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Abstract

Over the past decade, rapid advancements in natural language processing have opened
up new avenues for tackling complex issues such as news bias analysis. This progress has
empowered researchers to explore innovative approaches to uncovering the complex biases
inherent in news production and coverage processes. News bias, a multifaceted reflection
of the inherent biases in the news production and coverage workflow, has far-reaching
implications for public opinion and decision-making. Analysing it poses a formidable chal-
lenge, given its susceptibility to a variety of influencing factors, including but not limited
to political affiliation, editorial independence, and writing style.

The thesis at hand delves into this complex landscape, aiming not only to identify and
analyse news bias but also to extend these analyses to a multilingual context. By critically
evaluating existing research, proposing future strategies, and establishing comprehensive
methodologies for bias mitigation, the thesis lays the foundation for comprehensive method-
ologies for bias mitigation in news reporting. It also presents the design and provides the
implementation of adaptable data generation scripts for generating customised datasets
for related tasks. Furthermore, it introduces a publicly available, novel event-centric news
dataset.

In addition, the thesis introduces a novel learning framework for predicting bias in news
headlines, incorporating inferential commonsense knowledge. It demonstrates how such
knowledge improves comprehension of short headlines that lack proper semantic and syn-
tactic context. Specifically, it illustrates the crucial role played by commonsense when
coupled with proper selection and refinement techniques in simplifying, interpreting, and
explaining events not explicitly stated in the headlines, thereby significantly enhancing the
task of bias analysis.

This thesis aims to close the gap by broadening its focus to embrace multilingualism in
response to the shortcomings of existing approaches, which primarily focus on languages
with abundant resources. This is accomplished by extending the previously introduced
framework to efficiently harness inferential knowledge in a multilingual context, employing
the translate-retrieve-translate strategy. This strategy is then used to propose a multi-
lingual bias prediction framework capable of handling low-resource languages under an
imbalanced sample distribution. It assesses the generalisability of the frameworks pre-
sented and investigates the effects of knowledge augmentation and attention mechanisms.
It also provides a qualitative analysis of bias prediction performance across languages and
provides comprehensive explanations.
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Povzetek

V zadnjem desetletju je hiter napredek na področju obdelave naravnega jezika odprl nove
možnosti za reševanje zapletenih vprašanj, kot je analiza pristranskosti novic. Ta napre-
dek je raziskovalcem omogočil raziskovanje inovativnih pristopov za odkrivanje zapletenih
pristranskosti, ki so neločljivo povezane s postopki priprave in poročanja o novicah. Pri-
stranskost novic, ki je večplasten odsev pristranskosti v procesu priprave in pokrivanja
novic, ima daljnosežne posledice za javno mnenje in sprejemanje odločitev. Analiziranje
te pristranskosti predstavlja velik izziv, saj nanjo lahko vplivajo različni dejavniki, med
drugim politična pripadnost, uredniška neodvisnost in slog pisanja.

Pričujoča disertacija se poglablja v to zapleteno področje in si prizadeva ne le opredeliti
in analizirati pristranskost novic, temveč tudi razširiti te analize v večjezičnem kontekstu.
S kritično oceno obstoječih raziskav, predlogi prihodnjih strategij in vzpostavitvijo celovi-
tih metodologij za zmanjševanje pristranskosti, doktorsko delo postavlja temelje celovite
metodologije za zmanjševanje pristranskosti pri poročanju novic. Predstavlja tudi zasnovo
in zagotavlja implementacijo prilagodljivih skript za generiranje podatkov za generiranje
prilagojenih podatkovnih nizov za sorodne naloge. Poleg tega je predstavljen nov javno
dostopen, im na dogodke osredotočen nabor podatkov o novicah.

Delo uvaja tudi nov učni okvir za napovedovanje pristranskosti v naslovih novic, ki
vključuje znanje na podlagi inferenčnega zdravo-razumskega sklepanja. Prikazuje, kako
takšno znanje izboljša razumevanje kratkih naslovov, ki nimajo ustreznega semantičnega in
sintaktičnega konteksta. Natančneje, prikazana je ključna vloga, ki jo ima zdrav razumsko
sklepanje v povezavi z ustreznimi tehnikami izbire in izpopolnjevanja pri poenostavljanju,
razlagi in pojasnjevanju dogodkov, ki niso izrecno navedeni v naslovih, s čimer se bistveno
izboljša naloga analize pristranskosti.

Namen te disertacije je zapolniti vrzel s širitvijo fokusa na večjezičnost kot odgovor
na pomanjkljivosti obstoječih pristopov, ki se osredotočajo predvsem na jezike z bogatimi
viri. To dosežemo z razširitvijo predhodno predstavljenega okvira za učinkovito izkoriščanje
sklepalnega znanja v večjezičnem kontekstu z uporabo strategije prevajanja - zajemanja -
prevajanja. Ta strategija se nato uporabi za predlog večjezičnega okvira za napovedovanje
pristranskosti, ki lahko ob neuravnoteženi porazdelitvi vzorcev obravnava jezike z malo
viri. Ocenjena je posplošljivost predstavljenih okvirov in raziskani so učinki mehanizmov
razširitve znanja in pozornosti. Disertacija vključuje tudi kvalitativno analizo uspešnosti
napovedovanja pristranskosti v različnih jezikih in podaja izčrpne razlage.
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Chapter 1

Introduction

The advancement in the field of natural language processing (Khurana et al., 2023; Min et
al., 2023) over the last decade has made the solutions to complex machine learning problems
more convenient and vice versa. The problems such as machine translation (Ranathunga
et al., 2023), text summarization (Widyassari et al., 2022), information retrieval (Zhu et
al., 2023), text classification (Q. Li et al., 2022), among others, are being solved much
more efficiently than ever before. Consequently, it offered the researchers the opportunity
to use these advanced techniques to solve problems in a variety of contexts, such as news
bias analysis (Krieger et al., 2022; Naredla & Adedoyin, 2022).

News bias is the product of the inherent bias present in both the production and coverage
processes (Hamborg et al., 2019). It occurs when an outlet publishes a story selectively or
incorrectly. Multiple factors, such as the ethnic point of view, gender, political affiliation,
writing style, and editorial independence of the people involved in the news production
process, influence the story (Andrew, 2007; Ecker et al., 2014). It is nearly impossible to
produce a bias-free story (Park et al., 2009). Biassed news has the potential to influence
the thought process and decision-making of the person listening, watching, and/or reading
it (Kahneman & Tversky, 2013). It can have several direct or indirect implications, whether
political or social. For example, if the news shows only the positive or negative sides of a
political party, it has been observed to influence the public vote (Bernhardt et al., 2008;
De Vreese, 2005; Meyrowitz, 1986). Not only politics, but the news about a disaster or the
spread of a viral disease also affects the beliefs of the general public.

News bias analysis is concerned with the identification of the inherent bias present in
news production and its coverage process (Rodrigo-Ginés et al., 2023). The analysis is
not only important for consumers but is also essential for journalists, publishers, and
other people involved in the news production process (Dallmann et al., 2015; McCarthy &
Dolfsma, 2014). It gives them an insight into whether they have overlooked some significant
aspects of the news or exaggerated their reporting. They need this analysis more because
at each step of the news production process, starting with story selection, bias can arise.
Analysis of such bias in a news story involves various aspects like which story is worth
reporting (Bourgeois et al., 2018) and how much importance it should be given (Bucher &
Schumacher, 2006; Stovall, 1985), is it fake or not (Bago et al., 2019), are the sources of
the story legitimate (Baker et al., 1994; Gentzkow & Shapiro, 2006), does the topic define
the story correctly (W.-F. Chen et al., 2018; Gangula et al., 2019), are the words selected
for the content writing appropriate (Grefenstette et al., 2004), selection of picture and
its captions (Estrin, 2014) and many other factors. Although numerous research works
have been published to study news bias, none of them provides its users with a broader
perspective in terms of different dimensions, cultures, and languages.

A multitude of ongoing events provides numerous opportunities for biases to manifest in
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different forms (Bourgeois et al., 2018). Diversity in language and culture makes the iden-
tification of biases even more complicated. While most research work seeks to strengthen
techniques for monolingual news bias analysis, there is less consideration of multilingual
bias in news reporting. As a result, we intend to discuss the strategies and methods that
we propose to develop in order to analyse news reporting bias in a multilingual context.
We base our work on the identification of political bias in news headlines. It is a critical
task since it influences the selection and distribution of news articles (Gangula et al., 2019).
Predicting political bias using conventional methods is challenging due to the absence of
sufficient syntactic and semantic information in the short headline texts (Gangula et al.,
2019; Laban et al., 2021). To compensate for this lack of information, inferential com-
monsense knowledge can be employed in a way similar to how people use commonsense
inferences to perform a variety of tasks. However, without proper emphasis, the additional
inferential context is prone to introducing unnecessary noise, preventing models from fully
exploiting the acquired knowledge.

To address these bottlenecks, we first introduce a learning framework that makes use of
knowledge with proper selection and refinement techniques. Utilising the knowledge via a
translate-retrieve-translate strategy, we then propose to extend the introduced framework
to deal with multilingual news reporting bias. In addition, we consider investigating news
bias in other dimensions, such as event selection, news content, and news sentiment.

1.1 Motivation

With the advent of machine learning and neural networks in recent years, advanced scien-
tific methods for identifying and analysing news reporting bias have been developed (Davis
et al., 2022; Spinde, 2021; Spinde, Rudnitckaia, et al., 2021). Despite the fact that the
headline is increasingly becoming the only part of a news item that is read (Holmqvist et al.,
2003), the related research predominantly focuses on news articles rather than headlines.

Deep learning is assumed to be superior at learning complex and dense text represen-
tations by capturing semantic and syntactic information (Patil et al., 2023). However,
it is implausible to extend it from bias classification at the article level to the headline
level (Gangula et al., 2019). This is due to the fact that headlines are more ambiguous
than articles but also lack contextual and conceptual information. This problem becomes
even more challenging in a multilingual context, which is a gap this thesis aims to bridge.

Existing research on multilingual news bias primarily focuses on languages with abundant
resources (Aksenov et al., 2021; Guo & Zhu, 2022). Even though mitigating the effects
of bias is equally important in assisting readers of languages with limited resources (Park
et al., 2012), only a few studies have been conducted on these languages (Doan & Gulla,
2022). Moreover, these studies are either limited to a single language or conducted on news
in different languages independently.

The framework proposed in this thesis is driven by the motivation to overcome the
above-mentioned limitations. It highlights the role of inferential commonsense knowledge
in facilitating the comprehension of short news headline text. It further proposes that the
knowledge, when used in conjunction with the translate-retrieve-translate strategy (Fang
et al., 2022), can effectively aid in the comprehension of narratives in a multilingual con-
text. In effective systems, both implicit and explicit knowledge is expected. The proposed
framework supports this viewpoint by combining the implicit knowledge derived from lan-
guage models with the inferred knowledge in the form of explicit knowledge. A system is
also expected to deal with low-resource situations in the real world; it is language-agnostic
and thus adaptable to such scenarios.

We believe that the proposed framework is a valuable tool for copy editors responsible
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for rewriting headlines (Einsohn & Schwartz, 2019). It also has the potential to be useful in
practical applications such as e-journalism and manual news-bias prediction portals, where
it could be used to automatically classify headlines into different bias types. In addition,
it could help to reduce the number of articles that require manual examination, which is a
time-consuming process prone to annotator bias (Spinde, Krieger, et al., 2021).

Another driving motivation for this thesis is a lack of annotated data, which occurs
frequently in real-world scenarios. The proposed data generation strategy, which is capable
of working with low-resource languages with an imbalanced distribution, is intended to
address this issue. In addition, it will facilitate future expansion and the creation of custom
datasets for related tasks. The generated data would not only be ideal for automated
systems like the “bias flipper” (W.-F. Chen et al., 2018; R. Liu, Jia, & Vosoughi, 2021;
R. Liu, Wang, et al., 2021) but would also be beneficial for social scientists and researchers
interested in analysing news reporting bias.

1.2 Hypotheses and Aims

We summarise our work as a set of hypotheses developed in relation to prior research and
with specific goals in mind. We investigate and empirically test these hypotheses, which
serve as the foundation for the contributions, as described in Section 1.3.

• Hypothesis 1: The adaptable data generation method for analysing news
bias enables the creation of customised datasets for associated tasks, offer-
ing valuable insights into the complex dynamics of bias in news reporting.
For instance, its implementation as scripts for generating event-centric news datasets
holds promise for facilitating a more nuanced understanding of complex event-outlet
relationships.

State of the art: Traditional dataset generation methods often lack adaptability for
customisation, restricting their suitability across diverse tasks (D. Liu et al., 2020).
To address this limitation, the emergence of adaptable data generation methods has
shown promising results in enhancing dataset creation for a variety of tasks (El Emam
et al., 2020). Nevertheless, when it comes to tasks related to news bias analysis, such
adaptable methods are scarce (Wessel et al., 2023). Regarding the availability of
datasets, there still remains a gap in publicly accessible event-centric datasets that
encompass a diverse array of features. While there are numerous datasets pertaining
to news articles (J. Lee et al., 2023; S. Lee et al., 2023), only a few explicitly focus on
events (Leetaru & Schrodt, 2013). Furthermore, these event-centric datasets often
lack essential attributes for specifying the outlet(s) reporting the event, hindering in-
depth analysis to grasp their complex interactions and relationships. Furthermore,
the majority of these datasets are tailored to specific categories such as politics,
healthcare, and disasters, constraining their applicability to specific research purposes
only (Cheng et al., 2020).

Aim: Our aim is to design an adaptable data generation method for generating
customised datasets for tasks related to news bias analysis and to provide its imple-
mentation as scripts. We intend to use the scripts to introduce a publicly available,
novel, event-centric news dataset with a diverse set of features, making it ideal for
studying and analysing complex relationships between events and outlets.

• Hypothesis 2: The introduction of inferential knowledge, with an emphasis
on significant inferences, enhances news headline comprehension and a
model’s overall ability to predict bias in reporting.
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State of the art: News headlines are inherently short, catchy or appealing, context-
deficient, and contain only subtle bias clues (W.-F. Chen et al., 2018; Laban et al.,
2021). Understanding the short headlines necessitates understanding the narrative
being presented (Bruneau et al., 2012). This can be accomplished by identifying
connections between what is explicitly stated and what is implied (Berner, 1983). It
is well known that incorporating commonsense reasoning abilities can facilitate the
inference of such connections by identifying a set of unstated causes and effects (D.
Li et al., 2021; J. Li et al., 2021). Such additional knowledge has been proven to be
beneficial for several tasks (Du et al., 2022; Lieto et al., 2021). Nevertheless, existing
approaches fail to acknowledge the potential of commonsense reasoning in facilitating
headline comprehension to aid in bias prediction. The inclusion of inferential knowl-
edge has demonstrated significant improvements in the model’s performance across
a wide range of tasks, including emotion inference (D. Li et al., 2021), sarcasm de-
tection (Chowdhury & Chaturvedi, 2021), sarcasm generation (Chakrabarty et al.,
2020), and reading comprehension (Huang et al., 2019), among others. Although
this additional knowledge has been demonstrated to be promising, existing research
fails to acknowledge its potential in aiding text comprehension, particularly in the
domain of news bias prediction. Furthermore, existing research lacks the integration
of relevant attention mechanisms to emphasise significant inferences suited for news
bias prediction.

