≈ 0.011), indicating
that disagreement is primarily structured by
question-level conceptual difficulty rather than
annotator inconsistency. In other words, variability
reflects properties of the task more than properties
of the raters.

5. Question-Level Variability and
Education Gradients

The variance decomposition results indicated that
disagreement clusters at the question level rather
than at the annotator level. To further examine
the source of this variability, we conducted a per-
question variability analysis across all accuracy
items.

5.1. Ranking Questions by Variability
For each question, we computed the variance of
accuracy scores across respondents. The highest-
variance questions were:

• 2.11. Is it possible to reuse masks? (Var =
0.162)

• 2.13. What is the safe distance between peo-
ple? (Var = 0.149)

• 2.5. Asymptomatic infection (Var = 0.104)

• 2.10. How do masks prevent illness? (Var =
0.103)

• 2.1. How does COVID-19 spread? (Var =
0.101)

• 2.14. Who are the risk groups for COVID-19?

These items assess transmission mechanisms,
mask efficacy, asymptomatic infection, and protec-
tive distancing, which are concepts that require both
biomedical knowledge and interpretive reasoning.

5.2. Education Gradients
Education range refers to the difference in mean ac-
curacy between the lowest and highest education
groups on a 0-1 scale. To distinguish conceptual
ambiguity from differences in knowledge across ed-
ucation levels, we computed the range in mean ac-
curacy between the lowest and highest education
groups for each question. The highest-variance
questions exhibited large differences between edu-
cation groups:

• 2.1. Spread of COVID-19: education range =
0.515

• 2.5. Asymptomatic infection: education range
= 0.473

• 2.10. Mask mechanism: education range =
0.455

• 2.11. Mask reuse: education range = 0.400

• 2.13. Safe distancing: education range =
0.395

• 2.14. Risk groups: education range = 0.129

5.3. Interpretation
High variability in accuracy does not appear to arise
solely from annotation ambiguity. Instead, it system-
atically co-occurs with large education-based dif-
ferences in performance. Disagreement therefore
clusters around conceptually demanding questions
where knowledge is unevenly distributed across
respondents. This pattern suggests that variability
reflects the interaction between task-level concep-
tual difficulty and socially structured knowledge dif-
ferences, rather than pure subjectivity or annotator
inconsistency. Questions with higher variance are
precisely those for which biomedical mechanisms
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and implicit reasoning are required, making partial
understanding more likely and graded judgments
more sensitive to interpretive nuance. In particular,
the presence of intermediate scores reflects graded
partial correctness rather than binary uncertainty,
reinforcing that disagreement arises from differing
degrees of knowledge rather than purely subjective
interpretation.

Moreover, high-variance items tend to exhibit less
stable patterns across agreement levels, indicat-
ing that education-related effects depend on how
clearly and consistently responses can be evalu-
ated. Disagreement in this setting thus reflects
structured epistemic difficulty rather than arbitrary
labeling variation.

6. Agreement-Stratified Inference

To examine whether substantive conclusions vary
across levels of epistemic stability, we strati-
fied questions by inter-annotator agreement using
Fleiss’ κ. Items were classified as High (κ > 0.60),
Medium (0.40 ≤ κ ≤ 0.60), and Low (κ < 0.40). For
each stratum, we recomputed sociodemographic
effects to assess whether relationships remain sta-
ble or shift across agreement levels. Sociodemo-
graphic differences were evaluated using standard
statistical tests appropriate to each comparison
(e.g., t-tests for binary group comparisons and one-
way ANOVA for multi-level factors).

6.1. Country Effects

Figure 1: Country Comparison Across Agreement
Levels

As shown in Figure 1, agreement levels vary
across countries. Across all questions, Ecuador
exhibits higher mean accuracy than Peru. Under
high agreement, the country difference strengthens
substantially. Under medium agreement, however,
the direction reverses, with Peru outperforming
Ecuador. Under low agreement, the difference at-
tenuates but remains moderate in magnitude. Thus,

both the magnitude and direction of country differ-
ences vary across agreement levels.

6.2. Gender Effects
Gender shows no significant differences across any
agreement level, as shown in Figure 2. The null
result remains stable under high, medium, and low
agreement, indicating that the absence of gender
effects is not driven by aggregation.

Figure 2: Gender Comparison Across Agreement
Levels

6.3. Education Effects
Education is a significant predictor in the aggre-
gated model as shown in Figure 3. Under high
agreement, the education gradient remains strong
(p < .001). Under medium agreement, however,
the effect disappears entirely (p = .837), indicating
no systematic education-based difference. Under
low agreement, the effect re-emerges, though with
reduced magnitude.

Figure 3: Education Comparison Across Agree-
ment Levels

Thus, education-based inference collapses un-
der moderate disagreement and is highly sensitive
to the agreement level.

6.4. Urban-Rural Effects
As shown in Figure 4, urban respondents outper-
form rural respondents in the aggregated data (Ur-
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Figure 4: Urban and Rural Comparisons Across
Agreement Levels

ban: n = 117, M = 0.6961; Rural: n = 181,
M = 0.6438). Under high agreement, the urban ad-
vantage strengthens (t = 6.2274, p < .001). Under
medium agreement, the effect reverses (t = −2.12,
p = .0351), indicating higher accuracy in rural re-
spondents. Under low agreement, the difference
disappears entirely (t = 0.24, p = .8124).

Again, we see that inference is agreement-
dependent. Figure 5 synthesizes the agreement-
stratified results across predictors, demonstrating
that effect magnitudes, and in some cases even
their direction, shift across high, medium, and low
agreement regimes, thereby exposing the instability
introduced by epistemic variation. These reversals
under medium agreement suggest that responses
in this regime are more ambiguous or inconsis-
tently interpretable, leading to unstable group com-
parisons. In such cases, annotators may agree
on partial correctness but differ in how strongly
responses align with normative criteria, which can
attenuate or invert observed effects. This highlights
that medium-agreement items occupy a transitional
zone between clearly interpretable and highly am-
biguous responses, where inference is particularly
sensitive to how correctness is operationalized.

Figure 5: Agreement-Stratified Effects Across Pre-
dictors

6.5. Multivariate Interactions
We further examined whether education effects
differ by location and country.

• Location × Education (All Questions). Ur-
ban areas showed a significant education ef-
fect (F = 9.7841, p < .001), while rural areas
showed an even stronger effect (F = 12.2732,
p < .001). This indicates that education has
a stronger association with accuracy in rural
areas than in urban areas.

• Country × Education (All Questions). Peru
also showed a significant education effect
(F = 3.2749, p = .0230), but the effect was
substantially stronger in Ecuador (F = 14.7899,
p < .001). This suggests that the education
gradient is more pronounced in Ecuador than
in Peru.

• High Agreement Subset. In the high-
agreement subset, the same general pattern
remains visible. The location-by-education
effect is still stronger in rural areas (Urban:
F = 2.7109, p = .0485; Rural: F = 8.8561,
p < .001), and the country-by-education effect
remains stronger in Ecuador.

The multivariate analyses further show that these
patterns are context-sensitive: the strength of edu-
cation effects differs across urban-rural and coun-
try comparisons, especially in the high-agreement
subset. These multivariate results suggest that
education-related differences are not uniform
across social contexts, but vary by both geogra-
phy and country.

7. Discussion

This study provides an empirical test of core per-
spectivist claims within a graded public health eval-
uation setting. Across analyses, disagreement is
shown to be structured rather than incidental.

Structured Disagreement. Variance decomposi-
tion indicates that disagreement is primarily driven
by question-level conceptual difficulty rather than
annotator identity. The very low annotator-level
ICC suggests that variability does not arise from
rater inconsistency, but from properties of the task
itself. Disagreement in this setting, therefore, re-
flects structured epistemic complexity rather than
annotation noise.

Disagreement and Inference. Agreement-
stratified analyses demonstrate that substantive
conclusions vary across levels of inter-annotator
agreement. Effects that appear robust in ag-
gregated models may strengthen, attenuate,
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disappear, or reverse direction when evaluated
within specific agreement strata. Aggregation thus
collapses heterogeneous evaluation contexts into
a single estimate, masking instability in underlying
relationships.

Beyond Overt Subjectivity. These findings ex-
tend perspectivist theory beyond clearly subjective
domains such as toxicity or stance detection. In a
graded health-literacy assessment, disagreement
emerges at the intersection of conceptual difficulty
and socially distributed knowledge. Variability is
not merely interpretive difference, but a signal of
uneven epistemic access across respondents.

Methodological Implications. The results sug-
gest that strong perspectivist modeling is not simply
a normative preference but a requirement for valid
inference in graded interpretive tasks. Agreement-
sensitive and hierarchical approaches allow re-
searchers to distinguish stable knowledge patterns
from contexts of interpretive uncertainty rather than
collapsing them into a single summary label.

Practical Implications. For NLP, these findings
support disagreement-aware evaluation and mod-
eling strategies in tasks that combine factual rea-
soning with graded interpretation. For public health
research, inter-annotator agreement functions as
a diagnostic indicator of epistemic stability and
should inform how knowledge assessments are
interpreted.

Taken together, the results demonstrate that epis-
temic stability must be modeled explicitly rather
than assumed, and that aggregation without regard
to disagreement structure risks obscuring substan-
tively important variation.

8. Conclusion

Health-literacy annotation exhibits structured dis-
agreement driven primarily by conceptual diffi-
culty rather than annotator inconsistency. Sub-
stantive social inference varies across levels of
inter-annotator agreement: effects that appear ro-
bust under aggregation may strengthen, attenuate,
or reverse across agreement strata. Agreement-
stratified and multivariate analyses further show
that these patterns are context-sensitive, with
education-related differences varying by geography
and country. Together, these results demonstrate
that aggregation can obscure meaningful epistemic
and social variation, and that disagreement en-
codes differences in partial knowledge rather than
noise. These findings highlight the importance
of disagreement-aware approaches for modeling
graded, real-world knowledge in NLP and public
health settings.

9. Limitations.

Several limitations should be noted. First, annota-
tors were drawn from a single institutional context,
which may introduce shared interpretive biases de-
spite efforts to standardize training and blind anno-
tations. Second, proportional correctness relies on
normative public-health guidelines, which may not
fully capture local knowledge practices or alterna-
tive valid interpretations. Finally, while agreement-
stratified analyses reveal important patterns, they
do not establish causal relationships between dis-
agreement and social factors. Future work should
develop multilevel and agreement-aware modeling
approaches that explicitly incorporate agreement
as a moderating factor and extend this framework
to other graded evaluation domains.

10. Ethical Consideratin

Data were collected as part of a broader health
communication study conducted by trained local
fieldworkers. Participants provided informed con-
sent for anonymous data collection and analysis.
All responses were anonymized prior to annotation
and analysis to protect participant privacy.

Data Availability

The deidentified dataset and annotation guidelines
are released on GitHub at: https://github.
com/olga-kel/Health-Communication.
The resource supports research in low-resource
and Indigenous language NLP, multilingual
information access, and disagreement-aware
annotation modeling.
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Abstract
As increasingly capable large language models (LLMs) emerge, researchers have begun exploring their potential
for subjective tasks. While recent work demonstrates that LLMs can be aligned with diverse human perspectives,
evaluating this alignment on downstream tasks (e.g., hate speech detection) remains challenging due to the use
of inconsistent datasets across studies. To address this issue, in this resource paper we propose a two-step
framework: we (1) introduce SubData, an open-source Python library designed for standardizing heterogeneous
datasets to evaluate LLMs perspective alignment; and (2) present a theory-driven approach leveraging this library
to test how differently-aligned LLMs (e.g., aligned with different political viewpoints) classify content targeting
specific demographics. SubData’s flexible mapping and taxonomy enable customization for diverse research needs,
distinguishing it from existing resources. We illustrate its usage with an example application and invite contributions
to extend our initial release into a multi-construct benchmark suite for evaluating LLMs perspective alignment on
natural language processing tasks.

Keywords: Dataset Standardization, Perspective Alignment in LLMs, Hate Speech Detection Resources

1. Introduction

The ever-increasing capabilities of large language
models (LLMs) have enabled them to capture in-
creasingly nuanced human perspectives (Bom-
masani et al., 2021; Brown et al., 2020). Re-
searchers have begun exploring their potential for
subjective tasks, with particular focus on “perspec-
tive alignment”—the ability of models to reflect di-
verse human viewpoints across different contexts
(Durmus et al., 2023; Kirk et al., 2024). Ensuring
robust evaluation of this alignment is crucial as
LLMs increasingly mediate information access and
influence decisions in socially sensitive domains
where human perspectives naturally differ (Blod-
gett et al., 2020; Khamassi et al., 2024; Weidinger
et al., 2021).

Recent work has explored how well LLMs can
represent diverse human perspectives using two
different approaches. The first approach examines
whether models accurately predict how individuals
(Argyle et al., 2023) or groups (Santurkar et al.,
2023) would respond to surveys, a task Sorensen
et al. (2024) describe as distributional pluralism.
The second investigates whether aligned LLMs con-
sistently reflect broader viewpoints across tasks
(Agiza et al., 2024; Chen et al., 2024; Feng et al.,
2023; Haller et al., 2024; He et al., 2024), aligning
with what Sorensen et al. (2024) term steerable
pluralism.

Survey prediction provides a natural evaluation
setting: models’ outputs—generated either through
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Figure 1: Overview of our proposed evaluation
framework. SubData consolidates instances from
diverse datasets into a unified resource. To as-
sess LLM alignment with human perspectives from
the combined dataset, we propose a workflow that
tests theory-derived (T) hypotheses (H) through
controlled experiments (E), measuring how accu-
rately LLMs reflect viewpoints of different demo-
graphic and ideological groups.

fine-tuning or persona-conditioning to represent
specific perspectives—can be compared against
authentic survey responses from individuals or sub-
populations (Rupprecht et al., 2025). Because such
datasets contain demographic information and cor-
responding answers, they create a clear bench-
mark: a well-aligned LLM should produce distribu-
tions that closely resemble real responses and can
be evaluated using standard divergence or accu-
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racy measures (Sorensen et al., 2024).
The broader challenge of task-independent align-

ment has inspired various evaluation methodolo-
gies. Political alignment studies by Agiza et al.
(2024) and Chen et al. (2024) use the Political Com-
pass Test (PCT)—a widely used questionnaire for
mapping political beliefs along economic and social
axes—to verify whether models aligned to specific
ideologies position themselves appropriately on the
PCT map. He et al. (2024) compare model answers
to multiple-choice questions against positions ex-
pressed by relevant subgroups. Sorensen et al.
(2024) propose direct human annotations or reward
models to measure whether generated responses
correctly reflect specific attributes. More closely
related to our conceptualization of alignment evalu-
ation, Haller et al. (2024) assess sentiment in open-
ended generations when prompted about different
demographics, while Feng et al. (2023) examine
how political alignment affects hate speech detec-
tion toward different targets.

Despite these efforts, evaluating how
perspective-aligned LLMs perform on sub-
jective classification tasks remains challenging
(Zheng et al., 2024), largely due to the lack of
standardized resources that enable consistent
comparison across viewpoints (Alipour et al., 2025).
We address this gap by introducing a two-step
framework that enables systematic evaluation of
perspective-aligned language models.

(1) Dataset Standardization: SubData. We
introduce SubData, an open-source Python li-
brary that collects and harmonizes heteroge-
neous datasets for subjective tasks.1 Unlike gen-
eral repositories, it unifies inconsistent annotation
schemes and demographic categorizations, allow-
ing researchers to build consistent collections for
their needs. Our initial release focuses on hate
speech detection, integrating ten datasets with a
unified taxonomy of target groups (§3, §4). In do-
ing so, we do not host or redistribute the datasets
themselves, but we reviewed their licenses to en-
sure that our use aligns with creators’ intentions of
fostering hate speech research. Consistent with
Vidgen and Derczynski (2020), we further empha-
size the need to handle such material responsibly,
with attention to privacy, personal data, and poten-
tial online harms.

(2) Theory-Driven Hypothesis Testing. Build-
ing on these standardized datasets, we propose a
theory-driven approach to evaluate alignment (§5).
As illustrated in Figure 1, our framework follows
a systematic process: researchers first formulate

1All code is available open-source on GitHub and the
library can be installed directly from PyPi.

hypotheses (H) based on established social or polit-
ical theory (T), then design experiments (E) to test
whether differently-aligned models behave as ex-
pected. For instance, the workflow on the right side
of Figure 1 illustrates testing whether Democrat-
aligned LLMs classify more anti-Black content as
hate speech than Republican-aligned ones, reflect-
ing the popular hypothesis that Democrats prior-
itize minority protection theoretically derived by
(Solomon et al., 2024). This framework enables
quantitative measurement of alignment differences
through controlled experimentation, and we further
demonstrate its application in §6.

Our approach does not rely on subjective ground-
truth labels; instead, it measures classification dif-
ferences across models with distinct alignments,
providing a direct lens on how perspective condi-
tioning shapes downstream task behavior. While
prior work has examined subjectivity in LLM anno-
tation (Beck et al., 2024; Giorgi et al., 2024; Or-
likowski et al., 2023), our framework extends this
by systematically evaluating alignment effects in
downstream applications.

2. Related Work

2.1. LLMs Perspective Alignment
Research on aligning LLMs with diverse human
perspectives has followed two main approaches:
fine-tuning models on perspective-specific data and
using persona-based prompting.

Several studies have explored fine-tuning ap-
proaches for task-agnostic LLMs alignment. Agiza
et al. (2024), Chen et al. (2024) and Feng et al.
(2023) investigated how political alignment and
data selection affect model biases and downstream
tasks like hate speech detection. Similarly, Haller
et al. (2024) developed OpinionGPT by fine-tuning
models on ideologically diverse data to represent
explicit biases.

As an alternative to these resource-intensive
post-training methods, persona-based prompting
has emerged as a more efficient technique for task-
specific perspective alignment. Argyle et al. (2023)
showed that LLMs can accurately simulate survey
responses across demographic groups, while Fröh-
ling et al. (2025) and Ge et al. (2024) demonstrated
how synthetic personas can diversify model out-
puts and annotations. Building on this, Bernardelle
et al. (2025a,b) mapped persona-prompted LLMs
onto the PCT compass, providing a large-scale
analysis of how these personas impact the distribu-
tion of language models across political ideological
space. Similarly, Civelli et al. (2025a,b) revealed
how politically-aligned persona-conditioned LLMs
influence hateful content detection.
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Orlikowski et al. (2025) combined these ap-
proaches by fine-tuning models with socio-
demographic attributes to represent individual an-
notators, finding that persona-based prompting
barely improves the models’ ability to predict in-
dividuals’ annotations and that improvements from
fine-tuning mainly come from demographic profiles
serving as identifiers for individual annotators. Liu
et al. (2024) identified further limitations in this tech-
nique, showing that models struggle with “incongru-
ous personas” and default to stereotypical stances
when predicting responses for personas with con-
tradicting traits. The conflicting evidence seen in
the literature regarding the models’ ability to con-
sistently represent different subjective perspectives
serves as further motivation to develop compre-
hensive resources for the evaluation of this type of
LLMs perspective alignment.

2.2. Evaluating LLMs Perspective
Alignment

Evaluating alignment presents significant chal-
lenges, particularly for subjective tasks.

For survey response prediction, He et al. (2024)
and Santurkar et al. (2023) compared model pre-
dictions against actual responses from specific de-
mographic groups. Castricato et al. (2025) built
on the PRISM dataset (Kirk et al., 2024) to create
a test bed for evaluating pluralistic alignment us-
ing preference pairs from personas sampled from
census data.

For downstream tasks, Giorgi et al. (2024) and
Zheng et al. (2024) assessed how personas af-
fect model performance and biases in content clas-
sification. Despite these advances, evaluating
perspective-aligned LLMs on subjective classifi-
cation tasks remains challenging due to the lack
of standardized resources that enable consistent
comparison—a gap our proposed framework ad-
dresses.

3. SubData Construction

3.1. Dataset Selection Criteria
Our approach to evaluating perspective align-
ment in LLMs necessitates datasets with specific
characteristics suited for this analysis. We re-
quire datasets that address subjective constructs
such as hate speech, toxicity, or abusive lan-
guage—domains where human interpretations nat-
urally diverge across demographic and ideological
lines (Sap et al., 2022). This subjectivity is essen-
tial as it creates the interpretive space where differ-
ent perspectives become measurable. Additionally,
these datasets must provide explicit annotations
identifying which specific demographic groups are

targeted by the content (for example, specifying
when content targets Jews, women, or immigrants),
rather than merely indicating that some unspeci-
fied group was targeted. This granular targeting
information is crucial because it enables us to test
theory-driven hypotheses about how LLMs aligned
with different perspectives might classify content
targeting specific demographics differently.

3.2. Data Collection Methodology

Because of the lack of a single repository that stores
and documents the properties of datasets, identi-
fying the set of relevant datasets is an inherently
difficult challenge. We therefore employed a multi-
phase approach to identify suitable datasets.

First, we leveraged our existing knowledge of
hate speech detection literature to identify candi-
date datasets, drawing on our team’s established
expertise in this domain. Second, we examined ex-
isting repositories including hatespeechdata.com
(Vidgen and Derczynski, 2020) and toxic-comment-
collection (Risch et al., 2021), which provided
structured access to multiple potentially relevant
datasets. Third, we conducted systematic searches
with keyword combinations of “target[ed]” and “hate
speech” on scholarly databases to identify related
literature that might present or reference additional
resources. Finally, we individually assessed each
dataset through manual verification to confirm it
contained explicit target group annotations that sat-
isfied our criteria.

This process yielded ten datasets that meet our
requirements. While we have striven to make our
initial dataset collection comprehensive, we ac-
knowledge that this collection is not exhaustive
and that some relevant sources may have been
overlooked. Rather than seeing this as a limitation,
we consider it an opportunity to build a collabo-
rative research community focused on annotation
subjectivity. We actively encourage researchers to
contact us with suggestions for additional datasets
that satisfy our outlined criteria to be included in
the library.

