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Abstract

In Artificial Intelligence research, perspectivism is an approach to machine learning
that aims at leveraging data annotated by different individuals in order to model
varied perspectives that influence their opinions and world view. We present the
first survey of datasets and methods relevant to perspectivism in Natural Language
Processing (NLP). We review datasets in which individual annotator labels are
preserved, as well as research papers focused on analysing and modelling human
perspectives for NLP tasks. Our analysis is based on targeted questions that aim
to surface how different perspectives are taken into account, what the novelties
and advantages of perspectivist approaches/methods are, and the limitations of
these works. Most of the included works have a perspectivist goal, even if some
of them do not explicitly discuss perspectivism. A sizeable portion of these works
are focused on highly subjective phenomena in natural language where humans
show divergent understandings and interpretations, for example in the annotation
of toxic and otherwise undesirable language. However, in seemingly objective tasks
too, human raters often show systematic disagreement. Through the framework of
perspectivism we summarize the solutions proposed to extract and model different
points of view, and how to evaluate and explain perspectivist models. Finally, we list
the key concepts that emerge from the analysis of the sources and several important
observations on the impact of perspectivist approaches on future research in NLP.
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1 Introduction

Natural Language Processing (NLP) often requires manually annotated language
resources. While a wide variety of theoretical frameworks and techniques for
annotation have been proposed over the years, the dominant paradigm postulates
the resolution of annotation disagreement into a single “ground truth” or “gold
standard” label by aggregation, e.g., harmonizing individual labels or using majority
voting, while supressing differences and minority perspectives. More recently,
this assumption has been challenged, especially with an increasing popularity and
interest in subjective tasks, such as toxic language detection or quality estimation.
An early example of this is the questioning of the “one truth” assumption when
collecting data via crowdsourcing in Aroyo and Welty (2015). This paradigm
shift also supports current efforts to make NLP technology less biased and more
inclusive, as concerns have been raised that approaches based on a single ground
truth disfavor minority voices (Blodgett, 2021; Gordon et al., 2021).

Basile et al. (2021), a series of reflections addressing the challenges of working
with disaggregated annotations are formalized in a theoretical framework called
perspectivism, in which the authors define two levels of application. An approach
is considered weakly perspectivist if it involves the collection of disaggregated
annotations when creating a dataset in order to collect as many raters and
annotations as possible. Strong perspectivism, on the other hand, predicates the
active consideration of disaggregated annotation, and, if possible, information about
the annotators, not only at data creation time, but also in the subsequent elaborations,
including training of models based on disaggregated data, their evaluation, and
related computation.

In this paper, we present the first effort to map the recent research in NLP which
makes use of perspectivist principles (Sect. 2). This includes datasets distributed
with disaggregated labels and methods for a variety of NLP tasks which leverage
such disaggregated annotations in order to analyse multiple human perspectives and
use them to create better, fairer, and more transparent NLP models.

A prominent challenge for a survey such as the present one is the lack of a
common terminology among the scientific community, despite the existence of
shared procedures in addressing the issue of giving the same weight to all voices in
NLP data creation and computational experimentations. We found several studies
in the literature which address related concepts using overlapping but not totally
harmonized vocabularies. Table 1 summarizes the terms relevant to this study and
their definitions in the context of our survey. We underline that weak and strong
approaches are related specifically to the intents of scholars.

The rest of this paper is organized as follows. Sect. 3 details how we approached
this challenge within our methodology. The rest of the paper enumerates
perspectivist datasets and methods from research papers that align with perspectivist
principles (Sects. 4, 5), and we discuss our findings in Sect. 6.
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Table 1 Summary of the relevant terminology

Perspectivism A theoretical framework and a family of methods in Al that aim at
modeling different human perspectives in predictive models. It
typically involves the use of labeled data where the disaggregated
labels are available (Basile et al., 2021)

Weak perspectivism Perspectivist approach limited to the collection and analysis of
disaggregated labels (Basile et al., 2021)

Strong perspectivism Perspectivist approach where disaggregated labels are employed in
training and/or benchmarking models (Basile et al., 2021)

Disaggregated labels In the context of labeled datasets, disaggregated labels refers
to the availability of all the individual labels provided by the
annotators, as opposed to one label for instance, obtained, e.g.,
by majority voting

Label variation and disagreement Annotation differences as a result of noise such as inattention
or poor task design, or valid disagreement due to subjectivity,
ambiguity, or task difficulty (Plank et al., 2014)

Learning from disagreement Training of models that leverages information about disagreement
among annotators. Various methods have been reviewed by Uma
et al. (2022)

Subjectivity The quality of being influenced by an individual’s personal
feelings, opinions or beliefs. Examples of subjective NLP
tasks can include humour and offensive language detection
(Cercas Curry et al., 2024)

Reliability or quality of contributors The quality of being trustworthy. Filtering unreliable annotators
helps to assess the quality of the dataset and preserve
subjectivity (Haralabopoulos et al., 2020)

2 Related work

To the best of our knowledge, this paper constitutes the first survey of
perspectivist literature and datasets in NLP. It contrasts with two recent, related
survey articles by Uma et al. (2022) and Rottger et al. (2022) in important aspects,
which we discuss in this section.

Uma et al. (2022) reviewed the literature on the topic of learning from
disagreement, surveying a number of approaches and evaluation metrics, with
a focus on leveraging datasets with disaggregated labels in order to learn from
multiple annotations that could be divergent. They conclude that access to
“datasets of a substantial size” enriched by “large numbers of judgments for each
item, annotated by high-quality coders” is key for this approach.

Rottger et al. (2022) analyse “two contrasting data annotation paradigms for
subjective NLP tasks”, descriptive vs. prescriptive. In the proposed framework,
prescriptive annotation aims at modelling specific, well-defined beliefs (or,
e.g., policies) through the annotation process. As such, annotation under the
prescriptive paradigm “discourages annotator subjectivity” for the benefit of more
accurate modelling and evaluation of the models trained on the data resulting
from the annotation. On the other hand, “the descriptive paradigm encourages
annotator subjectivity”, aiming at modelling diverse beliefs and a variety of
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personal background. Neither paradigm is proposed as superior to the other, but
rather pros and cons of both approaches are highlighted in the paper. Given the
definitions proposed by Réttger et al. (2022), the perspectivist annotation process
clearly falls under the descriptive paradigm.