Aim: Our aim is to leverage inferential commonsense knowledge to enhance the
comprehension of news headlines by simplifying, interpreting, and explaining events
that are not explicitly stated in their short texts. We intend to use this knowledge to
design a knowledge-infused learning framework for enhancing the prediction of news
reporting bias. To fully utilise its potential and deal with any unnecessary noise it
may introduce, we also intend to emphasise significant inferences using the attention
mechanism.

• Hypothesis 3: Translate-retrieve-translate strategy facilitates the efficient
use of inferential knowledge as a source of additional information in a
multilingual context for the task of news bias prediction.

State of the art: Inferential commonsense knowledge is not tied to any specific
language. Although it is language-agnostic, the majority of knowledge sources for
generating commonsense are available for languages with abundant resources, such as
English (Hwang et al., 2021). To overcome this barrier, related research acknowledges
the potential of using the translate-retrieve-translate strategy (Fang et al., 2022).
Nonetheless, no attention has been paid to modelling this strategy for comprehending
short multilingual headlines in low-resource languages for the task of bias prediction.

Aim: Our aim is to leverage the translate-retrieve-translate strategy to facilitate the
efficient use of inferential knowledge in a multilingual, low-resource language-agnostic
setting. We aim to use it as a source of additional information in the proposed
multilingual framework for predicting bias in multilingual news headlines. We also
intend to evaluate the generalisability of our framework and conduct a qualitative
analysis of its performance across languages, accompanied by detailed explanations.

1.3 Scientific Contributions

The key scientific contributions of the thesis are as follows:

• SC 1. A Novel Data Generation Method:
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We present the design and provide the implementation of adaptable data generation
scripts for generating customised datasets for related tasks. Additionally, we intro-
duce a publicly available, novel event-centric news dataset generated with a wide
range of features. We expand on it in Chapter 2 and publication (Swati & Mladenić,
2021).

• SC 2. Commonsense-Infused Bias Prediction Framework:

We identify the importance of inferential commonsense knowledge in facilitating the
comprehension of short news headlines. Using this knowledge, we introduce a neural
network framework for bias prediction and evaluate the impact of selective knowl-
edge augmentation on prediction performance. Our work is the first to harness this
knowledge for enhancing bias prediction in short news headlines. We provide addi-
tional insights in Chapter 3 and publication (Swati, Mladenić, & Grobelnik, 2023).

• SC 3. Multilingual Language-Agnostic Bias Prediction Framework:

We propose to leverage multilingual commonsense knowledge through a translate-
retrieve-translate strategy. Expanding upon our earlier framework, as defined in SC 2,
we introduce a knowledge-infused, language-agnostic learning framework. It aims to
enhance the prediction of political bias in multilingual news headlines, particularly
under the setting of an imbalanced sample distribution for under-resourced languages.
We also evaluate the impact of knowledge infusion on prediction performance across
languages. We elaborate on it in Chapter 4 and publication (Swati, Grobelnik, et al.,
2023).

1.4 Organisation of the Thesis

The thesis begins by introducing the challenges associated with enhancing bias predic-
tion in news reporting. It seamlessly transitions into an in-depth analysis and design of
methodologies aimed at addressing these challenges. Shedding light on its complex aspects,
Chapter 2 explores the multifaceted realm of news reporting bias. By critically assessing
existing research, it lays the foundation for comprehensive methodologies for mitigating
bias in news reporting. It is organised into four distinct sections. Section 2.1 begins by
navigating through Artificial Intelligence (AI) and Machine Learning (ML) methodologies
aimed at uncovering news reporting bias. Section 2.2 introduces a customisable data gen-
eration method and provides an event-centric dataset for analysing complex event-outlet
relationships. It discusses the findings presented in the paper EveOut: an event-centric
news dataset to analyse an outlet’s event selection patterns (Swati & Mladenić, 2021) and
the scientific contribution SC 1. Section 2.3 presents a novel method for addressing the
task of predicting outlets, as described in Swati and Mladenić (2020). Section 2.4 analyses
the impact of geographical bias on the emotions conveyed in news articles, as described
in Swati et al. (2021).

Chapter 3 presents our second scientific contribution (SC 2), also published in Swati,
Mladenić, and Grobelnik (2023), and investigates the impact of leveraging inferential com-
monsense knowledge to address the challenges of predicting political bias in short news
headlines. Chapter 4, also published in Swati, Grobelnik, et al. (2023), addresses our
third scientific contribution (SC 3) by expanding the challenge introduced in Chapter 3 to
a multilingual setting having languages with limited resources. It addresses the challenge
by leveraging commonsense knowledge through a translate-retrieve-translate strategy. The
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thesis concludes with Chapter 5, which reviews the key scientific contributions and outlines
future objectives and research directions.
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Chapter 2

News Reporting Bias

This chapter explores the multifaceted realm of news reporting bias, focusing on various as-
pects such as bias in event selection, headline and content, sentiment, political orientation,
and news aggregation. It also endeavours to investigate the main challenges by critically
assessing the existing research in this field. By acknowledging the limitations, this chap-
ter sets the stage for more comprehensive and sophisticated approaches to mitigate news
reporting bias.

The first section navigates through Artificial Intelligence (AI) and Machine Learning
(ML) methodologies to uncover news reporting bias. The following sections present the
papers authored and published during the course of this thesis. Each of these papers sheds
light on distinct yet interconnected concepts. They collectively provide a comprehensive
analysis of different aspects of bias in news reporting. In particular, they offer detailed
insights into the relationships between events and news outlets, methodologies for predict-
ing outlet biases, and the impact of geographical boundaries on the sentiment of news
coverage.

The second section introduces a reproducible event-centric dataset designed to explore
and analyse the complex relationships between events and news outlets. The subsequent
section presents a novel approach to address the task of outlet prediction. The last section
concludes the chapter with an examination of the impact of geographical bias on the
sentiments embedded in news articles. Using the legacy articles of the London and Rio
Olympics as a case study provides valuable insights into how geographic context influences
news sentiment.

2.1 AI/ML Approaches to Analyse Media Bias

The presence of bias in news reporting stems from the crucial phase of event selection,
which plays a pivotal role in shaping news coverage (Martin, 2005). It is important for a
journalist to know which event is worthy to be published (Lundman, 2003) Even readers
would be interested in knowing the factors that affect this selection (Knobloch-Westerwick
et al., 2020). However, instead of identifying the differences in topic coverage, the existing
methods aggregate the related articles (Hamborg et al., 2020). They then outsource the
task of bias identification to users, forcing them to determine the bias on their own. It
could be a better approach to provide an overview of the topic and to visualise differences
in coverage. Yet it is certainly not an automated approach that exposes the outlet’s event
selection bias to its readers.

Content-based news-bias analysis tasks still depend on premature text analysis methods
such as keyword or frequency analysis (Cho et al., 2021; Nah et al., 2023). They are
far from state-of-the-art methods specifically for complex Natural Language Processing
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(NLP) tasks (Raza et al., 2024). For example, Word Sense disambiguation and other
advanced, task-specific NLP text-analysis techniques are still underutilised (Rakhecha et
al., 2023). Additionally, approaches to content-based bias analysis require considerable
human expertise (Lazaridou et al., 2020). Manual intervention is needed to screen and
annotate the texts systematically, as existing NLP tools are not powerful enough to identify
and annotate individual instances of biassed texts. A notable limitation also lies in the lack
of investigation from an unsupervised perspective and the development of semi-automated
techniques to address these challenges inherent in content-based bias analysis in news
reporting (Mowery, 2021; Stefanov et al., 2020).

Tasks that rely on sentiment words often overlook the nuanced sentiment conveyed
through sentence structure (W.-F. Chen et al., 2020). Also, a negative quote does not
automatically mean that the whole article is negatively biassed (Tan et al., 2023), as au-
thors often choose criticism in a sarcastic way. Besides that, explicitly stated sentiment
words used for news bias determination are not task-specific (Balahur et al., 2013). They
may not even represent the bias-inducing words. These limitations highlight the chal-
lenges that result from the lack of a comprehensive list of news-specific sentiment- and
bias-inducing words. The absence of such a resource limits the effectiveness of advanced
sentiment analysis tools in detecting subtle biases conveyed through sentence structure and
sarcasm (Bestvater & Monroe, 2023).

Studies that aim to identify political orientations are typically based on explicitly de-
fined features, such as quotes from think tanks (Groseclose & Milyo, 2005). However,
articles might not cite a specific policy group but still exhibit political favouritism (Dun-
ham, 2013). For instance, one party may be disproportionately criticised for building up
another party’s reputation. A number of features are therefore required to be consid-
ered to determine political leaning. Moreover, the majority of these models classify the
articles as liberal/conservative (F. Ribeiro et al., 2018) or right/left/centre (Baly et al.,
2020; D’Alessio, 2012). The absence of scores assigned to these classes to quantify the
bias of the articles poses yet another constraint. Another limitation lies in the absence
of a finer-grained classification model, which could offer deeper insight into the diverse
ideologies represented in news articles. The emphasis on identifying biases against cer-
tain cultural aspects, such as those specific to Muslims (secular or Islamic), also confines
related research. Consequently, it fails to account for potential biases in other cultural
dimensions (Knott & Poole, 2016; Mahmood, 2009).

Authors tend to publish facts from their viewpoints, which may result in biassed news (An-
drew, 2007; Ecker et al., 2014). It may influence the thought process of the readers (Mc-
Carthy & Dolfsma, 2014). For example, any political controversy presented from a specific
perspective may alter the voting pattern (Chiang & Knight, 2011). However, only a few
of the existing research considers the effect of media bias on the perceptions or actions of
readers (Bursztyn et al., 2020; Mastrorocco & Minale, 2018). Furthermore, news stories
are transient in nature and evolve over time (Vaca et al., 2014). For instance, some issues,
such as natural disasters, may arise during the election period, and some other issues,
such as terrorism, may arise during the next election. Factors like the dynamic nature of
news narratives and the potential long-term effects of media bias on readers’ perceptions
make the generation of annotated datasets for news bias analysis challenging. In addition,
generating such comprehensive and representative datasets requires extensive annotation
and curation, which can be both resource-intensive and time-consuming (Fan et al., 2019).
Furthermore, ensuring that such datasets can be generalised across diverse news sources
and events adds to the complexities. These limitations underscore the need for adaptable
data generation methodologies for generating custom datasets for related tasks to better
reflect the multifaceted nature of media bias.
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As far as the availability of datasets is concerned, there is a lack of large publicly avail-
able annotated data that can be generalised across machine learning models. In fact, the
existing datasets are category-dependent (politics, healthcare, disasters, etc.), and that too
for a specific time period (weeks, months, or years), which tends to make the generalisation
even more difficult (Baly et al., 2020; Cheng et al., 2020). Whereas most of the research
work seeks to strengthen mono-lingual news bias analysis techniques (Krieger et al., 2022;
Naredla & Adedoyin, 2022), multilingual and cross-lingual bias analysis is given less atten-
tion. Although promising, developing such models capable of capturing temporal patterns
to determine news reporting bias over time presents difficulties in effectively capturing
nuanced shifts in bias across different languages and temporal contexts. Furthermore, de-
veloping such models requires addressing complex linguistic and cultural variations, as well
as ensuring scalability and reliability across multiple news sources and languages. There-
fore, these inherent limitations limit the practical implementation of cross-lingual models,
despite their potential.
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2.2 Event-Outlet Relationship

This section presents the research published in the article titled EveOut: an event-
centric news dataset to analyze an outlet’s event selection patterns (Swati et al.,
2021). The paper was published in the scientific journal Informatica - an Interna-
tional Journal of Computing and Informatics, Volume 45, in 2021.

News outlets select events based on their newsworthiness, potentially leading to event
selection bias, also known as gatekeeping bias (Pingree et al., 2013). To study and under-
stand this complex relationship between events and news outlets, we introduced EveOut,
a novel event-centric news dataset. The methodology involved the creation of flexible
data-generation scripts. These scripts were designed not only to facilitate the development
of EveOut and its subsequent iterations but also to expedite the process of generating
datasets tailored to custom tasks.

The investigation entailed statistical analyses of selected English and Slovenian news
outlets, aiming to uncover biases in the event selection process. The investigation exam-
ined the impact of geographical, temporal, and categorical preferences on news coverage
patterns. Additionally, it highlighted a promising application: the outlet prediction task.
It also demonstrated how employing sophisticated conditional probabilistic models can en-
able the estimation of correlations between outlets. Further investigation encompassed a
thorough examination of event selection patterns among the outlets. The findings under-
score significant patterns in event selection among the outlets. Specifically, the analysis
revealed ‘Politics’ to stand out as the most extensively covered category, drawing consider-
able attention. In contrast, ‘Environment’ received notably minimal coverage, indicating
a potential gap in the attention dedicated to such topics. In particular, outlets exhibited
a clear preference for geographically relevant events, shedding light on their selective fo-
cus. The bias towards events with strong geographical ties also underscores the outlets’
preferences in their selection process.

Although the study focused on specific parameters, such as geographical and categorical
biases, it provided a foundational framework for understanding inherent biases in event
selection. On the other hand, the dataset’s availability has empowered researchers to de-
velop tools that can enhance methods for digital journalism concerning bias. The study
not only provided valuable insights but also uncovered unexplored avenues for further in-
vestigation, including the importance of features such as event descriptions to help identify
the underlying biases inherent in the event selection process. In conclusion, the study holds
the potential to be used in automated solutions to provide an overview of the events and
visualise differences in coverage, as it is important for journalists to know which events are
worthy of publication and which factors influence the selection process.
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Automation of computational models to study the structure of events and their value to news outlets is an
effective way to understand event-outlet relationships. However, the scarcity of publicly available, com-
prehensive event-centric news datasets restricts the implementation of such models. To overcome this bot-
tleneck, we collected seventeen months of event data using Event Registry to generate EveOut, a publicly
available event-centric news dataset. To conduct statistical analysis, we first select five English-language
and three in Slovenian-language news outlets. We then retrieved all the events covered by them and used
it to document the prevalence of geographical, temporal, categorical, and several other aspects of the event
selection bias by these outlets. We illustrate the significance of our dataset in the field of digital human-
ities by identifying a motivating use case. The dataset is publicly available from the dedicated website
http://cleopatra.ijs.si/EveOut/, which provides a detailed description of the fields, usage
information, and a link to the GitHub repository.

Povzetek: V prispevku predstavljamo EveOut, javno dostopno množico podatkov, zgrajeno na osnovi do-
godkov, o katerih poročajo mediji. EveOut je zasnovana za pomoč pri analizi in razumevanju zapletenega
odnosa medijev do poročanja o posameznem dogodku. Zgrajeno množico podatkov smo tudi uporabili za
raziskovanje geografskih, časovnih, vsebinskih in drugih vidikov pristranskosti nekaj izbranih poročeval-
cev pri izbiri dogodkov, o katerih poročajo.

1 Introduction
News outlets are constantly confronted with the task of se-
lecting events to be reported on. This selection is based on
the newsworthiness of an event which can be defined by
the presence or absence of several news values such as the
inclusion of the power elites, the relevance, and popularity
of the topic, etc. Determining the news value for an outlet
may result in a selection bias, also known as gatekeeping
bias [7]. A journalist, for instance, is more likely to re-
port on an event that includes fresh data on an existing and
trending event.

Gatekeeping bias can be significantly reduced by study-
ing and analyzing the correlation and impact of differ-
ent features on the selection of events by the outlets and
then using the knowledge to automate the event selection
process. Computational models for the study of complex
event-outlet relationships can help explore the strategies
for selecting publishable events and automating the event
selection process. However, to stimulate the development
of these models, the availability of data on news events and
their relevant details is necessary.

