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Abstract. Human annotation is a key step in data-driven modeling, yet
traditional approaches seek consensus among raters, treating disagree-
ment as error and failing to capture the complexity of human interpreta-
tion. This has given rise to the perspectivist approach, which explicitly
models annotator variability and embraces multiple viewpoints. In this
study, we apply a Bayesian Nonparametric Multidimensional Item Re-
sponse Theory model to multi-rater annotation, adopting a formulation
where annotated texts are treated as persons carrying latent traits and
annotators function as items. This allows us to automatically identify
groups of annotators and assign to each text a set of scores over la-
tent dimensions whose number is inferred directly from the data. We
demonstrate the approach through a case study involving social media
comments on immigration, annotated independently by multiple raters
for the presence of racist content. The model uncovers the structure of
annotator heterogeneity, offering a model-based alternative to consensus-
based labeling. We identified two distinct annotator clusters with sys-
tematically different perspectives, yielding group-specific severity scores.
Disagreement was found to concentrate around politically charged lan-
guage, where the boundary between opinion and hateful rhetoric emerged
as contested.

Keywords: perspectivism; annotator heterogeneity; latent trait model-
ing; Bayesian MIRT; Dirichlet process

1 Introduction

Supervised learning pipelines commonly rely on aggregated annotations, im-
plicitly treating the target label as a single, well-defined quantity. In practice,
this target is typically obtained via majority voting, expert adjudication, or
other aggregation procedures that collapse multiple judgments into a consensus
label [11,27]. Under this paradigm, inter-rater disagreement is largely opera-
tionalized as annotation noise and is therefore reduced or removed prior to model
training. In Natural Language Processing (NLP), both traditional feature-based
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approaches [8,34] and more recent transformer-based architectures [3,20] are
commonly trained and evaluated against these aggregated labels as if they pro-
vided an unambiguous ground truth.

For socially embedded and value-laden phenomena, however, the assumption
of a unique ground truth label is often conceptually and empirically fragile. Tasks
such as hate speech and abusive language detection are not purely technical acts
of classification: they require judgments about intent, context, implicit meaning,
and the boundaries of social norms. As a consequence, annotator variability can
reflect systematic differences in perception shaped by cultural background, per-
sonal experience, and social position [2,26]. In such settings, disagreement is not
necessarily measurement error; rather, it may constitute informative structure
about the phenomenon being studied and about the population of raters.

Motivated by this observation, perspectivist approaches to NLP [12] and data
annotation advocate preserving individual judgments instead of enforcing con-
sensus [19,22]. Under this paradigm, disagreement is treated not as noise but
as valuable signal, offering a richer representation of meaning. The analytical
focus shifts from approximating a single truth to modeling the structure of rater
heterogeneity and understanding patterns of disagreement [6,31]. In measure-
ment terms, this same shift can be expressed as moving away from estimating a
single “true label” toward inferring the latent construct of interest jointly with
rater-specific tendencies and the resulting patterns of disagreement. Standard
aggregation methods, such as majority voting, risk suppressing minority per-
spectives by assuming a single gold standard for inherently subjective tasks.
In social and sensitive domains such as hate speech detection [12], where the
lived experience of targeted groups or the expertise of domain specialists may
risk of being suppressed, failing to account for such divergence can result in
models that perpetuate rather than mitigate harm. By contrast, a perspectivist
approach preserves disagreement as a meaningful signal, ensuring that minority
voices, if present, are not statistically erased, but rather explicitly modeled as
distinguished and informative perspectives.