3.3. Dataset Characteristics

Table 1 provides an overview of the datasets in-
cluded in SubData so far, categorizing targets
across nine demographic dimensions (age, disabil-
ity, gender, migration, origin, political, race, reli-
gion, and sexuality). All target categories are or-
ganized according to the unified taxonomy we de-
tail in §4, which standardizes the heterogeneous
labels from original sources. This standardized cat-
egorization enables researchers to quickly identify
suitable datasets for specific research questions
regarding perspective alignment, highlighting both
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Dataset \ Category age disabled gender migration origin political race religion sexuality Dataset size
Fanton et al. (2021) 0 (0) 175 (1) 560 (1) 637 (1) 0 (0) 0 (0) 301 (1) 1,402 (2) 465 (1) 3,540
Hartvigsen et al. (2022) 0 (0) 19,631 (1) 19,563 (1) 0 (0) 62,458 (3) 0 (0) 80,979 (4) 41,014 (2) 21,344 (1) 244,989
Jigsaw (2019) 0 (0) 18,602 (3) 178,266 (4) 0 (0) 0 (0) 0 (0) 94,334 (5) 132,734 (7) 29,115 (4) 453,051
Jikeli et al. (2023a) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 6,439 (1) 0 (0) 6,439
Jikeli et al. (2023b) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 0 (0) 3,012 (3) 2,315 (2) 0 (0) 5,327
Mathew et al. (2021) 0 (0) 153 (1) 5,584 (2) 1,701 (1) 1,855 (2) 0 (0) 7,684 (5) 6,106 (6) 2,750 (4) 25,833
Röttger et al. (2021) 0 (0) 510 (1) 1,020 (2) 485 (1) 0 (0) 0 (0) 504 (1) 510 (1) 577 (1) 3,606
Sachdeva et al. (2022) 2,355 (4) 1,801 (3) 22,535 (5) 5,473 (2) 11,637 (2) 0 (0) 21,024 (7) 12,461 (8) 14,934 (4) 92,220
Vidgen et al. (2021a) 41 (2) 414 (3) 689 (3) 45 (2) 164 (5) 688 (7) 397 (4) 273 (4) 472 (3) 3,183
Vidgen et al. (2021b) 23 (1) 521 (1) 3,630 (4) 1,507 (2) 862 (6) 0 (0) 3,881 (5) 2,384 (2) 1,437 (3) 14,245
All Datasets 2,419 (4) 41,807 (3) 231,847 (5) 9,848 (4) 76,976 (11) 688 (8) 212,116 (8) 205,638 (8) 71,094 (6) 852,433

Table 1: Overview of hate speech datasets in SubData, showing the number of instances and unique
target groups (in parentheses) per target category. Note: The “All Dataset” row reports the total unique
target groups per category across all datasets. When the total equals the maximum from a single dataset
(e.g., disabled: 3, matching Jigsaw (2019)’s 3), that dataset fully accounts for the category’s unique target
groups. When the total exceeds the maximum (e.g., origin: 11, exceeding Hartvigsen et al. (2022)’s 3),
multiple datasets contribute distinct target groups.

the strengths and limitations of current hate speech
detection resources.

We would like to point out that the number of
entries in some datasets of Table 1 may differ from
those reported in the original publications because
of our focus on targeted hate speech. When entries
in source datasets had multiple targets in a single
annotation (e.g., “[bla, jew]”), we created separate
instances for each target, thereby increasing the
number of entries. Conversely, we excluded en-
tries without specific target groups (e.g., labeled
as “other”), resulting in datasets that sometimes
contain fewer instances than the originals. We also
deduplicate instances, removing repeated entry-
target pairs even when these duplications might
be intentional in the original dataset—such as in
Fanton et al. (2021) where identical hate speech
instances appear multiple times with different coun-
terspeech responses. Since our research focuses
specifically on targeted hate speech, we treat these
as functional duplicates.

4. SubData Unified Taxonomy

Following our dataset selection and collection
methodology, SubData implements a standardized
taxonomy that addresses the inconsistencies in
how target groups are labeled across hate speech
datasets. This allows to leverage the systematic
evaluation framework described in §5 by creating
consistency across disparate data sources.

4.1. Taxonomy Design Principles
The development of our taxonomy was guided by
several key design principles tailored to the prac-
tical needs of researchers studying perspective
alignment. We sought to balance specificity and
generalizability, preserving critical distinctions be-
tween target groups while establishing categories
broad enough to facilitate meaningful cross-dataset

analysis. For instance, the target group “LGBTQ+”
is commonly used in the literature to encompass
a wide range of minority sexual and gender iden-
tities. While we recognize that this label can be
overly broad, potentially obscuring the diverse expe-
riences of the groups it covers, we decided against
introducing every identity under this umbrella as a
separate target group.

Importantly, our demographic categories were
not arbitrarily chosen; they emerged from a bottom-
up approach, derived directly from the categories
present in the original datasets we sourced. This
method ensures that our taxonomy reflects and
unifies the actual structure of existing hate speech
research, maintaining alignment with the data’s in-
herent organization. Additionally, whenever pos-
sible, we preserved consistency with the original
researchers’ taxonomic decisions to honor their
methodological choices and conceptual frame-
works.

4.2. Target Group Mapping
The mapping process converts heterogeneous tar-
get labels from original datasets into our standard-
ized taxonomy. This involves both direct equiva-
lences (e.g., “Jewish people” → “jews”) and more
complex decisions requiring contextual judgment.
Table 2 provides a sample of our mapping strategy
across multiple datasets, illustrating how diverse
original terminology is standardized in SubData.

For ambiguous cases, we consulted dataset doc-
umentation to determine the original authors’ in-
tent. For instance, determining whether the target
“mexicans” should be mapped to the “latin” (race
category) or “mexicans” (origin category) required
careful contextual judgment. When documentation
clarified the original creators’ intended meaning, we
followed their categorization. When such guidance
was unavailable, we applied consistent principles
across similar cases. To validate the reliability of
these decisions, we conducted an inter-annotator
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SubData Taxonomy
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Figure 2: SubData taxonomy structure with target groups organized by category. Note: targets that should
end in “_unspecified” have been abbreviated in the figure using “‘_unsp.”

Dataset Original Keyword Target
Fanton et al. (2021) “JEWS” jews
Hartvigsen et al. (2022) “jewish” jews
Jikeli et al. (2023a) “Kikes” jews
Vidgen et al. (2021a) “jewish people” jews

Vidgen et al. (2021b) “bla, jew” jews
blacks

Vidgen et al. (2021b) “bla, african” blacks
Jigsaw (2019) “black” blacks
Jikeli et al. (2023b) “Blacks” blacks
Röttger et al. (2021) “black people” blacks

Table 2: Standardization of target terminology
across datasets using SubData’s mapping system.
The table provides examples of how diverse origi-
nal keywords from multiple hate speech datasets
are normalized into consistent target categories.

agreement check on the mapping process, obtain-
ing a Cohen’s κ of 0.986.

As part of our approach, for each cate-
gory we designated target groups with the suf-
fix “_unspecified” (e.g., “disabled_unspecified,”
“race_unspecified”) to handle cases where the orig-
inal dataset used generic terminology without spec-
ifying subtypes.

Figure 2 illustrates the complete taxonomy struc-
ture with all target groups organized by category.

4.3. Taxonomy Limitations and
Customization

Despite our efforts to create a comprehensive
framework, we acknowledge several limitations in
our taxonomy that primarily stem from the inherent
challenges associated with the matching we are
performing (Shvaiko and Euzenat, 2011). These in-
clude the LGBTQ+ target group heterogeneity that
mixes gender identities and sexual orientations,
blurred distinctions between racial identity and ge-
ographic origin, and simplified representations of

demographic intersectionality mapped to single-
attribute target groups (e.g., “blacks,women”). Inde-
pendent from our work, Fillies and Paschke (2025)
point to the same challenges when developing their
targeted hate speech taxonomy, relying on similar
strategies to solve them.

We are confident that our taxonomy represents
a useful basis for different research purposes and
take the large overlap with the unified taxonomy
proposed by Fillies and Paschke (2025) as evi-
dence for convergence on a generally accepted
targeted hate speech taxonomy. However, rec-
ognizing that no single taxonomy can satisfy all
research needs, SubData provides several cus-
tomization functions that give researchers flexibility
in adapting the framework to their specific require-
ments.

While this customizability is valuable, it creates
challenges for maintaining comparability across
studies when researchers modify the taxonomy.
To address this issue and increase transparency,
we implemented a functionality to export a LaTeX
version of the taxonomy (and all other modifiable
resources) that researchers can include directly in
their manuscripts, clearly documenting any modifi-
cations they have made.

5. Theory-Driven Hypothesis Testing

The SubData library not only provides standard-
ized datasets but also serves as a foundation for
a theory-driven approach to evaluating LLMs per-
spective alignment. This approach follows the pro-
cess illustrated in Figure 1:

1. Theory (T): Researchers begin by identifying
established social or political theories that pre-
dict differences in how various demographic
or ideological groups differ in their perception
of subjective constructs.

2. Hypothesis (H): Based on these theories,
researchers formulate testable hypotheses

88



about how LLMs aligned with different perspec-
tives might classify content.

3. Experiment (E): Using SubData’s standard-
ized datasets, researchers design controlled
experiments to test these hypotheses by
measuring classification differences between
differently-aligned models.

Advantages of the Framework. The theory-
driven framework we propose offers substantial
benefits for researchers studying LLM perspective
alignment. By focusing on comparative model be-
havior rather than adherence to supposedly objec-
tive standards, our approach (1) elegantly circum-
vents the persistent challenge of subjectivity
in human annotations. When dealing with inher-
ently subjective constructs like hate speech, the
framework does not require consensus on “ground
truth” labels—which are often contested and vary
across demographic and ideological lines—but in-
stead directly measures differences between mod-
els aligned with distinct perspectives. This shift
in evaluation methodology acknowledges the fun-
damental subjectivity of these tasks while still en-
abling rigorous analysis by grounding the tested
hypotheses directly in theory.

Furthermore, our approach (2) enables precise
quantitative measurement of alignment effects
on classification behavior. Researchers can
measure exactly how much perspective alignment
influences model outputs when classifying con-
tent targeting specific demographics, providing con-
crete metrics rather than relying on qualitative as-
sessments. This quantitative foundation makes
evaluations more rigorous and facilitates meaning-
ful comparisons across different studies, contribut-
ing to more cumulative research in this emerging
field.

The framework’s versatility extends beyond its
primary application in political alignment evaluation.
It (3) naturally supports diverse research direc-
tions. This flexibility makes our approach valuable
for researchers working at the intersection of natu-
ral language processing (NLP), social science, and
ethical AI development, potentially informing more
nuanced approaches to model development and
evaluation.

6. Example Use of SubData

To demonstrate the proposed framework, we
present here a concrete use case. Feng et al.
(2023) show that pretraining LLMs on partisan cor-
pora shifts their political leaning, and that this shift
propagates into downstream tasks such as hate
speech detection, where left-leaning models tend
to flag more content targeting minority groups than

right-leaning ones (T). This connection is theoret-
ically plausible because hate speech detection is
not a politically neutral classification task: decisions
about what should be flagged often reflect broader
normative commitments around social harm, toler-
ance, and free expression. As a result, if political
conditioning meaningfully changes a model’s per-
spective, hate speech detection is one of the down-
stream settings where such differences should be
especially visible.

Following their categorization (blacks, muslims,
lgbtq+, jews, latin, women, men, christian,
white), we hypothesize that a similar dynamic
holds when partisan alignment is induced through
persona-conditioning (H). Specifically, LLMs con-
ditioned on left-leaning personas should produce
higher detection rates for hate speech against mi-
nority groups, while LLMs conditioned on right-
leaning personas should show the opposite ten-
dency. The following subsections detail the experi-
mental setup (E) and results.

6.1. Methodology
Data. We use the SubData library to collect
and standardize the instances of interest from
existing hate speech datasets. Specifically, we
rely on its unified taxonomy of ten demographic
groups: blacks, muslims, lgbtq_unsp, jews,
asians, latin, women, men, christians, whites.

This procedure enables us to construct a single
merged dataset that ensures comparability across
groups and facilitates controlled evaluation of per-
spective alignment. Because evaluating the full
corpus across multiple models and persona condi-
tions would be computationally prohibitive, we in-
stead randomly sample 2,500 statements per target
group after merging, yielding a balanced dataset
of 25,000 instances for our experiments.

The sampling procedure chosen does not alter
any original frequency distributions of different tar-
gets, given that our collection of publicly available
datasets should not be treated as a ground-truth
distribution of targets in the hate speech literature or
in the real world. Furthermore, by choosing 2,500
instances per target group, we do not have to rely
on oversampling or synthetic duplication to achieve
this stratification. The smallest of the target groups
studied in our use case features around 21,000
instances.

Language Models. We selected three open-
source, instruction-tuned conversational LLMs for
our analysis: Mistral-7B-Instruct-v0.3 (Jiang et al.,
2023), Llama-3.1-8B-Instruct (Dubey et al., 2024)
and Qwen2.5-7B-Instruct (Team, 2025). These
models were chosen for their open-source avail-
ability and moderate parameter size (7–8B), which
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Target Mistral-v0.3-7B Llama-3.1-8B Qwen-2.5-7B

Left Right OR 95% CI Left Right OR 95% CI Left Right OR 95% CI

blacks 0.548 0.471 1.359*** [1.325,1.393] 0.625 0.614 1.050*** [1.023,1.077] 0.319 0.311 1.037** [1.009,1.065]
muslims 0.471 0.391 1.389*** [1.355,1.425] 0.599 0.576 1.100*** [1.072,1.128] 0.228 0.204 1.152*** [1.117,1.187]
lgbtq_unsp 0.313 0.247 1.389*** [1.351,1.428] 0.391 0.372 1.086*** [1.059,1.114] 0.168 0.157 1.084*** [1.048,1.121]
jews 0.497 0.405 1.450*** [1.415,1.487] 0.576 0.553 1.101*** [1.074,1.129] 0.320 0.307 1.064*** [1.036,1.093]
asians 0.343 0.260 1.481*** [1.442,1.522] 0.469 0.446 1.096*** [1.069,1.123] 0.197 0.176 1.146*** [1.111,1.184]
latin 0.378 0.297 1.443*** [1.405,1.482] 0.473 0.447 1.110*** [1.082,1.138] 0.209 0.199 1.064*** [1.032,1.097]
women 0.364 0.298 1.347*** [1.312,1.383] 0.477 0.467 1.042** [1.016,1.068] 0.161 0.151 1.073*** [1.037,1.110]
christians 0.202 0.167 1.263*** [1.223,1.304] 0.298 0.290 1.040** [1.012,1.069] 0.064 0.061 1.057* [1.004,1.112]
men 0.299 0.250 1.279*** [1.244,1.315] 0.442 0.429 1.056*** [1.030,1.083] 0.111 0.104 1.081*** [1.038,1.125]
whites 0.523 0.440 1.393*** [1.359,1.429] 0.656 0.649 1.033* [1.006,1.060] 0.259 0.253 1.029* [1.000,1.059]

Overall 0.394 0.323 1.364*** [1.352,1.375] 0.501 0.484 1.068*** [1.060,1.077] 0.204 0.193 1.073*** [1.063,1.084]

Table 3: Hate speech detection rates by target category and persona position across the three LLMs
investigated. Each cell shows the average proportion of content flagged as hateful when targeting the
specified group, using a persona-conditioned model with 20 left- and 20 right-oriented personas. Bold
values indicate the highest detection rate for each model–condition pair across all targets. Odds Ratios
(OR) quantify detection differences, with OR > 1 indicating higher rates for left personas. 95% confidence
intervals are reported in a dedicated column. Significance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

strikes a balance between reproducibility and diver-
sity, allowing us to derive insights that generalize
across architectures. We specifically use their con-
versational variants, fine-tuned for instruction fol-
lowing (Ouyang et al., 2022), as this aligns with our
methodology: leveraging in-context prompts to con-
dition models on different personas and evaluate
their hate-speech detection behavior.

Experimental Setup. To simulate partisan per-
spectives, we adopt the political distributions intro-
duced by Bernardelle et al. (2025a,b), which map
persona-conditioned LLMs across the PCT ideolog-
ical space. Following the approach of Civelli et al.
(2025a,b), we select the 20 most left-leaning and
20 most right-leaning persona descriptions from
each model distribution, yielding 40 personas in
total per model. Each persona is then used as
an in-context instruction to condition the LLMs for
hate speech detection on the unified dataset (refer
to Appendix A for more information on the prompt
template).

To improve reliability and maintain consistent out-
put formats, we adopted a structured output gener-
ation strategy throughout our experiments.2 This
approach constrains model generations to follow
a predefined schema, thereby helping to prevent
ill-formed or off-task completions. At inference time,
schema adherence is enforced through dynamic
vocabulary masking: at each decoding step, only
tokens that keep the partial output consistent with
the schema remain available for selection. This en-
sures that final outputs are both syntactically valid
and semantically aligned with the intended task
requirements. This design mitigated refusal be-
haviors and promoted consistent formatting across
different models, addressing reproducibility issues

2We used the implementation from vLLM, though
other toolkits offer equivalent functionality.

observed in earlier work (Azzopardi and Moshfeghi,
2024; Röttger et al., 2024).

For every target group, we compare the clas-
sification behavior of left- and right-oriented per-
sonas, measuring the average proportion of in-
stances labeled as hate speech. Given 25,000
statements and 40 personas, this amounts to a to-
tal of 1,000,000 inferences per model. This setup
allows us to test whether persona-induced align-
ment reproduces the partisan effects previously
observed in pretraining-based studies.

Computational resources. All experimental con-
ditions were executed on a single H100 GPU. Each
run required approximately one and a half hours to
complete, resulting in a total runtime of roughly 5
hours across the full set of experiments.

6.2. Results
Table 3 reports the average proportion of hate
speech detected across target groups for left- and
right-oriented personas, along with odds ratios
quantifying systematic differences.

Overall persona effects. Across all three LLMs,
left-oriented personas consistently yield higher de-
tection rates than right-oriented ones. This effect is
evident not only for minority groups such as blacks,
muslims, jews, and lgbtq+, but also for major-
ity groups including christians, men, and whites.
The uniformity of this effect runs counter to our hy-
pothesis that right-leaning personas would be more
protective of majority groups. Instead, persona-
conditioning on the left systematically raises sensi-
tivity to hateful content, indicating a general tighten-
ing of classification thresholds rather than selective
group protection. One possible explanation is that
the relatively small parameter size of these mod-
els limits their ability to adopt nuanced persona
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perspectives, producing broad shifts in classifica-
tion behavior rather than the group-specific differ-
ences anticipated—a pattern also noted by Civelli
et al. (2025a). Investigating the precise mecha-
nism behind this asymmetry lies beyond the scope
of the present study, but future work could lever-
age our framework with larger-scale models to test
whether the hypothesized group-specific protection
emerges under more expressive architectures.

Variation across models. Although the gap be-
tween left and right is consistent, its magnitude
differs by model family. Mistral shows the strongest
divergence (across all target groups overall OR
= 1.364, p < 0.001). By contrast, Llama ex-
hibits the smallest persona effect (OR = 1.068,
p < 0.001), while Qwen falls in between (OR =
1.073, p < 0.001). When considering absolute pro-
tection levels, however, a different pattern emerges:
averaging overall detection rates across left- and
right-conditioned personas, Llama achieves the
highest baseline detection (0.493), followed by Mis-
tral (0.359), and Qwen the lowest (0.199). While
odds ratios primarily capture the models’ relative
responsiveness to persona-conditioning, raw detec-
tion levels reflect their intrinsic tendency to classify
statements as hateful.

Model-specific protection of Whites. Across
models, detection rates are generally highest for
statements targeting blacks, making this category
the most consistently protected. The main excep-
tion arises with Llama, where whites receive the
strongest protection (0.656 under left personas),
surpassing blacks as the top category. This un-
usually high value—the largest single entry in the
table—may reflect the model’s U.S.-centric train-
ing distribution, where discourse around race of-
ten centers explicitly on contrasts involving whites.
By contrast, Qwen and Mistral exhibit substantially
lower absolute detection for whites, aligning more
closely with the overall trend that prioritizes minority-
group protection.

Remarks. Together, the results convey two con-
cise points. First, persona-conditioning produces
an asymmetric within-model effect: left-conditioned
personas yield higher hate-speech detection rates
relative to right-conditioned personas, consistent
with a general tightening of classification thresh-
olds rather than selective protection of particular
groups. Second, the effect’s magnitude and the
models’ baseline tendencies differ: Mistral is the
most responsive to persona shifts, Llama shows a
higher baseline detection with notable outliers, and
Qwen is comparatively stable.

7. Conclusion

This paper introduces a two-step framework for the
systematic evaluation of perspective alignment in
LLMs. First, we present SubData, an open-source
library that standardizes heterogeneous datasets
by unifying annotation schemes and demographic
taxonomies, thereby enabling consistent evalua-
tion across subjective NLP tasks. Second, we pro-
pose a theory-driven evaluation approach that lever-
ages these standardized datasets to test hypothe-
ses about how differently aligned models behave
in downstream applications. We demonstrate the
practical value of this framework through an experi-
mental use case. This example illustrates how Sub-
Data not only provides a resource for data integra-
tion but also facilitates rigorous, theory-grounded
experimentation on LLMs perspective alignment.

Future Extensions. The most immediate ex-
tension of SubData is the inclusion of additional
datasets, both those that we may have overlooked
in our initial collection as well as those that are yet to
be released. In parallel, we aim to cultivate a com-
munity of researchers interested in aligning LLMs
with diverse human viewpoints, which would natu-
rally accelerate the inclusion of additional datasets.

Moreover, we plan to broaden the scope of
SubData by introducing additional subjective con-
structs. Our next priority is misinformation, for
which we have already compiled an initial collection
of datasets that will soon be accessible through the
library. For misinformation datasets, the connec-
tion between theory and testable hypotheses will
be grounded in the topical domain of the claims be-
ing evaluated. Specifically, different domains (e.g.,
politics, public health, or climate) are known to elicit
systematically different judgments depending on in-
dividuals’ prior beliefs and ideological commitments.
This allows misinformation to be operationalized
as a subjective construct, where disagreement is
not merely noise but reflects underlying differences
in perspective. Consequently, variation in model
predictions across perspectives can be interpreted
as meaningful evidence of alignment (or misalign-
ment) with distinct human viewpoints.

Ultimately, we intend to develop an alternative ap-
proach for evaluating LLM alignment with different
human viewpoints, focusing on annotator charac-
teristics rather than instance features. Through
these initiatives, we aspire to evolve SubData into
a comprehensive multi-construct benchmark suite
for evaluating how well LLMs align with humans
across various downstream tasks.
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Limitations

While the initial implementation of SubData focuses
on hate speech detection, this narrow scope re-
flects the availability of suitable datasets. We chose
to release the library early because alignment re-
search is advancing rapidly but lacks standardized
resources for downstream evaluation. Even in its
current state, we believe SubData offers immedi-
ate value for studying LLM alignment with diverse
perspectives.

Our unified taxonomy required pragmatic map-
ping choices that inevitably involve subjective judg-
ment. Challenges include the existence of target
groups in the literature that conflate targets from
different categories (e.g., “LGBTQ+” for minority
gender identities and sexual orientations), targets
that are placed into different categories in differ-
ent original datasets (e.g., “mexicans” either put
into a race—latin—or an origin category) and inter-
sectional groups (e.g., “blacks, women”). We ap-
plied our principles carefully to balance specificity
and generalizability. While the mapping process is
manual and limits scalability, we argue this effort
is both necessary and valuable: meaningful tax-
onomies for subjective constructs require domain
expertise and contextual sensitivity that automated
methods often miss. It is also a one-time invest-
ment with lasting benefits, and our taxonomy al-
ready aligns with independent efforts, suggesting
emerging consensus. Future versions may incor-
porate semi-automated clustering or embedding-
based methods to propose candidate mappings,
with human oversight ensuring contextual validity.
At the same time, SubData supports customiza-
tion—researchers can adapt, extend, or redefine
taxonomies as needed—helping to mitigate the lim-
itations of any single framework.

In our experimental setup, we are contrasting
personas from the extremes of the ideological spec-
trum. While we made this decision deliberately in
order to increase contrast and establish the func-
tioning of our methodological contribution, future
work should extend this analysis to intermediate
and mixed identities, where distinctions are more
subtle and potentially more informative.

