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Abstract. The paper gives a brief overview of the three shared tasks
to be organized at the PAN 2021 lab on digital text forensics and stylometry hosted at the CLEF conference. The tasks include authorship
veriﬁcation across domains, author proﬁling for hate speech spreaders,
and style change detection for multi-author documents. In part the tasks
are new and in part they continue and advance past shared tasks, with
the overall goal of advancing the state of the art, providing for an objective evaluation on newly developed benchmark datasets.

1

Introduction

The PAN workshop series has been organized since 2007 and included shared
tasks on speciﬁc computational challenges related to authorship analysis, computational ethics, and determining the originality of a piece of writing. Over the
years, the respective organizing committees of the 51 shared tasks have assembled
evaluation resources for the aforementioned research disciplines that amount to
48 datasets plus nine datasets contributed by the community.1 Each new dataset
introduced new variants of author identiﬁcation, proﬁling, and author obfuscation tasks as well as multi-author analysis and determining the morality, quality,
or originality of a text. The 2021 edition of PAN continues in the same vein, introducing new resources and previously unconsidered problems to the community.
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As in earlier editions, PAN is committed to reproducible research in IR and NLP
and all shared tasks will ask for software submissions on our TIRA platform [10].

2

Author Profiling

Author proﬁling is the problem of distinguishing between classes of authors by
studying how language is shared by people. This helps in identifying authors’
individual characteristics, such as age, gender, and language variety, among others. During the years 2013–2020 we addressed several of these aspects in the
shared tasks organised at PAN.2 In 2013 the aim was to identify gender and age
in social media texts for English and Spanish [16]. In 2014 we addressed age identiﬁcation from a continuous perspective (without gaps between age classes) in the
context of several genres, such as blogs, Twitter, and reviews (in Trip Advisor),
both in English and Spanish [14]. In 2015, apart from age and gender identiﬁcation, we addressed also personality recognition on Twitter in English, Spanish,
Dutch and Italian [18]. In 2016, we addressed the problem of cross-genre gender
and age identiﬁcation (training on Twitter data and testing on blogs and social
media data) in English, Spanish, and Dutch [19]. In 2017, we addressed gender
and language variety identiﬁcation in Twitter in English, Spanish, Portuguese,
and Arabic [17]. In 2018, we investigated gender identiﬁcation in Twitter from
a multimodal perspective, considering also the images linked within tweets; the
dataset was composed of English, Spanish, and Arabic tweets [15].
In 2019 the focus was on proﬁling bots and discriminating bots from humans
on the basis of textual data only [13]. We used Twitter data both in English and
Spanish. Bots play a key role in spreading inﬂammatory content and also fake
news. Advanced bots that generated human-like language, also with metaphors,
were the most diﬃcult to proﬁle. It is interesting to note that when bots were
proﬁled as humans, they were mostly confused with males. In 2020 we focused
on proﬁling fake news spreaders [11]. The ease of publishing content in social
media has led to an increase in the amount of disinformation that is published
and shared. The goal was to proﬁle those authors who have shared some fake
news in the past. Early identiﬁcation of possible fake news spreaders on Twitter
should be the ﬁrst step towards preventing fake news from further dissemination.
Haters: Profiling Hate Speech Spreaders on Twitter at PAN’21
Hate speech (HS) is commonly deﬁned as any communication that disparages a
person or a group on the basis of some characteristic, such as race, colour, ethnicity, gender, sexual orientation, nationality, religion, or others [8]. Given the
huge amount of user-generated content on the Web and, in particular, on social
media, the problem of detecting and, if possible, contrasting the HS diﬀusion, is
becoming fundamental, for instance, for ﬁghting against misogyny and xenophobia [1]. Having previously proﬁled bots and fake news spreaders, at PAN’21 we
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To generate the datasets, we have followed a methodology that complies with the
EU General Data Protection Regulation [12].
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will focus on profiling hate speech spreaders in social media, more specifically on Twitter. We will address the problem both in English and Spanish, as
we did in the previous author proﬁling tasks. The goal will be to identify those
Twitter users that can be considered haters, depending on the number of tweets
with hateful content that they had spread (tweets will be manually annotated).
As an evaluation setup, we will create a collection that contains Spanish and
English tweets posted by users on Twitter. One document will consist of a feed
of tweets written by the same user. The goal will then be to classify the user
as hater or not hater (binary classiﬁcation). Given that we plan to create a balanced dataset (although this is not a realistic scenario,3 we balance the dataset
to reinforce the haters’ view and to prevent machine/deep learning models from
being skewed towards tweets), we will use accuracy as the evaluation metric for
the binary classiﬁcation.

3

Author Identification

Authentication is a major safety issue in today’s digital world and in this sense
it is unsurprising that (computational) author identiﬁcation has been a longstanding task at PAN. Author identiﬁcation still poses a challenging empirical
problem in ﬁelds related to Information and Computer Science, but the underlying techniques are nowadays also frequently adopted as an auxiliary component in other application domains, such as literary studies or forensic linguistics.
These scholarly communities are strongly dependent on reliable and transparent benchmark initiatives that closely monitor the state of the art in the ﬁeld
and enable progress [9]. Author identiﬁcation is concerned with the automated
identiﬁcation of the individual(s) who authored an anonymous document on the
basis of text-internal properties related to language and writing style [4,7,21].
At diﬀerent editions of PAN since 2007, author identiﬁcation has been studied
in multiple incarnations: as authorship attribution (given a document and a set
of candidate authors, determine which of them wrote the document; 2011–2012
and 2016–2020), authorship veriﬁcation (given a pair of documents, determine
whether they are written by the same author; 2013–2015), authorship obfuscation (given a document and a set of documents from the same author, paraphrase the former so that its author cannot be identiﬁed anymore; 2016–2018),
and obfuscation evaluation (devise and implement performance measures that
quantify the safeness, soundness, and/or sensibleness of obfuscation software;
2016–2018).
For the next edition, we will continue to capitalize on so-called fanﬁction, as
we did in previous years [5,6]. ‘Fanﬁction’ or ‘transformative literature’ refers
to the world-wide cultural phenomenon of (non-professional) writers producing
(largely unauthorized) literary ﬁction in the tradition of well-known, inﬂuential
3