In this work, we adopt this measurement-theoretic perspective and cast
racism annotation as a latent-trait inference problem. Specifically, we use Item
Response Theory (IRT), a class of latent variable models that can be cast within
the Item Factor Analysis framework, extending factor analysis to accommodate
binary or categorical responses [36]. IRT models express the probability of a re-
sponse to a given item, measured on a binary or categorical scale, as a function
of person parameters (latent traits) and item parameters (e.g., discrimination
and threshold). Departing from the canonical orientation in which annotators
are treated as respondents, we reverse the mapping: text instances are treated
as persons and annotators as items. This formulation provides a principled ap-
proach to model disaggregated judgments while explicitly accounting for rater
heterogeneity. To accommodate the possibility that disagreement reflects mul-
tiple, qualitatively distinct interpretive axes, we consider multidimensional IRT
(MIRT) models [23] and adopt an exploratory approach by fitting a hierarchical
Dirichlet Process MIRT model. The model infers the number of latent dimen-
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sions from the data and enforces a simple structure in which each item loads on
at most one factor. This yields an automatic partition of annotators into clusters
that share similar perspectives and, for each cluster, a latent trait score for every
text, interpreted as its position along a racism-severity continuum as defined by
that group. Within each cluster, annotator parameters capture both the strength
with which each rater contributes to the definition of the continuum (discrimi-
nation) and the decision thresholds mapping latent severity to observed binary
labels. Rather than collapsing annotations into a single consensus label, our ap-
proach leverages the full response patterns to expose systematic differences in
subjective perception, producing interpretable estimates of both instance-level
racism and annotator-level response behavior.

2 Related Work

In the absence of an external expert reference, annotation can be framed as a
measurement problem in which observed labels are imperfect manifestations of
latent structure in both the instances and annotators’ response tendencies. IRT
is a natural tool in this setting because it separates variability attributable to
the instances from variability attributable to annotators. Importantly, IRT has
been used in two distinct orientations in the annotation literature.

In the canonical formulation, annotators play the role of respondents (per-
sons) with latent ability /expertise, while texts are the items characterized by
parameters such as difficulty and discrimination. This orientation is typically
used to calibrate test sets and to place respondents, human labelers or sys-
tems, on a common scale. [35] exemplified this approach with GLAD, which
jointly estimates annotator expertise and item difficulty and used these quanti-
ties to aggregate labels more robustly than unweighted voting in the presence
of heterogeneous annotator quality. [15, 16] likewise fitted 2PL/3PL (2/3 pa-
rameters logistic) models to large-scale textual entailment annotations to con-
struct psychometrically calibrated evaluation sets: sentence pairs were treated
as items, and item fit/discrimination were used to refine the benchmark and to
derive scale-based scores for annotators or systems. [17, 18] extended the same
logic beyond human annotation by treating ML classifiers as respondents and
dataset instances as items within a 3PL framework. Across these canonical appli-
cations, disagreement is primarily used diagnostically, i.e., to identify ambiguous
instances and heterogeneous annotator/system behavior, and the model output
is often an aggregated item-level decision or a calibrated scale for evaluation.

A different line of work adopts the alternative orientation in which textual
instances occupy the person position and receive latent trait scores, while anno-
tators are parameterized as items whose characteristics describe how each rater
maps the latent trait into observed labels. This orientation makes rater hetero-
geneity an explicit component of the measurement model rather than something
to be absorbed by averaging. It has been used with different aims. [13] estimated
a latent score for each text while characterizing annotators through item param-
eters, and then discretized the scores to produce a single label per instance, using
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the richer parameterization mainly to improve label aggregation. [1], by contrast,
used the same orientation with a graded response model to study and interpret
annotator-specific response functions, leveraging rater characteristic curves as
a complement to agreement coefficients and shifting the emphasis from “resolv-
ing” disagreement to explaining it. A closely related measurement perspective
appeared in hate-speech annotation where [24] used many-facet Rasch measure-
ment to place comment hatefulness, survey-item difficulty, and annotator strict-
ness on a common scale, explicitly treating disagreement as perspective that
can be quantified rather than eliminated. In a companion study, [25] analyzed
differential rater functioning to quantify identity sensitivity, showing systematic
differences in ratings depending on whether comments target an annotator’s
own identity group, illustrating how IRT-style models can support perspectivist
analysis by making annotator-related variation directly interpretable. Related
applications in other domains, such as lexical offensiveness ratings [30] and mu-
sic annotation [21], similarly used this orientation to recover continuous latent
scores for linguistic or musical objects while explicitly modeling rater-specific
differences through discrimination and threshold structures.