Both studies indicate the existence of a budding research community interested
in perspectivist data and annotation, while both also point at evaluation as the main
challenge of perspectivism for NLP, which is also highlighted by Basile et al. (2021).

This survey focuses on perspectivist approaches that explicitly aim at modelling,
and, possibly, interpreting and explaining the points of view of a plurality of human
individuals. However, there are a number of works that intend to leverage the
informative content encoded by multiple, even contrasting, annotations on the same
instances in datasets. While these research works are excluded from this survey
(see Sect. 3 for details on the exclusion criteria), we mention them here, in order
to provide a more comprehensive context to position this survey. Several works
have proposed methods to take advantage of disagreement in the data in order to
improve the performance of classifiers [e.g., (Aroyo & Welty, 2015; Plank et al.,
2014; Jamison & Gurevych, 2015)]. More recently, Uma et al. (2020) presented
a method for learning from a distribution over the label space by employing soft
loss functions with the twofold goal of maximizing classification performance
and providing more robust evaluation metrics. Learning from disagreement has
been the subject of recent shared tasks as part of the International Workshop on
Semantic Evaluation, namely SemEval 2021—Task 12 (Uma et al.,, 2021) and
SemEval 2023—Task 11 (Leonardellli et al., 2023). Basile et al. (2021) also discuss
the impact of disagreement on the evaluation of models’ performance, which may
originate from different sources and take many forms. While the aim of these
works is to design and develop models that learn from a plurality of labels, they are
typically tested on aggregated benchmarks. A different strand of work, in contrast,
uses disagreement to represent individual viewpoints and tests the models on
individual labels accordingly. For example, Davani et al. (2022) employ a multi-task
learning approach to predict the labels of each individual annotator independently
from one another.

The main focus of this survey is on perspectivist datasets (Sect. 4) and
perspectivist learning (Sect. 5). However, several works look at the availability of
disaggregated data as an opportunity to extract meaningful analysis on linguistic
and social phenomena. In a seminal position piece, Sayeed notes the challenges
of factoring “metasubjectivity” into models of opinions created from annotated
data Sayeed (2013). A common goal of perspectivism-adjacent research is to
measure and contrast the biases introduced by label aggregation (Biester et al.,
2022; Glenn et al., 2022; Marchiori Manerba et al., 2022; Prabhakaran et al., 2021).
Alternatively, disaggregated labels are viewed as necessary to capture the diversity
and richness of data (Hautli-Janisz et al., 2022; Havens et al., 2022). Another
direction involves the use of disaggregated labels as means of differentiating diverse
but valid perspectives from poor quality annotation (Haralabopoulos et al., 2020;
Homan et al., 2022).

Other works focus on the challenges of modelling and evaluation in the presence
of label disagreement (Kanclerz et al., 2021; Liu et al., 2019; Sachdeva et al., 2022;
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Weerasooriya et al., 2022). For example, Gordon et al. (2021) note the importance
of doing so to reflect the reality of practical applications. Others are concerned with
identifying similar perspectives among groups of annotators based on demographic
information (Bizzoni et al., 2022; Goyal et al., 2022; Sang & Stanton, 2022),
personality traits (Labat et al., 2022), or annotation behaviour (Akhtar et al.,
2020). Finally, some works are concerned with preserving the views of individual
annotators’ evaluations (Davani et al., 2022; Milkowski et al., 2021). Kocon et al.
(2021) view this as a continuum from data- to human-centricism, where works that
focus on the individual level of annotator granularity sit at the human end of the
spectrum. Several authors relate such individual-focused perspectivism to model
personalization (Kanclerz et al., 2021, 2022; Kocon et al., 2021; Ngo et al., 2022).
From a theoretical point of view (for semantic frame annotation), Timponi Torrent
et al. (2022) contend that perspectives are related to different cognitive, social, and
linguistic contexts.

The majority of the works surveyed focus on highly subjective social and affective
tasks such as offensive language detection, emotion recognition, and sentiment
analysis. However, some tasks usually considered to be objective are also included,
such as word sense disambiguation (Gordon et al., 2021), semantic similarity,
natural language inference (Biester et al., 2022), and semantic frame disambiguation
(Timponi Torrent et al., 2022). This suggests that perspectivist methodologies can
be applied more generally to NLP, where differing but equally valid points of view
are widespread across many tasks.

3 Survey methodology

Systematic reviews, an established practice in medicine and other fields, are
gaining popularity in computing sciences and engineering, including NLP [e.g.,
(Reiter, 2018; Abercrombie & Batista-Navarro, 2020; Howcroft et al., 2020; Belz
et al., 2021; Poletto et al., 2021; Sanguinetti et al., 2022; Abercrombie et al., 2023;
Balloccu et al., 2024)] due to their transparency and replicability. Most authors in
STEM fields follow the framework proposed by Kitchenham (2007), who adapted
the best practices for systematic surveys to software engineering. Under this
framework, conducting a review consists of the following stages: identification of
research resources; selection of studies; study quality assessment; and extraction and
analysis of the data. This framework includes a rigorous search process that relies
on a set of keywords in order to systematically retrieve relevant papers from a set
of targeted resources—assuming the existence of a common vocabulary and agreed
ontology of relevant concepts. This vocabulary does not (yet) exist for perspectivist
NLP, which still has to establish itself as a community. However, first approaches to
community building have been made, [e.g., (Basile et al., 2021; Abercrombie et al.,
2022)], and we report some key terms in Table 1. This survey thus only partially
follows the principles of a systematic review, since it aims to first establish a
common vocabulary for future research in this field. The stages of the methodology
we followed include: the identification and collection of publications related to
perspectivism (Sect. 3.1), analysis and selection of studies exploring mainly the
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motivations of the authors of the surveyed publications and how they interpret
perspectivism and related terms (Sect. 3.2), and the application of specific criteria in
order to assess these studies in the framework of perspectivism (Sect. 3.3).