In this paper, we present EveOut, the first, large, publicly
available event dataset generated by leveraging the events
collected using EventRegistry [4]. The resulting dataset,
called “EveOut”, consists of 81, 562 news events in English

and Slovenian language, with a varied range of features re-
trieved for the period between January 2019 and May 2020.

We hope that EveOut will serve as a benchmark dataset
to study the event-outlet correlation and help mitigate the
impact of implicit bias present in the production and report-
ing process. We also hoped that it will encourage the pub-
lishers and others involved in the news production process
to develop tools to enhance digital journalism and facilitate
research in this field.

The contributions of this paper are as follows:

– We present EveOut, a publicly available novel event-
centric news dataset generated with a wide range of
features using the EventRegistry platform.

– We provide flexible dataset generation scripts that fa-
cilitate the generation of custom versions of EveOut
with the required features.

– We identify a potential use-case ‘outlet prediction
task’. For the task, we then illustrate how conditional
probabilistic models can be used to estimate the cor-
relation between outlets.

– We present a detailed statistical analysis with respect
to multiple event features to compare, contrast, and
infer the coverage pattern of the selected news outlets
publishing in English and Slovenian languages.
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2 Related work

A number of datasets are based on news articles but, to
the best of our knowledge, only a few datasets that ex-
plicitly focus on event-centric data have been proposed.
GDELT (Global Data on Events, Location, and Tone) [5]
is a CAMEO-coded [6], open, and large-scale news dataset
that tracks the news media around the world in multiple lan-
guages. The articles are then compiled into a list of events,
for rich and insightful event analytics. However, there is
no attribute in the dataset that would specify the outlet(s)
for the event. As a result, there is a lack of information
in GDELT that is crucial to the study of the event-outlet
relationship that forms the foundation of our dataset.

In terms of availability, publicly available event datasets
are scarce. There is some related research on event data [3,
1], but the datasets extracted/generated for the experiments
are not publicly available. Besides, the majority of the ex-
isting event datasets [2] are category-dependent (politics,
healthcare, disaster, etc.) which renders them useful for
specific research purposes only. EveOut addresses these
bottlenecks by introducing a generalized publicly available
event-centric news dataset.

Select Outlets
Ex: Top 5 Global Newspapers

Set Time Constraint
Ex: 2019-01-01 to 2020-05-31

Generate Event List
Ex: eng-4500343

Extract Event Info
Ex: id, date, title, summary, ...

Generate Outlet Label
Ex: 0- Not Covered, 1- Covered

EveOut - Event Outlet 

Figure 1: EveOut generation process, composed of user
selection of the outlets and the time period, automatic ex-
traction of the data from Event Registry and labeling of the
extracted data.

(a) English news outlets. (b) Slovenian news outlets.

Figure 2: Distribution of event coverage by the outlets.

3 Data description

3.1 Raw data source
Event Registry1 [4] monitors, collects, and delivers news
articles from news sources around the world in more than
30 languages. It extracts semantic information from the
articles and if the same event is described in multiple ar-
ticles, it aggregates them into clusters using several clus-
tering algorithms. These article clusters are referred to as
events. For instance, “Trump threatens to shut down so-
cial media firms” is an event recorded internationally in
more than 1,220 news articles. Each event is then anno-
tated with various metadata, such as a unique id to track
the coverage of the event, topic, categories to which it may
belong, geographical location, sentiments, etc. As a result,
its large-scale temporal coverage can be used effectively to
study the event-outlet relation.

3.2 Data generation process
For the data generation process, as depicted in Figure 1, we
first selected five English and three Slovenian news outlets
(for the sake of simplicity, we refer news outlets publishing
in English/Slovenian language as English/Slovenian news
outlets throughout the paper). We selected these outlets
following the work in [8] which is based on Alexa Global
Rankings of top news outlets.

We then used an explicit temporal query (Qt) to retrieve
all events in all news categories using Event Registry API.
Qt = {Qtext, Qtime} consists of the text component
Qtext and the time component Qtime. Next, we set the
time limit Qtime = [Qsd, Qed] for extracting events that
occurred within the specified time where, Qsd = ‘2019-
-01-01’ and Qed = ‘2020-05-31’ signify the event’s start
date and end date. Since the outlet’s event selection policy
may change over time, we selected this time frame as re-
cent data tends to be more reliable in predicting event cov-
erage patterns. We then set Qtext = {Qout, Qlang, Qcat}
where, Qout

2, Qcat
3, and Qlang

4 represents the list of out-
1https://eventregistry.org
2https://eventregistry.org/documentation?tab=

suggSources
3https://eventregistry.org/documentation?tab=

suggCategories
4https://github.com/EventRegistry/
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Attribute Description
uri a unique event identifier
title event title in the specified language
event_date date in yyyy-mm-dd format
sentiment event sentiment
categories event categories
loc_country country where the event occurred
loc_continent continent where the event occurred
total_article_count total number of articles published
article_count total number of articles published in the specified language
summary summary of the event
outlet_list list of outlets that reported the event

Table 1: Description of the dataset attributes.

P(O1|O2) Nytimes Indiatimes Washingtonpost Usatoday Chinadaily
Nytimes 1.00 0.09 0.28 0.24 0.19
Indiatimes 0.03 1.00 0.03 0.03 0.01
Washingtonpost 0.33 0.09 1.00 0.26 0.19
Usatoday 0.27 0.09 0.25 1.00 0.13
Chinadaily 0.10 0.01 0.08 0.06 1.00

(a) English news outlets.

P(O1|O2) Delo Dnevnik Večer
Delo 1.00 0.33 0.33
Dnevnik 0.51 1.00 0.49
Večer 0.30 0.29 1.00

(b) Slovenian news outlets.

Table 2: Conditional probability of an event to be covered by an outlet (in rows), provided it is covered by another outlet
(in columns).
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lets, categories, and languages respectively.
For English news outlets, we set Qout =

{‘nytimes.com’, ‘indiatimes.com’, ‘washington-
post.com’, ‘usatoday.com’, ‘chinadaily.com.cn’} and
Qlang = {‘eng’} and we set Qout = {‘delo.si’,
‘dnevnik.si’, ‘vecer.com’} and Qlang = {‘slv’}
for Slovenian news outlets. We fixed Qcat =
{‘news/Politics’, ‘news/Business’, ‘news/Spor-
ts’, ‘news/Arts and Entertainment’, ‘news/Sci-
ence’, ‘news/Technology’, ‘news/Health’, ‘new-
s/Environment’} to represent the news categories. If an
event falls into more than one category, it is labeled with
multiple categories.

We first excluded events from the extracted event list that
weren’t covered by any of the selected outlets. We then ex-
tracted individual outlets from the event’s outlet list and
generated a column in each dataset to denote individual
outlets. We used a binary scalar value to indicate whether
the outlets covered the event or not. Table 1 describes the
attributes of the generated dataset. From Figure 2, it is ap-
parent that the event coverage by the outlets is not uniform.

4 Availability and reusability
For ease of discovery and preservation, EveOut is archived
as an online resource at https://doi.org/10.
5281/zenodo.3953878. It is well documented in ac-
cordance with the requirements of the FAIR Data princi-
ples5 and is freely accessible under the Creative Commons
Attribution 4.0 International license to make it reusable for
nearly any purpose. For dataset regeneration, the GitHub
repository at https://github.com/Swati17293/
EveOut gives the source code of the collection process.
For an in-depth analysis, a separate web page with de-
tailed statistics and illustrations can be found at http:
//cleopatra.ijs.si/EveOut/.

The resource is currently being used in several studies
within a larger research project6. A major part of this
project aims to provide a temporal, cross-lingual analysis
of concepts around different events, exploring how lan-
guage impacts the mediatic narratives built by the media.
Since EveOut serves as the basis for the study and analy-
sis of events and their attributes, it is ideally suited to the
project needs.

5 Potential use case - outlet
prediction

Outlet Prediction is the task of estimating the probability
that an event will be covered by an outlet. In addition to
allowing the publishers of the outlets to evaluate the sig-
nificance of the event, this task is intended to benefit in-

event-registry-python/wiki/Supported-languages
5http://www.nature.com/articles/sdata201618/
6http://cleopatra-project.eu/

dependent editors who prefer to report on events covered
by mainstream outlets. It can be best assessed by calculat-
ing the conditional probability P of an event covered by an
outlet O1 given that it is already covered by another outlet
O2 using the following equations.

P (O1|O2) =
P (O1 ∩O2)

P (O2)
, if P (O2) > 0 (1)

= 0, if P (O2) = 0 (2)

Table 2a shows that apart from ‘Indiatimes’ and ‘Chi-
nadaily’, rest of the outlets tends to overlap each other in
terms of event coverage. It is also interesting to note from
Table 2, that among the listed outlets, the likelihood of any
outlet to cover an event, given that it is already covered by
any other outlet is higher (higher P values) for Slovenian
outlets.

Unlike the selected English outlets which are suppos-
edly global, the selected Slovenian outlets are the major
outlets in Slovenia which is a small country. This differ-
ence influences the coverage pattern of the outlets, which
reveals how regional priorities affect the event selection
process. For instance, P (Dnevnik|Delo) = 0.51 and
P (Dnevnik|V ečer) = 0.49 which is quite high as com-
pared to the others which indicates that if an event is cov-
ered by either ‘Delo’ or ‘Večer’ it is highly probable that it
will be covered by ‘Dnevnik’.

6 Statistics and analysis
The statistical analysis of our dataset with regard to the dis-
tribution of events between the outlets is summarized and
visualized in this section.

Figure 3a and 3b represents the distribution of event cat-
egories covered by the English and the Slovenian news
outlets. It is evident from the distribution that each En-
glish news outlet focuses on a different event category other
than ‘Politics’. For instance, ‘Indiatimes’ focuses more on
events related to ‘Arts and Entertainment’, whereas ‘Chi-
nadaily’ tends to cover more ‘Business’ related events. In
contrast to English outlets, the event coverage by Slove-
nian outlets is similar in addition to ‘Politics’ focusing on
‘Sports’ and to some extent on ‘Business’.

By plotting the proportion of event coverage over time,
as shown in Figure 4, the pattern of event coverage by the
outlets can be better visualized. In particular, ‘May 2020’
contrasts the percentage of event coverage by the English
and Slovenian news outlets. Moreover, unlike other news
outlets, coverage of events by ‘Usatoday’, ‘Washington-
post’, and ‘Večer’ is somewhat inconsistent. A substantial
decline in the coverage of ‘Washingtonpost’ in ‘May 2020’
is also noteworthy in the graph. It is due to its event prefer-
ence which is evident from its radial graph in Figure 3a. Its
coverage is skewed towards ‘Politics’ and ‘Sports’ which
alone represents around 50% of events in the dataset. How-
ever, this percentage dropped to 40% in ‘May 2020’, and as
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(a) English news outlets. (b) Slovenian news outlets.

Figure 3: Category-wise distribution of event coverage by the outlets. (Category ‘others’ includes: environment, health,
science, and technology )

Figure 4: Distribution of the percentage of event coverage by the news outlets over time.

a result, its coverage declined substantially. In a nutshell, if
the outlet favors a certain category of events and, in a spe-
cific time frame, events of that category are higher/lower
than usual, it would be reflected in the outlet’s coverage
pattern.

Figure 5 reflects the inclination of the news outlets to-
wards geographical bias which indicates that they prefer to
cover events relevant to the geographical area in which they
are based.

7 Conclusions and future work

In this paper, we presented a novel event-centric dataset
EveOut for the study and analysis of complex event-outlet
relationships. We also provide flexible data generation
scripts, to speed up the development of future versions of
EveOut. We also mentioned a potential use case to illus-
trate how the dataset could be used to study the event cov-
erage patterns of the outlet and to estimate the correlation
between the outlets using conditional probabilistic models.

We also conducted a statistical study to compare and

contrast five English and three Slovenian outlets to exam-
ine their event selection patterns. We found that ‘Politics’ is
the most popular category, while ‘Environment’ is the least
popular category covered by the outlets. We also identi-
fied that news outlets, as expected, tend to cover geograph-
ically relevant events. In particular, we discovered that if
the outlet favors a certain category of events and, if in a
specific time frame, events collected of that category are
higher/lower than usual, then this is reflected in the outlet’s
coverage pattern.

Although several features, such as event description,
have not been analyzed in our study, it is expected that these
features will also help to identify the inherent bias present
in the event selection process. We hope that our dataset will
not only help to discover and interpret event selection bias
but will also help researchers to develop tools to enhance
digital journalism.

Different news outlets may have different policies for se-
lecting events. For example, some news outlets may want
to publish only the top events of the day, while others may
want to include exclusive global events. As part of our fu-
ture work, an automated solution could be developed using
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(a) English news outlets.

(b) Slovenian news outlets.

Figure 5: Distribution of country-wise coverage of events
by the outlets. Notice the higher coverage density in (a)
The USA, India, and China (b) Slovenia.

EveOut to provide an overview of the event and to visualize
the differences in coverage, as it is important for journalists
to know which event is worthy of publication and which
factors influence the selection process.

In the future, it would also be interesting to have a distri-
bution of articles with positive and negative sentiment for
specific events and outlets. This would reveal not only the
outlet’s political orientation but also the editorial’s overall
attitude.
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2.3 Outlet Prediction

This section presents the research published in the paper titled Are You Following the
Right News-Outlet? A Machine Learning based approach to outlet prediction (Swati
& Mladenić, 2020). The paper was presented in proceedings of the 23rd International
Multiconference Information Society – IS 2020, Volume C, in 2020.

Event selection bias encompasses the inherent bias observed in the process of selecting and
reporting events by media outlets (Haselmayer et al., 2017). Expanding on the previous
research (Swati et al., 2021), which identified the task of outlet prediction as a potential
solution to address event selection bias in media outlets, this study introduced a novel
neural network model designed to address these aforementioned challenges. The lack of
any trustworthy automated method to predict outlets covering particular events of interest
acted as the secondary driving force behind this study. The primary objectives were to
empower readers to select and engage with diverse event perspectives and to provide media
outlets with valuable insights into their reporting patterns. To address these, a model was
designed to provide insights into the predictability of event coverage by major outlets while
also addressing the issue of passive reliance on waiting for publication.

In addition, the study introduced a benchmark task of outlet prediction along with a
tailored dataset of English news events. The evaluation results underscore the superior
predictive ability of the proposed model compared to existing rule-based approaches, es-
tablishing a foundational baseline for future method evaluations. In particular, the model
demonstrated superior performance compared to the uniform and stratified models. The
subset accuracy improved by 0.41 points and 0.26 points for both the uniform and stratified
models. Correspondingly, the hamming loss showed enhancements of 0.25 points and 0.15
points for the two models.