Finally, the library inherits annotation errors and
biases from its source datasets. SubData aggre-
gates existing annotations without re-labeling or
quality control, so we encourage users to verify an-
notation quality and consult original documentation
where appropriate.

Ethical Considerations

While SubData provides valuable datasets for eval-
uating LLMs perspective alignment, we acknowl-
edge potential ethical concerns. The library’s ag-

gregation of hate speech datasets creates a con-
centrated collection of offensive content that could
be misused to train hateful models or generate
toxic content. Additionally, our framework’s ability
to test how differently-aligned LLMs classify con-
tent targeting specific demographics could be mis-
used to intentionally create biased systems. We
emphasize that SubData’s purpose is to improve
evaluation transparency and understanding of per-
spective alignment, not to enable harmful applica-
tions. We recognize that the target groups repre-
sented in these datasets face real discrimination
and harassment. Research using SubData should
be conducted with sensitivity to the lived experi-
ences of these communities, and findings should
be communicated in ways that avoid reinforcing
harmful stereotypes or creating additional psycho-
logical harm.

Dataset Licensing and Access. SubData does
not host, mirror, or redistribute any dataset included
in its unified taxonomy. All data are obtained directly
from their official public distribution endpoints (e.g.,
GitHub, Kaggle, project websites), and the library
simply provides convenience functions that down-
load or load these datasets using the user’s own
credentials when required. For datasets that man-
date registration, authentication, or explicit accep-
tance of license terms, SubData does not bypass
these access controls; users must obtain the data
themselves under the original license conditions.
Because the library only performs local standard
ization of datasets that users already lawfully ac-
quired, it does not create or distribute any deriva-
tive dataset, and all licensing obligations remain
governed by the original providers. The licenses,
access constraints, and redistribution permissions
of the datasets available via SubData are detailed
in Appendix (Table 4).
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A. Prompt Template

Prompt Template

You are an expert content analyst specializing
in identifying hate speech according to specific
guidelines. Your task is to analyze the provided
text strictly from the perspective of [PERSONA].

Based on your analysis, you must generate a
single, valid JSON object that adheres to the
following schema and logic. Do not output any
text other than the JSON object.

Analysis Logic:
1. Perspective: Embody the given persona.

Your entire analysis must reflect their likely
values, biases, worldview, and sensitivity
level to hateful content.

2. Classification: Determine if the per-
sona would consider the text to be hate
speech. This determines the value of
is_hate_speech.

JSON Schema:
• is_hate_speech (string): Must be one of

"true" or "false".

Example 1 (Hateful):
{

"is_hate_speech": "true"
}

Example 2 (Not Hateful):
{

"is_hate_speech": "false"
}

Persona: [PERSONA]
Text: [TEXT]

Now, analyze the text from the persona’s per-
spective and generate the JSON object.

Across all LLMs investigated, we employed a
standardized prompt format to ensure comparabil-
ity of results and to minimize confounding effects

introduced by variations in wording or structure.
We wrapped all inputs in the respective chat tem-
plate of each model family. This preserved the
conversational format they were optimized for dur-
ing fine-tuning, reducing the risk of degraded per-
formance or altered behavior due to mismatched
prompting styles. For each combination of per-
sona and statement (40 personas × 25,000 state-
ments = 1,000,000 total pairs), we generated the
corresponding prompt by substituting [TEXT] and
[PERSONA] placeholders in the template with the
actual text.
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Dataset License Gated? Redistribution Allowed? Sourcing Method
Fanton et al. (2021) Research-use only (not for redistribution) × × Download via authors’ GitHub (CONAN)
Hartvigsen et al. (2022) Not explicitly stated ✓ × Download via Hugging Face (requires form + token)
Jigsaw (2019) CC0 1.0 × ✓ Download from Kaggle (Jigsaw Unintended Bias)
Jikeli et al. (2023a) CC BY 4.0 × ✓ Download from Zenodo (open DOI)
Jikeli et al. (2023b) CC BY 4.0 × ✓ Download from Zenodo (open DOI)
Mathew et al. (2021) MIT × ✓ Download via GitHub (HateXplain)
Röttger et al. (2021) CC BY 4.0 × ✓ Download via GitHub (hatecheck-data)
Sachdeva et al. (2022) CC BY 4.0 × ✓ Download via Hugging Face (open dataset)
Vidgen et al. (2021a) CC BY 4.0 × ✓ Download via GitHub (Learning from the worst)
Vidgen et al. (2021b) CC BY 4.0 × ✓ Download from Zenodo (open DOI)

Table 4: Licensing, access constraints, and redistribution permissions for datasets included in SubData.
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Abstract
Large language models (LLMs) have often been proposed as substitutes for human annotators in a variety of tasks.
At the same time, there has been increased focus on the role that human subjectivity and perspective plays in data
annotation. To avoid eliminating the human role in annotation entirely, the use of LLMs for pre-annotation has been
suggested as an alternative approach. In this paper, we explore to which degree this approach affects subjectivity of
social media annotation in English. We focus on comments regarding the current status of the housing market and
label them for concern level, factors affecting housing affordability, and aspects that authors claim either exacerbate
or improve the situation. To investigate this, we design an experiment involving two rounds of annotation: the first, a
dataset annotated by humans only; and the second, a dataset with LLM pre-annotations curated by the same human
annotators. We observe that the second setting leads to much higher agreement, as well as significant changes in
label distribution and co-occurrence. Similar shifts do not appear in the LLM labels. Our findings show that use of
LLMs in the annotation process leads to convergence in annotations and, thus, to an erosion of human subjectivity.

Keywords: subjectivity, annotation, agreement, LLMs, social media analysis

1. Introduction

NLP has experienced a drastic paradigm shift with
the advent of highly performant Large Language
Models (LLMs). Autoregressive language models
have become more commonplace throughout the
entire machine learning pipeline, reducing the need
for multiple interconnected pieces. Although this
is not a new trend, autoregressive generative lan-
guage models have been increasingly used to label
data (Karim et al., 2025) and automated evaluation
(Bavaresco et al., 2025).

However, the use of LLMs comes with its own
risks and challenges. For instance, they are known
to hallucinate Ji et al. (2024) and reproduce social
biases Gallegos et al. (2024). There have been mul-
tiple proposed solutions when using these systems
for tasks like data labelling to ensure the quality and
reliability of the system’s outputs. Two of these are
‘human in the loop’ (Pangakis and Wolken, 2024;
Wang et al., 2025) and ‘hybrid intelligence’ (Deller-
mann et al., 2019).

A major flaw of such approaches is ‘anchoring
bias’, which shows that humans tend to favour
the first option presented (Tversky and Kahneman,
1974). Another influencing effect is ‘automation
bias’, which specifies that humans overly rely on
machine output for automated systems they con-
sider trustworthy (Dzindolet et al., 2003). Such
biases can have a strong impact on annotation out-
comes, as human reviewers may be tempted to
agree with LLM suggestions. This could in turn

lead to what Schroeder et al. (2025) describe as a
‘homogenization of insights’, reducing annotation
diversity and impacting downstream performance.
This is particularly problematic for subjective tasks,
where an accurate depiction of reality would nat-
urally entail a variety of annotator opinions and
judgments (Wan et al., 2023).

To determine the impact of anchoring and/or au-
tomation biases, we measure the effect of LLM
annotation on human subjectivity. We focus on
three research questions: (i) Does usage of LLMs
as a tool for pre-annotation result in convergence
of human-annotated labels? (ii) Are different sets
of labels more likely to be used when LLMs are in-
volved in the annotation process? (iii) Are humans
more efficient at data labelling in terms of time when
curating LLM-generated labels?

To answer these questions, we gather a dataset
of social media comments discussing housing af-
fordability in major cities of six English speaking
countries. We engage three community annotators
in two experimental annotation settings. In the first
experiment, annotators are asked to annotate 500
comments for four label categories (concern score,
factor, aspect-improvement, aspect-exacerbate). In
the second setting, gpt-4.5 is used to label a differ-
ent set of 500 comments whose output is curated
by the same annotators.

Our results show that use of an LLM for pre-
annotation leads to a drastic decrease in terms of
annotation time. However, this comes at a price
concerning annotation quality. There is a non-
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negligible increase in inter-annotator agreement
and a significant shift in terms of label distribution.

For instance, labels that denote objective factors
impacting housing prices are much more common
when LLMs are involved compared to human-only
annotations. These results suggest that usage
of LLMs in the annotation process strongly influ-
ences human subjectivity. Our contributions can
be summed up as follows:

1. A dataset annotated with labels for subjec-
tive measures of concern and commonly men-
tioned features of housing affordability in sev-
eral major cities

2. An evaluation of the use of LLM pre-annotated
data for annotation in a subjective task, for
both prescriptive and descriptive ordinal and
categorical labels

3. An exploration of changes in annotation pat-
terns when annotators are provided with LLM
pre-annotated data

The following section presents and overview of
the use of LLMs for dataset labelling, both as a re-
placement for human annotators and as assistants,
as well as commonly noted challenges in the use
of LLMs for such work.

2. Background

In the past few years, generative language models
have been proposed as a alternative for human
annotators. The core argument behind this is that
it takes less resources to automate the annotation
process, both in terms of time (Choi et al., 2024)
and money (Wang et al., 2021). This approach
has been followed to label data in fields such as
argumentation mining (Lindahl, 2025) and the so-
cial sciences (Ziems et al., 2024), among others.
(Gao et al., 2023) describe the LLM as a mediator
facilitating discussion between experts, noting that
its usage leads to increased agreement.

However, several arguments have been lever-
aged against taking LLMs as if they were human
annotators. Atreja et al. (2024) and Baumann et al.
(2025) show that they are highly sensitive to prompt
variation, which can lead to major changes in label
distribution. Not only that, but LLMs are known
to suffer from hallucinations (Ji et al., 2024) and
to reproduce social biases (Gallegos et al., 2024).
Further, the use of LLM-generated labels can lead
to lower performance across several kinds of tasks
(Li et al., 2023; Pangakis and Wolken, 2024)

Both ‘human in the loop’ and ‘hybrid intelligence’
approaches have been suggested as a way to get
around some of these issues (Schroeder et al.,
2025; Wang et al., 2025) For instance, Ziems et al.
(2024) describe human annotators as ‘key’ to avoid

LLM biases and hallucination in social sciences
datasets. However, the use of humans as cura-
tors (as opposed to annotators) poses a new set of
problems. Humans are known to suffer from differ-
ent cognitive biases, among them anchoring and
automation biases.

Anchoring bias refers to the human tendency of
relying on the first piece of information presented,
even if it is irrelevant to the task at hand (Tversky
and Kahneman, 1974). This phenomenon is widely
studied, and has been shown occur in a variety
of decision making processes, such as purchas-
ing decisions, legal judgments or time estimation
(Furnham and Boo, 2011).

Automation bias refers to the human tendency
to favour suggestions coming from automated sys-
tems, even if they are in direct contradiction with
information that is known to be true by the decision-
maker (Dzindolet et al., 2003). Wilcox (2023) ar-
gues that human in the loop approaches lead to
increased risks of automation bias while reducing
accountability.

Choi et al. (2024) showed that human cura-
tors heavily rely on LLM annotation even in highly
specialized settings. Meanwhile, Schroeder et al.
(2025) found that human annotators have a strong
tendency to follow LLM suggestions even in subjec-
tive tasks, which in turn leads to higher agreement
and significant shifts in terms of label distribution.

High agreement between annotators has been
historically regarded as the gold standard in ma-
chine learning (Basile et al., 2020). However, this
ignores the fact that most NLP tasks have a sub-
jective aspect to them. As such, data cleaning and
harmonization leads to less rich datasets and risks
erasing underrepresented voices (Klenner et al.,
2020). Thus, factors that force higher agreement
can be detrimental to our data, among them an-
choring and automation biases.

This can be seen when taking LLM-generated
labels as if they were actual annotations. Gao
et al. (2023) show that using humans to curate LLM-
generated labels strengthened agreement and di-
minished the diversity of labels. Schroeder et al.
(2025) echo these insights, noting that it homoge-
nizes labels and reduces the diversity of judgments.
Moreover, Choi et al. (2024) observe that topics
selected by the LLM tend to be broader and less
nuanced than topics selected by humans.

3. Methodology and Data

We use a three step process to compare patterns in
annotation before and after exposure to data aug-
mented with LLM pre-annotations. Taking a raw
dataset (D) of 1000 English comments on Reddit
from local forums for several major cities experienc-
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ing challenges with housing affordability, we split
into two sets of 500 (D1 and D2).

In the first step, a team of three annotators (A, B,
and C) annotate the first set of comments without
LLM pre-annotation (D1

h). We define four distinct
categories for annotation:

1. Concern Score: how concerned the com-
ment’s author appears to be about not being
able to find or maintain adequate housing in
the city

2. Factor: an objective set of measures for hous-
ing affordability used in OECD and EU coun-
tries

3. Aspect-Exacerbate: aspects that a com-
ment’s author claims worsen affordability in
the housing market

4. Aspect-Improve: aspects that a comment’s
author claims improve affordability in the hous-
ing market

The first two categories follow a prescriptive
paradigm (Röttger et al., 2022), while the remaining
two are descriptive and developed collaboratively
by the annotators during annotation. Details of the
annotation process are elaborated on in Section
(3.2).

In the second step, annotators and researchers
agree on standardized guidelines which include
the prescriptive categories and a refined set of the
descriptive labels developed in step one. We use
few-shot prompting with the standardized guide-
lines to generate labels for an unseen set of 500
comments (D2

l ) and the initial 500 comments with
gpt-4.5 (D1

l ). As LLMs tend to struggle with multi-
task prompts (Ma et al., 2025), this step was broken
down into four tasks using one few-shot prompt for
each label category.

In the final step, annotators independently cu-
rated the model output from step two based on the
standardized guidelines. We then compare inter-
annotator agreement between annotators in the
human-only annotated dataset (D1

h) with that of the
human-curated dataset (D2

h).

Measuring Agreement: Inter-annotator agree-
ment for ordinal labels (concern score) was com-
puted with Krippendorff’s alpha and agreement
between categorical labels was computed with
Sørensen-Dice similarity. While Jaccard similar-
ity is more widely used to measure agreement for
multi-label categorical annotation tasks in NLP, it
is designed for only two annotators. As averag-
ing pairwise Jaccard scores to report agreement
between three annotators risks information loss,
we use three-way Sørensen-Dice similarity instead
(Diserud and Ødegaard, 2007; Magurran, 2003).

Sørensen-Dice similarity, widely used in ecology
to measure similarity of site composition, has been
extended from a two-way measure to accommo-
date three or more entities (Diserud and Ødegaard,
2007). The general formula for a multiple entity
similarity measure is defined as:

ST =
∑

i<j

aij −
∑

i<j<k

aijk +
∑

i<j<k<l

aijkl − · · ·

CT
S =

T

T − 1

(
ST∑
i ai

)

Where ai is the number of variables for entity Ai,
aij is the number of variables shared by entities
Ai and Aj , and so on. T is the total number of
entities. The Sørensen-Dice similarity measure
lies between 0 and 1, where 0 is no agreement
and 1 is perfect agreement. For a T = 3 measure
of similarity between annotators A, B, and C, we
calculate Sørensen-Dice similarity with:

S =
3

2

(
ab+ ac+ bc− abc

a+ b+ c

)

Where ab is the number of labels shared by an-
notators A and B, ac is the number of labels shared
by A and C, etc. Inter-annotator agreement is cal-
culated for each comment and averaged over the
entire annotation set for both D1

h and D2
h.

Label Patterns: We explore differences in label
patterns between D1 and D2 across two parame-
ters: frequency and label co-occurence. We com-
pare the frequencies of each label, for each an-
notator for D1

h and D2
h. We check for statistical

significance and effect size using chi-square test.
We also compare the frequencies for each label for
the LLM-annotated data, D1

l and D2
l .

To analyze differences in label co-occurrence, we
use Fisher’s Exact test in pairs of labels where at
least one showed statistically significant changes
for that annotator. We then calculate the effect
size of this co-occurrence by calculating φ of the
statistic:

φ =

√
statistic

# of observations

We can interpret values of φ as follows: 0.1 and
lower is small, between 0.1 and 0.3 the effect is
medium, and an effect size of 0.3 or more is large.

Time: Finally, we also compare time in hours
taken to complete steps one and three by each an-
notator. The following sections describe the dataset
and the annotation process.
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Local Subreddit Comments
Vancouver 198
Toronto 189
Los Angeles 154
San Francisco 102
Melbourne 95
London 88
Sydney 88
Bristol 35
Auckland 29
Dublin 22

Table 1: Number of comments per local subreddit
included in the full dataset of 1000 comments.

3.1. Data
We select six English speaking countries identi-
fied among the top locales for housing cost burden
in OECD reports: U.S.A., Canada, U.K., Ireland,
Australia, and New Zealand (OECD, 2025a).

For each country, we select the largest two cities
by population and collect threads from the local
subforums (subreddits) from the Reddit PushShift
Dataset (Baumgartner et al., 2020). All comments
are in English, dating from 2013 to 2023, and be-
long to one of the following subreddits: r/LosAnge-
les, r/SanFrancisco, r/Vancouver, r/Toronto, r/Lon-
don, r/Bristol, r/Sydney, r/Melbourne, r/Dublin, and
r/Auckland. For Ireland and New Zealand, only
the most populous city was included due to lack
of subreddit content for the second most populous
city.

To restrict data to discussions on housing and
affordability, we filter thread titles based on a list
of housing terms. This list was developed by a
community panel of volunteers, at least one panel
member local to each country in the study. Threads
whose title did not contain at least one term from
the list were removed.

After automatic filtering, we selected ten threads
from each city based on number of responses. The
titles of these threads were manually reviewed by
the authors to remove any that did not explicitly dis-
cuss housing affordability, such as advertisements
for roommates or apartments. This resulted in five
threads for each local subreddit.

For the remaining threads, we remove all com-
ments with a token count lower than 1001 to ensure
there would be enough content for annotators to
judge. This yielded 5,000 comments from which
1000 were randomly selected, 500 for human-only
(D1

h) annotation and 500 for pre-annotation with the
LLM (D2

h).2

1Based on the 50th percentile for comment length.
2And 7 to the Dwarf Lords who became wealthy be-

yond measure.

All comments were cleaned to remove Reddit
markdown formatting and replace personally identi-
fiable information, such as usernames, with place-
holders.

3.2. Dataset Annotation
Annotation was carried out by a team of three volun-
teers, each of which have spent one or more years
living in one of the cities in the study. Two annota-
tors are women in their late 20s to early 30s from a
middle-class background in mid-sized cities, while
the third is a man in his thirties from a small-town
working class background.

The dataset includes four categories of labels:
concern score, factor, aspect-improve, and aspect-
exacerbate. As described in Section 3, two cate-
gories (concern score and factor) are prescriptive
labels based on the More Effective Social Protec-
tion for Stronger Economic Growth Survey (OECD,
2025b) and Building for a better tomorrow: Poli-
cies to make housing more affordable Brief (OECD,
2021) reports respectively. For our dataset, we
combined the survey responses ‘not so concerned’
and ‘somewhat concerned’ from OECD (2025b)
into the ‘mixed’ label. The four labels for concern
score are defined below:

1. Off Topic: The comment does not talk about
housing/housing affordability in any way.

2. No Concern: The comment does not appear
to express concern toward housing at all. May
deny there is a problem or attempt to invalidate
others’ concerns and refute claims.

3. Mixed: The comment appears to express
some concern, but is mixed. Usually agrees
there is a problem, but might discuss the topic
more analytically.

4. Concern: The comment expresses clear con-
cern toward the housing situation and afford-
ability.

The categorical labels, factor, aspect-exacerbate
and aspect-improve, and their corresponding defini-
tions are presented in Appendix A. The two descrip-
tive categories were developed in a collaborative
document using open coding (Khandkar, 2009).
Additionally, our annotation procedure followed the
perspectivist paradigm (Basile et al., 2020; Cabitza
et al., 2023). That is, we kept all labels and did not
aggregate annotations in any manner.

Two labels were annotator specific. The first,
‘money’, was used by one annotator in the aspect-
improve category, but was later merged into the
‘bootstraps’3 label. The second, ‘demand’, was only

3From the phrase “pull oneself up by one’s boot-
straps”, meaning “getting oneself out of a difficult situation
only with one’s own effort”.
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Label Category Krippendorff’s Alpha (α)
human-only (D1

h) LLM-assisted (D2
h)

Concern 0.63 0.72

(a) Inter-annotator agreement for ordinal labels.

Label Category Sorensen-Dice Similarity (S)
human-only (D1

h) LLM-assisted (D2
h)

Factor 0.70 0.86
Aspect (Exacerbate) 0.78 0.84

Aspect (Improve) 0.82 0.88

(b) Inter-annotator agreement for categorical labels.

Table 2: Inter-annotator agreement for the different labels. Note that agreement for ordinal labels is
reported in terms of Krippendorff’s Alpha, while Sørensen-Dice Similarity is used for categorical ones.

used by one annotator in the aspect-exacerbate
category.

We created two versions of the dataset, a stan-
dardized and non-standardized version. The non-
standardized version contains all labels used by
annotators to preserve the full variety of annotator
perspective for future tasks. The standardized ver-
sion was created for ease of comparing annotator
agreement. This version includes concern score,
factor, and the set of aspect labels agreed upon
by all annotators mentioned in Section (3). Labels
with fifteen or fewer instances were removed from
the standardized label set and subsequent analysis.
Annotators used only the the standardized label set
for curation of the LLM output in D2

h. The set of
standardized labels and corresponding definition
are presented in Appendix A.

In addition, annotators were asked to record time
taken to complete both D1

h and D2
h.

In the following section, we compare the results
of inter-annotator agreement between D1

h and D2
h,

as well as the difference in time taken to complete
each task. We also present an analysis of label
distribution to explore differences in annotation pat-
terns between D1 and D2. Finally, we note specific
instances in which annotators believed their indi-
vidual experience or contextual knowledge were
an asset in annotation and how their annotations
differed from the LLM and each other.

4. Experimental Results

4.1. Inter-Annotator Agreement

We observe a large increase in inter-annotator
agreement between D1

h and D2
h for both ordinal

labels with Krippendorff’s Alpha and categorical la-
bels with Sørensen-Dice Similarity. The results of
inter-annotator agreement are reported in Table 2.

For both D1
h and D2

h, concern score had the
lowest agreement. Unlike labels in the other cat-
egories, which may be triggered by specific vo-
cabulary, concern score is purely subjective as it
requires annotators judge the emotional state of a
comment’s author. The agreement for this category
increased by nearly ten points from D1

h (α = 0.63) to
D2

h (α = 0.72), showing that annotations became
less varied when annotators were provided with
pre-annotated data.

The factor category showed the biggest increase
comparing the D1

h (S = 0.7) with D2
h (S = 0.86).

A potential explanation for this may be that, unlike
the aspect labels which are specific, factor labels
represent broader groups of factors for housing
affordability identified by the OECD. Additionally,
annotators may have been less certain of their inter-
pretation of these labels as they were pre-defined
rather than developed based on their own under-
standing.