Our work follows this alternative orientation within a Bayesian nonparamet-
ric MIRT framework that infers the number of annotator clusters directly from
the data. This is a deliberate perspectivist choice: the goal is not merely to col-
lapse judgments into a single binary label, but to uncover groups of annotators
sharing similar perspectives and, for each group, to estimate where each text
falls on a racism severity continuum as defined by that cluster. The resulting
estimates provide both group-specific instance scores and directly interpretable
annotator parameters within each cluster.

A model capable of recognizing and representing multiple perspectives is es-
sential not only for capturing the inherent subjectivity of tasks such as hate
speech detection, but also for building systems that are more fair, inclusive,
and socially aware. Furthermore, training NLP models not on a single majority
vote but on different latent dimensions is an interesting future direction that
goes beyond promoting inclusion, as it opens the possibility of investigating
and understanding different opinions; perspectives that, if left unrecognized and
unidentified, risk introducing systematic bias into the model, ultimately causing
it to perpetuate and reiterate harm.

3 Methods

Given a set of J raters, each providing a binary (e.g., presence/absence) annota-
tion for the same I textual instances, we treat the annotations provided by each
rater as a Boolean variable observed across the I instances. Before introducing
the Dirichlet Process prior, the multidimensional IRT formulation can be viewed
in direct analogy with classical exploratory factor analysis: the latent dimensions
are extracted from the dependence structure of the observed response matrix.
In other words, the latent annotation behaviors arise as factors that explain
systematic patterns of agreement/disagreement across annotators. Within this
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exploratory MIRT perspective, assuming the existence of M potential latent an-
notation behaviors, the two-parameter normal-ogive (2PNO) multidimensional
model for dichotomous responses [28] can be written as

Pr(Yy =11 05,3,.7%;) = ([0, =35 ).
and consequently
PI‘(}/Z']' =0 | 0i7Aj7’7j) =1- ¢<A;r01 - ’Vj) )

fori = 1,...,I (texts) and j = 1,...,J (annotators), where &(-) denotes the
standard normal cumulative distribution function.

In this reversed mapping, 8; € RM denotes the latent trait vector for text
i, locating the instance in a M-dimensional racism-related latent space. The
vector \; € RM collects the discrimination (loading) parameters for annotator j
and quantifies how strongly that annotator’s labeling behavior varies with each
latent dimension, i.e., how informative the annotator is about the corresponding
trait(s). The scalar +, is an annotator-specific threshold (often termed difficulty
in IRT): it determines the location on the latent continuum at which annotator
7 is equally likely to assign label 1 versus 0, thereby capturing the annotator’s
response criterion (severity/leniency) for endorsing label 1. To address location
and scale indeterminacy, latent traits are identified by fixing their marginal mean
to zero and their variance to one. In a Bayesian setting, it is convenient to express
the 2PNO MIRT model through a probit data-augmentation scheme, in which
each observed binary annotation Y;; is generated by an underlying continuous
variable Z;; satisfying

Zij:)\;'—Bi+eij, Z'Zl,...7I, jZL...,J,

where ¢;; ~ N(0,1) independently for all ¢ and j.
The observed binary response is then obtained via a threshold mechanism:

17 if ZZ] > Vi
Yi;j = .
0, otherwise.

To avoid fixing the number of latent dimensions, M, in advance and to induce
an interpretable, sparse structure, we introduce a hierarchical Dirichlet Process
prior. In particular, the prior supports an unknown number of latent dimen-
sions (M*) and, together with a simple-structure constraint, enforces that each
annotator loads on at most one dimension (i.e., A; has at most one nonzero
component). As a result, annotators are automatically organized into clusters
associated with distinct latent annotation behaviors, while the corresponding
text-specific scores, 8; = (0;1,...,0;a-)", provide cluster-dependent positions
of each instance along the inferred racism-severity continuum. The model repa-
rameterizes the loading vector of each item as A; = thj, where 5\j >0is a
scalar discrimination parameter and h; is a binary indicator vector that assigns
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the item to exactly one latent dimension. The allocation vectors h; are gov-
erned by mixing weights w = (my,...,m+) constructed via a stick-breaking
representation of a Dirichlet Process, so that the number of active dimensions
is learned from the data rather than specified a priori. A Gamma prior on the
concentration parameter of the Dirichlet Process controls the tendency toward
fewer or more clusters. Each latent dimension thus groups a subset of items (an-
notators) that share a common latent trait, and the corresponding person (text)
scores are estimated conditionally on this grouping. In practice, by introducing a
Dirichlet Process prior as specified, the model automatically explore and identify
the number of latent behavior (and annotators groups) that better describe the
data, allocating each annotator to groups. The fact that each annotator loads
on at most one dimension, gives a hard partition of annotators avoiding a fuzzy
situation in which an individual annotator can define different latent behavior.