To further enhance the prediction quality, it is possible to integrate supplementary meta-
data derived from Wikipedia concepts into our model. Factors such as the speed at which
news is reported, the duration of news coverage, the significance of events to media outlets,
and the evolution of reporting styles over time are also worth investigating.
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ABSTRACT
In this work, we propose a benchmark task of outlet prediction
and present a dataset of English news events tailored to the
proposed task. Addressing this problem would not only allow
readers to choose and respond to relevant and broader facets
of events but also enable the outlets to examine and report on
their work. We also propose a neural network based approach
to recommend a list of probable outlets covering an event of
interest. Evaluation results reveal that even in its simplest form,
our model is capable of predicting the outlet signi�cantly better
than the existing rule based approaches. The proposed model
will also serve as a baseline for evaluating approaches intended
to address the task. Implementation scripts can be found at https:
//github.com/Swati17293/outlet-prediction.
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1 INTRODUCTION
The advancement in the �eld of Natural Language Processing [9,
10, 5, 4] over the last decade, has made solutions to complex
machine learning problems more convenient. The problems such
as machine translation, text summarization, and segmentation
are being solved much more e�ciently than ever before. Conse-
quently, it o�ered the researchers the opportunity to use these
advanced techniques to solve problems in a variety of contexts
such as news bias analysis. This analysis task is poised as the
identi�cation of the inherent bias present in the news production
and its coverage process. It occurs when a news outlet publishes
a news story selectively or incorrectly.

If the news is biased, then it can bias the thought process
and decision making of the person listening, watching, and/or
reading it [12]. It can have several direct or indirect implications
whether political or social. For example, if the news shows only
the positive or negative side of a political party; it has been ob-
served to in�uence the public vote [2]. Not only politics but also
the news about the disaster or spread of viral disease a�ects the
belief system of the general public.

There are numerous events that happen continuously, and
any form of bias can arise in numerous possible ways. It is not
possible for any single outlet to capture every event. Thus, an
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outlet is forced to select a set of reporting events. Several factors,
such as the geographical origin of the event, the involvement of
an elite person or country, etc. in�uences such selection. Also
the procedure requires rigorous monitoring of current a�airs to
determine the news value, and may result in event selection bias
also known as gatekeeping bias.

However, no well-established automated method reveals to
users the outlets that will cover the event of their interest. This
drives the motivation of this study. The aim is to predict a list of
outlets reporting on a given event. Addressing this problem would
not only allow readers to choose and respond to relevant and
broader facets of events but also enable the outlets to examine and
report on their work. For instance, some outlets tend to publish
events covered by well-established outlets. Instead of waiting for
the news to be published, the proposed system will help them to
get an insight into the degree of predictability of event selection
by the major outlets.

1.1 contributions
We make the following contributions in this context:

• We propose a benchmark task of outlet prediction and
present a dataset of English news events tailored to the
proposed task.

• We provide a neural network model that can serve as a
baseline for evaluating approaches intended to address
the task.

The GitHub repository containing our code is available at
h�ps://github.com/Swati17293/outlet-prediction.

1.2 Problem Statement
The problem is addressed as an outlet prediction task in which the
bias is examined by comparing the learning ability of a classi�er
trained to predict the probability of event coverage by an outlet.

2 LITERATURE REVIEW
During the di�erent stages of news production, various forms of
news bias arise as described by Baker et al. [1]. The �rst stage
begins with the selection of events also called gatekeeping, where
an outlet selects or rejects an event for reporting. The selection
process is driven by a number of factors, such as the geographical
origin of the event, the involvement of an elite person or country,
etc., and requires rigorous monitoring of current a�airs to de-
termine the news value. To our knowledge, only a few methods
have been suggested that explicitly attempt to examine this bias.

Saez-Trumper et al. [11] attempted to identify bias in online
news sources and social media groups surrounding them. They
studied the disparity in the selection of events based on the quan-
tity and exclusivity of stories published by 80 mainstream news
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outlets across the globe over a span of two weeks. From the re-
view, it is found that there is a weak correlation between the
quantity and exclusivity of news articles published by the outlets.
It is also discovered that both the news and social media follow
the same pattern of selection of events in similar geographical
areas. However, media in the same region often choose the same
events and publish similar-length posts.

Bourgeois et al. [3] used a matrix factorization method to ex-
tract latent factors that determine the selection of the event by
an outlet. They combined the method with a BPR optimization
scheme developed by Rendle et al.[8]. They used the events de-
rived from the GDELT dataset and arranged the outlets in rows
and their reported events in columns to form a matrix. Each cell
value of the resulting matrix describes the selection/rejection of
the event by the outlet.

For the bias analysis, they chose a�liation, ownership, and
geographic proximity of the di�erent outlets as the major factors.
They suggest that each outlet follows its own latent preferences
structure which facilitates the outlet to rank events. They also
suggested that events should be selected such that the selected
list should be diverse and should include a wide range of actively
reported events. They thus adopted the method of Maximum
Marginal Relevance which facilitates ranking based on the rel-
evance and diversity of the events. It is discovered that event
selection favors the most discussed topics rather than the unique
ones.

F. Hamborg et al. [6] uses a matrix similar to the one created
by Bourgeois et al.[3] Each cell in the matrix represent the most
representative topic of the article reported by one country about
the other. By spanning the matrix through outlets and topics in
a region, the bias can be examined. They used a collection of 1.6
million articles from more than 100 countries over a two-month
span from the Europe Media Monitor (EMM)1 as their dataset.

Authors in [6] aggregates the related articles and then out-
source the task of bias identi�cation to the users, forcing them
to determine the bias on their own. While the rest of the existing
work analyzes the selection bias, it certainly does not present an
automated approach suited to the outlet prediction task, unlike
our work.

3 DATA DESCRIPTION
3.1 Raw Data Source
Event Registry2 [7] monitors, collects, and provides news arti-
cles from news outlets around the world. It also aggregates them
into clusters that are referred to as events. Each event is then
annotated with several metadata such as unique id to track the
event coverage, categories to which it may belong, geographical
location, sentiment, etc. As a result, its large-scale temporal cov-
erage can be used e�ectively to study the event selection process
of news outlets.

1https://ec.europa.eu/knowledge4policy/
2https://eventregistry.org

3.2 Dataset
For our experiments, we �rst selected the top three news outlets
based on Alexa Global Rankings 3. We then used the Event Reg-
istry API to collect all news events reported in English between
January 2019 and May 2020. We excluded events that were not
covered by any of the selected outlets. We ended up with 51, 409
events for which we extracted basic information such as event id,
title, summary, and source. Since the event coverage by these out-
lets is not uniform, which can be visualized in Figure 1, we used
a strati�ed split to mimic this imbalance across the generated
train-valid-test sets.

washingtonpostnytimes

indiatimes

Figure 1: Distribution of event coverage by the outlets.

4 MATERIALS AND METHODS
4.1 Problem Modeling
For an event ⇢ and its associated pair (), (), the task is to generate
a list of outlets $ expected to cover ⇢. Here ) is the event title
and ( is a short summary of the event as provided by the Event
Registry. Mathematically, the task can be formulated as,

$ = 5 (), (, U) (1)

where, 5 is the outlet prediction function and U denotes the
model parameters.$ can have a well-thought-out variable length
response generated from the list unique outlets$; . For this work,
|$; | = 3.

4.2 Methodology
We extract feature vectors from) and ( . We fuse them together to
create a fused vector which is then passed through several layers
to �nally generate $ . Figure 2 illustrates the entire prediction
process. We further outline these tasks with more details in the
following subsections.

4.2.1 Feature Extraction and Fusion. We used Google’s Univer-
sal Sentence Encoder 4(USE) to extract 128-dimensional feature
vectors ) 0 and ( 0. For feature fusion, we concatenated ) 0 and ( 0
and applied C0=⌘ activation to generate � . We then used batch-
normalization to increase the stability of the network and for
regularization.

� = ⌫# (C0=⌘() 0 � ( 0)) (2)

In Eq 2, ⌫# and � represents batch-normalization and concate-
nation respectively.

3https://www.alexa.com/topsites/category/Top/News/Newspapers
4https://tfhub.dev/google/universal-sentence-encoder/
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Figure 2: Outlet prediction process.

4.2.2 Outlet Prediction. We solve the problem using a multi-label
classi�cation model for which we create a separate outlet-index
dictionary for outlets ⇡ = {>1 : 1, >2 : 2 . . . >= : =}, where =
is the total number of unique outlets in $; . To predict the list
of outlets we pass � to the fully-connected layer (FC) having
B> 5 C<0G activation with = output neurons. Since an event can
be covered by more than one outlet, we formulate the recursive
prediction procedure as,

>̂ = P(>8 |�, >̂8�1, 1) = B> 5 C<0G (�F8 + 18 ) (3)

=
4�F8+18Õ=
9=1 4

�F9+1 9
(4)

where, >̂ is the probability of selecting the 8C⌘ outlet (>8 ) given � ,
bias (1), and the set of probabilities of previously predicted outlets
(>̂8�1), and F is the weight. We use categorical cross entropy as
the loss function as follows:

L(>, >̂) = �
=’
9=1

G’
8=1

(>8 9 ⇤ log(>̂8 9 )) (5)

In Eq (5), for 8C⌘ outlet in the output sequence of length G , >8 9
and >̂8 9 denotes the actual and predicted probability of selecting
the 9C⌘ outlet from ⇡ .

4.2.3 Hyper-parameters. We used Categorical accuracy5 as the
metrics to calculate the mean accuracy rate for multilabel classi-
�cation problems across all the predictions. We consider a batch
of size 128 and number of epocs as 100 for training. To optimize
the weights during training we use Adam optimizer.

5 EXPERIMENTAL EVALUATION
5.1 Baselines
We use the following well-known and simpli�ed methods as our
baseline models.

• Uniform: Generate predictions randomly using a uniform
distribution.

• Strati�ed: Generates predictions by respecting the class
distribution of the training set.

5.2 Evaluation Metric
We aim to predict the list of outlets in this work. However, it is
not necessary to predict the sequence in which outlets appear on
this list. This is explained with an example given in Table 1. In
other cases, a combination of correct and incorrect outlets may
be predicted by the model.

We used the following metrics to evaluate the e�ectiveness
of our model where, >̂ is the predicted outlet, > is the true outlet,
and # is the total number of instances.
5https://github.com/keras-team/keras/blob/master/keras/metrics.py

Table 1: Multiple correct predictions.

indiatimes nytimes washingtonpost
indiatimes washingtonpost nytimes

• Subset Accuracy (0): It measures the percentage of in-
stances in which all of the outlets are correctly classi�ed.

Subset Accuracy (0) = 1
#

#’
8=1

(>̂8 � >8 ) (6)

• Hamming Loss (✓): It measures the fraction of the incor-
rectly predicted outlet to the total number of outlets. Since
it is a loss function, its ideal value is 0.

Hamming Loss (✓) = 1
#

#’
8=1

���� >̂8 \ >8
>̂8 [ >8

���� (7)

5.3 Results and Analysis
Table 2 shows the comparison of our model with the baseline
models in terms of subset accuracy and hamming loss.

Table 2: Comparison between the baseline models and our
proposed model.

Subset Accuracy Hamming Loss

Uniform 0.140 0.526
Strati�ed 0.286 0.422
Ours 0.546 0.275

Quantitative analysis of the experimental results shows that,
our model outperforms the Uniform and Strati�ed models by a
margin of 0.41 and 0.26 points for subset accuracy and by 0.25
and 0.15 points for hamming loss respectively. The performance
di�erence is clearly visible in Figure 3.

The intersection that we �nd among the di�erent outlet pairs
di�ers considerably as evident in Figure 1. This can be best seen
by assessing the conditional probability of an event covered by an
outlet given that it is covered by another outlet as listed in Table 3.
For example, we can note that the % (F0B⌘8=6C>= |=~C8<4B) =
0.492 which is quite high and indicates thatF0B⌘8=6C>=?>BC tends
to cover most of the events covered by =~C8<4B . It is also inter-
esting to note that 8=380C8<4B do not follow F0B⌘8=6C>=?>BC or
=~C8<4B , and vice versa.

6 CONCLUSIONS AND FUTURE WORK
It is important for a journalist to know which event is worthy
enough to be published. Even readers would be interested to know
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Table 3: Conditional probability of an event to be covered by an outlet, provided it is covered by another outlet.

P(x|y) nytimes indiatimes washingtonpost

nytimes 1.000 0.067 0.364
indiatimes 0.034 1.000 0.023
washingtonpost 0.492 0.063 1.000

Figure 3: Comparison between the baseline models and
our proposed model.

the outlets that are going to cover the event of their interest. Yet
it is certainly not an automated approach, therefore in this work,
we propose an approach to address the outlet prediction task
given the event title and description. We also �nd that even in its
simplest form, our model is capable of predicting the outlet. In
the future, we intend to enhance our proposed model to better
predict the outlets and to work in a cross-lingual setting. We
plan to include a few more metadata provided by Event Registry
(refer Section 3.1) along with Wikipedia concepts. We also plan
to analyze the speed of reporting, time-span, and importance
given to the events by the outlets. In addition, we will also be
looking into how the outlets change their coverage style over
time.
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22 Chapter 2. News Reporting Bias

2.4 Geographical Boundaries and News Sentiments

This section presents the research published in the paper titled Understanding the
impact of geographical bias on news sentiment: A case study on London and Rio
Olympics. (Swati & Mladenić, 2021). The paper was presented in proceedings of
the 24th International Multiconference Information Society – IS 2021, Volume C, in
2021.

Geography plays a pivotal role in shaping public perceptions of events (Mello et al., 2023),
influencing various aspects like political affiliations and editorial independence, which in
turn impact the sentiment of news articles (Nisar & Bleich, 2020; Pino et al., 2016).
To address this, we explored the influence of geographical boundaries on the sentiments
conveyed in news articles, focusing on the legacies of the Olympics in London and Rio as
a case study. The study utilised the Event Registry API 1, to generate a comprehensive
dataset comprising news articles from these locales published between January 2017 and
December 2020. Based on the concept of article similarity, we then computed the cosine
similarity scores of all possible article pairs, one from each set (London and Rio), to assess
sentiment differences among similar article pairs.

The exploratory analysis unveiled the pivotal role that geographical boundaries play in
shaping news sentiment. We extended the analysis to examine the disparity in relation to
different news categories. The results highlighted substantial variations in sentiment, no-
tably evident in categories such as politics, business, sports, and technology. Intriguingly, it
was observed that political and business articles were significantly influenced by geograph-
ical factors, whereas science and technology articles appeared impervious to location-based
sentiment shifts.

The descriptors used to portray positive and negative legacies in both Rio and London
were also examined, aiming to analyse the cultural biases inherent in these depictions.
Although we did not extend this analysis to a multilingual context in this study, it remains
an intriguing avenue for future exploration. In essence, the analysis reveals the contrast-
ing expectations between Rio as the first South American Olympic host and London, a
representative of a wealthier nation. This exploration unravels the intricate societal and
cultural perspectives confined by geographical boundaries, shedding light on how economic
disparities contribute to distinct news sentiments.

1https://eventregistry.org

https://eventregistry.org
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News article on London 
Olympic Legacy

Headline: Five Years On, 
London's Olympic Real Estate 
Legacy Is A Clear Winner
Category: Business

Summary: The Olympics have 
become famously bad  for real 
estate…

Sentiment: 0.067

News articles on Rio Olympic Legacy
Headline: Rio 2016's 
venues abandoned and 
vandalised in worrying legacy
Category: Business

Summary: Rio de Janeiro 
pulled off last year's Olympics, 
keeping crime…

Sentiment: -0.372

Headline: Rio 2016: An 
Olympics legacy of despair 
and wreckage
Category: Business

Summary: When any country 
hosts a major sporting event, 
the organisers and those...

Sentiment: -0.435

Headline: Rio de Janeiro 
suffering painful post-Olympic 
hangover
Category: Sports

Summary: The Brazilian 
metropolis of Rio de Janeiro 
was the epicenter of the…

Sentiment: -0.388Article Similarity: 0.509, Sentiment Dissimilarity: 0.439 

Article Similarity: 0.632, Sentiment Dissimilarity: 0.502 
Article Similarity: 0.503, Sentiment Dissimilarity: 0.455 

Figure 1: An example to illustrate the impact of geographical location on the sentiment of similar news articles.