3.1 Literature search protocol

To collect related publications, we made use of a controlled set of heterogeneous
sources in order to reach the relevant research communities. We first disseminated
an online document' stating our ideas about perspectivism, data management in a
non-aggregated format, and containing an explicit call to action. In the document
aimed at academics and NLP practitioners we asked readers (i) not to publish
annotated language resources solely with aggregated labels; (ii) to promote
perspectivist methods to colleagues and in footnotes in authored papers; (iii) to
contribute by providing links to relevant literature and datasets publicly available
with disaggregated labels. The community responded to this call by getting in touch
with us, mainly via e-mail and on Twitter over a period of about six months in 2022,
sending pointers to their own scientific production or to works authored by different
research groups.

In addition to networking, we also pursued more traditional sources for the
survey, with the goal of increasing the coverage of the survey, such as both editions
of the Le-Wi-Di (Learning with Disagreements) shared task organized at SemEval
2021 (Uma et al., 2021) and SemEval 2023 (Leonardellli et al., 2023). This is a
recent evaluation campaign where participants were presented with a number
of non-aggregated datasets with the explicit invitation to submit systems that
learn from a plurality of labels focusing on disagreement. In the first edition, the
organizers reviewed and proposed five datasets spanning several NLP tasks, from
part-of-speech tagging to co-reference resolution. For the second one, they released
four disaggregated datasets with a special focus on abusive and offensive language.

Finally, we also reviewed 15 papers published at the first edition of the workshop
on Perspectivist Approaches to Natural Language Processing (NLPerspectives)
co-located with the 13th edition of the Language Resources and Evaluation
Conference (LREC 2022) (Abercrombie et al., 2022).”

In total, we were able to collect a total of 40 publications for consideration.

3.2 Analysis and selection of publications

The publications collected for this survey were reviewed by 11 scholars, including
but not limited to the authors of the survey, and our selection was performed on the
basis of four criteria (detailed in Sect. 3.3) taking into account specific aims.

First, we decided to survey datasets with disaggregated annotations because
we wanted to explore their zeleological implications, that is, the reasons why their

! https://pdai.info/.
2 https://nlperspectives.di.unito.it/.
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authors decided to create and publish data with these characteristics. To this end, we
recorded:

1. the phenomenon modelled by the dataset and its language(s) and domain(s);
whether the dataset authors report the available information about annotators,
following the recommendation of Basile et al. (2021);

3. what the stated goal of non-aggregation is, such as: reflection and examination
of correlation between annotator identities and their labelling, investigation and
exploration of perspectives also in objective tasks, or creation of perspective-
aware systems.

Second, we considered if and how the works touched upon topics related to
perspectivism such as annotation processes, data set exploration and creation,
modelling, and explainability among others (see Sects. 4, 5). Looking into how each
work defined/framed or interpreted perspectivism proved to be helpful in excluding
works that were initially selected but then proved no actual methodological
connection with perspectivism.

3.3 Assessment criteria

The collected papers were analysed following four assessment criteria in the form
of questions (see Appendix A), which were elaborated to account for the papers’
relevance and contribution to the field, and their relationship to perspectivism.
We also drafted model answers, so that all reviewers could have the same guiding
options and assess papers following the same lines of reasoning. These options
are listed in a continuum, e.g., from most to least perspectivist, and have been
deliberately drafted in fairly general terms to avoid being too restrictive and to
encompass all the selected papers.

The first criterion we established was related to the type of annotation task chosen
by authors, namely if it was objective or subjective. The former can be exemplified
by POS tagging, as assigning a part of speech to a token does not typically involve
a personal stance, and the latter by assessing whether a tweet is offensive or not,
which can be a highly subjective task based on an individual’s sensitivity.

The second criterion investigated the role and/or purpose of perspectivism in
each work. We used this criterion to understand if papers had a weaker or stronger
perspectivist approach. We outlined three options. In the first option, perspectivism
constitutes the backbone of the work and its main purpose is to find ways of
surfacing multiple perspectives present in the data, or modeling systems aware
of different subjectivities, or creating NLP fair models, or else NLP transparent
models. In the second option, perspectivism is taken into account, but the purpose of
the work is not just to identify multiple perspectives or create aware/fair/transparent
models but also to investigate other elements or achieve other purposes. In the third,
perspectivism can be inferred, but is not within the main purposes of the work.

The third criterion assessed the degree of novelty of the works in relation
to this field, for example if they put forward new methods/models/approaches,
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datasets with disaggregated annotations, new evaluation metrics/methodologies,
or investigated new user cohorts. Here too we outlined three options. The first
one accounts for the highest degree of novelty where the paper describes and
tests a completely novel method/data set etc., thus exploring uncharted territory.
The second one describes works that introduce some elements of novelty but
contribute to a known line of research. The third one was used to classify
replication studies that added only a small degree of variation.

The fourth criterion tried to shed light on the advantages of using a
perspectivist approach as compared to a pre/non-perspectivist approach, and
which are the overall limits/challenges/disadvantages of this work. We provided
again a scale, this time from works with the lower replicability and usefulness
to the advancement of the field of perspectivism, i.e., those creating one model
for each individual, to those with the highest. The first option included works
whose methods or data sets were not widely applicable because of major faults.
The second option provided for works whose method/data etc. were somewhat
limited in their application or there were minor faults. Finally, the third option
included works whose method/approach was widely applicable and could be
used in further research by others.

After applying these criteria, 37 of the 40 papers were included in this survey.

In the next section, we describe all the collected works related to four
important steps in the process of the data analysis: the creation, annotation, and
exploration of data (Sect. 4), the designing and modelling of system knowledge,
as well as the evaluation and explanation of their decisions (Sect. 5).