The aspect-exacerbate and aspect-improve cat-
egories showed the highest agreement in D1

h (S =
0.78 and S = 0.82) and the smallest increase when
comparing D1

h with D2
h (S = 0.84 and S = 0.88).

High agreement for these categories overall is likely
due to the presence of triggering vocabulary, such
as ‘NIMBY’ for the ‘NIMBYism’4 label. However,
there is small (0.06) increase which suggests that
annotators have a slight tendency to accept the
LLM output for these labels as well.

Comparing inter-annotator agreement between
D1

h and D2
h reveals that disagreement is consider-

ably reduced between annotators when provided
with pre-annotated data. This suggests that anno-
tators are more likely to accept the provided labels,
resulting in a loss of subjectivity as annotations
become overly influenced by the LLM.

4NIMBY - ‘not in my backyard’. Refers to people who
oppose development near their owned property.
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Label Odds Ratio
A B C

Real Price 1.43 1.53 3.70
Quality 1.56 2.81 7.56
Availability 1.64 1.90 5.30
Housing to Income 1.18 1.35 3.25
Building 1.78 2.07 4.92
Bootstraps 1.28 2.74 0.59
Government Policy (I) 1.21 1.42 2.05
Relocation 2.71 3.58 2.53
Wage Price Imbalance 1.48 1.60 5.46
Government Policy (E) 1.37 1.78 1.60
Cost of Living 0.90 1.14 4.40
Foreign Investment 0.52 0.70 0.64
NIMBYism 0.64 0.84 0.86
The Rich 1 1.20 1.48

Table 3: Odds ratio per label and annotator (A, B,
C). Bold values are statistically significant.

Label Odds ratio
Availability 0.97
Housing to Income 0.96
Quality 1.23
Real Price 1.16
Bootstraps 0.70
Building 0.98
Government Policy (I) 0.88
Relocation 1.66
Cost of Living 1.02
Foreign Investment 0.63
Government Policy (E) 1.05
NIMBYism 0.71
The Rich 0.82
Wage Price Imbalance 1.03

Table 4: Odds ratio per label for the LLM-only an-
notation. Bold values are statistically significant.

4.2. Label Frequency

We also take a look at changes in terms of individual
labels between D1

h and D2
h. To study changes in

label frequency, we compute the frequency of each
label in both experimental settings for each anno-
tator. We then perform a chi-square test (Pearson,
1900) to check for statistically significant changes
in label frequency. We also compute the odds ratio
for effect size. We report these values in Table 3.

To ensure these effects are not due to differences
in the data, we also compare label frequency be-
tween D1

l and D2
l . The odds ratio for each label is

reported in Table 4.

The odds ratios comparing D1
l and D2

l are rela-
tively close to 1, with values ranging from 0.70 to
1.66. The odds ratios for the human annotations,
D1

h and D2
h, display a wider variation, with values

ranging from 0.52 to 7.56 across annotators. This
suggests that the LLM was more consistent across
datasets than humans.

Three out of the four labels that are significantly
more frequent for all annotators are factors (‘real
price’, ‘quality’, ‘availability’). We also observe
cross-annotator differences in label frequency. For
annotator A, there are six labels whose distributions
more closely approximated those from the LLM in
D2

h. The number of such labels are nine and twelve
for annotators B and C, respectively. This shows
that while all annotators were influenced by the
LLM, the degree of such influence varies between
individuals.

We also look at label co-occurrence to determine
whether these changes in labels led to changes in
how often they appear with each other. We focus on
labels where the chance of them co-occurring was
statistically significant and the co-occurrence rate
was medium or large. These labels can be found in
Table 5 For all annotators, we see an almost com-
plete change of labels that are likely to co-occur,
with none of these changes including the label ‘re-
location’, which was the only one that showed a
statistically significant change in label distribution
for the LLM.

4.3. Annotation Time
Table 6 shows the time in hours taken by each an-
notator to complete each of the two experiment
sets. As we can see, there is a noticeable reduc-
tion in time taken to annotate the same number
of samples when using an LLM for pre-annotation
compared to human-only annotation. Even though
this appears to contradict the findings of Schroeder
et al. (2025), it goes in line with previous research
on human curation of LLM-generated labels (e.g.
Choi et al., 2024).

4.4. Annotator Observations
Annotations in D1

h were often influenced by anno-
tator world knowledge and personal background,
several examples of such instances are presented
below. To preserve anonymity, all named entities in
provided comment examples have been redacted
to obfuscate location.

Although not explicitly mentioned in the text, all
annotators added the label ‘COVID’ for the com-
ment in (X). The annotators explained that they
used the date of the comment as context. The LLM
did not attach the ‘COVID’ label to this comment,
which shows that this real-world contextual knowl-
edge was not incorporated into the LLM output.
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Annotator Labels Effect Size
D1

h D2
h

A NIMBYism Availability small medium

B NIMBYism Government Policy (I) medium N/A
Relocation Cost of Living N/A Medium

C

Building Quality medium N/A
Building Availability medium N/A

Foreign Investment Government Policy (E) small medium

Table 5: Changes in co-occurrence between the human-only annotation and the LLM pre-annotation
setting. Labels in bold are those that showed a statistically significant change for that annotator between
annotation rounds. N/A denotes that the co-occurrence was not statistically significant in that setting.

Annotator D1
h D2

h

A 15.5 9.2
B 10.4 6.7
C 6 2

Table 6: Annotation times per annotator in hours.
D1

h refers to the human-only annotated dataset,
and D2

h the LLM pre-annotated dataset.

X: If this gets truly bad, the government
will need to put mortgages and even rent
on hold (as I think other countries have
already done in response to people not
being able to work).

In another comment (Y), annotator C gave the la-
bel ‘concern’ and the others (including the LLM) ‘off
topic’. While the comment does not explicitly men-
tion housing, annotator C based their interpretation
on personal experience discussing the housing sit-
uation with peers living in the city.

Y: I would love to live somewhere else, if
[...] cities/towns hadn’t f*** themselves up
to cater to driving everywhere. At least in
[...] I can walk and bike to places, even if
it’s not that safe. Go elsewhere and you’re
trudging through parking lots and stroads.

Annotators also had very different interpretations
of sarcasm. For the comment in (Z), annotators
B and C gave the label ‘off topic’ while annotator
A and the LLM gave the label ‘concern’. Annota-
tor A only applied the ‘cost of living’ for aspect-
exacerbate, while the LLM used both ‘cost of living’
for aspect-exacerbate and ‘bootstraps’ for aspect-
improve. Annotator A, local to the city the comment
discusses, used personal experience from conver-
sations with peers mocking the ‘bootstraps’ argu-
ment and did not judge it as a serious suggestion
by the comment’s author.

Z: No kids, dual income. We eat spaghetti
noodles with butter 21 meals a week and

our favourite pastime is sleeping 12 hours
so we can save on [...] bills. We have sex
on a plastic sheet to cut down on laundry.
I haven’t smiled since 2012. Waste of
calories. Just ten more years of this and
we will be able to retire early in a paid
off townhouse just outside [...]. The five
years before my unfortunate heart attack
are going to be epic.

Overall, annotator background and experience
played a large role in their interpretation. Anno-
tators also reported they were more confident in
annotations for comments from locales in which
they had lived or spent some time in.

5. Discussion

Despite the potential resource reduction for descrip-
tive annotation paradigms, there are major disad-
vantages to using LLMs for pre-annotation in sub-
jective tasks. Like Schroeder et al. (2025), Choi
et al. (2024), and Gao et al. (2023), the results of
our analysis show that LLM pre-annotation signifi-
cantly influences human annotation in such a way
that is detrimental to subjective tasks (Wan et al.,
2023).

For all categories, we observe a large increase
in inter-annotator agreement. This indicates that
annotators were more likely to rely on LLM pre-
annotations, regardless of whether labels follow a
prescriptive or descriptive paradigm (Röttger et al.,
2022).

We also observe significant differences in label
frequency between the annotation rounds. Factors
in particular are more frequent in the LLM curated
output. Factors describe measures of housing af-
fordability, and are arguably the most general la-
bels in our annotation frameworks. A label such
as ‘real price’ can be understood in a variety of
ways (direct mention of a buying price, presence
of adjective relating to costliness, direct mention
of a price increase, etc.); the same can be said
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about ‘quality’ (price-quality relationship, quality of
the infrastructure, quality of life in the neighbour-
hood, etc.) and ‘availability’ (lack of housing, lack of
affordable housing, direct mention of a number of
units being built, etc.). Factors are already among
the most common labels in the human-only annota-
tion round; the sharp increase in their frequency in
the curated output could indicate that the LLM has
a tendency to ‘over-label’ with broad, general tags
that can have a variety of interpretations. Human
annotators, on the other hand, could have a finer
interpretation of both the label and the comment
at hand, and therefore chose not to use general
labels as often as LLMs. These results are in line
with Choi et al. (2024), who observe that LLMs tend
to select broader topics than humans.

Such change in label frequency suggests that
annotators are affected by a combination of anchor-
ing and automation bias. As Klenner et al. (2020)
argues, homogenization as a result of LLM pre-
annotation risk erasing valuable perspective in sub-
jective annotation tasks. As exemplified in Section
4.4, there were several instances in which either the
annotators disagreed with each other or the LLM
as an effect of real world knowledge or annotator
experience. These insights may be sacrificed as a
consequence of using LLMs to pre-annotate data.

These effects are not trivial. There has been a
push in recent years in NLP to acknowledge the
importance that annotator subjectivity plays, both
in terms of representation and in terms of mod-
elling (Cabitza et al., 2023). Even though the focus
has often laid on non-aggregation of labels, there
is also a risk of annotator subjectivity erosion by
other means (e.g. anchoring and automation bi-
ases). Our results confirm that label convergence
in LLM-assisted annotation is a significant prob-
lem for subjective tasks that greatly impacts both
prescriptive and descriptive annotation paradigms.

While previous explorations into the use of
LLMs for augmenting human annotation have
shown mixed results concerning resource bene-
fit (Schroeder et al., 2025; Choi et al., 2024), our
results indicate that they do have the potential to
reduce annotation time.

However, time reduction from LLM pre-
annotation may depend on the type of task and
annotation setup. Schroeder et al. (2025) used
prescriptive labels in a multiple choice environment
and reported no meaningful difference in time
between annotations with and without LLM
pre-annotation. In contrast, our annotation setup
utilized a mix of prescriptive and descriptive
annotation in an open environment wherein
annotators could freely add and adjust labels as
necessary. Potentially, time reduction from LLM
pre-annotation is greater for descriptive annotation
paradigms.

6. Conclusion

In this paper, we have presented an investigation
into the use of LLMs for pre-annotation in a sub-
jective task, concern regarding a crisis of housing
affordability in several major cities in the Anglo-
sphere. We design a three step experimental pro-
cess to compare inter-annotator agreement and
patterns in label distribution with and without the
use of LLMs for pre-annotation. In the first step, an-
notators worked collaboratively to develop labels as
they annotated a dataset of 500 comments without
the use of LLMs. In the next step, we pre-annotated
an unseen set of 500 comments plus the original
500 comments with an LLM. In the final step, anno-
tators curate the output of the LLM pre-annotations.
Annotators reported a large reduction in time taken
to complete the same number of comments when
provided with pre-annotations. However, results
also showed a significant difference in both inter-
annotator agreement and label distribution with the
use of LLM pre-annotations. Our findings show
that annotations tend to converge when exposed
to LLM labels, indicating that annotators are more
likely to accept the LLM output as is. This loss of
subjectivity may have serious consequences for
downstream tasks.

While providing annotators with LLM augmented
data has the potential to speed up annotation
time, it comes at the cost of averaging human per-
spective. When presented with LLM augmented
data, annotations become more homogeneous
and result in an erasure of annotator perspective.
Therefore, we conclude that use of LLMs for pre-
annotation is detrimental to tasks where the nuance
and subjectivity of human diversity are valuable.

Future studies could explore the presence of au-
tomation bias by conducting blind curation, contain-
ing a mixture of human and LLM annotations. If the
curators’ attitude does not change between human
and LLM annotations, it implies that anonymising
the source of the annotation is an effective pre-
venter of automation bias. Conversely, if the cu-
rators correct human annotations more often than
the LLM’s when knowing the source, it could im-
ply that curators experience automation bias. An-
other follow-up study could test the influence of
automation bias and anchoring bias, by presenting
a choice of ordered annotations to the curators;
if the curators tend to choose the first option pre-
sented, regardless of the source of the annotations,
then anchoring bias is the predominant factor. If the
curators tend to choose the LLM annotations, even
when they are not presented first, then automation
bias is more prevalent.
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Limitations

This paper has a few limitations in the data and
annotations. First, although the issue of hous-
ing affordability affects many regions globally, our
dataset and annotations are focused only on the
Anglosphere. As a consequence, observations
on housing affordability are limited to perspectives
from the English speaking global North and may
not be generalizable to other locations. In addi-
tion, as our data is sourced from a single website,
the comments reflect only the Reddit community
perspective for each locale. Additionally, the num-
ber of annotators is limited as we were not able to
secure an annotator local to each region included
in the dataset. Additionally, our dataset is limited
to only 500 comments for each test case. Finally,
our experiment lacks a control group. Although we
have attempted to mitigate this by reporting odd
ratio, there may be differences between the 500
comments in the human-only annotation set and
the 500 LLM pre-annotation set that are not isolated
from other potentially influencing effects.

Ethical Considerations

First, all annotators involved in the project were
given authorship on the paper as compensation for
their contributions.

There are two main considerations that come into
play regarding the data used for these experiments:

1) Although we have taken steps to anonymize
comments by removing clear PII, it is incredibly chal-
lenging to control for all information that has the po-
tential to identify individuals. Data de-identification
is still an open problem, with multiple considera-
tions that must be taken in mind. See Volodina et al.
(2025) for a deeper discussion on this topic.

2) Even though all comments are freely viewable
on public facing forums, the comment authors did
not give informed consent for their data to be used
for research purposes. Because of this, we opted
not to re-publish raw text from the resulting dataset
in a public forum.
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A. Labels and their definitions

This appendix details the different labels we used for the different categories we considered.

Label Definition

Housing to Income
The comment mentions factors such as housing price or rent price in
comparison to income. Can include comments on the percentage/ratio of
one’s income spent on rent, mortgage, purchasing property, etc.

Quality
The comment mentions factors used to assess housing quality, such as
number of bedrooms, location, bathrooms, pet friendliness, overcrowding,
etc.

Availability
The comment mentions housing availability or lack of. Can include
comments talking about lack of low-income designated housing, being
unable to find a place to rent, etc.

Real Price
The comment talks about actual prices, fees, increases, or decreases in
the price of property and rent. May be compared to other countries, cities,
or other periods of time.

Table 7: Labels for the “factor” category.

Label Definition

Government Policy (I) The comment mentions or makes suggestions of government actions and
policies that contribute to an improvement in housing affordability.

Building The comment mentions that building more housing or increasing density
contributes to improved housing affordability.

Bootstraps The comment mentions that acquiring money, such as through working
hard, saving, donation from family, etc., improves one’s housing situation.

Group Action The comment mentions that group action, such as unions or protesting,
may contribute to improvement in housing affordability.

Relocation The comment mentions relocating to another area as a method to secure
housing in general or more affordable housing.

Money The comment mentions that simply making more money or spending
more money will fix the problem.

Table 8: Labels for the “aspect – improve” category.
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Label Definition

Foreign Investment The comment mentions ‘foreign investment’ or ‘foreign buyers’ as a cause
contributing to concerns about housing affordability.

Underbuilding
The comment mentions under-building of housing as a cause contributing
to concerns about housing affordability. Either in terms of quantity alone,
or quantity of quality units.

Government Policy (E)
The comment mentions or implies that the ‘government’ (local or national)
has not done enough/should do more to improve the housing situation, or
has directly contributed to housing affordability concerns through policy.

NIMBYism
The comment mentions that private owners/nimbys blocking development
or policies that would improve housing affordability contribute to concerns
about housing affordability.

The Rich

The comment mentions that the wealthy, landlords, or realtors contribute
to concerns about housing affordability. This may be attributed to greed
(buying many properties or charging excessive rent/fees), manipulation
(influencing government policy), etc.

COVID The comment mentions or implies that COVID-19 and lockdowns had an
impact on housing affordability.

The Old The comment suggests that older property owners/boomers/the elderly in
general have an impact on housing affordability.

Wage Price Imbalance The comment mentions that wages in general are not sufficient to buy a
home. May mention wage stagnation or inflation.

Cost of Living
The comment suggests that rising cost of living contributes to struggles
with housing and affordability. May mention rising prices, inflation, rising
mortgages and insurance rates, etc.

AirBnB The comment mentions that short term vacation rentals, such as AirBnB,
contribute to challenges with housing.

Overcrowding
The comment mentions that high population density, overcrowding, or
immigration contribute to difficulty in securing housing. Specifically
mentions density as a reason why more houses are needed.

Demand The comment mentions that high demand due to location desirability
contributes to high housing/rental prices.

Table 9: Labels for the “aspect - exacerbate” category.
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B. Label Counts

This appendix presents the label counts per annotator for both the human-only and the LLM pre-annotation
experiments.

Label Annotator A Annotator B Annotator C
D1

h D2
h D1

h D2
h D1

h D2
h

Real Price 130 169 159 208 68 184
Quality 97 137 49 117 24 138
Availability 52 80 64 109 29 123
Housing to Income 43 50 66 85 25 73
Building 27 46 26 51 12 54
Bootstraps 39 49 15 39 64 40
Government Policy (I) 46 55 34 47 46 86
Group Action 4 1 1 1 2 1
Relocation 18 46 19 62 26 61
Wage Price Imbalance 24 34 44 67 14 68
Underbuilding 15 19 16 38 18 40
Government Policy (E) 39 52 33 56 47 71
Cost of Living 44 40 30 34 17 67
Foreign Investment 39 21 35 24 35 23
NIMBYism 23 15 20 17 30 26
Overcrowding 13 14 18 20 10 17
The Rich 61 61 52 61 46 65

Table 10: Frequency of labels per annotator in the human-only annotations (D1
h) and the LLM-assisted

annotations (D2
h).

Label LLM
D1

l D2
l

Real Price 176 193
Quality 109 128
Availability 132 129
Housing to Income 81 78
Building 57 56
Bootstraps 50 36
Government Policy (I) 102 92
Group Action 7 1
Relocation 36 57
Wage Price Imbalance 70 72
Underbuilding 38 44
Government Policy (E) 70 73
Cost of Living 66 67
Foreign Investment 34 22
NIMBYism 33 24
Overcrowding 17 17
The Rich 75 62

Table 11: Frequency of labels between the first half of the dataset (D1) and second half of the dataset
(D2), as annotated by the LLM.
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Abstract
This article presents a discussion on the main challenges and considerations involved in addressing stereotypes
within Natural Language Processing (NLP), and proposes a set of guidelines and recommendations for their
treatment in research and resource development. On the one hand, the growing interest in fairness, bias mitigation,
and inclusivity has led to an increasing number of studies and datasets dealing with stereotypes; on the other
hand, their conceptualization and operationalization remain highly heterogeneous across works. The aim of this
article is therefore twofold: (1) to provide a concise yet comprehensive overview of existing annotation schemes
highlighting their key features and offering a comparative analysis and (2) to propose a set of tentative guidelines and
recommendations to foster clarity when working with stereotypes in NLP. Furthermore, as a case study, we conduct
an annotation exercise of a subset of texts from the QUEEREOTYPES dataset, containing stereotypes targeting
LGBTQIA+ people, using all labels proposed in prior work to assess their clarity, overlap, and practical usefulness.

Keywords: stereotypes, annotation, agreement, pilot, Italian, LGBTQIA+

Trigger warning: This paper contains examples
of stereotypical and potentially triggering content.

1. Introduction and Motivation

Stereotypes are exaggerated beliefs associated
with a social category (Allport, 1954), they are per-
vasive social constructs that influence how indi-
viduals and groups are perceived, evaluated, and
represented (Fiske, 1998). As well as prejudice
and discrimination, they can shape social expecta-
tions and, in their most extreme forms, contribute
to hatred or acts of violence. After having been ex-
tensively studied for decades in sociology and psy-
chology, stereotypes have more recently become
a central focus of research on fairness, inclusivity,
and social bias in NLP, where understanding their
linguistic manifestations is crucial for building more
equitable and socially aware language technolo-
gies (Blodgett et al., 2021).

Yet, despite the growing number of datasets and
models addressing stereotypical content (Nangia
et al., 2020; Nadeem et al., 2021; Davani et al.,
2023; Cignarella et al., 2024; Schmeisser-Nieto
et al., 2024, among others), a fundamental chal-
lenge remains: the perception of stereotypes is
inherently subjective, contextual, and heavily de-
pendent on individual perspectives. What is con-
sidered a stereotype, who it targets, who it affects
and whether it is harmful or not often depends on
cultural backgrounds, lived experiences, linguis-
tic communities, and ideological positions. Treat-
ing stereotypes as if they reflected a single, uni-

fied ground truth risks flattening the diversity in
which they are experienced and interpreted. To ad-
equately capture their complexity there is a growing
need for detailed categories and explicitly intersec-
tional approaches (Ma et al., 2023).

The emergence of data perspectivism offers a
promising paradigm for confronting this challenge
(Cabitza et al., 2023). Perspectivist approaches
embrace annotator disagreement rather than elim-
inating it, and leverage human label variation as
a source of information rather than noise (Uma
et al., 2021; Leonardelli et al., 2025). Work at the
intersection of perspectivism, participatory design,
and fairness increasingly demonstrates the value
of acknowledging user diversity in annotation and
evaluation (Prabhakaran et al., 2021). Nonethe-
less, existing work on stereotypes in the field of
NLP has not yet fully embraced systematic method-
ologies that explicitly account for a perspectivist
approach (aside from some exceptions, i.e., Fraser
et al. (2024); Lo et al. (2025)).

As noted by Röttger et al. (2022), “labelled data
is the foundation of most natural language process-
ing tasks. However, labelling data is difficult, and
there often are diverse valid beliefs about what
the correct data labels should be”. We fully agree
with their observation that “dataset creators should
consider the role of annotator subjectivity in the
annotation process and either explicitly encourage
it or discourage it”, and we draw direct inspiration
from their approach.

In current NLP research on stereotypes, a wide
range of annotation schemes has emerged, each
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grounded in different theoretical assumptions and
targeting different aspects of the phenomenon
(Cignarella et al., 2025). These schemes may vary
substantially in scope: some focus on stereotypes
directed at a single social group, while others con-
sider multiple groups or even multiple dimensions at
once, such as the intersection of gender and occu-
pation. In certain cases, stereotypes are annotated
alongside related phenomena like polarity, stance
or hate speech, whereas other studies treat them
in isolation. This heterogeneity makes it difficult
to compare resources or understand how specific
categories should be interpreted and used. There
is therefore a need for greater clarity regarding the
utility, granularity, and underlying assumptions of
existing annotation categories.

In this article, we review the main annotation
labels used so far, discuss their differences and
commonalities, and offer commentary on how they
can be meaningfully applied within the broader land-
scape of stereotyping research in NLP.

This article has three main contributions.

• First. We offer a critical overview of existing
annotation schemes for stereotypes, outlin-
ing their defining characteristics and provid-
ing a comparative analysis that highlights key
points of convergence and divergence across
approaches.