ABSTRACT
There are various types of news bias, most of which play an
important role in manipulating public perceptions of any event.
Researchers frequently question the role of geographical location
in attributing such biases. To that end, we intend to investigate the
impact of geographical bias on news sentiments in related articles.
As our case study, we use news articles collected from the Event
Registry over two years about the Olympic legacy in London
and Rio. Our experimental analysis reveals that geographical
boundaries do have an impact on news sentiment.

KEYWORDS
Bias, News Bias, Geographical Bias, Olympics, Semantic Similar-
ity, Sentiment Analysis, Dataset

1 INTRODUCTION
Claims of bias in news coverage raise questions about the role of
geography in shaping public perceptions of similar events. Based
on the geographical location, multiple factors, such as political
a�liation, editorial independence, etc., can in�uence the way
news articles are generated. Although it is well known that biased
news can have more in�uence on people’s thinking and decision-
making processes [7, 9], it is nearly impossible to produce an
article without any bias. Biased news articles have the potential
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to induce a variety of political and social implications, both direct
and indirect. For instance, any political controversy presented
from a speci�c perspective may alter the voting pattern [4, 1, 6].

There are di�erent forms of news bias, and geographical bias
is one of them. It exists if the sentiment polarity of similar arti-
cles published in di�erent geographical location is contradictory
or varies signi�cantly. Sentiment analysis methods, which are
commonly used to determine news bias [3, 14], can be used to
examine the shift in sentiment polarity in similar news articles.
Now, an intriguing question arises: Is geographical bias a factor
a�ecting news sentiment? This study seeks to answer the above
question by identifying and comparing sentiments of similar
news articles. In doing so, we demonstrate how geographical
location impacts the sentiments of similar articles. We also inves-
tigate this impact in relation to several news categories such as
politics, business, sports, and so on.

The Olympic Games are a symbol of the greatest sports events
in the world. Every edition leaves a number of legacies for the
Olympic Movement, as well as unforgettable memories for each
host city, whether positive or negative. In this regard, we select
news articles about the Olympic legacy in London and Rio as a
case study for our analysis.

We use Event Registry1 [10] to collect English news articles,
along with their sentiment and categories, published between
January 2017 and December 2020. We use the popular Sentence-
BERT (SBERT) [12] embedding to represent the articles and then
compute the cosine similarity between them to identify similar
article pairs.

Our data and code can be found in the GitHub repository at
https://github.com/Swati17293/geographical-bias.

1https://eventregistry.org
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1.1 Contributions
The paper’s contributions are as follows:

• We propose a task of analyzing the impact of geographical
bias on the sentiment of news articles with data on the
Olympic legacies of Rio and London as a case study.

• We present a dataset of English news articles customized
to the above-mentioned task.

• We present experimental results to demonstrate the afore-
mentioned impact of geographical bias.

2 RELATED WORK
The Majority of the sentiment analysis methods for news bias
analysis depend on the sentiment words that are explicitly stated.
SentiWordNet2, which is a publicly available lexical resource used
by the researchers for opinion mining to identify the sentiment
inducing words that classify them as positive, negative, or neutral.

Melo et al. [5] collected and analyzed articles from Brazil’s
news media and social media to understand the country’s re-
sponse to the COVID-19 pandemic. They proposed using an
enhanced topic model and sentiment analysis method to tackle
this task. They identi�ed and applied the main themes under con-
sideration in order to comprehend how their sentiments changed
over time. They discovered that certain elements in both media
re�ected negative attitudes toward political issues.

Quijote et al. [11] used SentiWordNet along with the Inverse
Reinforcement Model to analyze the bias present in the news ar-
ticle and to determine whether the outlets are biased or not. The
lexicons were �rst scored for the experiments using SentiWord-
Net and then fed to the Inverse Reinforcement model as input.
To determine the news bias, the model measured the deviation
and controversy scores of the articles. The �ndings lead to the
inference that articles from major news outlets in the Philippines
are not biased, excluding those from the Manila Times.

Bharathi and Geetha [3] classi�ed the articles published by
the UK, US, and India median as positive, negative, or neutral
using the content sentiment algorithm [2]. The sentiment scores
of the opinion words and their polarities were used as input to
the algorithm.

Existing research investigates news bias using sentiment anal-
ysis methods, but, unlike our work, it does not provide a suitable
automated method for analyzing the impact of geographical bias
on news sentiment.

3 DATA DESCRIPTION
3.1 Raw Data Source
We use Event Registry [10] as our raw data source which mon-
itors, gathers, and delivers news articles from all around the
world. It also annotates articles with numerous metadata such as
a unique identi�er for article identi�cation, categories to which
it may belong, geographical location, sentiment, and so on. Its
large-scale coverage can therefore be used e�ectively to assess
the impact of geographical bias on news sentiment.

3.2 Dataset
To generate our dataset, we use a similar data collection process
as described in [13]. Using the Event Registry API, we collect
all English-language news articles about the Olympic legacy in
London and Rio published between January 2017 and December
2020. We consider an article to be about the Olympic Legacy
2http://sentiwordnet.isti.cnr.it/

in London/Rio if the headline and/or summary of the article
contains the keywords ‘London’/‘Rio’, ‘Olympic’, and ‘Legacy’.

For each article, we then extract the summary, category, and
sentiment. The article summaries vary in length from 290 to 6,553
words. Sentiment scores ranges from �1 to 1. We select seven
major news categories, namely business, politics, technology,
environment, health, sports, and arts-and-entertainment, and
remove the rest of the categories. After excluding the duplicate
articles we end up with 8,690 and 5,120 articles about the Olympic
legacy in London and Rio respectively.

4 MATERIALS AND METHODS
4.1 Methodology
The primary task is to compute the average di�erence in senti-
ment scores between similar news articles about the Olympic
legacies in Rio and London. The stated task can be subdivided
and mathematically formulated as follows:

(1) Generate two distinct sets of news articles �1 and �2, one
about the London Olympic legacy and the other about the
Rio Olympic legacy. For each 08 2 �1 �nd a list of 009 2 �2,
where08 is the 8C⌘ article in set�1 = {(01, B1), (02, B2)...(0=, B=)}
and009 is the 9C⌘ article in set�2 = {(001, B 01), (002, B 02) ...(00<, B 0<)}
which is the closest match (c.f. Section 4.1.1) to 08 . Here,
= = |�1 | and< = |�2 |.

(2) For each list, calculate ⇡8 9 to represents the di�erence
between the sentiment scores B8 and B 09 of the articles 08
and 009 .

(3) Calculate the average di�erence ⇡ of sentiment scores.
(4) Calculate the percentage of similar article pairs with re-

versed polarity and those with unchanged polarity.
The secondary task is to assess the primary task with respect

to news categories, i.e. to calculate the average di�erence ⇡ of
sentiment scores for similar articles in each category.

In the following subsections, we discuss the tasks mentioned
above in greater detail.

4.1.1 Article Similarity. We embed the articles in sets �1 and �2
to construct sets �1 = {51, 52 ...5<} and �2 = {5 01 , 5 02 ...5 0= }. While
alternative embedding approaches can be utilized, in this study
we select the popular Sentence-BERT (SBERT) [12] embedding
to extract 768-dimensional feature vectors to represent the indi-
vidual articles in �1 and �2.

For each article 08 in �1, we compute the similarity score3

between 08 and every article 0 9 in �2 using the cosine similarity
metric (8<2>B (08 , 009 ) (Eq 1). We consider articles 08 and 009 to be
similar only if their similarity score is greater than 0.5.

(8<2>B (08 , 009 ) =
58 · 5 09

| |58 | | | |5 09 | |
(1)

where 58 and 5 09 represents the embedded feature vectors of article
08 and 009 .

The similarity score ranges from �1 to 1, where �1 indicates
that the articles are completely unrelated and 1 indicates that they
are identical, and in-between scores indicate partial similarity or
dissimilarity.

4.1.2 Average Sentiment Dissimilarity. For every pair of similar
articles 08 and 009 , we calculate the di�erence ⇡8 9 between their
sentiment scores B8 and B 09 . To calculate the average sentiment
3https://en.wikipedia.org/wiki/Cosine_similarity
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Table 1: Category-wise confusion matrix to show the percentage of similar article pairs with respect to their sentiment
polarity.

Sports Business Politics Environment Health Technology Arts & Entertainment
Pos Neg Pos Neg Pos Neg Pos Neg Pos Neg Pos Neg Pos Neg

Pos 77 10 62 28 42 18 55 18 29 12 87 4 59 16
Neg 11 2 7 4 23 16 14 12 12 46 1 0 7 18

Table 2: Confusion matrix to show the percentage of sim-
ilar article pairs with respect to their sentiment polarity.

Positive Negative
Positive 69 15
Negative 11 4

Table 3: Distribution of average sentiment di�erence
across news categories for similar article pairs with iden-
tical category.

News category Average Sentiment Di�erence
Sports 0.19
Business 0.20
Politics 0.18
Health 0.16
Environment 0.22
Technology 0.14
Arts and Entertainment 0.19

dissimilarity score ⇡ , we add all ⇡8 9 and divide it by the total
number of similar article pairs.

5 RESULTS AND ANALYSIS
In our experiments, we compare 44,492,800 possible article pairs
for similarity and discover 375,008 similar pairs. The comparison
in terms of sentiment similarity reveals that if two articles from
di�erent geographical regions are similar, in our case Rio and
London, the average di�erence in their sentiment scores is 0.171.
In addition, as de�ned in Table 2, we calculate the percentage of
similar article pairs based on their sentiment polarity. It’s worth
noting that the polarity of the article is completely reversed
27% of the time, indicating the impact of geographic region on
sentiments.

It is because the success of mega-events such as the Olympics
in a particular host city is heavily in�uenced by its residents’ trust
and support for the government [8]. It can be viewed positively as
a national event with social and economic bene�ts, or negatively
as a source of money waste. While the Olympics have left an
economic and social legacy in London, a series of structural
investment demands in Rio raise the question of whether or not
the Olympics was worthwhile for the entire country.

5.1 Impact of news categories
The impact of news categories on the sentiments of similar arti-
cles with identical categories from di�erent geographical regions
is shown in Table 3. It demonstrates that certain news categories
have a greater impact than others. Figure 2 depicts this distinction
more clearly.

Figure 2: Distribution of average sentiment di�erences
across categories for similar articles in the same category.

Figure 3: An illustration of the e�ect of category on senti-
ment polarity.

The categorical distribution of the percentage of similar article
pairs in terms of sentiment polarity is shown in Table 1. ‘Politics’
has the highest percentage of articles with reversed polarity,
while ‘technology’ has the lowest. Categories such as ‘business’
and ‘entertainment’, though not as clearly as ‘politics’, exhibit the
same bias.

This disparity arises from the fact that, in contrast to other cat-
egories, politics is most in�uenced by geographical boundaries,
whereas science and technology are typically location indepen-
dent. Since politics has such a large in�uence on shaping beliefs
and public perceptions, it is frequently twisted to �t a particu-
lar narrative of a story. It is inherently linked to geographical
borders, and it can be extremely polarizing depending on the
geographical region.

6 CONCLUSIONS AND FUTURE WORK
In this work, we use news articles about the Olympic Legacy in
London and Rio as a case study to understand how geographical
boundaries interplay with news sentiments.

We begin by presenting a dataset of news articles collected
over two years using the Event Registry API. We compute the
cosine similarity scores of all possible embedded article pairs, one
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from each set of Olympic legacy articles (London and Rio). We
use the popular Sentence-BERT for article embedding and then
compute the sentiment di�erence between similar article pairs.
From 44,492,800 possible article pairs we end up with 375,008
similar pairs.

In our analysis, we discovered that the sentiment re�ected
in similar articles from di�erent geographical regions di�ered
signi�cantly. We also investigate this di�erence in relation to
di�erent news categories such as politics, business, sports, and
so on. We �nd a signi�cant di�erence in news sentiment across
geographical boundaries when it comes to political news, while
in the case of news in technology, the di�erence is much smaller.
We �nd that articles in categories such as politics and business
can be heavily in�uenced by geographical location, articles in
categories such as science and technology are typically location
independent.

In the future, we plan to identify the most frequently men-
tioned topics in the Olympic legacy corpus to see how they a�ect
the news sentiment of articles about di�erent geographical lo-
cations. Since our study is limited to English news articles, we
intend to learn more about the role of cultures and languages in
this bias analysis. We also intend to broaden our investigation to
discover the adjectives used to describe the negative and positive
legacies of Rio and London. Such an analysis would aid in un-
derstanding the expectations from cities such as Rio (the �rst in
South America to host the Olympics) in comparison to London.
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Chapter 3

Knowledge-Infused Bias Prediction
Framework

This chapter presents the research published in the article titled An Inferen-
tial Commonsense-Driven Framework for Predicting Political Bias in News Head-
lines (Swati, Mladenić, & Grobelnik, 2023). The paper was published in the sci-
entific journal IEEE Access, Volume 11, dated July 2023. The journal holds a Q1
quartile ranking with an impact factor of 3.9 and is indexed in the Science Citation
Index Expanded.

The task of identifying political bias in news headlines poses a formidable challenge, pri-
marily stemming from their brevity, complexity, and lack of contextual information, which
frequently fail to capture the subtle biases embedded within the underlying article (W.-F.
Chen et al., 2018). To aid in the comprehension of short headlines by simplifying, inter-
preting, and explaining events that are not explicitly stated in the headlines, in this study,
we proposed to leverage inferential commonsense knowledge (Sap et al., 2019). For the
sake of simplicity, we henceforth refer to this knowledge as ‘IC_Knwl’ throughout this
thesis. Despite the proven efficiency of IC_Knwl in numerous tasks (C. Chen et al., 2024;
Ravi et al., 2023; Sabour et al., 2022), it remains underutilised for the task of decoding
bias. Therefore, to fully exploit its potential in enhancing political bias prediction, we
introduced a novel framework called IC-BAIT: Inferential Commonsense aware BiAs Iden-
Tifier. It makes use of inferential knowledge to aid in the task of political bias prediction
in news headlines. For a given short headline text, it acquires its associated IC_Knwl
to train a classifier that maps this extended feature space of short texts into the political
bias label set. The approach emphasises significant inferences using an attentive knowl-
edge selection strategy (Majumder et al., 2020) while mitigating unnecessary noise. It is
capable of harnessing both implicit knowledge acquired from pre-trained language mod-
els and explicit knowledge in the form of IC_Knwl simultaneously. To ensure its future
adaptability, we designed the framework to be model-agnostic, enabling it to be bundled
with cutting-edge linguistic models as they emerge. To acquire the necessary knowledge,
we employed the neural knowledge model known as COMET (Hwang et al., 2021) trained
on ATOMIC20

20 (Hwang et al., 2021) knowledge graphs.
Addressing the absence of standardised, large-scale annotated datasets tailored for this

task, we introduced two bias-annotated datasets: MediaBias and GoodNews. We generated
MediaBias by utilising bias labels sourced from the bias rating portal allsides.com. On the
other hand, we constructed GoodNews by extracting the headlines and their bias values
from GoodNewsEveryone (Oberländer et al., 2020), a dataset based on the bias ratings

https://allsides.com/
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obtained from adfontesmedia.com.
For a comprehensive evaluation and to determine the framework’s generalisability, we

conducted experiments on both datasets with multiple state-of-the-art pre-trained language
models. The findings suggest that the baseline models exhibited better performance on
both datasets when incorporated into our framework. Within our framework, these mod-
els exhibited noteworthy enhancements in accuracy ranging from 2.0% to 10.0%, macro-
averaged F1 scores ranging from 2.2% to 22.2%, Jaccard scores showing an increase of up
to 15.1%, and micro-averaged F1 scores showing an increase of up to 18.6%.