4 Perspectives in datasets

The basic steps of the dataset creation and manual annotation process involve:
(1) selection of a set of data to be annotated, (2) definition and description of
a target phenomenon to be analysed, (3) creation of a schema of annotation
and related guidelines, (4) process of annotation by multiple subjects, (5)
measurement of inter-annotation agreement, (6) aggregation of annotations,
using the strategy of majority voting. These last two steps of this process are
based on the assumption that natural language expressions have a single
identifiable interpretation. This is clearly not true in various cases. For instance,
the disagreement among annotators could be due to the subjective interpretation
of the phenomenon (political view, cultural background, age, etc.) and not just to
noise or inaccuracy of guidelines (Uma et al., 2022).

The presence of disagreement implies that there are annotators with different
points of view or interpretations. Indeed, Leonardelli et al. (2021) showed that
training models with datasets reporting the majority voted labels, then testing
on texts on which humans highly disagreed, resulted in very poor performance.
This suggests that the different perspectives of annotators are evidently not
represented in the training set.

@ Springer



Perspectivist approaches to natural language processing:...

4.1 Annotation process

A first step towards transparency about the perspectives involved in the datasets
is the reflection provided by Prabhakaran et al. (2021), who propose a set of
recommendations to increase the transparency of datasets, following up on the
existing data statement presented in Bender and Friedman (2018). In particular,
the authors underline the importance of release the annotator-level labels, the
sociodemographic information of annotators to show the equitable representation
of various social groups, and information on recruitment, selection, and assignment
of annotators, in order to ensure representational diversity. Indeed, in their work,
they have shown how the aggregation step may lead certain groups’ perspectives to
be under-represented, especially in contexts of annotation of subjective phenomena
such as offensive language or emotion detection, and sentiment analysis. Basile et al.
(2021) also present a list of important recommendations to ensure the transparency
of the created dataset, including the collection of raters’ confidence in order to
identify the most difficult cases.

The importance of the role played by individual perspectives in the annotation
process is supported by different studies in various NLP tasks. Almanea and
Poesio (2022), for instance, observed that the disagreements in misogyny and
sexism annotation of the ARMis corpus (Table 2) are due to the different degree
of religious beliefs of annotators. Further evidence of the influence of individual
traits, and specifically of the personalities of annotators, is provided by Labat et al.
(2022) who investigate variation in the expression and annotation of emotions in
human-computer conversations in the domain of customer service. They discovered
in particular that extroverted personality is positively correlated with the dimension
of dominance.

In the same vein, Viridiano et al. (2022) present the results of a preliminary study
on frame annotation in a multimodal setting, where annotators were asked to indicate
the frames and frame elements elicited by images. The experiments show how the
first language of the annotators influences perception of the frames. While this work
is focused purely on the dimension of language, in another work Timponi Torrent
et al. (2022), they present a tool for manipulating semantic frames taking into
account both language and cultural background.

Sang and Stanton (2022), instead, propose a methodology based on interviews,
concept mapping exercises, and self-reporting items, for evaluating the annotation
of a corpus of hate speech. On the one hand, this method helps comprehension of
how people with different characteristics annotate hate speech and thus the origin
of disagreement. On the other, their statistical analysis highlights that annotators
respond differently based on their age and personality, and obtaining consistency
among annotators with different backgrounds and personalities may never be fully
successful.

In dealing with different annotations, the question about the assessment of the
quality of corpus remains open. To this end, Haralabopoulos et al. (2020) study
the problem of subjectivity in crowdsourced annotation of tasks such as sentiment
analysis. The authors propose a method for injecting objectivity into the annota-
tion tasks, thus identifying the source of disagreement. They do this by inserting
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objective terms related to the target class and evaluating the annotators’ labels solely
on these instances. In this way, their method aims to determine whether the disa-
greement is caused by the subjectivity of the annotation task, or if it is caused by the
unreliability of the annotators. This proposal for assessing the quality of a dataset is
analagous to the traditional use of majority voting strategies that result in the filter-
ing out of outliers in a non-perspectivist manner. Bizzoni et al. (2022) propose a
mixed approach aimed at bridging the gap between subjectivity and the ground truth
in the task of quality assessment of literary work. They build a new dataset (reported
in the Table 2 below as DBooks) containing Danish literary reviews from 2010 and
2021 and clustered readers in multiple classes (i.e., gender or media type).

Other studies focus mainly on the exploration and management of disagreement.
To explore reasons for disagreement, Hautli-Janisz et al. (2022) investigate
annotation judgements in the QT30NONAGGR corpus® (in Table 2) of disaggregated
argument annotation, compiling a taxonomy of the types of label disagreements
in argument annotation, and identifying the categories of ‘annotation errors’ (low
interpretation of guidelines), ‘fuzziness’, and ‘ambiguity’.

Regarding management of disagreement, Sachdeva et al. (2022) use Rasch
Measurement Theory to aggregate labels on a continuous score, allowing annotator
disagreement to be statistically summarized. The created dataset is the Measuring
Hate Speech corpus (reported as MHS in Table 2) Kennedy et al. (2020),* which
contains identity group targets and the annotators’ sociodemographic information,
as well as their estimated survey interpretation bias, difficulty, and rarity of decision.

The process of annotation and consequent creation of datasets is the basis of
data-driven approaches to the design and building of models to solve NLP tasks.
In the perspectivist framework, it is also one of the most important steps, as the
perspectives of different groups of people are encoded in the datasets. As we have
seen, different works address the theoretical problems of this step, proposing: a
set of guidelines that encourages other researchers to dive deep into perspectivism
(Prabhakaran et al., 2021); investigations that confirm the need to consider
individual perspectives even in traditionally considered objective tasks, such as
semantic disambiguation (Viridiano et al., 2022); and methods for assessing the
quality of disaggregated datasets (Haralabopoulos et al., 2020) or for managing the
disagreement (Sachdeva et al., 2022). Meanwhile, a greater quantity of literature is
dedicated to the creation of disaggregated datasets on various topics.