4 Experimental Setup: Corpus Construction and
Annotation Design

The objective of the data collection and corpus construction was to support the
analysis of annotation behavior under heterogeneous and potentially contentious
content. To this end, we curated a diverse set of social media comments on im-
migration, collected from Facebook, Instagram, and YouTube between 2014 and
2024. From an initial corpus of 185,734 comments, keyword filtering [10] yielded
39,570 potentially relevant instances. To maximize thematic and affective di-
versity, we applied Latent Dirichlet Allocation [5] on the relevant instances to
infer 20 topics and construct a thematic graph linking comments that share
at least one topic. Sentiment polarity and offensiveness of each textual content
were then assessed using the Revised HurtLex lexicon [30] and three Italian senti-
ment lexicons [4,32,33]. This procedure defined six stratification classes obtained
by crossing sentiment polarity {positive, neutral, negative} with offensiveness
{offensive, non-offensive}, yielding the 3 x 2 cells: {posxoff, pos x non-off, neux
off, neuxnon-off, negxoff, negxnon-oft}. We subsequently drew a network-based
stratified sample [7] of 3,000 comments (500 per cell) via a space-filling design
on the thematic graph [9], ensuring coverage of heterogeneous topics, sentiment
profiles, and degrees of potentially offensive content. The annotation scheme
for the selected comments was designed as a measurement instrument aimed at
capturing individual differences in the perception of racism. For each comment,
annotators provided judgments on multiple dimensions, including the presence
of racism (binary). Ten annotators independently labeled the full set of 3,000
comments in Label Studio [29], with minimal training and no adjudication. An-
notators were compensated for their work. This design preserves individual re-
sponse patterns, which are essential for estimating annotator-specific behavior
under our Bayesian Nonparametric MIRT framework.
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5 Results

In this section we will briefly describe the annotation outcome and then present
the results obtained by applying the Bayesian Nonparametric MIRT model de-
scribed.

5.1 Content annotation results

Figure 1 shows the distribution of comments according to the number of anno-
tators (out of ten) who labeled them as racist. While 23.8% of comments were
unanimously judged as non-racist, only 5.2% received unanimous agreement on
the presence of racism. The majority of comments fall in intermediate regions
where only a subset of annotators identifies racism, revealing a broad area of
interpretative indeterminacy in which raters substantially differ in their percep-
tion of racist content. This pattern of widespread disagreement motivates the
use of a modeling framework that treats annotator heterogeneity as informative
structure rather than noise.

Number of annotators labelinga comment as racist {out of 10)

n
H

Fig. 1: Percentage distribution of comments by number of annotators indicating
the presence of racism.

Proportion of comments (%)

Considering individual annotator behavior, Figure 2 reveals a high level of
heterogeneity in task performance. The number of comments labeled as racist
ranges from 379 (Annotator 1 - Al) to 1,575 (Annotator 10 - A10), indicating
substantial differences in annotators’ propensity to identify racist content. This
variability is consistent with the presence of distinct interpretive stances among
raters, further supporting the need for a modeling approach that accounts for
annotator-specific response tendencies. To quantify the degree of convergence
among annotators, we computed Krippendorff’s a [14], which is particularly
suited to this setting because it accounts for chance agreement and supports
any number of annotators. The overall agreement is & = 0.389 (see Figure 3
for pairwise values). According to Krippendorfl’s commonly adopted reference
values (o > 0.800: reliable; 0.667 < « < 0.800: tentative; o < 0.667: unreli-
able), the observed value falls well within the range conventionally interpreted
as low agreement. Rather than indicating a failure of the annotation process,
this result provides quantitative evidence that the perception of racist content
is characterized by substantial and systematic inter-individual variability. In the
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Fig.2: Contents considered as racist by each annotator.

context of this experiment, low agreement operationalizes the empirical presence
of multiple interpretive frames.