Furthermore, we conducted a qualitative analysis to assess the impact of selective knowl-
edge augmentation on overall performance using the xAI framework LIME (Local Inter-
pretable Model-Agnostic Explanations) (M. T. Ribeiro et al., 2016). The findings reveal
the scenarios in which the selected knowledge is beneficial and when it is counterproduc-
tive. For instance, when such knowledge enables the model to focus on important entities,
events, and explanations for unstated events, it results in enhanced predictions. On the
other hand, incorporating it offers little or no enhancement if it lacks valuable informa-
tion or is generic and insignificant. Additionally, we performed an in-depth error analysis,
revealing that pairing the headline with a carefully chosen IC_Knwl enables the model
to emphasise essential entities, events, and explanations for unstated events, resulting in
enhanced predictive capabilities. In conclusion, our study exhibits potential not only in ef-
fectively identifying political bias in news headlines but also in comprehending the complex
headline text.

https://adfontesmedia.com/
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ABSTRACT Identifying political bias in news headlines holds significant importance as it influences
the dissemination and consumption of news stories. However, employing conventional methods to do so
poses a formidable challenge, as the short headline text is often complex and lacks sufficient syntactic
and semantic context. Existing approaches fail to acknowledge the potential of commonsense reasoning
in facilitating text comprehension, although it has been shown to aid numerous downstream applications.
To this end, to facilitate comprehension and compensate for the lack of context, we propose leveraging
inferential commonsense knowledge to simplify, interpret, and explain events that are not explicitly stated
in headlines. Furthermore, to fully utilise its potential and deal with the unnecessary noise it may introduce,
we present a method for emphasising significant inferences. Using this knowledge, we introduce a novel
framework, IC-BAIT, short for Inferential Commonsense aware BiAs IdenTifier, which is a flexible neural
network framework designed to enhance political bias prediction in news headlines. We also present two
bias-annotated datasets: MediaBias and GoodNews. Experiments on both datasets demonstrate that IC-BAIT
significantly enhances the performance of the baseline models used in the framework. Experiments on the
datasets show that IC-BAIT improves the baseline models in terms of accuracy (2.0-10.0%), macro-averaged
F1 (2.2-22.2%), Jaccard-score (up to 15.1%), and micro-averaged F1 (up to 18.6%). Our in-depth qualitative
analysis reveals the scenarios in which the selected knowledge is beneficial and when it is detrimental.
Datasets and scripts are available at https://github.com/Swati17293/IC-BAIT.

INDEX TERMS Deep learning, inferential commonsense knowledge, media bias, news bias, NLP, short text
classification.

I. INTRODUCTION
Media outlets often publish news stories that benefit the
political party they endorse [1], [2]. Their bias is particularly
reflected in news headlines, as readers are more likely to be
swayed if the headline is interesting and catchy [3], [4], [5].
However, identifying bias solely based on the headline can
pose a challenge. It is because they are typically short and
may not contain the context of bias embedded in the story [6].
Furthermore, syntactic and semantic information are difficult

The associate editor coordinating the review of this manuscript and

approving it for publication was Arianna Dulizia .

to capture in a short headline. For example, consider the three
headlines in Fig. 1 from our dataset MediaBias reporting on
the same event with conflicting political ideologies. Unless
we understand the context of the event and how the bias
manifests itself, an automatic bias predictor will perform
poorly [7].

To deal with this lack of context, models that use Inferential
Commonsense Knowledge (IC_Knwl) have the opportunity
to substantially enhance their performance. This enhance-
ment is achieved in a manner nearly similar to the way
people use commonsense inferences to carry out their daily
routine tasks. For instance, the inclusion of IC_Knwl has been
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FIGURE 1. News headlines reporting on the event ‘‘FDA Commissioner Acknowledges Misrepresenting Convalescent Plasma
Data’’ from opposing political ideologies. (Image source: allsides.com).

shown to improve the model’s performance in a wide range
of tasks such as emotion inference [8], sarcasm detection [9],
sarcasm generation [10], and reading comprehension [11],
among others [12].

Although IC_Knwl has been demonstrated to be promis-
ing, existing research neglects to acknowledge its potential
in aiding text comprehension for the task of bias prediction.
To this end, we propose leveraging it to simplify, interpret,
and explain events that are not explicitly stated in headlines.
We hypothesise that incorporating such knowledge would
ideally help the learning model identify political bias when
it is not readily evident from the headlines.

However, without proper emphasis, the additional infer-
ential context is prone to introduce unnecessary noise.
This noise can prevent models from fully exploiting
the acquired knowledge. We thus present a method that
facilitates emphasising significant inferences. We then use
this knowledge to introduce a novel framework, IC-BAIT
(Inferential Commonsense aware BiAs IdenTifier). It lever-
ages the IC_Knwl acquired using the neural knowledge
model COMET [13] trained on ATOMIC2020 [13] knowledge
graphs. For example, for the headline ‘‘Trump’s awful advice
on voting twice’’, the acquired commonsense knowledge
provides an inferential context, as shown in Fig. 2.

Additionally, given the scarcity of large-scale datasets that
adequately capture the unique challenges posed by the task
of bias prediction in news headlines, we present two datasets,
MediaBias and GoodNews, in Section III. We conduct exper-
iments on both datasets to test the robustness of IC-BAIT.
Furthermore, to assess its effectiveness, we compare the
performance of several state-of-the-art models incorporated
into it. We also conduct a comprehensive error analysis on its
prediction results to determine when the selective inclusion of
IC_Knwl is advantageous and when it is not. To summarise,
we make the following contributions:

• Proposing to leverage Inferential Commonsense Knowl-
edge to aid in the comprehension of news headlines by
simplifying, interpreting, and explaining events that are
not explicitly stated in the headlines.

FIGURE 2. An illustration of IC_Knwl acquired using COMET for a sample
news headline. ‘‘PersonX is dumb, needed to be a politician, intended to
advice, wanted to get a vote, is criticized, feels ashamed. Others want to
argue, gets stressed and frowns, feel annoyed’’ represents the set of
inferred causes and effects for the headline ‘‘Trump’s awful advice on
voting twice.’’

• Introducing IC-BAIT, a neural network framework
designed to enhance political bias prediction in news
headlines by incorporating commonsense knowledge
with an emphasis on important inferences.

• Presenting two datasets of news headlines annotated
with political bias. We conduct experiments on both of
them to demonstrate IC-BAIT’s reliability.

• Evaluating the effectiveness of IC-BAIT with several
state-of-the-art language models.

• Analysing the impact of selective knowledge augmenta-
tion on overall performance and conducting an in-depth
error analysis.

We believe that our proposed framework could serve as an
effective method for copy editors [14]. It could help them
avoid any accidental or intentional bias in news headlines
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written by journalists. It could also be useful in practical
applications such as e-journalism and manual news-bias
prediction portals (ex: allsides.com, adfontesmedia.com),
where it could be used to automatically classify headlines
into different bias types. Additionally, it could help reduce the
number of articles that require manual examination, which
is a time-consuming process that is often susceptible to
annotator bias [15]. Furthermore, it could be ideal for social
scientists and those interested in the analysis of political
bias, as well as for automated systems such as the ‘‘bias
flipper’’ [6], [16], [17].

II. RELATED WORK
A news report is deemed politically biassed if it appears to
favour one political ideology over another [18]. Such bias
can appear in a variety of ways, such as in the selection of
news stories, the tone and language of reporting, the sources
of citation, etc [19]. Such bias in news reporting can result
in an incomplete or inaccurate portrayal of events and issues,
as well as the spread of misinformation or propaganda [20].
It also has the potential to influence public opinion on
political issues and events [21]. Owing to their immense
significance, bias prediction and mitigation have been the
focus of research at multiple levels of granularity. In this
section, we present a description of the datasets used in the
related studies, followed by a discussion of the associated
methodologies.

A. DATASETS
Many datasets have been designed to study political bias
at different granularity levels: news sources [22], [23],
articles [24], paragraphs [25], sentences [26], [27], and
headlines [6] with one or more bias types [28].
Political bias annotation at the source level is typically

obtained from online platforms, such as allsides.com and
adfontesmedia.com. These platforms are dedicated to assess-
ing and rating the bias of media sources to provide balanced
news, perspectives, and issues across the political spectrum.
They have highly qualified teams that rigorously follow
predefined guidelines for rating.

At the sentence level, numerous datasets with manual
bias annotations have been developed, with an emphasis
on individual sentences of the articles [26], [29]. Manual
annotations of individual sentences require substantial time
and effort, and they do not scale well [30]. These annotations
are even more time-consuming at the article level. As a result,
many datasets with article-level annotations are generated
by collecting articles from news sources with a known bias,
where individual news articles reflect their source’s political
leanings [31], [32].

For example, authors in [33] used data from one such
platform, Media Bias/Fact Check (MBFC), which contains
manual annotations of political bias for over 2, 000 news
websites. Their dataset includes 1, 066 websites with explicit
bias labels ranging from ‘extreme-left’ to ‘extreme-right’

on a seven-point scale. Manual inspection of their dataset
revealed that the ‘left-center’ and ‘right-center’ labels were
ill-defined and ambiguous. Therefore, they opted to exclude
news websites with these labels. They also merged the labels
‘extreme-left’ with ‘left’ and ‘extreme-right’ with ‘right’
to mitigate the impact of potentially subjective annotator
decisions. As a result, their labels were reduced to a
three-point scale (left, center, and right), resulting in a total
of 864 websites [34]. However, the political leanings of news
articles do not always correspond to the political leanings
of the sources [35]. Besides that, the publisher’s political
leanings may shift while reporting on various topics [36].

Although the majority of these datasets are concerned with
news articles or news sources, a few related datasets are
focused on news headlines. Authors in [6], compiled a list
of article pairs reporting on the same event from sources
with opposing political views. They used it for the task of
flipping the bias of news headlines. They later started with
this dataset and extended it with new article pairs to analyse
political bias and unfairness in news articles at different
levels of granularity [7]. Event-centred pairing is considered
necessary for tasks such as bias flipping and examining how
different news outlets cover the same event. Any dataset
devoid of such pairings, on the other hand, presents unique
challenges for political bias prediction in news headlines
and helps determine whether the prediction method is truly
generic.

To deal with the scarcity of publicly available large-scale
datasets for determining the political bias of news headlines,
we present the datasets GoodNews III-B and Media-
Bias III-A. GoodNews includes mapping from the corpus
GoodNewsEveryone [37] and MediaBias consists of head-
lines paired as per the events, similar to [6]. We provide
data generation frameworks to aid expansion and data
customization for both datasets.

B. POLITICAL BIAS PREDICTION
In general, news bias is identified by studying linguistic
attributes such as keywords and syntactic features. But,
with the advent of machine learning and neural net-
works [38], [39], [40], [41], advanced algorithmic methods
for bias analysis in news texts have been developed [42], [43].
For instance, leveraging recent advancements in deep learn-
ing, the authors in [42] developed a sentence-level factuality
and bias prediction model fine-tuned on BERT [44]. Authors
in [45] used the Gaussian Mixture Model, whereas authors
in [43] used BERT and ELMo [46] to classify political bias
in news articles, respectively.

There is another set of studies that aim to identify political
bias based on explicitly defined features, such as quotes from
think tanks. For example, authors in [18] studied news bias
by estimating the ideological scores of major outlets. For the
study, they made a list of influential policy groups and active
think tanks and counted how many times a specific outlet
and members of Congress used quotes from those groups.
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Based on the pattern of citations, they estimated the bias
score. However, articles might not cite a specific policy group
but still exhibit political favouritism. For instance, one party
may be disproportionately criticised for building up another
party’s figure. Several features are therefore required to be
considered to determine political leaning.

The majority of related research seeks to strengthen
methods for determining bias in news content as opposed to
the headline. There are only a few methods concerning bias
in headlines. For instance, authors in [47] used a headline
attention network consisting of a headline encoder, an article
encoder, and a headline attention layer to detect political
bias in news content. They used headlines, articles, and the
bias of the news to generate the dataset. They concluded
that headlines alone weren’t enough to figure out if an
article was biassed or not. To analyse the bias induced at
different granularity levels, authors in [6] extracted the most
representative, discriminative, and sentiment-inducing words
as the features of their classifiers. Their analysis revealed that
named entities are very important to discriminate the left or
right orientation of the text, whereas sentiment words play a
crucial role in subjectivity identification.

Although deep learning is believed to be superior at
learning complex and dense text representations through the
capture of semantic and syntactic information, extending it
from bias classification at the article level to the headline
level is not plausible [6]. This is because headlines are more
complicated and ambiguous than news articles, and they lack
contextual and conceptual information.

To address this bottleneck in similar tasks, prior studies
have focused on utilising external knowledge. For instance,
Mihaylov and Frank [48] used key-value memory to rep-
resent commonsense facts and employ word-to-knowledge
attention; Chen et al. [49] used semantic relations present in
WordNet [50] to enhance attention and inference capabilities;
Bauer et al. [51] proposed a mutual information-based
knowledge selection method and integrated knowledge using
gated attention; Zhang et al. [52] proposed using triplet-based
knowledge to resolve coreferences.

Although these studies incorporate knowledge into
pre-trained language models, they prioritise entity-centric
facts in knowledge bases over commonsense, limiting
their capacity to intuitively reason about events and
situations. Empirical evidence suggests that the incorporation
of commonsense knowledge is a valuable resource for
language inference, leading to significant improvements in a
variety of tasks [53], [54]. Consequently, recent research has
sought to integrate external commonsense knowledge into
pre-trained models to enhance linguistic representation for
knowledge-reliant NLP tasks [55].

For generating such knowledge, commonsense knowledge
graphs are commonly employed as standard tools to provide
models with inferential background knowledge [56], [57].
ATOMIC is an example of such a knowledge graph, with
an emphasis on event representation and enhanced relation
types. As evidenced by its performance in comparison to

human evaluation, it demonstrates competitive performance
in the if-then reasoning task. ATOMIC20

20 [13] which is an
extension of ATOMIC [58] is another example. It incorpo-
rates additional event-centric relations and ConceptNet [59]
facts that are not easily captured by language models,
resulting in a comprehensive repository of complex entities.

The commonsense knowledge bases aid in training neural
languagemodels to generate commonsense descriptions [60].
In contrast to extractive methods, the models trained on com-
monsense knowledge bases exhibit a substantial advantage in
their ability to generate knowledge about unseen events. This
attribute is particularly essential for tasks that necessitate the
use of commonsense [9], [12].

Our study diverges from prior research by demonstrating
the potential of leveraging implicit knowledge acquired from
pre-trained language models and explicit knowledge in the
form of inferential commonsense knowledge at the same
time.We show that they can be used in conjunction to enhance
the task of bias prediction in complex news headlines.
We present our framework that utilises the commonsense
knowledge acquired using the neural knowledge model
COMET [13] trained on ATOMIC20

20 knowledge graphs.
It employs an attentive knowledge selection strategy for
emphasising significant inferences in the generated inferen-
tial statements. To ensure future adaptability, we design our
framework to be model-agnostic, allowing it to be packaged
with cutting-edge linguistic models as they become available.