4.2 Disaggregated datasets

From the sources selected in Sect. 3, the identified perspectivist datasets span a range
of different NLP application and languages, such as the detection of toxic language,
understanding differences in human behaviour in visual question answering, or event
factuality predictions through linguistic inferences. Not all datasets are used to train

3 http://corpora.aifdb.org/qt30nonaggr.
4 https://huggingface.co/datasets/ucberkeley-dlab/measuring-hate-speech.
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supervised ML models; some are compiled so that they can be made available to the
research community for further analysis or to carry out specific language-oriented
investigations.

The corpora outlined in Table 2 contain disaggregated annotations of textual and
multimodal data, and some of them also report sociodemographic information about
annotators (in the column Info). The majority of these datasets focus on the mapping
and automatic detection of various types of toxic language, either on the internet
or in spoken interactions; and only a few of them respect the recommendation of
reporting information about annotators (Prabhakaran et al., 2021; Basile et al.,
2021).

Some of the datasets in Table 2 have been released as part of the two editions of
Le-Wi-Di at SemEval 2021 (Uma et al., 2021) and 2023 (Leonardellli et al., 2023):
GmvpEL-corpus, PDIS, Humour, IC-LABELME and Cirar-10 H in 2021; and BrexiT-HS,
ARrRMIs, CoNnvABUSE and MULTIDOMAIN-AGREEMENT in 2023.

Only a few datasets report the sociodemographic information of annotators and
thus allow perspective-based analysis (Sachdeva et al., 2022); Almanea & Poesio,
2022; Goyal et al., 2022; Bizzoni et al., 2022) or the creation of perspective-aware
models (Akhtar et al., 2021; Kumar et al., 2021).

Regarding perspective-based analysis, in addition to the works already described
above, Goyal et al. (2022) examine how annotator identities affect their labelling of
toxicity when they are members of the target group. The authors explicitly target
under-represented and minority groups that have been shown to be underserved
by non-perspectivist approaches. In particular, they contracted crowd workers who
self-identify as African American, LGBTQ, or neither for annotating examples
from the Civil Comments dataset® with the presence or absence of toxic language
(insult, obscene, threat, etc.). The created dataset, listed in Table 2 as JSRPDATA
(Jigsaw Specialized Rater Pools Dataset), reports the annotator-level label and
their identities. On the basis of this information, they found statistically significant
variability, and showed through regression experiments the informative value of
having annotators’ explicit demographic metadata.

Others focused on building new disaggregated corpora to create perspective-
aware systems in particular for abusive language detection. Akhtar et al. (2021),
for instance, constructed BRexiT-HS, a dataset of English tweets regarding Brexit
annotated for hate speech, aggressiveness, offensiveness, stereotype, and irony. The
dataset is annotated by six people divided into two groups: a target group composed
of three Muslim immigrants in the United Kingdom, and a control group of three
young researchers with western backgrounds. BrRexiT-HS was created with the
explicit intent of representing the point of view of the victims of hate speech. As
such, it served as a basis for studies on training perspective-aware models encoding
different perspectives based on automatic clustering of the annotators.

Observing that current systems of toxic comment detection tend to fail in the
consideration of various concerns of users, Kumar et al. (2021) created ToxCR to
tune existing models in a more personalized direction. ToxCR is an English dataset,

5 Available on https://www.kaggle.com/c/jigsaw-unintended-bias-in-toxicity-classification.
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which includes the results of a survey of 17,280 residents in the United States
aiming to understand how toxic content perception differs across demographics,
beliefs, and personal experiences with harassment. Exploiting this new resource, the
authors showed how current toxicity classification algorithms, such as Perspective
API from Jigsaw,® can improve in accuracy by 86 percent on average by tuning the
model while taking individual annotator differences into account.

The other datasets reported in Table 2 have been created and released for
addressing various NLP tasks, ranging from the highly subjective to others
traditionally considered objective. The majority of the considered datasets report
annotation of abusive language in different genres of texts. The datasets IMSYPP_
EN,” IMSYPP_IT,® and IMSYPP_SL’ were created within the IMSyPP project
(Innovative Monitoring Systems and Prevention Policies of Online Hate Speech)
with the aim of identifying terms, entities and concepts to understand the triggers
and facilitators of hate speech, develop models for hate speech detection, and
monitor it in English, Italian, and Slovenian respectively. Specifically, Ljubesi¢
et al. (2021) built the English dataset containing YouTube comments annotated
with various hate speech types (appropriate, inappropriate, offensive, and violent)
and targets (racism, migrants, Islamophobia, antisemitism, religion, sexism,
homophobia, ideology, media, politics, individual, and other). Cinelli et al. (2021)
and Kralj Novak et al. (2021) collected similar datasets for Italian and Slovenian
YouTube comments, respectively, following the same schema and method of
annotation used for the English part.

On a similar topic, Cercas Curry et al. (2021) investigated the lesser researched
field of abusive language directed towards Al conversational agents They present
ConvABUSE,'? a corpus of conversations between humans and three conversational
Al systems which are labelled by multiple domain experts selected on the basis of
being members of the groups typically targeted by such abuse, or being experts in
such issues.

Dinu et al. (2021) investigated pejorative language in social media, understood
as a mainly lexical phenomenon which occurs when a word is used with a negative
connotation and/or within a negative context. The authors propose a multilingual
lexicon and dataset of English, Spanish, Italian, and Romanian tweets!! selected
from existing datasets.

The rest of the datasets address tasks related to meaning, veridicality and
question-answering. Muraki et al. (2022) provided the first large concreteness rating
dataset for multi-word expressions (ConcR-EMWE).!? Although the annotators were
instructed to give a concreteness rating ranging from 1 (very abstract) to 5 (very

6 https://www.perspectiveapi.com/.

7 https://www.clarin.si/repository/xmlui/handle/1 1356/1454.
8 https://www.clarin.si/repository/xmlui/handle/11356/1450.
° https://www.clarin.si/repository/xmlui/handle/11356/1398.
10 https://github.com/amandacurry/convabuse.

" http://nlp.unibuc.ro/resources.html#pejor.

12 https://osf.io/ksypal.
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concrete), in this work the possibility of having multiple meanings for an expression
was not taken into account.