AlL- 06
A2 -
A3-
A4 -
AS -
A6 -

A7 -

A8 -

A9 -

A10 -

Al A2 A3 A4 A5 A6 A7 A8 A’9 Ai 0

Fig. 3: Pairwise Krippendorff’s alpha values between annotators.
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5.2 Bayesian Nonparametric MIRT model

To investigate the dimensionality and structure of the discrimination parameter
matrix A, we compare the performance of the proposed Bayesian Nonparametric
model under two specifications: uncorrelated and correlated latent traits. Model
fit is evaluated using the Log Pseudo Marginal Likelihood (LPML), a predictive
criterion for which larger values indicate better performance. The correlated
specification yields a higher LPML (—11,385) compared to the uncorrelated al-
ternative (—14,038), providing clear evidence in favor of allowing dependence
among the latent dimensions. The correlated specification allow to identify two
latent traits, characterized by a positive correlation of 0.60. Table 1 displays
the estimated annotator discrimination parameters X1 and Ao representing the
contribution of each annotator in defining the corresponding trait distinguishing
between different latent annotation behavior, along with the estimated thresh-
old parameters 4 encoding the annotator-specific decision boundary, for label 1
endorsement.

Table 1: Annotator parameter estimates with 95% credible intervals.

A1 A2 Y

Annotator Est. 95% CI Est. 95% CI Est. 95% CI
Al 147 [1.37, 1.57)] 0 - 203 [1.85, 2.18]
A2 0 - 153 [1.45, 1.62]  1.68 [1.58, 1.75]
A3 0 - 1.67  [1.5%, 1.78] 158  [1.47, 1.67]
A4 2.00 [1.88, 2.09] 0 - 139 [1.33, 1.47]
A5 225  [2.02, 2.38] 0 - 141 [1.25, 1.50]
A6 120 [1.13, 1.27)] 0 - 0.16  [0.10, 0.21]
AT 147 [1.36, 1.61] 0 - 0.03  [-0.02, 0.07)
A8 0

- 1.89  [1.78, 2.01] 0.03  [-0.08, 0.10]
A9 1.68  [1.61, 1.78] 0 - -0.09 [-0.15, -0.03]
A10 0 - 142 [1.84, 1.49]  -0.12  [-0.17, -0.07]

The Dirichlet Process prior induces a simple structure in which each annota-
tor loads on exactly one latent dimension, yielding two distinct clusters. Anno-
tators A1, A4, A5, A6, A7, and A9 load on the first factor, while annotators A2,
A3, A8, and A10 load on the second. This partition indicates that a single latent
continuum is insufficient to capture the full complexity of annotation behav-
ior: the two groups differ systematically in how they map latent racism severity
into observed binary labels. Within each cluster, discrimination parameters vary
considerably — ranging from 1.20 (A6) to 2.25 (A5) in the first group and from
1.42 (A10) to 1.89 (A8) in the second — reflecting heterogeneous discrimina-
tive power even among annotators who share the same interpretive orientation.
Threshold parameters further differentiate raters: annotators with high thresh-
olds (e.g., Al, 4 = 2.03) require substantially higher latent racist severity before
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assigning a positive label, whereas those with thresholds near zero (e.g., A7 and
A8, 4 =0.03) or below (e.g., A9, ¥ = —0.09; A10, ¥ = —0.12, ) are considerably
more inclined to label content as racist.