III. DATASET DESCRIPTION
To address the lack of standardised, annotated datasets for
the task of bias prediction in news headlines, we present two
distinct datasets. We generate the first dataset, MediaBias
(Section III-A), by utilising bias labels from the bias
rating portal allsides.com. We generate the second dataset,
GoodNews (Section III-B), by extracting the headlines and
their bias values from the dataset GoodNewsEveryone [37],
which is based on the bias rating portal adfontesmedia.com.

In Table 1, we summarise dataset statistics, including the
number of headlines for each political ideology, the average
number of words in the headline, and so on. We document
our datasets following the requirements of the FAIR Data
Principles.1

A. MediaBias
1) RAW DATA SOURCE: ALLSIDES

To generate the dataset MediaBias, we use the bias rating
portal allsides as the raw data source. The team at allsides
consists of news experts with political leanings from all sides
of the political spectrum. Every week, they identify the most
important news stories and write about twenty roundups.
They cover stories ranging from major national events to
niche opinions. Their goal is to cover themost important news
stories rather than the most clickable, viral, or interesting
ones. For each roundup, they scan over 800 media outlets

1https://www.nature.com/articles/sdata201618/
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TABLE 1. Dataset Statistics. Avg. length: average number of words in the headline.

FIGURE 3. Overview of MediaBias generation process.

and release bias ratings for three sources that have published
articles about it from different political perspectives. They
then compile three main headlines from the left, center, and
right sides of the same story and present them side by side
to compare news coverage, identify bias, and get the entire
story. Since it provides annotations for individual stories
based on a rigorous process [61], we use it as a source of
high-quality gold standard data for our dataset generation
process.

2) MEDIABIAS GENERATION PROCESS

We generate the dataset MediaBias by using the existing
bias labels from the featured headline roundups of the news
aggregator allsides. We begin by crawling through all of
the featured stories, regardless of their category. For each
story, we then crawl through the three major stories and
all the stories related to their topic from different political
perspectives. Following that, we record the headlines of each
story along with their bias values. We remove duplicate

FIGURE 4. Bias label distribution. The graphs demonstrate the imbalance
in both datasets.

headlines as well as those with labels Lean Left, Lean
Right, Not Rated, and Mixed. The generation process is
demonstrated in Fig. 3.

We end up with 11, 031 headlines with an average length
of 13 words. Since the bias label distribution is not uniform,
as shown in Fig. 4, we use a stratified split to replicate this
imbalance across the generated train-valid-test sets.

B. GoodNews
1) RAW DATA SOURCE: ADFONTESMEDIA

We use the bias rating portal Adfontesmedia as the raw data
source to generate the dataset, GoodNews. It scores news
outlets by using bias and reliability as coordinates on its
chart [62]. It assigns ratings to articles based on the opinions
of a panel of expert analysts. Before labelling an outlet, the
panels read at least three to thirty articles. They calculate the
reliability score by adding individual ratings for an article’s
correctness, use of fact or opinion, and appropriateness of
its headline and graphic content. The political bias score is
influenced by topic selection or omission, the language used
in the article, and the extent to which a political stance from
left to right is endorsed. Individual ratings for each reviewed
article are then aggregated to calculate an outlet’s overall
bias and reliability score, with popular articles receiving
more weight. This average determines the placement of
the outlet on the chart. Markers in the chart range from
Most Extreme Left to Most Extreme Right along the bias
axis.

2) GoodNews GENERATION PROCESS

We generate the dataset GoodNews by extracting the
headlines and their bias values from the corpus GoodNew-
sEveryone [37] which is based on adfontesmedia. To do so,
we first crawl through all the headlines in the corpus. For each
headline, we then extract the headline text and its associated
bias values. Following the range of bias values defined by
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FIGURE 5. Overview of GoodNews generation process.

adfontesmedia.com, we then map the horizontal bias values
from �30 to �18 to the left, �6 to 6 to the center, and 18 to
30 to the right. For mapping, we use the horizontal axis,
which represents the political orientation of the news. Fig. 5
depicts the dataset generation process.

We end up with 3, 058 headlines with an average length
of 13 words. Similar to MediaBias, we use a stratified split
to mimic the imbalance in the resultant train-valid-test sets,
as illustrated in Fig. 4.

IV. MATERIALS AND METHODS
In this section, we first formulate the task of predicting
political bias in news headlines. We then present a brief
discussion of the baseline models that we use to evaluate IC-
BAIT.We then introduce our proposed framework and its key
components. Finally, we discuss the metrics that we use for
evaluation.

A. PROBLEM FORMULATION
For a given headline text H , the task begins with the acqui-
sition of its associated inferential commonsense knowledge
IC_Knwl,

IC_Knwl = c(H , ↵) (1)

Here, c is the commonsense knowledge modelling function,
and ↵ denotes the model parameters. Given the pair
(H , IC_Knwl), our final task is to train a classifier that maps
this extended feature space of short texts into the political bias
label set B. Mathematically, it can be formulated as,

b = f (H , IC_Knwl, ✓) (2)

FIGURE 6. Outline of the task of predicting political bias in news
headlines.

where f is the bias prediction function, ✓ denotes the model
parameters, and b indicates the bias labels in the set B. Fig. 6
depicts an outline of the formulated problem.

B. BASELINE MODELS
We examine the following state-of-the-art language models
in IC-BAIT for a comprehensive evaluation:

• ALBERT (A Lite BERT) [63]: a lite BERT [44]
for self-supervised language representation learning.
It uses a self-supervised loss that models inter-sentence
coherence and the parameter reduction technique to
decrease memory usage and accelerate training. Pre-
trained model: https://tfhub.dev/google/albert_base/

• DistilRoBERTa (Distilled Robustly optimized BERT
approach) [64]: a knowledge-distilled version of the
robustly optimised BERT-based model, RoBERTa [65].
It significantly outperforms BERT as its model is trained
longer with larger batches on longer sequences over
more data, the objective of predicting the next sentence
is removed, and the masking pattern on training data is
modified dynamically.

• MPNet (Masked and Permuted Net) [66]: a masked
and permuted method that inherits the benefits of
BERT and XLNet [67] without suffering their draw-
backs. It employs permuted language modelling to
take advantage of the dependency among predicted
tokens and takes auxiliary position information to
present the model with a complete sentence, thereby
reducing position discrepancy. Pre-trained model:
https://github.com/microsoft/MPNet

• MiniLMv2 (Mini Language Model v2) [68]: a gen-
eralised and simplified deep self-attention distillation
in MiniLM [69]. It introduces multi-head self-attention
relation distillation to provide students with a flexi-
ble number of attention heads while also improving
fine-grained self-attention knowledge. Distilled model:
https://aka.ms/minilm

• CMLM (Conditional Masked Language Model-
ing) [70]: a conditional masked language model
built on a 12-layer BERT architecture. It com-
bines sentence representation learning with MLM
training by using encoded vectors of adjacent
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FIGURE 7. Abstract representation of the bias prediction framework.

sentences as a conditioning factor. Pre-trained model:
https://tfhub.dev/google/universal-sentence-encoder-
cmlm/en-base/

• GPL (Generative Pseudo Labelling) [71]: a method
for training dense retrievers using unsupervised domain
adaptation. It relies on pseudo-labelling in conjunction
with robust cross-encoders and query generators. Pre-
trained model: https://huggingface.co/GPL

• GPL+BPR (Generative Pseudo Labelling + Binary
Passage Retriever) [72]: a method that optimises
BPR [73] using GPL. It achieves memory efficiency
by employing compact binary codes instead of contin-
uous vectors, and domain adaptation efficiency with-
out requiring domain-specific annotated training data.
Model: https://github.com/NThakur20/income

• LaBSE (Language-agnostic BERT Sentence Embed-
ding) [74]: a BERT-based, language-agnostic model.
It employs a novel combination of masked language
modelling, translation languagemodelling, dual encoder
translation ranking, and additive margin softmax to
establish a new benchmark for bi-text mining. Pre-
trained model: https://tfhub.dev/google/LaBSE

C. METHODOLOGY
Our proposed framework (IC-BAIT), as illustrated in Fig. 7,
is built around the following key components: IC_Knwl
acquisition and refinement, feature extraction, IC_Knwl
selection, and bias prediction. We sketch the pseudocode for
IC-BAIT in Algorithm 1 and present a detailed description of
each component in the following subsections.

1) IC_Knwl ACQUISITION AND REFINEMENT

IC_Knwl assists in simplifying, comprehending, and explain-
ing events that are not explicitly stated in the headline.
To acquire it for each headline H , we use the neural
knowledge model COMET (COMmonsensE Transform-
ers)2 [13] trained on the ATOMIC2020 (ATlas Of MachIne

2https://github.com/allenai/comet-atomic-2020/

Algorithm 1 bias prediction algorithm.
Input: headline textH , true bias label b, inference type Itype,

ranking algorithm r , number of references k
Output: predicted bias label b̂
1: while not converge do
2: for each headline H do
3: extract IC_Knwl using (H , Itype, r, k)
4: F ref. Eq. 3
5: refine IC_Knwl
6: F ref. Section 3
7: extract feature vectors H 0 and IC_Knwl 0

8: F ref. Section IV-C2
9: filter and select relevant knowledge fIC_Knwl

10: F ref. Eq. 4
11: generate fused feature vector F using H 0 and

fIC_Knwl
12: F ref Eq. 5
13: get predicted label b̂
14: F ref Eq. 6
15: calculate prediction Loss
16: F ref. Eq. 7
17: backpropagate Loss to update IC-BAIT
18: end for
19: end while

Commonsense-2020)3 [13] knowledge graphs:

IC_Knwl = COMET (H , Itype, r, k) (3)

where Itype, r , and k denote the inference type, ranking
algorithm, and the number of returned references respec-
tively. We set Itype = {oEffect, oReact, oWant, xAttr, xEffect,
xIntent, xNeed, xReact, and xWant}, r = beam, k = 3. Fig. 8
defines the inference types.

For each Itype inference in IC_Knwl, we first determine
whether or not the returned list is empty. We then assign
‘none’ to IC_Knwl if the list is empty or if all of the entries
are ‘blank’ or ‘garbage’. If the list isn’t empty and at least one

3https://allenai.org/data/atomic-2020

80892 VOLUME 11, 2023



S. Swati et al.: Inferential Commonsense-Driven Framework for Predicting Political Bias

FIGURE 8. Interpretation of ATOMIC20
20 inference types.

FIGURE 9. Flowchart of inferential knowledge acquisition process.

item isn’t blank or garbage, we add the first such item to the
IC_Knwl list. Fig. 9 illustrates the flowchart of the IC_Knwl
acquisition process.

To render IC_Knwl more meaningful, we combine the
retrieved inferences into a statement describing the properties
of the person involved, for example,

1) Headline: Fighting for the Right to Repair Our Stuff
2) Raw IC_Knwl: xAttr: hardworking, xNeed: to learn

how to repair, xIntent: to be able to repair, xEffect:
fighting for the right to repair, xWant: to make sure
it’s fixed, xReact: proud, oWant: to help others, oEffect:
fight for rights, oReact: happy

3) Processed IC_Knwl: PersonX is hardworking, needed
to learn how to repair, intended to be able to repair,
fighting for the right to repair, to make sure it’s fixed,
feels proud. Others want to help others, fight for rights,
feel happy.

2) FEATURE EXTRACTION

To acquire the feature vectors H 0 and IC_Knwl 0 from
the headline (H ) and Inferential Commonsense Knowledge
(IC_Knwl), we use the state-of-the-art pre-trained language
models that we describe in Section IV-B. IC-BAIT is model-
agnostic, and thus models of any depth can be easily
integrated.

3) KNOWLEDGE SELECTION

Using only one of the inference types to predict the bias
may not be ideal. For instance, if we rely exclusively on
one of the inference types, such as Person X’s reaction,
the resulting inferential knowledge may aid in sentiment
prediction but not in comprehending the context of the event
for bias prediction. As a result, we use all of the inference
types for our task. However, not all of them are equally
important. Consequently, we utilise a method that resembles
an established and efficacious approach to selecting relevant
knowledge [12], [75].

To filter the relevant knowledge, we first apply the Sigmoid
function [76] to IC_Knwl 0, to measure the importance of each
inference. Specifically, we employ it as a cumulative density
function of the logistic distribution to assign probabilities
to the inferences [77]. We then multiply IC_Knwl 0 by the
resulting importance scores and feed the resultant vector to
a Multi-Layer Perceptron (MLP) network that learns to mix
the inferences of different Itype to generate fIC_Knwl:

fIC_Knwl = MLP(sigmoid(IC_Knwl 0) � IC_Knwl 0) (4)

where � denotes element-wise multiplication.

4) BIAS PREDICTION

For the task of bias prediction, we first generate the fused
vector F by concatenating H 0 and fIC_Knwl:

F = H 0
� fIC_Knwl (5)

where� represents the concatenation operation.We then feed
F to the MLP network. To finally predict the bias label b̂,
we pass the resultant vector to the Fully Connected layer (FC)
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having Softmax (� ) activation with three output neurons that
represent bias labels in B.

b̂ = FC(� (MLP(F)) (6)

For the training process, we use categorical cross-entropy
as the loss function:

Loss = �

|B|X

i=1

(bi ⇤ log(b̂i)) (7)

where bi and b̂i denotes the actual and predicted probability
of selecting the ith bias label in B. We release the detailed
experimental settings at https://github.com/Swati17293/
IC-BAIT

D. EVALUATION METRICS
We use the following well-known metrics [78] for perfor-
mance evaluation:

• Accuracy (Acc.) measures the proportion of correct
predictions and overall predictions.

• F1-score is the weighted average of Precision (P) and
Recall (R) calculated as:

F1-score = 2 ⇤ ((P ⇤ R)/(P+ R)) (8)

where P denotes the proportion of correctly predicted
instances of a bias category, say (c), to the total number
of predicted instances of that category, and R denotes
the proportion of correctly predicted instances out of
the total number of actual instances that fall under the
category c.

• Jaccard-score (J) [79] computes the fraction of cor-
rectly predicted instances over all instances, excluding
true negatives. It disregards true negatives in favour of
true positives. For an imbalanced dataset like the ones
used in this study, where true negatives outnumber true
positives, it helps to gain a deeper understanding of the
results.

We report a macro-averaged F1-score (F1) to ensure that all
bias classes are treated equally. In addition, we report amicro-
averaged F1-score (F1µ) and a micro-averaged Jaccard-score
(Jµ) to account for the problem of class imbalance.

V. RESULTS AND ANALYSIS
We begin the section by presenting the experimental results.
We then thoroughly examine the experimental results to
study the impact of IC-BAIT on the task of bias prediction.
We conclude with a comprehensive analysis to determine the
scenarios under which IC-BAIT is beneficial and when it is
counterproductive.

A. EXPERIMENTAL RESULTS
Table 2 shows the overall performance distribution of
the baseline models and our framework. For each metric,
it reports the average score across the models. For com-
parison, we use Fig. 10a and Fig. 10b to illustrate the

FIGURE 10. Boxplots of overall performance distributions for the
datasets (a) MediaBias and (b) GoodNews, where the presence of a
median near the third quartile (Q3) and a relatively high Q3 indicates
superior performance.

distributional characteristics of overall performance scores
for all reported metrics across the MediaBias and GoodNews
datasets. We use boxplots for visualisation as they are reliable
and can reveal a lot of statistical information, such as ranges,
outliers, and medians. For instance, the line positioned in
the middle of the box represents the median, with scores
above it indicating the top 50% of results. Similarly, the
line at the top part of the box signifies the third quartile
(Q3) with scores above it indicating the top 25% of results.
From the plots, it can be clearly seen that our framework has
superior performance for each metric on both datasets, with
a comparatively higher median and Q3.