• Second. To ground this discussion, we con-
duct a pilot annotation study in which we anno-
tate texts (N = 100) from a dataset containing
stereotypes targeting the LGBTQIA+ commu-
nity using the labels and categories drawn from
previous studies. The purpose of this annota-
tion exercise is not to introduce a new resource,
but rather to use it as a lens through which to
examine the practical utility of different annota-
tion categories: which labels are meaningful,
which appear redundant or ambiguous, how
certain phenomena should (or should not) be
annotated, and which dimensions may prove
the most helpful for future work in this area.

• Third. Finally, on the basis of the outcome
of the pilot annotation and the discussion be-
tween annotators, we annotate a larger set
of social media texts extracted from the same
dataset (N = 400, see §3 for more details),
with an annotation scheme that is a synthe-
sis of what discussed in the previous point. It
reuses some of the categories proposed in
earlier studies and refines some new ones,
complying with the recommendations and best
practices identified in the previous stage.

This study is thus intended as an occasion for re-
fining our recommendations, illustrating the chal-

lenges and opportunities that arise when opera-
tionalizing in real social media data.

2. Related Work

When considering stereotypes in NLP, and espe-
cially previous work devoted to data creation and
annotation, it can be observed how previous related
studies have evolved through three main waves,
each characterized by a distinct methodology.
Old-School, the pioneers of sentiment and af-
fect in NLP. Early work (2016–2019) primarily ex-
amined harmful language phenomena such as
hate speech, offensiveness, and aggressive or
stereotyped content. This period was marked by a
strong emphasis on linguistically grounded annota-
tion schemes and fine-grained distinctions between
related-phenomena. A pioneering example is the
Italian Twitter corpus by Sanguinetti et al. (2018),
where multi-layer annotations (hate speech, ag-
gressiveness, offensiveness irony) highlighted the
pragmatic nuances shaping abusive language on-
line. Parallel efforts on sentiment and polarity, such
as SENTIPOLC (Barbieri et al., 2016), integrated
sentiment analysis with irony detection, reflecting
how pragmatic markers can shift meaning. Addi-
tionally, well-known shared tasks such as WASSA1

advanced research on sentiment, emotion intensity
and fine-grained affective states, reinforcing the
attention to nuanced expressions beyond simple
polarity labels. At the same time, stance detec-
tion was explored extensively by Mohammad et al.
(2016a,b), who established frameworks that clearly
separated stance from sentiment.
Millenials, the psychology-informed and
perspective-based generation. A second, more
recent wave (2019-2023/2024) began grounding
stereotype-related annotation in cognitive and
social psychological theory (Fraser et al., 2021).
This includes work targeting social groups more
explicitly (Nozza et al., 2021), and combining
stereotype annotations with hate speech, aggres-
siveness, offensiveness, irony, sarcasm and stance
(Cignarella et al., 2024). Additional contributions
in this line include analyses of target-specific
slurs (Draetta et al., 2024) and the annotation of
forms of discredit to capture subtle mechanisms
of stereotyping and prejudice beyond overt hate
speech (Bosco et al., 2023; Schmeisser-Nieto
et al., 2024).
Gen Z, the free style, identity-aware and
perspective-aware approaches. The third, and
most recent, line of research (2023/2024-today) ex-
plores cognitively aligned representations of stereo-
type expression, for instance framing stereotypes

1https://workshop-wassa.github.io/
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as generics by linking a social group to a quality
using the reasoning scheme GROUP + relation +
QUALITY (Mun et al., 2023) or including free-text
descriptions in the form of Subject + Verb + Object
or Subject + Noun Phrase patterns (Lo et al., 2025).

The literature on bias and stereotypes in NLP is
quite extensive, and the brief overview we pro-
posed is focusing specifically on works that intro-
duce new annotated datasets with clearly defined
stereotype-related dimensions. For a broader and
more comprehensive perspective on stereotypes
and bias, we refer the reader to recent surveys on
the topic (Cignarella et al., 2025; Bartl et al., 2025).

3. A Pilot Annotation Study

To better understand how existing stereotype anno-
tation schemes function in practice, we conducted
a small-scale pilot study using a subset of texts.
This pilot serves as the empirical backbone of our
analysis: rather than introducing a new resource,
our objective is to test and compare the categories
proposed in prior work, assessing their usefulness
and limitations when applied to real data.

Specifically, we conduct a focused re-annotation
of a subset of QUEEREOTYPES (Cignarella et al.,
2024), an Italian social media dataset of stereo-
types toward LGBTQIA+ people. It consists of two
distinct components: approximately half of the data
comes from X and the other half from Facebook.
The first portion contains individual tweets anno-
tated for stance and stereotypes, while the latter
is organized into status–comment pairs and is an-
notated for hate, aggressiveness, offensiveness,
stereotypes, and irony following the scheme pro-
posed by Sanguinetti et al. (2018). For the pur-
poses of our study, we first harmonized these two
sections by completing the annotations for cat-
egories that were present in one portion of the
dataset but missing in the other.

Then, we only selected the texts containing a
stereotype and we enriched them with additional la-
bels drawn from previous research, including: sen-
timent and polarity (Pang and Lee, 2008; Barbieri
et al., 2016), stance (Mohammad et al., 2016a;
Küçük and Can, 2020), target (Basile et al., 2019;
Nozza et al., 2023), reported speech (Schmeisser-
Nieto et al., 2022), slur reclamation (Kurrek et al.,
2020; Draetta et al., 2024), forms of discredit
(Bosco et al., 2023; Bourgeade et al., 2023), and a
free-text field (Sap et al., 2020; Lo et al., 2025).

In what follows, we provide details on each of the
categories and associated values that we consid-
ered when harmonizing and extending the annota-
tions across the two portions of the dataset.
Sentiment/Polarity. A three-way polarity label

capturing the affective orientation expressed
in the text: positive, neutral, or negative.

Hate Speech. A binary variable (yes/no) indicat-
ing whether the text contains hateful, hostile,
or dehumanizing language directed at an indi-
vidual or group.

Aggressiveness. A three-level scale assessing
the intensity of aggressive expressions: ab-
sent, weak, or strong.

Offensiveness. A parallel three-level scale (ab-
sent/weak/strong) evaluating the degree of in-
sulting, derogatory, or socially inappropriate
language.

Irony. A binary label (yes/no) indicating the pres-
ence of ironic, sarcastic, or otherwise non-
literal humorous language.

Stereotype. A binary variable (yes/no) marking
whether the text conveys a stereotype, i.e.,
a generalized and often biased attribution of
traits or behaviors to a social group.

Stance. A three-way classification capturing the
author’s position toward the target: favour, neu-
tral, or against.

Target. A coarse-grained label specifying whether
the text concerns a queer, non-queer, or other
(unspecified/alternative) social group.

Target Specific. An optional free-text field allow-
ing annotators to specify the target at a finer
level of granularity (e.g., “gay men”, “trans
women”, “allies”).

Reported Speech. A binary label (yes/no) mark-
ing the presence of quoted or otherwise explic-
itly reported discourse.

Slur Reclamation. A category identifying the con-
textual function of slur-related expressions:
slur, reclaimed, or n/a (Draetta et al., 2024).

Forms of Discredit. A six-way classification de-
scribing how different types of stereotypes
undermine or delegitimize the target: benev-
olence, competence, dominance up, domi-
nance down, affective competence, and physi-
cal (Bosco et al., 2023).

Free-text Field. An open field used to encode the
stereotype in a schematic proposition, typically
following structures such as S + V + O (sub-
ject–verb–object) or S + NP (subject–noun
phrase) (Lo et al., 2025).

Notes and Comments. A free-text field for anno-
tators to record uncertainties, contextual infor-
mation, or justifications for labeling decisions.

The two authors of this paper have performed a
full and independent annotation of 100 texts (50
tweets and 50 post-comment pairs). Consequently
they met to discuss the annotation choices, the
disagreements and the difficult cases. We do not
report the values of inter-annotator agreement (IAA)
for the motivations discussed in in the Limitations
section.

The goal of this targeted exercise was not to
revise or replace the existing resource, but to ex-
plore the complexity of the task and assess clearer
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insights into how stereotypes are expressed. By an-
notating only the stereotype-positive instances with
a more detailed taxonomy and a set of labels side-
by-side, we were able to interpret the usefulness,
clarity, and limitations of each proposed category
and to identify which ones meaningfully contribute
to a better understanding of stereotyping in NLP.

4. Discussion of Results

From our pilot annotation study, two broad cate-
gories of challenges emerge: first, those concern-
ing aspects related to phenomena, labels and cat-
egories themselves (§ 4.1); and second, those re-
lated to annotation practices and layout, includ-
ing data presentation, including methodological
choices and features of the platform used (§ 4.2).

4.1. Phenomena, Labels and Categories

4.1.1. Sentiment/Polarity

Challenge: Sentiment annotation proved to be es-
pecially problematic. A first issue is conceptual: it
is unclear whether annotators should assign sen-
timent based on an overall intuitive impression or
whether they should instead compute something
closer to an algebraic sum of the positive and neg-
ative valence of individual words. These two ap-
proaches can produce markedly different labels: if
sentiment is treated as a word-level aggregation
problem, then annotation becomes almost redun-
dant, since automatic methods (including lexicon-
based ones) can compute polarity and even high-
light which words contribute to the final score. How-
ever, this raises further concerns, as lexicon-based
sentiment detection might inherit the biases of the
lexicons. The presence of ambivalent sentiment
(positive, negative, neutral, or even mixed) adds
another layer of complexity, challenging the use-
fulness of including sentiment as a stand-alone
annotation category.

Our proposal: Use sentiment annotation only
when affective meaning is explicit and directly con-
tributes to the interpretation of the stereotype. In
other cases, rely on automatic polarity detection
methods as a first pass and let annotators perform
only a subsequent light verification step rather than
full manual annotation, reducing redundant work-
load while maintaining quality.

4.1.2. Hate Speech, Aggressiveness and
Offensiveness

Challenge: Hate speech, aggressiveness, and of-
fensiveness are intrinsically subjective phenomena.
Even with improved guidelines and refined annota-
tion schemes, annotators will inevitably bring their
own perspective, background knowledge, and sen-
sitivity to the task. Disagreement can be reduced,

but probably never fully avoided, because judg-
ments depend on individual perceptions of what
constitutes harm or denigration.

Our proposal: Dataset creators should ex-
plicitly state whether the goal is to produce a
consensus-based gold standard or a subjectivity-
aware resource that captures multiple interpreta-
tions. Following Röttger et al. (2022), we encour-
age making annotator subjectivity an intentional
design choice: either constrain it (in the case of
gold-standard labels) or embrace it (when mod-
elling perspectives).

4.1.3. Irony and Sarcasm

Challenge: Irony and sarcasm typically flip the
literal meaning of statements: an utterance may
reproduce a stereotype only to mock or reject it.
This raises the question of whether the text should
be considered as containing a stereotype or not.
Example. "Why don’t you ask your beloved African
illegal immigrants what they think of Gay Pride? They are
tolerant of homosexuals in their progressive countries;
as we know, they adore them"
This example relies on two classic ironic devices:
a rhetorical question in the first part and a false as-
sertion in the second part (Karoui et al., 2017). The
ironic meaning becomes interpretable only through
world knowledge and pragmatic inference: readers
must recognize that the sentence is implausible
and therefore intended as its opposite. This makes
the utterance a case in which the literal form and
the intended meaning diverge, illustrating why irony
complicates stereotype annotation and requires ex-
plicit annotation of non-literal intent.

Our proposal: Annotate the presence of the
stereotypical content and add a separate flag for
the presence of irony or sarcasm. This keeps literal
content and intended meaning distinct and avoids
mislabeling anti-stereotypical discourse.

4.1.4. Explicit and Implicit Stereotypes

Challenge: Identifying whether a stereotype is
present in a text is far from straightforward. Firstly,
the field lacks a clear, operationalized definition of
what constitutes a stereotype in NLP (Devinney,
2025). As a consequence, annotators may rely on
personal intuition rather than shared criteria. Sec-
ondly, as noted by Schmeisser-Nieto et al. (2022),
many stereotypical meanings are not stated overtly
but must be inferred from background knowledge,
pragmatic cues, or cultural assumptions.
Example. “@user MY AUNT MARIA SAYS YOU’RE
ALSO HOMOSEXUAL, I DON’T BELIEVE IT, YOU’RE
SUCH A HANDSOME MAN, OR NOT?”
This text suggests that being homosexual is incom-
patible with being handsome. The stereotype can
thus be detected only via an inferential step.
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Our proposal: We propose to clearly distin-
guish between explicit and implicit stereotypes. Ex-
plicit stereotypes are those directly stated in the
text (e.g., “LGBT people are not pure”), for which
higher agreement is expected. Implicit stereotypes,
by contrast, rely on presuppositions, implicatures
or culturally-shared associations. Because differ-
ent readers may draw different inferences, espe-
cially for implicit cases it is crucial to collect multiple
voices rather than collapsing perspectives into a
single viewpoint.

4.1.5. Identification of Specific Targets

Challenge: Annotating the target of a stereotype is
not always straightforward. While a coarse-grained
label such as queer, non-queer or other is useful
for ensuring consistency. However, in some utter-
ances, the target of the stereotype is not overtly
specified, but there is only a vague reference, e.g.,
to a generic “they”. In other cases, the utterance
concerns a specific subgroup whose identity cannot
be captured adequately by a single coarse cate-
gory.

Our proposal: We adopt a two-level annotation
strategy. First, annotators assign a coarse-grained
Target label (queer, non-queer, other). Second,
when the target can be identified more precisely,
annotators may use the optional Target (Specific)
free-text field to capture finer-grained subgroups
(e.g., “gay men”, “trans women”, “allies”). This ap-
proach allows us to maintain a unified structure
while preserving valuable detail when available.

4.1.6. Direct and Indirect Target

Challenge: Stereotypical utterances typically have
the underlying structure “Target group X has char-
acteristic Y ”. In this paper, we focus on stereotypes
involving queer individuals, who may appear either
as the direct or the indirect target of the stereo-
type. We therefore distinguish between: (i) cases
in which queer individuals are the direct target X
of the stereotype, corresponding to statements of
the form “All queer individuals have characteristic
Y ”, and (iia-b) cases in which another individual
or group is the direct target X, and the stereotypi-
cal association involves queer identities or queer-
related evaluations only indirectly.

The latter category includes two common
patterns: (iia) utterances in which a non-queer
target is stereotypically associated with queerness
as characteristic Y , and (iib) utterances in which
the target group is described negatively because
they support queer individuals.
Examples.
(i) Nowadays we find gays and transsexuals everywhere
because they are included in all the TV programs.
(iia) @user If that’s really the case, there’s also the
aggravating circumstance of homophobia... considering

the not exactly masculine reaction of the violent robber
(iib) They must be fake priests, surely left-leaning,
probably atheists too. [Referring to priests who take part
in marches against homophobia]

Our proposal: All of the above configurations
should be treated as relevant for the study of stereo-
types involving the LGBTQIA+ community. However,
we argue that it is important to encode the distinc-
tion between them in the annotation scheme, as
this enables more fine-grained analyses of how
queer identities are targeted in discourse. To this
end, we introduce a dedicated annotation category,
directness, with three possible values:

• (i) DIRECT: queer individuals are the direct
target of the stereotype.

• (iia) INDIRECT-CHARACTERISTIC: another in-
dividual or group is the target, but they are
stereotypically associated with queerness.

• (iib) INDIRECT-ALLIES: another individual or
group is targeted negatively because they sup-
port queer individuals.

We could also distinguish cases where queer indi-
viduals appear as initiators or as recipients of the
action, an idea reminiscent of semantic-role label-
ing (agent/patient). This point connects naturally to
the free-text rewriting of stereotypes (Lo et al., 2025)
and will be elaborated further in Section 4.1.11.
4.1.7. Prejudice and Discredit

Challenge: In some cases, even when a stereo-
type is clearly present in the text, it does not
necessarily express discredit toward queer individ-
uals. This situation may arise for several reasons:
(a) the stereotype attributes to queer individuals
a characteristic that is not negative per se; (b)
the stereotype is generic or it is not-clear which
feature is being attributed to queer individuals; or
(c) queer individuals are not the direct target of the
stereotype but appear only indirectly (see § 4.1.6).
Examples.
(a) “Eleonora, men are all the same” as my mother
says. I think I might want to become a lesbian at this point.
(b) @user, what a terrible combination you are...
Democratic Party supporter, lawyer, AC Milan fan...
You’re just missing being a lesbian and you’d be all set...
(c) But those people in show business... singers, actors,
fashion designers... are they all gays or lesbians? What
kind of atmosphere is there over there?

Our proposal: We recommend distinguishing
between derogatory and non-derogatory stereo-
types.2 Based on this distinction, we propose an-
notating discredit only when the stereotype is clas-
sified as derogatory (see § 4.1.8). This makes

2Here we intentionally avoid the terms “positive” and
“negative” since even non-derogatory stereotypes, such
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the discredit label an optional, downstream cate-
gory applied in a cascade fashion: first determine
whether a stereotype is present, then whether it is
derogatory, and only if it is annotate discredit.
4.1.8. Forms of Discredit

Challenge: Existing discredit categories were orig-
inally designed for other target groups such as mi-
grants (Bosco et al., 2023; Bourgeade et al., 2023)
and may not map neatly to the LGBTQIA+ commu-
nity as a target.

Furthermore, the presence of discredit presup-
poses that the underlying stereotype is derogatory
(see § 4.1.7): if the stereotype is non-derogatory,
then discredit is absent and thus conceptually in-
appropriate.

Our proposal: We recommend revisiting
discredit categories and adapting them specifically
for queer-related contexts rather than importing
labels designed for other targets. This involves
(i) ensuring that discredit is annotated only when
the stereotype is classified as derogatory; (ii)
clarifying the terminology, avoiding fuzzy or
overlapping labels and re-evaluating whether
certain distinctions are meaningful or empirically
grounded for LGBTQIA+ stereotypes.
Example.
A stereotype category (physical) developed for
migrants typically refers to dirtiness, diseases, or
the idea that migrants “carry illnesses” (Bosco
et al., 2023; Schmeisser-Nieto et al., 2024). For
queer-related stereotypes, however, this dimen-
sion needs to be rethought. In queer contexts,
physicality often appears through markers such as
clothing style, haircut, grooming, or body modifica-
tions treated as stereotypical “signals” of queerness.
Some cases still invoke health-related stigma (e.g.,
“National data showed infections among homosex-
ual men... why not ask why?”), while others rely on
appearance-based cues (e.g., “Typical lesbian hair-
cut and short nails”). This suggests expanding the
physical category to include both health-based stig-
mas and appearance-related markers commonly
used to stereotype queer individuals.
4.1.9. Stance, Reported Speech and

Counterspeech

Challenge: Some posts or tweets reproduce a
stereotype not to endorse it, but to comment on it
or explicitly reject it. In such cases, the stereotyp-
ical content appears only within reported speech,
while the author’s own stance is oppositional. This
creates a misalignment between the literal content
(which may contain harmful or stereotypical expres-
sions) and the author’s intention (which may be

as those assigning supposedly positive traits, can repro-
duce harmful biases and reinforce structural inequalities
(e.g., “women are naturally better at caregiving”).

supportive of queer individuals). These cases also
raise questions about the annotation of stance: if
someone cites a derogatory stereotype against the
LGBTQIA+ community to reject it, the stance of the
stereotype towards the community will be trivially
negative, but the stance of the author will be pos-
itive. As noted by Schmeisser-Nieto et al. (2022),
reported speech, counterspeech, and euphemisms
are rare and therefore often grouped together, yet
they are pragmatically distinct and particularly rele-
vant for tasks such as automatic moderation, where
it is crucial to differentiate authors who propagate
stereotypes from those who criticize them.
Example.
“I think you are a lesbian.” Why? Because I wear jeans
and T-shirts and do not use make-up and do not care
about womanly things? WAKE UP, I AM STRAIGHT AND
LESBIANS CAN BE MODELS WEARING GUCCI FROM
HEAD TO TOE. Stop stereotyping.

Our proposal: We propose treating reported
stereotypes as regular stereotype occurrences but
marking them explicitly with a dedicated “Reported
Speech” flag. Annotators should (i) identify the
presence of a stereotype in the reported content,
and (ii) annotate the author’s stance and not the
stance conveyed by the stereotypical utterance.
This allows for cases where a neutral or negative
sentiment from a reported speech co-occurs with
an author’s stance supportive of queer individuals.

4.1.10. Slur Reclamation

Challenge: Slurs can appear either as clear insults
or as reclaimed, in-group expressions (Ferrando
et al., 2026). The same term may therefore be
derogatory in one context and identity-affirming or
playful in another. Because reclaiming depends on
speaker identity, audience, and context, treating all
occurrences uniformly as harmful would conflate
hostile uses with in-group language practices.

Our proposal: We adopt a simple three-way la-
bel for the slur category. We use slur only when the
term is clearly derogatory; reclaimed for in-group
uses, and none where there is no slur (although
we may still see offensiveness or aggressiveness
which could be annotated as per § 4.1.2).

4.1.11. Free-Text

Challenge: Free-text fields enable annotators to
capture stereotype constructions beyond prede-
fined labels, including generic group + relation
+ quality statements (Mun et al., 2023) or syntac-
tically grounded s + v + o sentences (Lo et al.,
2025). In addition, free-text annotation can be
used to record entailments and implicit meanings
(Sap et al., 2020). However, this flexibility results in
highly variable outputs: annotators differ in wording,
level of detail and linguistic focus. Such variabil-
ity may complicate aggregation and can blur the
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line between what is stated in the text and what is
inferred by the annotator.

Our proposal: We recommend emphasising
that free text annotation are not to be intended
as completely unconstrained and descriptions, but
have to conform with the structure of the s + v + o or
group + relation + quality prompt. This avoids
obtaining noisy results, that might be too difficult
to aggregate or compare and facilitates automatic
extraction (Felkner et al., 2023; Lo et al., 2025).

4.2. Annotation Practices and Layout

4.2.1. Annotation Platform

Challenge: Annotation platforms differ widely in
functionality and usability: simple layouts, such as
drop-down menus on spreadsheets, offer flexibility
but lack interface support; tools like LabelStudio
provide richer workflows but may require technical
setup; crowdsourcing platforms (e.g., Prolific) intro-
duce additional variability in annotator background
and quality control; proprietary solutions can limit
transparency and reproducibility.

Our Proposal: We recommend selecting the
right medium based on task complexity and the
need for controlled guidance. For tasks involving
nuanced or implicit stereotypes, interfaces that sup-
port clear instructions, validation rules, and struc-
tured free-text fields are preferable. Regardless
of the platform, we encourage documenting inter-
face design choices in a Data Statement (Bender
and Friedman, 2018; McMillan-Major et al., 2024),
exporting data in interoperable formats and con-
ducting small pilot rounds to ensure that the tool
supports reliable and consistent annotation.

4.2.2. Annotation Granularity

Challenge: Stereotypes may appear at differ-
ent textual levels: entire documents, social media
threads, single posts or paragraphs, or specific
spans of text. If the intended unit of annotation
is not clearly defined, annotators may rely on dif-
ferent amounts of context, leading to inconsistent
judgments and reduced reliability.