Figure 4 presents a filled contour plot of the estimated latent trait scores
(él, ég), interpolated over the two-dimensional score space, where the two axes
correspond to the racism severity continua defined by the two annotator clusters.
Regions are colored according to the total number of annotators (out of ten) who
labeled the comment as racist. Comments in the first quadrant (high 0y, high 6,)
are perceived as racist by both groups, while those in the third quadrant (low él,
low ég) are consistently judged as non-racist, representing areas of inter-group
agreement. The second and fourth quadrants, by contrast, capture comments for
which the two clusters diverge: a comment may score high on one dimension but
low on the other, indicating that one group perceives racism where the other
does not. The overall positive correlation between the two dimensions confirms
that, for the majority of comments, the two groups produce broadly consistent
assessments. However, the non-negligible spread into the off-diagonal quadrants
reveals systematic disagreement on a subset of instances, underscoring the added
value of a multidimensional representation over a single consensus score.

To further characterize the content associated with each region of the latent

fs: racism severity level (annotator cluster 2)
Number of annotators labeling the comment as racist (out of 10)

-3 -2 -1 0 1 2 3
01: racism severity level (annotator cluster 1)

Fig. 4: Filled contour plot of the estimated latent trait scores (,60s) for each
comment, colored by the number of annotators (out of ten) who labeled the
comment as racist.

space, Figure 5 displays word clouds of the most distinctive terms in each quad-
rant. The first quadrant, where both clusters agree on the presence of racism,
is dominated by offensive language and stereotypical representations. The third
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quadrant, where both clusters agree on the absence of racism, is characterized
by a neutral tone associated with news reporting and factual content. The sec-
ond and fourth quadrants — the areas of inter-group disagreement — show a
higher prevalence of politically related terms. Unlike the neutral third quad-
rant, comments in these conflictual regions tend to exhibit an interpretive and
opinionated style, reflecting personal commentary on news events rather than ob-
jective reporting. This suggests that annotator disagreement is most pronounced
when content blends political discourse with implicit or ambiguous expressions
of hostility, where the boundary between legitimate opinion and racist rhetoric
is inherently contested.
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Fig.5: Word clouds of the most distinctive terms in each quadrant of the latent
trait space, identified by comparison across quadrants.

6 Discussion, Limitations, and Future Work

This study has demonstrated that a Bayesian Nonparametric MIRT framework,
applied with an IRT formulation in which texts are treated as persons and anno-
tators as items, can uncover meaningful structure in multi-rater annotation data.
By allowing the number of latent dimensions to be inferred from the data, the
model identified two distinct clusters of annotators with systematically different
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perspectives on racism, providing group-specific severity scores for each com-
ment along with interpretable annotator parameters. The filled contour repre-
sentation of the latent space further revealed that disagreement is not uniformly
distributed across content: it concentrates in regions characterized by politically
charged and interpretive language, where the boundary between legitimate opin-
ion and racist rhetoric is inherently contested.

Some limitations should be acknowledged. First, the annotators involved in
this study shared similar socio-demographic characteristics. While the observed
disagreement was nonetheless substantial, indicating that perspectives are broad
and not perfectly aligned even within a relatively homogeneous group, there is
a clear need to develop sampling strategies that ensure adequate coverage of
diverse annotator backgrounds and viewpoints.

Second, the current two-parameter normal ogive formulation assumes that
all annotators provide genuine judgments for every instance. In practice, annota-
tion tasks may be affected by careless or strategic response behavior, particularly
when annotators are unselected or uncompensated. Extending the model to a
three- or four-parameter normal ogive specification (3PNO/4PNO) would allow
the explicit modeling of such behavior: a lower asymptote capturing random pos-
itive labeling regardless of latent severity, and an upper asymptote accounting
for the possibility that annotators fail to identify racism even in clearly offensive
content, for instance due to fatigue or disengagement. These extensions consti-
tute a natural direction for future work.

More broadly, the framework presented here is not limited to racism de-
tection and can be applied to any multi-rater annotation task where annotator
heterogeneity is expected to carry substantive meaning. While the current appli-
cation focuses on binary judgments, the underlying MIRT formulation naturally
extends to ordinal rating scales, such as graded assessments of racism severity or
abusiveness levels, through polytomous IRT models (e.g., the graded response
model), enabling the same perspectivist analysis in settings where annotations
are collected on multi-category scales. Future applications could explore domains
such as misinformation detection, sentiment analysis, or other tasks involving so-
cially situated and inherently subjective judgments, where perspectivist model-
ing may yield richer and more equitable representations of the phenomena under
study.
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