White et al. (2018) studied linguistic inferences that are triggered by the
interaction of lexical and syntactic information for studying precisely how to predict
the factuality of an event. To this purpose, they created the MEGAVERIDICALITY
dataset,'® that contains veridicality judgments by English native and not-native
speakers for verbs that embed declarative clauses.

Finally, Bhattacharya et al. (2019) labelled two datasets (VQA_2.0 and VizW1z)
for visual question answering (VQA), i.e., the task of returning an answer to an
image-based question. For each image-question pair, 10 crowdsourced answers
were collected, with metadata indicating the reasons why the 10 responses to each
question are different.'* Indeed, this is an intrinsically complex and ambiguous task,
where different annotators often provide different answers. The authors performed
a preliminary analysis, building the basis for a new algorithm that allows to predict
directly from a visual question which reasons will cause answer differences.

4.3 Exploring perspectives

Jointly with the creation of datasets that encode the perspectives defined and
identified a priori by scholars, an interesting and novel process introduced by
perspectivism is the exploration of perspectives and variance of annotation of
different phenomena.

To this purpose, Havens et al. (2022) present exploratory text visualization
techniques as a complement to data perspectivism, investigating patterns and outliers
in annotations of the text in a perspectivist context. Authors identify limits in the
current visualization tools for perspectivist research and encourage the development
of new platforms with interactive, exploratory text visualizations, in which data
analysis becomes an intuitive process relying on human vision and cognition.

Another contribution is a framework for analysing the variation of per-item
annotator response distributions to data for humans-in-the-loop machine learning
(Homan et al., 2022). The authors employ a crowdsourced dataset of hard-to-
classify examples of the Open Images Dataset archive, providing visualizations and
analysing the variance of the annotation. The experiments show that hypothesis
testing can be used to identify particularly anomalous distributional patterns due to
individual annotators’ perspectives.

Along with that, Biester et al. (2022) describe a new robust framework to test
for differences in annotation across various demographic groups. The case study
presented in their work focuses on annotators’ gender in four benchmark datasets
(Affective Text, Word Similarity, Sentiment Analysis and Natural Language
Inference).

13 http://megaattitude.io/projects/mega-veridicality/.
% https://vizwiz.org/.
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Although more weakly perspectivist than some of these approaches, Mar-
chiori Manerba et al. (2022) propose a preliminary method of bias discovery in
human annotators on tasks involving subjective judgements. In this work, bias is
manifested especially in the rating of highly sensitive topics such as toxicity, and
has negative repercussions on the reliability of supervised machine learning by rein-
forcing and propagating such bias. Disaggregated data are used in this work to both
preserve the individual perspective of raters even in the face of disagreement and to
inform the models’ predictions.

5 Perspectives in models

In this section, we showcase papers that present innovative methods for designing
models capable of leveraging disaggregated datasets to model perspectives
(Sect. 5.1), the evaluation of designed models (Sect. 5.2) and the explainability of
their decisions (Sect. 5.3).

5.1 Explicitly modelling perspectives

The modelling can be done at different levels of depth and can take into account
various aspects such as biases, personalization, or disagreement. We have identified
several macro categories of relevant papers.

Modelling label distribution The first category involves modelling the distribution
of labels in a disaggregated dataset without intending to model underlying
perspectives. The only such work is Liu et al. (2019), who present a novel approach
to learn distributions of disaggregated labels, which reduces the number of required
labels for classification tasks. The authors achieve this by clustering semantically
similar instances and aggregating the labels within each cluster into a single larger
sample.

Modelling disagreement The two papers in the second category instead aim
at modelling the disagreement among groups of annotators and thus modelling
multiple perspectives. Akhtar et al. (2020) do so by proposing an innovative method
for dividing annotators into (two) groups. Their approach seeks to maximize intra-
group agreement and minimize intergroup agreement. While their experimental
results on hate speech detection demonstrate the potential for improved classification
performance, the authors’ aim extends beyond this objective. They seek to identify
annotator clusters and model the perspectives of each group. Davani et al. (2022)
instead, evaluate three novel strategies for training on to shift the majority vote-
based aggregation step from the dataset creation stage to the final prediction stage
after model training and are based on multi-task approaches. Instead of attempting
to mitigate or eliminate disagreement among annotators, the effort of the authors
to develop models with different internal tasks, reveals their aim to model such
disagreement and in turn individual perspectives in hate speech and emotion
detection. Notably, their results demonstrate that a multi-task approach performs
better and is more effective at estimating uncertainty in predictions.
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Modelling individual perspectives The third category includes three works
leveraging personalized approaches to modelling perspectives. Kanclerz et al.
(2022) propose three user-centred methods for detecting hate speech on three
different datasets. They argue that aggregating labels into a gold standard,
particularly in subjective NLP tasks, leads to overlooking individual perspectives
during the training of predictive models. The authors demonstrate this by showing
that personalized methods are more effective in allowing individual perspectives
to emerge, compared to generalized approaches. The study’s findings indicate that
personalized approaches have significant potential for improving the accuracy
of hate speech detection in NLP tasks. Kanclerz et al. (2021) used a personalized
approach for discriminating perceptions of offensive, toxic, and aggressive
documents based on an individual’s previous annotations. To achieve this, the
authors utilize conformity-based personalization, class-based embeddings, and
annotation-based embeddings which model personalized context variables. The
results indicate that the approach is valid, especially for controversial documents,
and effective for subjective NLP tasks such as recognizing emotions. Overall, the
personalized approach demonstrates great potential for improving the accuracy of
perception discrimination in NLP. Finally, Ngo et al. (2022) use personalized models
for emotion prediction. Their models are based on three sources of information: the
annotators themselves, their previous annotations, and an encoding of the text that
they annotated. The authors conducted experiments on a new disaggregated dataset,
StudEmo, and found that each of the features contributed to improved performance,
albeit to different extents, when compared to a non-personalized baseline. Of
particular note is the finding that personalized knowledge about user beliefs was
especially helpful in making decisions about controversial emotions.