Currently, the annotation is performed for each
facebook post or tweet, but in some cases it can
be useful or necessary to identify shorter spans
of texts to be annotated. In general, this can be
useful when the text of the post/tweet is very long,
and in particular if more than one stereotype is
present, possibly of different types. In the following
example, stereotypes against both women and gay
people can be identified in different parts of the text.
Example.
If you think that those who are contesting the manifesto
are all women, it gives me shivers. They are those who
want abortion to murder defenseless beings by right, but
ask for the adoptability of other people’s children and the

uterus of others for rent to give children to GAY people.
What world are we going to where human life can be
suppressed by law and it is believed to be a right to be
able to suppress it.. Women....shame on you and you
also have the pretense of calling yourselves mothers??

Our proposal: We propose explicitly stating
the annotation level and providing minimal exam-
ples to illustrate it. If annotation below the level of
the post/tweet is deemed necessary, it could be
achieved in different ways, for instance by perform-
ing an a priori segmentation of longer texts into
phrases/sentences/conversation turns (depending
on the task to be accomplished by the researcher)
or keeping the whole textual unity together despite
its length but identifying and annotating shorter
spans of text, using tools such as LabelStudio or
similar. The choice between these two options de-
pends on the specific needs of different studies.

4.2.3. Order of Annotations

Challenge: The order in which different annota-
tions is performed matters (Beck et al., 2024). In
some cases, this is trivial (e.g., the category “target
specific” cannot but be annotated after the cate-
gory “target”), but in other cases the reason can be
subtler (e.g., the stance of a text should be more
precisely interpreted as the stance of the writer
about the target of the stereotype, so it should be
annotated after having identified the target of a
stereotype).

Another example is the free-text description of
the stereotype: if it is performed after other annota-
tions, it can be influenced by the labels proposed
as options of the other annotations. For instance,
the values of the category pertaining to the type of
discredit can be suggestive of the content of the
stereotype, and the identification of the target might
determine the template structure.

Our proposal: The order in which annotations
are presented should be considered carefully and
instructions should be given to annotators on the
order in which they should be performed. For in-
stance, attention should be paid to whether the
annotation is performed “horizontally” (i.e., all cate-
gories are annotated for a single text before going
on to the next text) or “vertically” (i.e., all texts are
annotated for a given category before going on to
the next category). If there are logical interdepen-
dencies like the ones we just discussed, the anno-
tation needs to be performed horizontally, but other
categories can be more efficiently and consistently
annotated vertically.

4.2.4. Availability of Context

Challenge: In some cases, depending on how
data was retrieved, contextual information might be
missing, so that it is impossible to provide a fine-
grained annotation on some aspects, or at least
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it is necessary for annotators to draw non-trivial
inferences. For instance, the Facebook data of our
sample consists of a set of texts, each consisting of
status-comment pair. However, in some cases the
text of the original status make crucial reference
to a picture, or to a web page, that were not avail-
able at the time of re-annotation. Consequently,
sometimes non-trivial inferences are needed to un-
derstand the nature and details of the stereotype.

In the example below, commenting on a picture
referring to male same-sex parenting, regarding
comment (i) it can be inferred that the stereotype
has something to do with gay males being unfit
for parenthood, but for comment (ii) it is difficult
to provide a fine grained annotation of all the
categories involved without further information on
the context.
Examples.
status: SOMETIMES A PHOTOGRAPH IS WORTH A
THOUSAND WORDS
comment: (i) What violence to this poor little one. He
wants mommy and he wants to suck milk.
comment: (ii) Poor baby
The most common scenario when dealing with so-
cial media data is the presence URLs that may point
to images, videos, or external content crucial for
interpreting the message. Allowing annotators to
open links introduces multimodal information that
may be necessary for understanding stereotypes,
but it also creates inconsistencies: different anno-
tators may access different versions of the linked
content, encounter unavailable pages, or rely on in-
formation that is not preserved in the dataset. This
raises concerns about reproducibility and compara-
bility, both among annotators and between human
annotations and downstream systems, which may
not have access to the same external resources.

Our proposal: We recommend defining a clear
policy on how to handle external context, aligned
with the dataset’s goals. If external content is essen-
tial, linked material should be archived or embed-
ded (e.g., screenshots, textual extracts) and made
available also offline, so that all annotators and sys-
tems access the same information. If multimodal
access is not feasible or not in scope, annotators
should be instructed not to open external context,
and guidelines should clarify that the annotation
must rely solely on the text provided.

5. Open Problems and Discussion

We highlight a set of open issues that, rather than
calling for immediate solutions, we offer as prompts
for discussion at the workshop.

• New layers on old data. Adding new anno-
tation layers to existing datasets creates de-
pendencies between past and present labels.

Prior annotations can implicitly bias new judg-
ments, raising concerns about reinterpretation
of legacy data and the long-term consistency
of datasets that accumulate layers over time.

• Inter-annotator subjectivity across depen-
dent layers. When new layers depend on
earlier interpretive decisions, disagreements
become harder to resolve. Annotators may
not perceive a stereotype where a previous an-
notator did, yet the earlier label remains part
of the data. These inconsistencies highlight
the fragility of sequential and interdependent
annotations.

• Annotator sensitivity and topic familiarity.
Annotators vary in how attuned they are to
sensitive or domain-specific content. Limited
familiarity, personal distance from the topic, or
fatigue from prolonged exposure can all affect
perception and judgment (Beck et al., 2024).

• Annotator self-consistency. Even the same
annotator may label the same content dif-
ferently when revisiting it later. Such intra-
annotator variation raises questions about the
stability of stereotype-related judgments and
how to interpret labels that reflect inherently
fluid perceptions.

We present these issues not as problems to be
resolved here, but as starting points for discussion
on how to navigate the complexities of stereotype-
related annotation.

6. Conclusion

In this paper, we summarized current practices,
challenges, and emerging considerations for anno-
tating stereotypes in NLP. This empirical survey of
existing approaches reveals that stereotype annota-
tion remains a complex task shaped not only by the
categories themselves, but also by the nature of the
data, the design of annotation schemes, and the
practical conditions under which annotators work.
Choices regarding granularity, annotation layout, in-
terface design, and the introduction of new layers all
have effects on annotator reasoning, consistency
and interpretation. Moreover, the inherently subjec-
tive and context-dependent nature of stereotypes
introduces variability that cannot be fully eliminated,
but can be better understood and anticipated.

Rather than prescribing definitive solutions, our
aim has been to highlight areas where further
reflection and discussion are needed. As research
on stereotypes continues to evolve, so too must
our annotation frameworks. We hope that the
considerations raised here encourage more trans-
parent, context-aware, and reflexive annotation
practices and that they support the development of
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datasets that more accurately capture the nuanced
ways in which stereotypes appear in language.

Data Availability

Due to licensing and usage restrictions, the original
QUEEREOTYPES dataset can be released only
privately, upon request. Interested parties will be
required to reach out to the first author, complete
an agreement form, outlining the specifics of their
research in order to obtain the password that
protects the files. It is essential for them to ensure
compliance with GDPR regulations and other
policies from both X and Facebook.

Limitations

Our work presents some limitations. First, the anal-
ysis is restricted to a single target category and a
single language, which limits the generalisability
of our reflections to multilingual or cross-cultural
contexts. Second, we build on an existing resource,
and we do not question the reliability of inherited la-
bels, nor fully control for how previous annotations
may influence new layers.

Regarding inter-annotator agreement (IAA), al-
though we computed it, we do not report the results
because they are not informative for our setting:
(i) several categories were inherited or only par-
tially re-annotated (Hate Speech, Aggressiveness,
Offensiveness, Irony, Stance, with Stereotype triv-
ially always = 1); (ii) some labels are almost deter-
ministic from the text or scheme (Target, Reported
speech, Slurs Reappropriation); (iii) Forms of dis-
credit involves overlapping classes with no straight-
forward agreement metric; and (iv) free-text fields
(Target Specific, S+V+O/S+NP) are not suited to
standard IAA measures.

Finally, only two annotators with similar back-
grounds contributed to the new layers, which limits
the diversity of perspectives and increases the risk
of subjective bias. For these reasons, we avoid
drawing overly definitive conclusions and view our
findings as a starting point for further discussion.
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Abstract
Understanding text through multiple perspectives is essential in healthcare community question answering, where
answers frequently contain heterogeneous viewpoints, including experiences, suggestions, causes, follow-up
questions, and informational claims. We present a unified perspective-conditioned framework for both span
identification and perspective-aware summarization on the PerAnsSumm dataset. We approach explicit perspective
samples in transformer models using two parameter-efficient mechanisms: prefix-conditioned representations
and perspective-aware attention layers. First, we use multi-label perspective classification to identify relevant
viewpoints, which serve as conditioning signals for downstream tasks. Span identification for perspective-specific
extraction is modeled as a conditioned binary sequence labeling problem. Summarization, finally, is guided by
perspective-enriched encoder representations. Experiments demonstrate that explicit perspective conditioning
substantially improves span detection performance while achieving competitive summarization quality. Notably,
perspective-aware attention achieves strong results using only a small fraction of the trainable parameters required
by full fine-tuning. Our findings highlight the importance of structured viewpoint modeling and show that explicit
perspective control enables efficient and interpretable multi-perspective text understanding.

Keywords: attention, summarization, span identification, BIO tags, perspective conditioning, multi-label
classification, parameter-efficient approach, prefix tuning

1. Introduction

Text carries multiple viewpoints, such as personal
experiences or factual claims (Cabitza et al., 2023).
Understanding text through multiple viewpoints or
perspectives is an essential yet underexplored chal-
lenge in NLP. Modeling these perspectives explicitly
is crucial for tasks that require nuanced compre-
hension and generation (Frenda et al., 2025).

We address this challenge in the context of the
PerAnsSumm shared task (Agarwal et al., 2025),
which operates on the PUMA dataset (Naik et al.,
2024), a corpus of healthcare community question-
answering (CQA) threads annotated with five per-
spective types: cause, suggestion, experience,
question, and information. This mirrors recent in-
terest in Data Perspectivism (Cabitza et al., 2023),
which explores here giving different answers to the
same question, depending on a set of different per-
spectives that are defined by samples in the training
data. Perspectives are pertinent in healthcare CQA,
where subjects answer from fundamentally differ-
ent epistemic positions — medical professionals,
patients, and caregivers each bring distinct knowl-
edge and lived experience to the same question.
The five perspective categories in PUMA are not
arbitrary topical bins but operationalization of differ-
ent human standpoints, making perspective-aware
summarization and span identification an instance
of the perspectivist paradigm. The task has two
subtasks: Task A: perspective span identification,
where perspective-indicating text spans must be

detected and labeled, and Task B: perspective sum-
marization, where summaries must be generated
conditioned on each perspective type (see Figure 1
for sample input-output patterns).

Figure 1: Image from PerAnsSumm (Agarwal
et al., 2025) Task.2 Task A: Span Identification and
Classification (color-highlighted spans in answers);
Task B: Summary Generation (Perspective-based
summaries).

Since both tasks are inherently perspective-
conditioned, they require models that are explicitly
aware of these perspectives. We propose a unified

2https://peranssumm.github.io/docs/
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framework centered on perspective conditioning.
We first introduce a multi-label perspective classi-
fier using BART (Lewis et al., 2020), whose outputs
form perspective signals for downstream models.
These signals are then used in two alternate archi-
tectures: one using perspective-conditioned prefix
vectors inspired by PLASMA (Naik et al., 2024),
the other using a perspective-aware attention layer
(inspired by AWAN (Tahaei and Bergler, 2025) and
label attention (Vu et al., 2020)) that encodes the
active perspective into token representations. Both
mechanisms allow the model to selectively attend
to and generate content that is grounded in a spe-
cific viewpoint, rather than aggregating indiscrim-
inately across perspectives. This paper explores
how conditional representations can improve both
span-level identification and abstractive summa-
rization in multi-perspective settings.

2. Prior Work

Perspective summarization for healthcare CQA set-
tings was formally introduced by (Naik et al., 2024),
who proposed the PUMA dataset, a collection of
3167 CQA threads from Yahoo! Answers annotated
with five perspective types: cause, suggestion, ex-
perience, question, and information. They also
proposed PLASMA, a prompt-driven controllable
summarization model built on Flan-T5 with a prefix
tuner and an energy-controlled perspective loss
that enforces perspective-specific attributes in the
generated summary. PLASMA outperformed five
baselines across ROUGE, METEOR, BERTScore,
and BLEU metrics, establishing a strong bench-
mark for the task on the PUMA dataset.

The PerAnsSumm 2025 Shared Task (Agar-
wal et al., 2025) had two subtasks: perspective
span identification and classification (Task A), and
perspective-based answer summarization (Task
B), both evaluated on the PUMA dataset supple-
mented with a new test set of 50 samples. Large
Language Models dominated the competition; 18
of 23 teams used LLMs in some capacity, includ-
ing all top-10 teams. The top-performing system,
WisPerMed (Pakull et al., 2025), achieved high per-
formance with DeepSeek-R1 for span extraction
and instruction-tuned Mistral-7B for summariza-
tion, while YALENLP (Jang et al., 2025) leveraged
GPT-4o in a zero-shot setup, achieving the best
scores on both summarization and span recogni-
tion. In general, there was a shift from fine-tuning
paradigms toward in-context learning and prompt-
based inference.

A different approach to multi-perspective an-
swer summarization in CQA forums is Answer-
Summ (Fabbri et al., 2021), which used an au-
tomated pipeline for creating bullet-point abstrac-
tive summaries by clustering relevant answer sen-

tences and using cluster centroids as summary tar-
gets. To improve coverage and faithfulness, they
proposed a multi-reward reinforcement learning ob-
jective combining ROUGE (Lin, 2004), NLI-based
entailment (Bowman et al., 2015), and semantic
area rewards, alongside a sentence-relevance pre-
diction auxiliary loss. Their analysis showed that
supervision from multi-perspective data inherently
leads models to generate diverse, multi-viewpoint
summaries, and that the quality of the NLI model
significantly affects downstream performance.

3. Data and Tasks

We use the PerAnsSumm (Perspective-aware
Healthcare Answer Summarization) dataset (Agar-
wal et al., 2025). The dataset consists of health-
care community question answering (CQA) threads,
where each instance contains a question Q, a set of
answers A, and annotated perspective information.

The predefined set of perspective categories is:
P = { cause, suggestion, experience, question,
information }

The shared task consists of two complemen-
tary objectives: (i) identifying and classifying
perspective-specific spans in answer texts (Task A),
and (ii) generating perspective-specific summaries
(Task B) (see Figure 1).

In addition to these tasks, we introduce a multi-
label perspective classification task as a prelimi-
nary step for both Task A and Task B3. This task in-
volves classifying each question–answer pair given
in the input into one or more perspective categories.
The classification of question–answer pairs into per-
spective categories in a multi-label setting acts as a
first step for perspective span recognition and per-
spective summarization. The quality of the classifi-
cation models directly influences the performance
of the downstream tasks, as the predicted perspec-
tives serve as conditioning signals for both span
identification and summarization.

The objective of Task A is to identify spans in the
answer text that reflect a particular perspective and
classify each span into the corresponding perspec-
tive category. These perspective spans represent
fine-grained semantic units that characterize how
different viewpoints are expressed within answer
texts.

The objective of Task B is to generate a concise
summary of a question–answer thread that reflects
a specific target perspective p ∈ P. Given a ques-
tion Q, its associated set of candidate answers A,
and a target perspective p, the model is required
to generate a summary Yp that captures only the
information relevant to perspective p from A.

3We are using the PerAnsSumm 2025 data and eval-
uation but did not participate in the competition.
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The dataset contains 2,533 training instances,
959 validation instances, a test-seen split of 640
instances (a subset of the validation set), and 50
instances in the official test set.

4. Preprocessing

We perform task-specific preprocessing for classifi-
cation, span recognition, and summarization.

Multi-label Classification For multi-label
perspective classification, we construct ques-
tion–answer pairs (q, a) consisting of a question a
and one answer q from the corresponding answer
set A belonging to the CQA thread. Using the span
label annotation in the training data, we label each
answer with the set of perspectives present in it.
An answer a is assigned a perspective pi if at least
one annotated span in that answer corresponds to
perspective category pi. This results in a dataset of
question–answer pairs with multi-label perspective
targets for classification.

Span Identification For span recognition, we
construct perspective-conditioned instances for
each perspective pi identified in an answer. For ev-
ery answer and its associated perspectives, we ex-
tract the spans labeled with that perspective along
with their character-level offsets. These spans
serve as target labels and are used only during
training. Since the provided offsets in the dataset
are defined over the raw JSON text, we realign the
span offsets to match the processed answer text
used during model training. The corrected charac-
ter offsets are then converted into token-level BIO
labels to formulate the task as a sequence tagging
problem. For the baseline perspective span identi-
fication model, we adopt a joint tagging formulation
where all perspective spans are predicted simul-
taneously. In this setup, we define separate B–I
label pairs for each perspective category (e.g., B-
info, I-info, B-suggestion, I-suggestion, etc.), while
the O label remains shared across all perspec-
tives. Unlike our perspective-conditioned models,
which process one perspective at a time using
question–answer–perspective triples, the baseline
model operates on question–answer pairs without
explicit conditioning. For each question–answer
pair, we associate the full set of perspectives iden-
tified in that answer. The token-level labels, there-
fore, include spans from all perspectives within
the same sequence, each annotated with its cor-
responding BIO tags. This formulation requires
the model to jointly identify and distinguish spans
belonging to multiple perspectives within a single
tagging space.

Summarization For summarization, the model
generates summaries across the entire set of an-
swers for a given question, conditioned on a tar-
get perspective. The input is constructed by con-
catenating a short perspective-specific prompt, the
question, and all associated answers into a single
sequence. During training, the dataset is expanded
such that each question–answer thread is paired
separately with each of its perspective-specific gold
summaries. This ensures that the model learns to
generate one summary per perspective for each
question–answer thread. The preprocessing does
not change for the baseline summarization model.

5. Perspective Classification

5.1. MLC: BART Encoder-based
Classification

This system is developed and fine-tuned for multi-
label classification. We employ the encoder com-
ponent only of the transformer-based BART (Lewis
et al., 2020) as the backbone, because BART has
the ability to process longer input sequences com-
pared to architectures such as BERT and RoBERTa.
The BART encoder can accommodate the larger
context of the full question–answer pairs with longer
answers.

The input question–answer pair is concatenated
and fed into the BART encoder. For classification,
we use the final hidden representation of the last
token (EOS), which serves a role analogous to the
[CLS] token in BERT-based models.

Since perspective identification is formulated as
a multi-label classification task, a linear classifica-
tion layer projects the encoder representation into a
vector of dimension |P|, corresponding to the num-
ber of perspective categories. A sigmoid activation
function is applied to obtain independent probabil-
ity scores for each perspective, and the model is
trained using binary cross-entropy loss with class
weights.

5.2. LLC: LLM-based Classification
In addition to the supervised classifier, we develop
an LLM-based classification system for identifying
perspective categories. This system serves as a
robustness baseline by leveraging the few-shot
prompting techniques with large language mod-
els to perform multi-label perspective identification
without task-specific fine-tuning.

The LLM is prompted to assign one or more per-
spective categories to each question–answer pair.
Comparing the supervised and LLM-based classifi-
cation systems allows us to analyze their impact on
downstream span identification and perspective-
aware summarization on the test set. The full
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prompt used for the LLM-based classifier is pro-
vided in Appendix 13.1

5.3. Performance Comparison

CM-F1 CW-F1
MLC 71.26 79.91
LLC 72.47 82.17

Table 1: Perspective Classification results. Column
header definitions: CM-F1: Classification Macro
F1, CW-F1: Classification Weighted F1. Row defi-
nitions: MLC: BAT-based Multi-label Classification,
LLC: LLM-based Classification

Table 1 compares the performance of the two
classifiers. The LLM-based few-shot system out-
performs our BART-derived system, and we use it
for all other experiments exclusively.

6. Baselines

6.1. BLA: Perspective Span Detection
A BART encoder paired with a CRF layer serves as
the baseline for the perspective span identification
task. We fine-tune a BART encoder (Lewis et al.,
2020) followed by a token-level classification layer
and a Conditional Random Field (CRF) (Lafferty
et al., 2001).

The CRF layer is applied to model dependencies
between adjacent labels and enforce valid BIO tag
transitions during decoding, which is commonly
used in sequence labeling tasks (Huang et al.,
2015).

This baseline model does not incorporate
perspective-conditioned signals. Instead, it per-
forms joint multi-perspective span identification us-
ing a unified tagging space. Specifically, the model
predicts spans for all perspectives simultaneously
within a single sequence tagging formulation.

6.2. BLB: Perspective Summarization
This system serves as the baseline for the per-
spective summarization task. We fine-tune a BART
sequence-to-sequence model (Lewis et al., 2020)
without incorporating any perspective-conditioning
modules. The model operates in a standard en-
coder–decoder setting, where the input consists of
the question and all associated answers concate-
nated into a single sequence.

The only explicit perspective signal is pro-
vided through a perspective-specific prompt that
is prepended to the input text (Appendix 13.1.2).
Apart from this prompt-based conditioning, no ad-
ditional architectural modifications or perspective-
aware mechanisms are introduced.

7. Span Identification

7.1. PTA: Prefix-Conditioned Span
Identification

We implement a prefix-conditioned span identifica-
tion model that extends the baseline BART+CRF
architecture by introducing a prefix module, follow-
ing the prefix-tuning paradigm (Li and Liang, 2021).
For each target perspective, a prefix representation
is generated using the prefix module containing a
prefix encoder and a prefix MLP.

The prefix encoder maps a given perspective
prompt into a fixed-dimensional embedding using
a sentence transformer (Reimers and Gurevych,
2019) model. This 768-dimensional embedding is
then transformed by a learnable prefix MLP into a
sequence of k dense prefix vectors, where k de-
notes the prefix length. These k prefix vectors are
prepended to the input token embeddings before
being passed to the BART encoder.

Unlike standard prefix-tuning approaches (Naik
et al., 2024; Li and Liang, 2021), where the back-
bone transformer model remains frozen, we jointly
optimize both the prefix modules and the encoder
parameters. Since span labels are defined only
over the original input tokens, we discard the first k
encoder representations corresponding to the pre-
fix tokens and apply the classifier and CRF only to
the remaining token representations.

We conduct an ablation study by varying the pre-
fix length to analyze its impact on span extraction
performance (see Table 2).

7.2. PAA: Perspective-aware Attention
for Span Identification

In this alternate approach, we extend a baseline
BART+CRF sequence labeling model by introduc-
ing a perspective-aware attention layer between
the encoder and the token-level classifier. This
layer explicitly conditions token representations on
a target perspective by injecting a learned perspec-
tive embedding through cross-attention. Because
each token attends to the perspective embedding,
the resulting representations become perspective-
dependent, encouraging the model to emphasize
tokens that are most indicative of perspective-
specific span prediction.

To preserve the pretrained knowledge of BART,
the encoder parameters are kept frozen during train-
ing. Only the perspective-aware attention modules,
the token-level classification layer, and the CRF
decoding layer are trained. This design allows the
model to learn perspective-specific span extraction
while limiting the number of trainable parameters.