In a realistic scenario, we would need to know a priori the distribution of haters vs
non-haters: this information is unknown and impossible to calculate manually; one
of the aims of this shared task is to foster research on proﬁling haters in order to
address this problem automatically.
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domains in culture, called ‘fandoms’, such as J.K. Rowling’s Harry Potter or
Sherlock Holmes [3]. Fanﬁction is nowadays estimated to be the fastest growing
form of online writing [2] and the abundance of data in this area is a major
asset. Typically, fan writers actively aim to attract more readers and on most
platforms (e.g. archiveofourown.org or fanﬁction.net) the bulk of their writings
can be openly accessed although the intellectual rights relating to these texts are
convoluted [23]. Multilinguality of the phenomenon is another asset since fanﬁction extends far beyond the Indo-European language area that is the traditional
focus of shared tasks. Finally, fanﬁction is characterized by a remarkable wealth
of author-provided metadata related to the textual domain (the fandom), popularity (e.g. number of ‘kudos’), time of publication, and even intended audience
(e.g. maturity ratings).
Cross-domain Authorship Verification at PAN’21
Fanﬁction provides an excellent source of material to study cross-domain attribution scenarios since users usually publish narratives that range over multiple
domains, the previously-mentioned ‘fandoms’: Harry Potter, Twilight, Marvel
comics, for instance. Previous editions of PAN, in particular the last one, have
already included a cross-domain authorship attribution task set in the context
of fanﬁction. Two basic cross-domain setups speciﬁc to fanﬁction (training and
test documents from disjoint fandoms) were examined: closed-set attribution
(the true author of a test document belongs to the set of candidates) and openset attribution (the true author of a test document could not be one of the
candidates). For the 2021 edition, we will focus on the (open) authorship
verification scenario: given two documents belonging to diﬀerent fandoms,
determine whether they are written by the same, previously unseen author.
This is a fundamental task in author identiﬁcation and all cases, be it closed-set
or open-set ones, and can be decomposed into a series of veriﬁcation instances.
Again exploiting fanﬁction – where the topic is easily controlled and a larger
volume (on the order of thousands) of veriﬁcation instances can be produced
covering multiple languages – we will also attempt to mitigate the eﬀect of certain weaknesses identiﬁed in the evaluation framework of previous authorship
veriﬁcation evaluations (e.g., ensuring that each veriﬁcation instance is handled
separately).

4

Multi-Author Writing Style Analysis

The goal of the style change detection task is to identify – based on an intrinsic
style analysis – the text positions within a given multi-author document at which
the author switches. Detecting these positions is a crucial part of the authorship
identiﬁcation process and multi-author document analysis; multi-author documents have been largely understudied in general.
This task has been part of PAN since 2016, with varying task deﬁnitions,
data sets, and evaluation procedures. In 2016, participants were asked to identify and group fragments of a given document that correspond to individual
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authors [20]. In 2017, we asked participants to detect whether a given document
is multi-authored and, if this is indeed the case, to determine the positions at
which authorship changes [22]. However, since this task was deemed as highly
complex, in 2018 its complexity was reduced to asking participants to predict
whether a given document is single- or multi-authored [6]. Following the promising results achieved, in 2019 participants were asked ﬁrst to detect whether a
document was single- or multi-authored and, if it was indeed written by multiple authors, to then predict the number of authors [25]. Based on the advances
made over the previous years, in 2020 we decided to go back towards the original deﬁnition of the task, i.e., ﬁnding the positions in a text where authorship
changes. Participants ﬁrst had to determine whether a document was written by
one or by multiple authors and, if it was written by multiple authors, they had
to detect between which paragraphs the authors change [24].
Style Change Detection at PAN’21
In today’s scientiﬁc practice, usually a team of researchers is involved in writing
a paper and conducting the underlying research—research work is teamwork.
Hence, a fundamental question is the following: If multiple authors together
have written a text, can we ﬁnd evidence for this fact, e.g., do we have a means
to detect variations in the writing style? Answering this question belongs to
the most diﬃcult and most interesting challenges in author identiﬁcation and
is the only means to detect plagiarism in a document if no comparison texts
are given; likewise, it can help to uncover gift authorships, to verify a claimed
authorship, and to develop new technology for writing support. We tackle this
challenge by providing style change detection tasks of increasing diﬃculty
which will attract both novices and experts in the ﬁeld of authorship analytics:
(1) Single vs. Multiple authors: given a text, ﬁnd out whether the text is written
by a single author or by multiple authors, (2) Style Change Basic: given a text
written by two authors that contains a single style change only, ﬁnd the position
of this change, i.e., cut the text into the two authors’ texts; note that this task
corresponds to authorship veriﬁcation where the two authors are responsible
for the beginning and the end of the text respectively, (3) Style Change RealWorld: given a text written by two or more authors, ﬁnd all positions of writing
style change, i.e., assign all paragraphs of the text uniquely to some author
out of the number of authors you assume for the multi-author document. For
this year’s edition, we will introduce a new type of corpus which is based on a
publicly available dump of a Q&A platform and which is particularly suited for
these tasks because of its topic homogeneity. For all three task variants, we will
guarantee that each paragraph in a text is authored by a single author, in other
words, a style change may be observed only at the beginning of a paragraph.
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