Modelling human beliefs The fourth category is about modelling human beliefs
from the annotations. For instance, Kocon et al. (2021) address the problem of
modelling the human perspective of a user towards a specific text presenting
an approach to enable adaptive models to predict personal and group beliefs,
rather than agreed-upon aggressiveness labels. The authors identify three levels
of content analysis: macroscopic (perspective of the whole society), mesoscopic
(group perspective), and microscopic (individual perspective). Kocon et al. (2021)
then extend the approach to other subjective phenomena, such as emotions and
toxicity. In particular, inspired by the Neural Collaborative Filtering model used in
recommender systems, they represent human beliefs as latent vectors. Disaggregated
data, mainly from the Wikipedia Detox project,'> are used by the authors (i) to
quantify the human bias, intended as the distance between the known annotations
of a given user and the average annotations provided by other annotators, and (ii)
to create a model of human beliefs. The results are promising and confirm the
significant impact of the personalized representations on the performance of the
models in subjective tasks.

Modelling human bias The fifth (and last) category is focused on human biases.
Milkowski et al. (2021) introduce a novel measure estimating Personal Emotional

15 https://meta.wikimedia.org/wiki/Research:Detox.
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Bias (PEB) in evaluating opinions. PEB measures the extent to which previously
known annotations of a given user differ from the average annotations provided by
all others for a given emotional category, aggregated over all documents. Authors
have experimentally validated that models incorporating knowledge provided by
PEB obtain a gain in predicting emotions from an individual human perspective,
improving the quality of personalized reasoning.

5.2 Perspectivist evaluation

While the majority of works in the field of data evaluation relies on a single
aggregated ground truth, there have been a few notable contributions toward
evaluations that take into account multiple perspectives. One such work is Gordon
et al. (2021), which addresses the difference between evaluating machine learning
systems and human-computer interaction. While the former typically uses measures
based on generalization error to evaluate technical performance, the latter focuses on
collecting user opinions to report on user-facing experience.

To bridge this gap, the authors proposed the disagreement deconvolution
method, which considers the multiple ground truths provided by annotators and the
probability that a given annotation may differ from the most common annotator’s
response. By adjusting the label distribution of responses for each item using this
probability, they built a new test set containing many annotations per item from
the disaggregated corpus. This represents a step forward in establishing useful
performance evaluations for social computing classifiers, such as toxicity detectors.
When applied to the Jigsaw dataset, this method demonstrated how current metrics
may overstate the performance of ML-based systems.

The limited number of works we discovered addressing perspectivist evaluation
highlights the need and opportunities for further research in this area.

5.3 Explainability with perspectives

The last step in the pipeline is explainability of model decisions. An innovative
work on in this direction within the perspectivist realm is presented by Mastromattei
et al. (2022). The authors designed a method to enhance the explainability of large
language models applied to text classification. The method is based on analysing
the activation of syntax subtrees and contrasting the predictions made by different
perspective-aware classifiers trained on disaggregated data, in order to highlight the
syntactic structures that influence a certain stance. The syntax-based models used
in the study are KERMIT (Zanzotto et al., 2020) and its specialization aimed at the
analysis of hate speech KERM-HATE (Mastromattei et al., 2022). A pilot experiment
is presented on BrRexiT-HS (Table 2), a perspectivist dataset annotated with hate
speech (Akhtar et al., 2020). While KERM-HATE obtains the best classification
performance, the most relevant contribution is the proposed perspectivist approach
to provide visual syntax-based representations of the syntactic components that are
responsible for the predictions of the models along different perspectives.
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The scarcity of works exploring explainability with perspectives presents an
opportunity for the research community to explore this area further.

6 Discussion and conclusions

In this survey, for the first time, we have selected and analysed a number of datasets
and research papers proposing resources and methods intended to leverage the
information encoded in disaggregated annotations in order to represent and account
for individual and group perspectives in NLP data and tasks, i.e., perspectivist
approaches in NLP.

One of the goals of this survey was to identify and understand the key concepts
around perspectivism in NLP and their mutual relations. As a result of the analysis
presented here, we find that three factors play intertwined roles in this area.

e Disagreement is the observed, quantifiable phenomenon that arise, to a different
extent, whenever manual annotation is conducted.

e Subjectivity is an intrinsic characteristic of a phenomenon in natural language,
intended as the extent to which the individual perception of the annotator
influences their annotation. Subjectivity is one of the possible causes of
disagreement.

e Reliability is a characteristic of annotators (and the labels they produce).
Unreliable annotators induce noise, which may increase the disagreement even
when the subjectivity of the task is low. As suggested by Haralabopoulos et al.
(2020), it is important to discriminate between (un)reliability and subjectivity as
possible causes of the observed disagreement.'®

This survey represents a first step towards disentangling these concepts and their
relationships.

Another important goal of this survey is the exploration of existing literature
that make use of perspectivist principles. In particular, the research papers we
surveyed (Sects. 4, 5) were selected mainly on the basis of their teleological
dimension, i.e., the focus of this survey is on research work whose main objective
is of a perspectivist nature. The datasets (Table 2) were instead included on the
more relaxed basis of being published with disaggregated annotation, but we still
considered the teleological aspects in their analysis.

More than half of the perspectivist datasets we analysed revolve around
hate speech and other undesirable language phenomena. This is not surprising,
considering that the added value of using disaggregated data is more evident the
more subjective is the observed linguistic phenomenon (in the sense of subjective

16 Reliability has traditionally been assessed with Intra-Annotator Agreement measures. However, in the
perspectivist framework, disagreement in not necessarily treated as a sign of poor reliability. For a better
understanding of the underlying reasons for disagreement, Abercrombie et al. (2023) propose combining
these measures with analysis of annotator stability.
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perception having a stronger role during annotation). The annotation of hate speech
and toxic language, and related phenomena, is indeed a prime example of a situation
where traditional, pre-perspectivist approaches to annotation fall short (Fortuna
et al., 2020). However, we found, several datasets on a variety of domains and tasks
which are distributed with disaggregated annotations, indicating how a perspectivist
stance may provide a new angle to interpret language phenomena such as
argumentation and inference. Moreover, bearing in mind the recommendations for
approaching tasks in a perspectivist manner (Basile et al., 2021; Prabhakaran et al.,
2021), we noticed that only a few datasets report sociodemographic information
about annotators, and only Sachdeva et al. (2022) also include the difficulty and
rarity of the annotators’ decision. The access to this information allows scholars and
researchers to create and design more accurate perspective-aware models.