Given an input answer Ai, the encoder produces
contextualized token representations:
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H = {h1, h2, . . . , hn}, hi ∈ Rd

For a target perspective p, we obtain a perspec-
tive embedding zp ∈ Rd, which is learned as a
trainable parameter.

We implement a cross-attention mechanism
where the encoder outputs act as the Query (Q),
while the perspective embedding provides the Key
(K) and Value (V ):

Q = HWQ, K = zpWK , V = zpWV ,

where WQ,WK ,WV are learnable projection matri-
ces. The attention output is computed as:

Attn(H, zp) = softmax
(
QK⊤
√
d

)
V.

This attention mechanism injects perspective-
specific information into the token representations
by allowing each token to attend to the target per-
spective embedding. The resulting representation
is combined with the original encoder representa-
tions using a residual connection:

H̃ = H + Attn(H, zp).

To capture perspective-specific patterns, we train
a separate attention module for each perspective.
That is, for each p ∈ P, a distinct attention layer
with its own parameters is optimized independently.
This formulation models span recognition as a
perspective-conditioned binary sequence labeling
task.

The enriched token representations H̃ are then
passed through a linear classification layer to pre-
dict token-level BIO labels for span extraction.

We conduct an ablation study comparing a single
key vector with multiple key vectors per perspective
to evaluate how the number of perspective keys
affects span extraction performance (see Table 2).

8. Perspective Summarization

8.1. PTB: Prefix-Conditioned
Summarization

We implement a prefix-conditioned summariza-
tion model by extending the baseline BART en-
coder–decoder architecture with a prefix module.
The prefix module follows the same design as in the
prefix-conditioned span identification model, where
a given perspective prompt is encoded and trans-
formed into a sequence of k prefix vectors that are
prepended to the encoder input embeddings. Each
prefix vector is also transformed to the BART-large
embedding dimension of 1024 in the prefix MLP
layer.

Unlike the span identification setting, we do not
discard the first k encoder representations, as sum-
marization is a generation task. The decoder at-
tends over the full set of encoder representations,

including the prefix tokens, allowing the enriched
perspective-conditioned signals to influence con-
tent selection during generation.

We conduct the same ablation study as per-
formed for the span identification task (see Table 3).

8.2. PAB: Perspective-aware Attention
for Summarization

We extend a baseline BART encoder-decoder sum-
marization model by adding a perspective-aware at-
tention layer between the encoder and the decoder.
The approach is similar to perspective-aware at-
tention for span recognition. The primary differ-
ence from the span recognition model lies in the
backbone transformer and the role of the attention
outputs in generation.

Given a question Q, its associated answers A,
and a target perspective p, the objective is to gen-
erate a summary Yp that captures content aligned
with the specified perspective. The input sequence
is first encoded by the BART encoder to produce
contextual representations

H = {h1, h2, . . . , hn}, hi ∈ Rd

As in the span recognition model, the
perspective-aware attention module condi-
tions these encoder representations on a learned
perspective embedding zp, producing enriched
representations H̃. Unlike the span recognition
setting, where these representations are used for
token classification, the enriched encoder states
H̃ are provided to the BART decoder to generate
the summary autoregressively.

To preserve the pretrained knowledge of the
summarization model, both the BART encoder
and decoder are kept frozen during training. Only
the perspective-aware attention modules are fine-
tuned. As in the span recognition system, we train
separate attention modules for each perspective,
resulting in perspective-specific parameters that
are optimized independently.

During inference, the multi-label classification
system predicts the set of relevant perspectives
Pi for a given input. For each predicted perspec-
tive p ∈ Pi, the corresponding attention module is
activated to produce perspective-conditioned en-
coder representations H̃, from which the decoder
generates a perspective-specific summary.

We further conduct an ablation study compar-
ing the use of a single key vector with multiple key
vectors per perspective to analyze how the num-
ber of perspective keys influences summarization
performance (see Table 3).
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9. Implementation

9.1. Training Setup
All models are implemented using the Hugging-
Face Transformers library and optimized using the
AdamW optimizer (Loshchilov and Hutter, 2019).
Parameters belonging to the BART backbone are
trained with a learning rate of 5×10−5, a commonly
used setting for fine-tuning pretrained transformers
(Lewis et al., 2020; Devlin et al., 2019). Unless oth-
erwise specified, models are trained for 30 epochs.

Two learning rate scheduling strategies are
used. Prefix-conditioned systems use ReduceL-
ROnPlateau to adapt the learning rate when valida-
tion loss plateaus. Perspective-aware attention sys-
tems use a LambdaLR scheduler with a warmup fol-
lowed by cosine decay, which gradually increases
the learning rate early in training and then smoothly
decays it, improving training stability (Vaswani et al.,
2017; Loshchilov and Hutter, 2017).

Span identification models are trained using a
joint objective combining Conditional Random Field
(CRF) loss and token-level cross entropy (CE):

L = LCRF + λCELCE

where λCE = 0.7. Weighted CE is used to ad-
dress class imbalance in BIO labels with weights
[0.524, 32.61, 1.944] for O, B, and I classes. All
span identification systems use the BART-base
encoder (Lewis et al., 2020) with a maximum se-
quence length of 899 tokens. Summarization sys-
tems use BART-large-CNN with a maximum length
of 512 tokens, except for prefix-based summariza-
tion which uses 899 tokens. Gradient clipping is
applied for attention-based span identification and
summarization models.

Prefix-Conditioned Span Identification The
prefix encoder is implemented using a sentence-
transformer (all-mpnet-base-v2 (Song et al., 2020)),
with the prefix encoder and the first six layers of
the BART encoder frozen to stabilize training. The
prefix encoder uses a learning rate of 1× 10−5 with
weight decay 0.1, while the prefix projection MLP
uses 3×10−4 with weight decay 1×10−4. The CRF
layer is trained with 1× 10−2 and the classification
layer with 2× 10−4.

Perspective-aware Attention for Span Identifi-
cation The BART encoder remains frozen while
only the attention and span prediction layers are
trained. Due to slower convergence observed in
validation, the model is trained for 50 epochs.

BART Encoder with CRF The baseline span
identification system uses the BART-base model’s

encoder followed by a CRF layer for sequence la-
beling. Similar to other span systems, training uses
the combined CRF and weighted CE loss.

Prefix-conditioned Summarization The prefix
encoder uses a sentence-transformer backbone
where the first six layers are frozen. Within the
BART encoder-decoder backbone, most layers are
frozen while the final two layers of both encoder
and decoder are unfrozen for task adaptation. The
prefix encoder uses a learning rate of 1× 10−5 with
weight decay 0.1, and the prefix MLP uses 3×10−4

with weight decay 1× 10−4.

Perspective-aware Attention for Summarization
This system introduces a perspective-aware atten-
tion layer between the encoder and decoder of
the BART-large-CNN model with a maximum in-
put length of 512 tokens. The loss for the EOS
token is down-weighted by 0.2 to reduce bias to-
ward early sequence termination while still allowing
the decoder to learn appropriate stopping behavior.

Baseline Summarization The baseline summa-
rization system fine-tunes the standard BART-large-
CNN encoder-decoder architecture for perspective
summarization with a maximum token length of
512.

BART-based Multi-label Classification Per-
spective classification is performed using a BART-
base encoder with a token length of 899 and a
multi-label classifier applied to the EOS token rep-
resentation. The model is trained using weighted
binary cross entropy (BCE) loss to address class
imbalance across perspective categories, with a
learning rate of 1× 10−5.

LLM-based Classification We additionally eval-
uate a prompt-based classification system using
the Qwen3-8B-AWQ (Yang et al., 2025) model. The
model is hosted via vLLM4 for faster and efficient
inference. A few-shot prompting strategy is used to
classify question-answer pairs into their respective
perspective categories.

9.2. Evaluation and Outcomes
We follow the evaluation protocol defined in the Per-
AnsSumm shared task (Agarwal et al., 2025). Clas-
sification performance in Table 1 is measured using
Macro F1 and Weighted F1 scores. Macro F1 treats
all perspective classes equally, while Weighted F1
accounts for class imbalance by weighting each
class according to its support.

4https://docs.vllm.ai/en/latest/
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K/PL CM-F1 CW-F1 SM-F1 PM-F1
PAA 1 74.54 82.0 8.18 61.96
PAA 5 75.92 82.65 9.91 59.92
PAA 16 75.34 82.43 10.62 58.80
PTA 1 72.97 80.50 10.89 41.87
PTA 5 73.68 82.47 11.00 52.14
PTA 16 73.12 81.63 11.06 52.50
BL - 50.94 62.62 4.73 28.99

Table 2: Perspective Span Classification and Iden-
tification results. Column header definitions: K/PL:
Key/Prefix Length, CM-F1: Classification Macro
F1, CW-F1: Classification Weighted F1, SM-F1:
Strict Matching F1, PM-F1: Proportional Matching
F1 (Only F1 scores, the precision and recall metrics
are available in Table 4 in Appenedix 13.2) Table
row definitions: PAA: Perspective-Attention, PTA:
Prefix Tuning, BLA: Baseline (BART+CRF)

K/PL R-1 BS MT BU
PAB 1 24.97 79.32 18.93 4.23
PAB 5 34.20 81.17 26.85 8.24
PAB 16 37.47 81.75 30.03 9.68
PTB 1 36.41 81.13 30.18 11.57
PTB 5 39.09 81.64 32.15 12.24
PTB 16 36.15 81.33 29.52 10.58
BLB - 36.70 81.70 29.02 8.97

Table 3: Perspective Summarization results. Col-
umn header definitions: K/PL: Key or Prefix Length,
R-1: ROUGE-1, BS: BERTScore, MT: METEOR,
BU: BLEU. Row definitions: PAB: Perspective-
Attention, PTB: Prefix Tuning, BLB: Baseline BART
encoder-decoder. ROUGE-L and 2 are available in
Table 5 (Appendix 13.2)

Span recognition in Table 4 is evaluated using
token-level F1 scores under two matching criteria:
strict matching and proportional matching. Strict
matching requires exact alignment between pre-
dicted and gold span boundaries, while proportional
matching measures maximum token-level overlap
between predicted and gold spans, allowing partial
credit for boundary mismatches.

Summarization systems are evaluated only us-
ing ROUGE (Lin, 2004), BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), and
BERTScore (Zhang et al., 2020) in Table 5. These
scores evaluate the lexical and semantic metrics
similarity between the reference and prediction
summaries.

For evaluation, we use the test-seen data to
evaluate locally, as the Codabench server5 of the
shared task does not work at times in the post-
evaluation phase. We use LLM classification for all
the systems, as we observed a slight improvement
in performance from the BART-based Multi-label

5https://www.codabench.org/
competitions/4312/

Classification (Table 1). The results are available
in Tables 2, 3, 4, and 5.

Classification Task We first analyze the classi-
fication results derived from span predictions. A
perspective is considered present if at least one
non-‘O‘ span exists. If the gold annotation contains
no span for a perspective and the model predicts
one, the prediction is counted as incorrect.

We observed that the BART-based classifier per-
forms slightly worse than the LLM-based classifier
on the test set (Table 1). Therefore, we use the LLM
classifier for both the span identification and sum-
marization systems to maintain consistency across
tasks. However, the baseline span identification
does not use the classification output, as they are
trained to predict all perspective spans jointly.

Span Identification Table 4 shows that the base-
line underperforms in almost all span metrics ex-
cept Proportional Matching Precision (PM-P). While
it achieves high PM-P (74.25), its Proportional
Matching Recall (18.01) is very low, leading to poor
overall PM-F1 (28.99). This suggests that the base-
line predicts very few spans and does so conser-
vatively.

Both PAA and PTA substantially improve strict
and proportional F1 scores. Strict Matching F1
improves from 4.73 in the baseline to 10.62 for
PAA (K = 16) and 11.06 for PTA (PL = 16). Pro-
portional Matching F1 improves from 28.99 in the
baseline to 61.96 for PAA (K = 1) and 52.50 for
PTA (PL = 16).

A significant difference is observed in Propor-
tional Matching Recall (PM-R) between PAA and
PTA. PAA consistently achieves higher PM-R
(above 50 across key sizes), whereas PTA shows
substantially lower PM-R, particularly at smaller
prefix lengths (e.g., 30.54 at PL = 1). This indi-
cates that PAA is better at recovering overlapping
spans with the gold annotations, while PTA tends to
be more conservative in recall despite comparable
strict F1 at higher prefix lengths.

PAA uses approximately 2.36M trainable param-
eters across key sizes (K = 1: 2.36M, K = 5:
∼2.36M, K = 16: 2.37M), compared to 139.42M
in the fully fine-tuned baseline. Despite this large
reduction in trainable parameters, PAA significantly
outperforms the baseline across nearly all metrics.
As the number of keys increases, Strict Match-
ing F1 improves, while Proportional Matching F1
slightly decreases. Empirically, K = 5 provides
the best trade-off between strict and proportional
performance, indicating that too few keys under-
represent perspective cues, while too many may
introduce redundancy given the dataset size.

Prefix tuning uses substantially more trainable
parameters (PL = 1: 86.23M, PL = 5: 87.42M,
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PL = 16: 90.67M). As prefix length increases,
Strict F1 slightly improves, and Proportional Match-
ing Recall increases, indicating greater token over-
lap between predicted and gold spans. However,
even at higher prefix lengths, PTA does not match
the proportional PM-R levels achieved by PAA in
Table 4.

The span systems were not explicitly trained with
negative spans (i.e., cases where all tokens are la-
beled ‘O‘ for a perspective). Despite this, both PAA
and PTA remain robust as key or prefix length in-
creases, as reflected in stable classification scores
and improved recall. To further experimentally as-
sess to what extent the perspectives are formed
during training and to what extent the LLM can
extrapolate to unseen perspectives, we created
synthetic data introducing a new unseen perspec-
tive termed reassurance. We tested the trained
prefix-based span system without retraining. Out
of three synthetic examples, two showed reason-
able overlap between predicted and synthetic gold
spans. While this indicates partial generalization to
unseen perspectives, performance was inconsis-
tent. This may be due to the limited dataset size,
imbalance between existing perspectives, and the
fact that only five perspectives were used during
training. To better demonstrate the capacity of the
prefix MLP to encode new perspectives, experi-
ments with a larger number of perspectives and
more balanced data would be necessary.

Summarization Table 3 presents the results for
perspective-aware summarization. In contrast to
the span identification task, the differences be-
tween the baseline, PAB, and PTB systems are
less pronounced. Most configurations perform very
close to the fully fine-tuned baseline, with several
slightly underperforming it.

The baseline achieves strong overall perfor-
mance (R-1: 36.70, BERTScore: 81.70, METEOR:
29.02, BLEU: 8.97). PAB at K = 16 (R-1: 37.47,
METEOR: 30.03) and PTB at PL = 5 (R-1: 39.09,
METEOR: 32.15, BLEU: 12.24) slightly outperform
the baseline on multiple metrics. However, the im-
provements are modest, and overall performance
remains within a narrow range across systems.

What is particularly noteworthy is the parame-
ter efficiency. The baseline uses approximately
406M trainable parameters, whereas PAB uses
only about 4.2M parameters, which is roughly 1%
of the baseline. Despite this drastic reduction in
trainable parameters, PAB performs very close to
the fully fine-tuned model. This highlights the effec-
tiveness of attention-based perspective condition-
ing as a parameter-efficient fine-tuning strategy and
emphasizes the importance of explicitly modeling
perspectives in summarization.

We also observe that, unlike in span identifica-

tion, PAB benefits from increasing the number of
keys in summarization, with performance steadily
improving from K = 1 to K = 16. This suggests
that richer perspective embeddings help guide gen-
eration more effectively in a sequence-to-sequence
setting. PTB exhibits a similar but less stable trend,
with the best performance at PL = 5 and slight
degradation at PL = 16, indicating that longer pre-
fixes may introduce redundancy or noise during
generation. PTB uses substantially more trainable
parameters (PL = 1: 70.14M, PL = 5: 72.24M,
PL = 16: 78.02M).

Despite incorporating a weighted EOS loss in
the attention-based summarization system, we do
not observe consistent improvements over PTB.
This suggests that the choice of the EOS weight-
ing hyperparameter λeos may require further tuning.
Overall, the results indicate that perspective-aware
modeling achieves competitive performance with
significantly fewer trainable parameters, demon-
strating strong parameter efficiency while maintain-
ing summarization quality.

10. Conclusion

This work demonstrates that explicitly modeling per-
spective is not merely an auxiliary enhancement but
a structural principle for multi-view text understand-
ing. By separating perspective signals from surface
lexical cues and injecting them directly into repre-
sentation learning, our framework reframes span
identification and summarization as conditioned
reasoning tasks rather than generic text processing
problems. The results show that perspective con-
ditioning reshapes token-level and sequence-level
representations in meaningful ways, enabling mod-
els to distinguish overlapping perspectives within
the same discourse. Importantly, the effectiveness
of lightweight attention modules suggests that per-
spective control does not require extensive param-
eter updates but instead benefits from targeted rep-
resentational steering. This highlights that explicit
perspective conditioning introduces modular and
controllable structure into transformer models, en-
abling targeted analysis of perspective-specific be-
havior while maintaining parameter efficiency. Fu-
ture work will explore perspective-specific adapter
modules and supervised contrastive objectives to
encourage stronger separation between perspec-
tive representations. We also plan to explore prefix-
based conditioning strategies that better support
generalization to previously unseen perspectives.
Additionally, evaluating the model across domains
will help determine whether it captures abstract
viewpoint structures or relies on domain-specific
patterns, thereby providing deeper insight into how
perspective-sensitive knowledge is represented
and transferred.
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13. Optional Supplementary Materials

13.1. Appendix A

13.1.1. Perspective Classification Prompt
You are a perspective
classification agent for a given
text.
You need to identify different
perspectives in the given text
and classify them into one of the
following categories:
1. EXPERIENCE
2. INFORMATION
3. CAUSE
4. SUGGESTION
5. QUESTION
Guidelines: - A perspective can
occur only once in a text.

- One text can have up to 5
unique perspectives.

- Do not repeat the same
perspective again.
Refer to the following examples
for guidance.
Example 1:
Question: what is parkinesonism?
Answer: u spelt it wrong
!!Parkinson’s disease is one of
the most common neurologic
disorders of the elderly. The
term “parkinsonism” refers to any
condition that causes any
combination of the types of
movement abnormalities seen in
Parkinson’s disease by damaging
or destroying dopamine neurons in
a certain area of the brain.
Output: ["INFORMATION"]
Example 2:
Question: I scream, shout and
swear in my sleep. How do I
stop?
Answer: I think that you have a
stress on your daily life. I
think that is not bad to do some
following things, If you caould
find any way, you will be happy,
otherwise, you have to go to a
psyc.
1) Keep out yourself from stress,
during your day.
2) Try to sleep, just when you
are really tired. (excuse me for
this example!) Like after a
sweet sex! try to find that are
you in this situation after sex,
or not? If No, it shows that you
try to sleep, before it needs.
3) Read Book, or newsletter
before sleep.
4) Drink one glass warm (NOT HOT)
milk.

5) Do some sort of excersice
before sleeping.
6) If you have any problem in
your dream, try to solve it by
someone that you are fighting
with. I mean, before your
sleeping (Specially when your
husband is not at home, because I
want to nobody awake you) try to
solve your problem with your
dream fighter!! Yes, it is funny
but true. Try to find a logical
way for treating out this
conflict with your dream.
i wish a good dream and sweet
night, beside of your sweet
husband.
Output: ["SUGGESTION", "CAUSE"]
Example 3:
Question: Are their any good
home remedies for tooth pain?
Answer: yes- keep water in your
mouth for 24 hours a day.
i drank about 5 each 16 oz
bottles for a few days (the
coolness of the water actually
moderated the pain). After a few
days, no pain. I had flushed it
clean and was able to function
until I could get to a dentist.
Output: ["EXPERIENCE"]
Example 4:
Question: Is 24 too old to
consider become pregant?
Answer: Only the 24 year old can
ask themselves that question –-
are they personally ready?
Typically it’s good to make sure
you’re financially lined up to
have a baby (makes life easier),
and that your home environment
would be condusive to a baby
being around, but it’s the
parents that need to know if
they’re ready. I know 35+ year
olds that weren’t ready yet.
Good luck! Output: ["QUES-
TION","SUGGESTION","EXPERIENCE"]
With the examples above, classify
the answer for the given question
into at least one of the given
categories. The answer should be
in the same format as the output
of the examples. There can be
more than one category for each
answer.
Think step-by-step before
deciding the output.
The text is: Question:
{question} Answer: {answer}
Output:
** Return only the output, do not
return anything else **
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13.1.2. Summarization Prompt
For the {perspective}
perspective, summarize the given
answer for the question below:
Question: {question}
Answers: {answers}

13.2. Appendix B
Table 4 shows detailed span matching metrics.

K/PL SM-P SM-R PM-P PM-R
PAA 1 9.37 7.25 68.98 56.24
PAA 5 10.76 9.18 67.02 54.19
PAA 16 11.03 10.23 67.09 52.33
PTA 1 10.80 10.98 66.58 30.54
PTA 5 10.49 11.55 62.39 44.78
PTA 16 10.58 11.59 63.27 44.86
BLA - 8.96 3.22 74.25 18.01

Table 4: Perspective Span Classification and Iden-
tification results. Column header definitions: K/PL:
Key/Prefix Length, SM-P: Strict Matching Precision,
SM-R: Strict Matching Recall, PM-P: Proportional
Matching Precision, PM-R: Proportional Matching
Recall. Table row definitions: PAA: Perspective-
Attention, PTA: Prefix Tuning, BLA: Baseline

Table 5 shows ROUGE-2 and ROUGE-L (Lin, 2004)
metrics for Summarization.

K/PL ROUGE-2 ROUGE-L
PAB 1 9.61 22.0
PAB 5 15.55 30.72
PAB 16 18.84 34.01
PTB 1 17.33 32.39
PTB 5 18.90 34.84
PTB 16 17.84 32.29
BLB - 18.12 32.28

Table 5: ROUGE-2 and ROUGE-L scores for sum-
marization. Column header definitions: K/PL:
Key/Prefix Length. Table row definitions: PAB:
Perspective-Attention, PTB: Prefix Tuning, BLB:
Baseline
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Abstract

Qualitative research in education relies on“ground truth" codes or labels generated by having a trained or expert
coder code observations in data such as student dialog. Although rigorous validity checks are a part of the coding
process, there is limited research investigating how and to what extent, this notion of the ground truth is influenced by
inherent task subjectivity. This paper presents a pilot study of task subjectivity centered around the phenomenon of
verbal off-task behavior. The context for this study is real-world small-group collaborative conversations among
three to five students in a middle-school science classroom. To investigate how stakeholders such as teachers and
students show subjectivity in approaching this task, we recruit five teachers from the Prolific online platform, and five
students from local middle and high schools as annotators of off-task speech. We show that teachers, students, and
expert coders differ in their perception of off-task speech, with some of these differences being systematic. Drawing
upon recent research in machine learning and natural language processing, we then outline the potential benefits of
collecting and modeling a range of codes that explicitly represent the subjective perspectives of a diverse set of coders.

Keywords: perspectivist approaches for social good, NLP for education, stakeholder subjectivity

1. Introduction and Background

Collaborative learning – the process through which
multiple students come together to interactively
learn a common topic – has been recognized as a
critical component of modern classroom environ-
ments (Graesser et al., 2020). Apart from facili-
tating the socio-cognitive development of learners
(Vygotsky, 1978), specific skills imparted to stu-
dents through the collaborative learning process
include argumentation (Osborne, 2010), discus-
sion and negotiation (Roschelle, 1992), and shared
knowledge construction (Bereiter, 2002). Towards
understanding collaborative learning, learning an-
alytics research has underscored the importance
of students’ dialogic interactions. However, man-
ual qualitative analysis of student dialog poses a
heavy demand on the time and labor of qualitative
researchers, and is thus constrained by speed and
scale. Consequently, there has been much inter-
est in the development of computational models
both to analyze collaborative dialog (Rosé et al.,
2008; Yin et al., 2025) and to improve collabora-
tion through automated interventions (D’Mello et al.,
2024) based on such analysis.

Data-driven analysis and modeling of collabo-
rative dialog is typically centered around “ground
truth” observations of behaviors of interest. Ex-
amples of relevant behaviors include displays of
collaborative problem solving skills such as negotia-
tion with team members (Sun et al., 2020). Human
coders or annotators are trained to identify such
observations, typically from video data, but also
from textual transcripts and audio recordings. The
coding process comprises multiple stages of valida-

tion where inter-rater reliability is measured and the
agreement between raters is iteratively improved
through discussions and by refining the codebook
based on nuances observed in the data (Reitman
et al., 2023). The motivating factor in this process
is the need to minimize disagreement, i.e., codes
are thought to be more reliable when they are inde-
pendently produced by multiple coders. Moreover,
when the goal is to use the generated codes to
train automated classifiers, the individual codes
or labels may undergo further aggregation such
as by selecting a single label through majority or
ensemble voting.

However, several papers in machine learning
(ML) and natural language processing (NLP) have
argued that disagreements in annotation should be
“embraced”, that is, used in downstream analysis
orin classification models, rather than pruned (Rei-
dsma and op den Akker, 2008; Plank et al., 2014b;
Alm, 2011). Arguments include better data utiliza-
tion (Plank, 2022) (i.e., not discarding human feed-
back particularly with already scarce datasets), im-
proved estimates of predictive uncertainty (Khurana
et al.), the possibility of multiple valid answers (Alm,
2011), as well as the need to model diverse per-
spectives, since individual experiences may affect
the way that text may be interpreted (Prabhakaran
et al., 2021). Modeling diverse perspectives is also
considered a step towards robust and reliable mod-
els that minimize bias (Kirk et al., 2024).

Subjective perspectives have been shown to de-
pend on the socio-demographic backgrounds of
annotators and their lived experiences. Waseem
et al. (Waseem, 2016) show how hate speech
annotations done by expert annotators who are
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activists differ from those done by crowdworkers.
Age (Diaz et al., 2018) and gender (Biester et al.,
2022) have also been shown to contribute to vari-
ance in judgments. Much of this work on subjec-
tivity focuses on analyzing variations in third-party
annotators such as crowdworkers, who typically
have no direct involvement in the task being stud-
ied. Some exceptions include Arora et al. (Arora
et al., 2020) – who recruit female journalists on
Twitter who have been targets of abuse as annota-
tors for hate speech data, and Patton et al. (Patton
et al., 2019) – who show that members from groups
discussed in tweets about gang activity annotate
psycho-social attributes differently than social work
students. In this work, we propose to study subjec-
tivity from the perspective of stakeholders as they
will be beneficiaries of similar automated systems
based on data-driven models and as they tend to
generate speech very similar to that observed in
our data on a regular basis (i.e., classroom dialog).

To the best of our knowledge, there is no work
that discusses annotator subjectivity as applied to
collaborative dialog analysis or towards tools for in-
structional support. However, labels solicited from
students through self-reports have been used suc-
cessfully to model student affect (Broekens and
Brinkman, 2013). (Zambrano et al., 2024) exam-
ined how supervised classifiers using self-reported
labels vary from those using classroom observa-
tions, finding that both labels are useful in model-
ing different components of affect. Moreover, in
learning sciences and education research, some
work highlights how an ethnographic perspective
should be adopted when coding discourse (Hen-
nessy et al., 2020), which i) takes into account the
socio-cultural setting where the conversations take
place; ii) treats the observer (or annotator) as an-
other source of influence on the “knowledge” that is
produced during coding (Haraway, 1988; Gee and
Green, 1998). Hennessy et al. (Hennessy et al.,
2020) further discuss how coding schemes may be
hard to adhere to for a coder who was not involved
in the development of the scheme itself. Despite
this observation, they discuss the importance of
measuring reliability with multiple coders in order
to share schemes for general use.

Given how achieving high reliability goes hand-
in-hand with a rigorous annotation process where
disagreements are discussed, the primary contri-
bution of our study will be an analysis of disagree-
ments resulting from the subjective perspectives of
annotators in annotating classroom dialog. Specifi-
cally, we study the task of detecting students’ off-
task speech. Off-task behavior during collaborative
learning has been the subject of study by learning
scientists from multiple perspectives. Some work,
such as Sabourin et al. (Sabourin et al., 2011)
discusses the negative effect of off-task behavior

on learning; more recent work by Langer-Osuna
et al. (Langer-Osuna et al., 2018) discusses the
impact of off-task speech on equity by serving as a
mechanism for marginalized students to make bids
for participation when their voices are neglected.
Computational modeling of off-task speech has
thus focused on both enabling further qualitative
analysis (Ganesh et al., 2023) and on detection
with the goal of adaptively scaffolding collaborative
learning (Carpenter et al., 2020).

Judging whether an utterance is on-task or off-
task naturally requires some subjectivity on the part
of the labeler. Since data-driven tools for support-
ing collaborative learning will ultimately be used by
the target audience of students and teachers, our
main contribution is a pilot study focused on un-
derstanding how such potential stakeholders com-
pare in their perceptions of off-task speech. We
investigate the research question: do teachers and
students differ in their annotations when instructed
to annotate classroom dialog for verbal off-task be-
haviors, and if so, in what way? As our second con-
tribution, we also discuss the potential benefits of
explicitly representing subjectivity when developing
applications for studying or supporting collaborative
learning.

2. Methods

2.1. Data

We use the dataset described in Southwell, et al.
(Southwell et al., 2022), which was shared with us
for research purposes. The dataset consists of five-
minute long transcripts of small-group discussions,
collected from a middle-school science classroom
in the United States. The subject of instruction is
a curriculum unit called Sensor Immersion (SI) fo-
cused on “programmable sensor technology”. Stu-
dent interactions are recorded through desk-top
mics, and manually transcribed and anonymized,
yielding 27 transcripts with 1680 student utterances
in total. The entire dataset was then labeled by
trained annotators for whether or not each utter-
ance is on-task, for the purposes of a separate stan-
dalone study on detecting off-task student speech.
Each transcript was double-annotated, i.e., labeled
by two annotators who have extensive experience
in linguistic annotation tasks. The labels provided
by the annotators included on-task, off-task, and
undecidable given the context. When labeling an
utterance, the annotators look at the entire text tran-
script to obtain contextual information, but due to
data protection restrictions, the annotators do not
have access to audio or video recordings. The an-
notators also have access to all the curriculum ma-
terials contained in the sensor immersion curricu-
lum unit. Disagreements between annotators were
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adjudicated using a third annotator, and inter-rater
agreement was 0.647 (as measured by Cohen’s
kappa), indicating substantial agreement. The re-
sulting labeled dataset is highly skewed, as the
natural occurrence of off-task speech is lower than
on-task speech, making up only a fourth of the
dataset.

For the purpose of the pilot study, we scale down
the dataset to four transcripts owing to time and
cost constraints. Based on the viability of the pilot,
we plan to extend the study on a larger dataset and
more tasks in future work. The four transcripts we
select have a good representation of both on-task
and off-task utterances. We discard any unclear
utterances that are transcribed only as [inaudi-
ble] or [noise]. We are left with 399 content-ful
utterances in total, and the corresponding label dis-
tribution is shown in Figure 1. Any student names
in the utterances are redacted, and the transcripts
are completely anonymized.
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Figure 1: Distribution of the three labels for the on-
/off-task classification task for the four transcripts
used in the pilot study. The labels are from the adju-
dicated dataset after double-annotation by experts.

2.2. Participants
As mentioned above, our goal is to study anno-
tations contributed by two types of stakeholders,
namely students and teachers. Previous work in
NLP that provide datasets with a range of annota-
tions vary in the number of annotators that they in-
clude, with many using three (Plank et al., 2014b,a;
Arora et al., 2020), some using three to five (Dem-
szky et al., 2020), and some going up to 641 an-
notators (Sap et al., 2022). Based upon these ref-
erences, we recruit five annotators each for the
student and teacher group for a total of ten anno-
tators. We share an annotation guideline with the
participants that lists examples of on-task and off-
task utterances and gives them instructions on how
to make use of contextual information to handle
ambiguous or edge cases. This annotation guide-
line is largely the same as that used by the expert

annotators; however, unlike the expert annotators
who were given access to the entire curriculum, in
the interest of time, we provide a brief description
of the topics seen in the transcripts and explicitly
list keywords like micro:bit, sensor, Makecode, etc.,
in the annotation guideline.

Student recruitment: Since the conversations
that we model are all from middle-school class-
rooms, we recruit student annotators from a similar
age range. We advertise the study in community
hubs around Boulder, Colorado and the surround-
ing areas and on social media. Our five participants
are all between 12-14, with four of them from Boul-
der, and one from the California Bay Area. We
collect annotations from each of the participating
students through a single 90 minute one-on-one
Zoom study. During the study, we share the anno-
tation guideline containing the task description and
labels, and ask them to code a small sample of five
utterances while explaining their reasoning. We
correct any misconceptions at this stage and then
collect annotations for all transcripts, framing the
task as answering yes/no/I don’t know to the ques-
tion “Is the given utterance on-task?”. We do not
interfere or help the students when they start anno-
tating the transcripts. At the end of the study, each
participant is paid $37.5 (at $25 per hour) for their
time. We note here that while the participants are
students, and represent the perspectives of stake-
holders of interest to us, they are not the same
students whose speech was originally recorded in
the data.

Teacher recruitment: To collect teacher annota-
tions, we use a crowd-sourcing tool called Prolific1

where domain experts who are verifiably employed
in specific professions can be recruited. We recruit
middle and high school teachers located in the US,
and our five participants are all middle-aged teach-
ers. We share the same annotation guideline that is
shown to the students, and use the same five exam-
ples as a filter condition, i.e., if a candidate answers
those questions incorrectly, their submissions are
not accepted. Unlike the study with the students,
the teachers submit their annotations entirely of-
fline, although they have the option to contact us if
needed. Compensation is again $25/hr per person.

2.3. Evaluation
Our focus at the evaluation stage is to compute
agreement metrics that shed some light on whether
teachers and students differ noticeably in their re-
sponses. We therefore report intra-group agree-
ment, e.g., between all five students, as well as

1https://www.prolific.com/
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inter-group agreement, e.g., between students and
teachers.

In order to compute inter-group agreement, we
perform label aggregation at the group level. For
every utterance, we take the mode among all la-
bels from a group (five in this case) and use that
to represent the final group judgment, e.g., if four
teachers answer on-task, and one answers off-task,
the “teacher” label is considered to be on-task. We
also use this aggregate to compare against our
original expert-annotated labels.

We report percentage agreement for all sets of
annotations. Since we have a group of five annota-
tions, we report two percentages: i) full agreement,
where all five annotators in a group agree on the
label and ii) all-but-one agreement, where all but
one of the annotators agree. The second metric
provides some leeway for one of the annotators be-
ing a slight outlier, and has been reported in prior
work as well (Demszky et al., 2020).

In addition to percentage agreement (which gives
some insight into accuracy), we also report the
Fleiss kappa to measure agreement between all
five annotators in a group (henceforth denoted by
κ). The Fleiss κ (Fleiss, 1971) is found to be more
suitable than the Cohen’s κ when the number of
annotators is more than two. κ is from a scale of
0 to 1. The goal of the κ score is to shed light on
whether the agreement is due to random chance or
if it is due to a reliable overlap between the raters.
While the interpretation of the score is always con-
textual due to the number of labels/raters, we follow
the guideline of (Landis and Koch, 1977) to judge
whether agreement is poor or good. They sug-
gest that κ > 0.61 indicates substantial agreement,
0.61 < κ > 0.41 indicates moderate agreement,
and 0.41 < κ > 0.21 indicates fair agreement.

Finally, we also compute and report statistics
regarding the distribution of labels in each group.
For a group, we compute this cumulatively: given
five sets of annotations for four transcripts (total
length 399), we combine all the labels such that we
have a pool of 399 * 5 labels (i.e., 1995). The label
distribution that arises from this will tell us about all
the group members’ judgments.

3. Results

3.1. Intra-Group Agreement

Table 1 shows the agreement between the five
teachers and between the five students who par-
ticipate in our study. Looking at the percentage
agreements for teachers, we see that on slightly
less than half the utterances, all the group members
assign the same label to the utterance. When we
look at only whether four of them agree, the agree-
ment jumps to three-quarters of the dataset. The κ

score of 0.419 indicates moderate agreement.
The agreement between students is slightly

higher, with about half of the utterances receiving
complete agreement, and almost 80% of utterances
having at least four of the students providing the
same annotation. Similar trends are indicated by
the numerical value of κ, which, at 0.522 is higher
for the student group compared to 0.419 for the
teacher group. However, according to the guide-
line mentioned above, both these κ values indicate
moderate agreement.

Table 1 also shows the agreement between ex-
perts on the subset of four transcripts used here.
The κ value of 0.519 indicates moderate agreement
which shows that this specific subset has lower
agreement even among the experts than the en-
tire dataset (on which agreement was substantial).
However, since the number of expert annotators is
fewer than either the teacher or student group, we
do not directly compare the rates of expert agree-
ment to the other two groups.
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Figure 2: Distribution of labels across all four tran-
scripts for all five annotators, shown for both the
teacher group and the student group.

Next, we look at the label distribution on the cu-
mulative labels of all annotators in a group, shown
in Figure 2. We see that both groups use the un-
decidable label at equivalent rates. However, the
student group uses the off-task label much more
than the teacher group, indicating that students
judge that utterances are off-task more often. while
teachers may consider them to be on-task.

3.2. Inter-Group Agreement
As described in Section 2.3, we report inter-group
agreement on the aggregated labels in Table 2.
For each utterance, the teacher label represents
the majority label out of all five teachers’ individual
labels, and similarly for the students. The expert
label in this case refers to the adjudicated label
from the dataset.

We see that the majority label chosen from the
student group does have a very high overlap with
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Metric Teacher Agreement Student Agreement Expert Agreement
Full agreement 44.61% 51.13% 72.43%

All-but-one agreement 75.94% 79.70% -
Fleiss κ 0.419 0.522 0.519

Table 1: Percentage agreement and Fleiss κ within the five teachers and within the five students. The last
column reports agreement between the two expert annotators on the four transcripts alone.

Group % Ag. κ

Teacher–Student 91.73% 0.819
Teacher–Expert 86.72% 0.731
Student–Expert 89.47% 0.795

Teacher–Student–Expert 83.96% 0.782

Table 2: Inter-group agreement between student
annotations, teacher annotations, and the expert
annotations. We report both percentage agreement
and Fleiss κ scores. Results are across every ut-
terance in the dataset.

the majority label chosen from the teacher group –
91.73% of all utterances have the same majority la-
bels, indicating “almost perfect” agreement with a κ
value of 0.819 (Landis and Koch, 1977). Looking at
how the majority labels from both groups compare
to the expert annotator’s labels, we note that the
students agree with our expert annotators slightly
more than the teachers do: the agreement between
the student label and the expert label is 89.47%
with κ = 0.795, and the agreement between the
teacher label and the expert label is 86.72 with
κ = 0.731. However both these κ values indicate
substantial agreement. Overall, when we consider
the agreement between the teacher, student and
adjudicated label, we get a percentage agreement
of 83.96% where κ = 0.782, once again indicating
substantial agreement.
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Figure 3: Label distributions of teacher, student and
the expert labels. The teacher and student labels
are given by the respective majority vote, and the
expert label is given by the adjudicated label.

Figure 3 shows the majority label distribution of
all three annotator groups, namely the teachers,
students, and the expert annotators. We report re-
sults on every utterance in the dataset after group-
level aggregation: the teacher and student group’s
label are their respective majority labels, and the
expert labels are the adjudicated labels from the
dataset. We first observe that the expert anno-
tators resort to using the undecidable label more
than the teachers or the students. We believe this
could be explained by two reasons: i) Since there
are only two expert annotators, the adjudicated la-
bel could be undecidable when only two people
choose it. However, for the group annotations, the
label could only be undecidable if a majority of the
five choose it, typically at least three. ii) The ex-
pert annotators spend a longer time working with
the transcripts, as they annotate 27 transcripts as
compared to only four for the student and teacher
groups. Thus they may be applying finer-grained
judgments when distinguishing between the labels
and are more sensitive to the highly ambiguous
cases where a decision cannot be made given the
information available.

Next, we observe that apart from the undecidable
label, the label distribution of the student majority
label shares more similarities with the expert anno-
tator’s label rather than the teacher. In comparison
to the expert annotator and the students, the teach-
ers have more of a tendency to label utterances
as on-task rather than off-task. This is a surprising
result as anecdotal evidence indicated that teach-
ers may be ‘stricter’ or be more likely to conclude
that speech is off-task. Although prior research
hasn’t investigated subjectivity in judging off-task
classroom speech, some research has shown that
experienced teachers exhibit more awareness of
off-task behavior in classrooms than novice or “stu-
dent” teachers (Wolff et al., 2017; Shinoda et al.,
2021). Based on these findings, if the student can
be considered as a less experienced judge, we
would again expect the teachers to identify more
utterances as off-task than on-task, which is not
the case here.
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Teacher–Student: On-Task–Off-Task Teacher–Student: Off-Task–On-Task
“I think she’s color blind.” “Oh my god, oh my god. oh my god. oopsie daisy.”

“Oh that’s just dope. I love that color.” “Dang it.”
“Well whose fault is that?” “Do do do do. Can’t touch this. [noise]”

Table 3: Examples of utterances where students and teachers disagree. In the first column, the teacher
label is on-task but the student label is off-task. In the second column, the opposite occurs.

3.3. Qualitative Analysis of
Teacher/Student Labels

To get a closer understanding of stakeholder’s sub-
jectivity, we examine the pattern of disagreements
between the majority labels of the teachers and
the students. We first reiterate that agreement be-
tween teachers and students was almost perfect,
with 91% of the utterances being labeled similarly
by the teachers and students. The remaining 9%
comprises 35 utterances. Of these, 28 of the utter-
ances (80%) are cases where the teacher labels
an utterance as on-task and the student labels the
utterance as off-task, and only 13 utterances are
cases where the teacher label is off-task and the
student label is on-task.

Table 3 shows some examples of utterances
where disagreements occur. The utterances where
teachers judge an utterance as on-task but stu-
dents do not are instances of students engaging in
a minor aside in the middle of a problem-solving
interaction, such as admiring the color of an artifact
they produced on screen. Interestingly, the com-
ment “I think she’s color blind” does not seem to
be made rudely; the surrounding context reveals
that the student is indeed color blind and needs
help distinguishing wires, but a student annotator
may have interpreted it to be a disparaging com-
ment, whereas the teacher annotators interpret it
differently. The cases where students label utter-
ances as on-task but teachers do not, include minor
swear words such as “dang it” as well as effusive
or repetitive.

4. Discussion

The research question that we investigated through
this study was to investigate if teachers and stu-
dents differ in their labeling of classroom dialog,
and if so, in what ways. The high agreement (κ
> 0.8) that we observed when comparing majority
labels indicates that there is no statistically signifi-
cant difference in teacher and student annotations.
However, we do find that i) students show higher in-
group agreement than teachers ii) students and ex-
pert annotators recognize off-task utterances with
a higher frequency than teachers. Moreover, the
disagreements appear to be systematic and not
random, since there is a pattern of teachers be-

ing more lenient with minor asides, while students
strictly judge these utterances as off-task.

Applications of stakeholder perspectives in
classrooms The first implication of our study is
on the notion of a “ground truth”, particularly when
the ground truth data comes from technologists
who are building the tools and not from the stake-
holders who may be using them. In this case, if an
automated off-task utterance classifier was to be a
part of a teacher-facing real-time learning analyt-
ics dashboard to support small-group discussions,
the teacher’s preferences may differ from the clas-
sifier’s learned representations, resulting in false
positives. This is also the case if an underlying
model is expected to serve multiple stakeholders
or applications, such as providing analytics to both
teachers and qualitative researchers. Collecting a
range of annotations that go beyond experts and
include contributions from stakeholders could there-
fore be useful in modeling different preferences for
different application.

Implications on reliability and trust The other
benefit in using a range of annotations is from
a reliability perspective when deploying machine
learning models in the high-stakes environments
of classrooms. Discriminative classifiers’ estimate
of the likelihood of each class can be obtained as
a probability score, referred to as the model’s un-
certainty. In designing dashboards or in instruc-
tional tools that intervene based on a students’ de-
tected state, these probabilities are used to decide
a threshold before an action is taken. However,
research has shown that machine learning models,
particularly, deep neural-network based models are
not well-calibrated and do not produce uncertainty
estimates that accurately reflect the true likelihood
of an event (Ovadia et al., 2019). Typically, this
manifests as overconfidence, especially towards
the majority label or class. The calibration of mod-
els can be improved by using a range of labels
(Prabhakaran et al., 2021; Khurana et al.). One
mechanism is through multi-annotator models, as
demonstrated by Davani et al. (Davani et al., 2022):
by treating each individual annotator’s data as a
separate task, they construct a multi-tasking model
that outputs multiple predictions, which can then
be aggregated. The resulting uncertainty estimate
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is shown to be a better measure of disagreements
between annotators than if the labels were aggre-
gated prior to model training.

Through this pilot study, we showed that subjec-
tivity, specifically from the perspective of stakehold-
ers, is a factor when coding classroom dialog. We
advocate for the collection and release of a wide
range of annotator-level labels to facilitate the cre-
ation of reliable models that incorporate stakeholder
judgments. In the future, we will extend this study
to a larger dataset as well as investigate different
behaviors, such as CPS skills.

5. Limitations

The central goal of our study is to examine stake-
holder subjectivity in annotating classroom dialog.
However, despite our pilot study showing some dif-
ferences in the way students and teachers perceive
off-task dialog, the strength of our conclusions is
limited by scope as we only look at five students and
five teachers. A broader study that includes a larger
pool of participants is essential before we can make
strong recommendations for the design of learning
analytics systems or interventions based on the
phenomenon of stakeholder subjectivity. Moreover,
for greater ecological validity, both the teachers and
students must share context (such as being from
the same school) with the students who generate
the utterances represented in our data – which is a
setting that we were unable to demonstrate in our
study due to unavailability of the original classroom
participants.
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