The perspectivist methods analysed in the surveyed papers may be summarized
and categorized in different ways. Firstly, they propose solutions focused on different
steps of a hypothetical “perspectivist pipeline”: (i) training of models capable of
encoding different perspectives and using them for their predictions (Sect. 5.1);
(ii) evaluation of the models against disaggregated benchmarks, in order to test
their performance in encoding multiple perspectives (Sect. 5.2); (iii) leveraging
perspectivist approaches to provide an explanation of the models that account for
multiple perspectives (Sect. 5.3). Furthermore, some works pertain to what could
be considered a preliminary step of said pipeline, that is, supporting the creation of
datasets on which perspectivist approaches will rely (Sect. 4).

On the other hand, the surveyed research works can be analysed along more
traditional dimensions, such as the task or domain on which the approach is focused.
Most methods to improve data curation, while in principle domain-agnostic, are
motivated by the creation of datasets for subjective phenomena such as hate speech,
toxicity, sentiment, and emotions. Notable exceptions are represented by the
multimodal contribution of Homan et al. (2022) and the works by researchers of the
FrameNet Brazil project,!’ focusing on the semantic annotation of frames.

The computational methods for modelling and analysing perspectives are often
designed with specific tasks as their goal, in particular emotion and toxic language
detection. Some of them also attempt to build strongly personified models, like
Kocon et al. (2021) which could be applied in more general contexts. However, a
number of proposals are relatively task-agnostic and can be considered as general
methods to leverage disaggregated data to train more informed models.

Perspectivist evaluation and explainability are the two least represented areas,
according to our survey. This may be due to the inherent difficulty of performing
a perspectivist evaluation, which requires a significant overhaul of the structure
of benchmarks and evaluation metrics. Indeed, the importance (and difficulty)
of evaluation has been highlighted since the first position papers proposing the
paradigm shift towards perspectivism in NLP (Basile, 2021; Basile et al., 2021).
Furthermore, as “late” steps in the perspectivist pipeline mentioned earlier, effective

17 https://www2.ufif br/framenetbr-en/.
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evaluation explainability methodologies will require more robust foundations in the
earlier steps to build upon.

The results of the analyses carried out on the resources and papers presented in
this survey prompted a few observations. First of all, we notice how almost all the
surveyed works are from 2020 onward, therefore they are quite recent. At the same
time, while the survey is focused on the area of NLP, several authors are active in
other areas of Computer Science, such as Privacy (Kumar et al., 2021), Computer
Vision (Bhattacharya et al., 2019), and Healthcare (Kennedy et al., 2020). Moreover,
various surveyed works borrow and integrate techniques originally developed from
recommender systems, user modelling, or personalization. These two observations
jointly paint the picture of a new research community in-the-making, centred on
NLP yet interdisciplinary.

Looking at the datasets in Table 2, it is evident how the issues relevant to
perspectivism are raised more often in conjunction with the study of highly
subjective linguistic phenomena. In particular, offensive and other undesirable
language often triggers reflections and proposals for modelling and leveraging
different opinions and perspectives. Nevertheless, the number of datasets and
methods presented in this survey that do not pertain to subjective phenomena (e.g.,
frame annotation in Timponi Torrent et al. (2022) and Viridiano et al. (2022)),
suggests that perspectivist approaches may benefit NLP tasks regardless of their
subjectivity. This is in line with the prescriptions of Basile et al. (2021) of adopting a
perspectivist stance even for tasks in “unsuspected domains, like medical diagnosis”.

Finally, in analysing the sources, we realized that a paradigm shift is currently
being proposed, ignited by the studies on the informativeness of annotation
disagreement (Sect. 2) and moving forward to cover all aspects of NLP research
based on manually annotated data. At the technical level, the main challenges
towards the adoption of the new perspectivist paradigm are represented by the need
to develop new methodologies for training and evaluating models that leverage
disaggregated datasets for perspectivist purposes. At the same time, preliminary
studies appear promising towards the development of a new generation of fair,
explainable NLP models under the perspectivist paradigm.

Appendix A
Questions and sample answers used for the analysis of papers.

1. How is perspectivism defined/framed or interpreted?

2. Are the authors proposing a perspectivist approach for a subjective or an
objective task?

3. What'’s the role/purpose of perspectivism in this work?

a. Perspectivism constitutes the backbone of this work and its main purpose is to
find ways of surfacing multiple perspectives present in the data, or modeling
systems aware of the subjectivities or creating NLP fair models or NLP
transparent models.
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b. Perspectivism is taken into account but the purpose of this work is not just
to identify multiple perspectives or create aware/fair/transparent models but
also [something else].

c. Perspectivism can be inferred but it’s not within the main purposes of this
work.

4. What are the novelties (i.e., new methods/models/approaches, datasets with
disaggregated annotations, new evaluation metrics/methodologies, new user
cohorts) of this work?

a. This work describes and tests a completely novel method/data set etc. thus
exploring uncharted territory;

b. This work introduces some elements of novelty and contributes to a known
line of research;

c. This work is a replication study with some variations (or something along
these lines)

5. What are the advantages of their perspectivist approach in respect to a pre/not-
perspectivist approach? This is an open-ended question since each work may
present a different set of advantages rather than options on a gradient.

6. What are the limits/challenges/disadvantages of this work?

a. The work proposed is not widely applicable because of major faults.

b. The method/data etc. are somewhat limited in their application/there are
minor faults/some factors were not taken into consideration.

c. The method/approach proposed is widely applicable and can be used in
further research by others.
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