In general, a model performs better when there are
more training samples. However, interestingly, the results
reveal that the models perform better on the smaller
dataset (GoodNews) than on the larger one (MediaBias).
The reason for this can be attributed to the dataset’s
characteristics. Whereas a team of experts selected the
headlines in the MediaBias dataset to present the news
stories from different political perspectives, the GoodNews
dataset was assembled to classify emotions, which may
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TABLE 2. Overall performance distribution of the baseline models and our proposed framework. Percentage improvement, denoted by %", indicates that
our framework significantly improves prediction performance on both datasets.

TABLE 3. Detailed performance distribution of the baseline models and our proposed framework for the datasets (a) MediaBias and (b) GoodNews, with
%" representing the percentage improvement.

have contributed to improved performance. The fact that
MediaBias is event-centric whereas GoodNews is not could
also be a contributing factor.

To aid clarity and comprehension of the findings, Table 3
presents a detailed breakdown of the scores for each model.
In a nutshell, IC-BAIT improves the baseline models in
terms of Acc. (2.0-10.0%), F1 (2.2-22.2%), Jµ (up to
15.1%), and F1µ (up to 18.6%). The results reveal that
CMLM for MediaBias and GPL for GoodNews stand out
as the best-performing models, with impressive percentage
improvements across all metrics. In a nutshell, our findings
indicate that the integration of baseline models within our
framework has a notable impact on prediction performance.

B. CASE STUDY
We investigate the prediction results of IC-BAIT (with and
without IC_Knwl) for Left, Right, and Center oriented
headlines and present a representative example from each set
in Table 4.

In the study, it can be observed that IC-BAIT without
IC_Knwl appears to fail in the majority of cases where the

entities and/or terms mentioned in the headline are strongly
correlated to an ideology other than that of the headline.
In these cases, the model is more likely to learn the unjust
correlation and predict it incorrectly. However, by incor-
porating IC_Knwl, IC-BAIT improves its understanding of
the inferred meaning and makes predictions guided by that.
As a result, it gains the ability to focus not only on the
important entities and events mentioned in the headline
but also on the explanation of unstated events for better
comprehension.

1) IMPACT of IC_Knwl

To better understand the impact of IC_Knwl, it is necessary
to investigate whether or not it guides the model to take a
specific decision. For that, we use the LIME (Local Inter-
pretable Model-Agnostic Explanations) [80] xAI framework,
a popular qualitative interpretation tool. It provides a set of
feature (word) weights as well as colour-coded text to aid in
the explanation of a model prediction.

We first use the headline as the framework’s sole input, and
then we separate the misclassified instances, for which we

VOLUME 11, 2023 80895



S. Swati et al.: Inferential Commonsense-Driven Framework for Predicting Political Bias

TABLE 4. Case study of bias label predictions by IC-BAIT (with and without IC_Knwl) for Left, Right, and Center oriented headlines.

generate explanations to understand the probable reasons for
misclassification.We then include IC_Knwl in the framework
with the headline and regenerate the explanations for the
same instances to see its impact on the prediction. Fig. 11
and Fig. 12 illustrate results for the top five significant
features.

We follow the same procedure for the rest of the
misclassified instances and conduct an in-depth analysis to
determine the cases in which IC_Knwl is useful, and we reach
the following conclusions:

• Short headlines: they lack the necessary contextual
information to make an accurate prediction.
Example: the short headlines, such as ‘‘Brickbat: It’s
a Gas Gas Gas’’ and ‘‘Grit Won’’, are insufficiently
descriptive.

• Entity: whereas entities mentioned in headlines carry
considerable weight, in the absence of contextual
information, they quite often confuse the model.
Example: although the entity ‘‘FDA chief’’ is the
main subject of the headlines from different political
ideologies, it has no bearing on definite ideology (ref.
Table 5).

• Metaphor: while the words used in metaphors are
significantly important, their interpretation may or may
not be symbolic depending on their context. Typically,

their literal and symbolic meanings are quite dissimilar,
which complicates prediction.
Example: consider the following two headlines:
‘‘Trump: Al-Baghdadi Died Like a Dog’’ and ‘‘Ari
Fleischer Lied and People Died’’. The word ‘‘died’’
in the metaphor ‘‘died like a dog’’ refers to ‘‘died in
a painful and humiliating manner’’ and thus carries a
negative emotional pull. The second headline, on the
other hand, uses the same word ‘‘died’’, implying an
emotion such as grief.

• Domain-specific/slang words: these words are typi-
cally unimportant and provide little or no context to
other significant entities (if present), and may lead to
misclassification.
Example: in the headline ‘‘Journos Hit Hick for Pot
Flip-Flop’’, ‘‘journos’’ is slang for ‘‘Journalists’’ which
is difficult for a model to comprehend. ‘‘flip-flop’’ in
turn is a domain-specific word (political news) that
refers to ‘‘a sudden reversal of proposals’’ in contrast
to its general definition ‘‘a type of footwear’’.

• Satire: it appears to be a straightforward statement, but
it contains humorous criticism.
Example: the headline ‘‘America’s Racist Legacy From
Slavery to the War on Immigrants’’ is a criticism of
history being whitewashed.
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FIGURE 11. LIME visualization result: words like ‘‘allegations’’ in the headline 11a strongly indicates that the headline is center-oriented. However, the
addition of words such as ‘‘rid ’’ and ‘‘betrayed ’’ from IC_Knwl results in a final prediction score of 0.55, making the model 11b quite confident in its
prediction.

• Sarcasm: sarcastic headlines imply the inverse of what
is stated plainly. When used sarcastically, words with a
larger weight mislead the model.
Example: the headline ‘‘Trump: Illegal immigrants in
sanctuary cities would make the ‘Radical Left’ happy’’
refers to Trump’s sarcastic remark about Left-wing
supporters. Words like ‘‘Trump’’, ‘‘Radical Left’’, and
‘‘happy’’ convey a positive emotion rather than negative
taunting.

Additionally, we identified instances where including
IC_Knwl adds little or no value. For example,

• When IC_Knwl is comprised of generic information.
There are numerous instances where IC_Knwl returns
nearly identical information for different headlines.
Consider the following headlines and their IC_Knwl as
an example:

– Headline: Bernie Sanders Wins Indiana Demo-
cratic Primary. (Bias Label: Left)
ICKnwl: PersonX is hopeful, needed to run for
office, intended to win the election, wins the
election, wants to get elected, feels happy. Others
want to congratulate him, wins the election, feel
happy.

– Headline: Biden Sweeps DemPrimaries in Arizona
Florida Illinois. (Bias Label: Right)

ICKnwl: PersonX is hopeful, needed to run for
office, intended to win the election, wins the
election, wants to win the election, feels happy.
Others want to win the election, wins election, feel
happy.

• When IC_Knwl is devoid of significance. There are
headlines where the inferences drawn by IC_Knwl are
insignificant (ref. Fig. 13).

• When the world knowledge overpowers IC_Knwl.
There are instances where world knowledge is more
important than IC_Knwl for the ideology prediction
(ref. Fig. 14).

VI. LIMITATIONS AND FUTURE DIRECTIONS
The limitations of our framework originate primarily from its
key components. To begin with, including IC_Knwl renders
little or no significant improvement when it lacks any useful
information (ref. Section V-B1). For instance, when it is
comprised of generic information, is insignificant, or when
world knowledge overpowers it. Similarly, there are instances
where IC_Knwl alone is sufficient for accurate prediction.
Identifying when to include and exclude IC_Knwl precisely
and quantitatively continues to pose a challenge. Another
limitation applies to its reliability. Augmenting explicable
justifications for its outcomes would greatly enhance its
reliability.
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FIGURE 12. LIME visualization result: the headline contains too many important words representing different ideologies, which confuses the model 12a.
Using IC_Knwl, the model 12b, on the other hand, correctly predicts the ideology.

TABLE 5. IC_Knwl acquired from headlines of varying political ideologies reporting on the same event. The inclusion of IC_knwl facilitates prediction.

Furthermore, given that our framework is model-
independent, it can be used to predict bias in headlines that
are not in English. However, this scenario is only possible if
the language model can process multiple languages and the
extracted IC_Knwl is in the target language. For instance, the
multilingual language model CMLM [70] has the potential
to serve as a multilingual language model. It is a fully
unsupervised learning model that can readily be extended
to a wide range of languages. For knowledge extraction,

MultiCOMET [81] is a viable option. However, when used in
this setting, the quality of knowledge it produces will directly
influence the framework’s performance.

In addition, advanced methods for knowledge selection
and its subsequent integration into the framework remain
unexplored, despite their potential to significantly improve
the framework’s performance. Also, the large-scale language
models used in the study require considerable resources.
Consequently, there remains a need to investigate strategies
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FIGURE 13. True: Right, Predicted: Center. A flashy headline is typically associated with right-wing ideology. However, including IC_Knwl, which is
insignificant for this headline, confuses the model.

FIGURE 14. True: Left, Predicted: Right. In order to correctly predict the ideology of this headline, the world’s knowledge that the ‘‘Libyan National Army’’
is associated with the ‘‘Left-wing’’ is more important than the IC_Knwl.

to accelerate training time [82], [83]. Finally, the limitations
of the knowledge base and models employed within the
framework are also inherent limitations of our proposed
framework.

Besides handling the above limitations in the future,
additional inferential knowledge bases and their impact
on prediction performance can be investigated. Moreover,
additional input data, such as information derived from
external knowledge bases, can also be pursued.

VII. CONCLUSION
Detecting bias in a news headline can be difficult, as they are
typically short and may lack the context of bias embedded
in the underlying article. Furthermore, it is challenging
to capture syntactic and semantic information in its short
text. We propose our framework, IC-BAIT to address these
challenges. It uses IC_Knwl acquired from ATOMIC2020
graphs using COMET to enhance political bias prediction in
news headlines. It employs IC_Knwl in a manner that is very
similar to how people use commonsense inferences to carry
out their day-to-day tasks.

Due to the scarcity of large-scale datasets for the given
task, we also present two datasets:MediaBias andGoodNews.
We conduct experiments on both of them to determine

IC-BAIT’s generalisability. The results demonstrate that the
baseline models, when used within IC-BAIT, had superior
performance on both datasets.

We conduct an in-depth, case-by-case investigation using
LIME (Local Interpretable Model-Agnostic Explanations),
an xAI framework. We discover that, while IC_Knwl can
be extremely beneficial in some cases, it can also be
counterproductive in others. In a nutshell, when the headline
is combined with a carefully chosen IC_Knwl, the model
can focus not only on the important entities and events in
the headline but also on the explanations for unstated events,
resulting in better predictions.

Although the task of classifying political bias in news
headlines is still in its early stages, we believe that our method
and findings will prove beneficial for copy editors, practical
application domains such as e-journalism and manual news
bias prediction portals, and automated headline bias-flipping
systems, among others.
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Chapter 4

Framework Extension for
Multilingual Context

This chapter presents the research published in the article titled A commonsense-
infused language-agnostic learning framework for enhancing prediction of political
bias in multilingual news headlines (Swati, Grobelnik, et al., 2023). The paper
was published in the scientific journal Knowledge-Based Systems, Volume 277, dated
October 2023. The journal holds a Q1 quartile ranking with an impact factor of 8.8
and is indexed in the Science Citation Index Expanded.

In our previous study (Swati, Mladenić, & Grobelnik, 2023), we delved into the challenges
of predicting political bias in short news headlines. By utilising Inferential Common-
sense Knowledge (IC_Knwl), our objective was to enhance the comprehension of English-
language news headlines for the task of predicting political bias. This study expands
upon the prior research by incorporating low-resource languages in multilingual settings.
The proposed approach involved leveraging IC_Knwl through a translate-retrieve-translate
strategy using the Google Translate API 1 for translation. The strategy aimed to uncover
contextual features for comprehension of the overall narrative of multilingual headlines.
Additionally, it employed an attention mechanism to emphasise relevant inferences within
the acquired knowledge. Using this knowledge, we introduced a language-agnostic learn-
ing framework for enhancing political bias prediction in low-resource multilingual news
headlines, even under imbalanced sample distributions. Ensuring its future adaptability,
we maintained a model-agnostic approach, enabling seamless integration with forthcoming
advanced multilingual pre-trained language models.

To evaluate the effectiveness of the framework, we introduced a bias-annotated dataset
of over 62.6K multilingual news headlines in five low-resource European languages (Czech,
Finnish, Romanian, Slovenian, and Swedish). We generated the dataset through a sys-
tematic process of crawling headlines from selected media outlets using the Event Reg-
istry 2 (Leban et al., 2014) and incorporating bias ratings obtained from the Media Bias/-
Fact Check portal 3.

We extensively evaluated our framework using several state-of-the-art multilingual pre-
trained language models since their performance tends to vary across languages (low- or
high-resource). The results illustrate the effectiveness of the framework across models and
languages. Overall, the top-performing model, trained solely with headlines, demonstrated

1https://cloud.google.com/translate
2https://eventregistry.org
3https://mediabiasfactcheck.com

https://cloud.google.com/translate
https://eventregistry.org
https://mediabiasfactcheck.com
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an accuracy of 0.90, an F1 score of 0.83, and a Jaccard score of 0.83. The integration of
attended knowledge led to a notable enhancement of 2.2% in accuracy and F1, along with
a 3.6% improvement in the Jaccard score. We extended the experiments to individual lan-
guages, which also demonstrated significant performance improvements when IC_Knwl
was incorporated. In terms of relative performance to models trained solely on headlines,
Swedish and Romanian showed the most plausible improvement of 1.43 and 1.42 times
in accuracy and F1, and 1.84 and 1.76 times in the Jaccard score, respectively. We also
conducted a focused analysis using the Slovenian language as a case study due to its rela-
tively low performance within the dataset. The findings offer valuable insights, uncovering
multiple instances of incorrect translation and suggesting a possible connection between
the performance gap and the language’s inferior translation quality. Extensive analysis
helped us uncover multiple instances of incorrect translation, which we grouped into five
types: entity detection error, comprehension error, improper sentence formation, inversion
of meaning, and miscellaneous error. Our findings offered valuable insights, suggesting a
possible connection between the performance gap and the language’s inferior translation
quality. In conclusion, the method and findings in the study exhibit promise in the task of
classifying political bias in multilingual news headlines, even in low-resource, imbalanced
settings.
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a b s t r a c t

Predicting the political bias of news headlines is a challenging task that becomes even more chal-
lenging in a multilingual setting with low-resource languages. To deal with this, we propose to
utilise Inferential Commonsense Knowledge via a Translate–Retrieve–Translate strategy to introduce
a learning framework. To begin with, we use the translate–retrieve–translate strategy to acquire
inferential knowledge in the target language. We then employ an attention mechanism to emphasise
important inferences. We finally integrate the attended inferences into a multilingual, pre-trained
language model for the task of bias prediction. To evaluate the effectiveness of our framework, we
present a dataset of over 62.6K multilingual news headlines annotated with their respective political
biases in five low-resource European languages. We evaluate several state-of-the-art multilingual pre-
trained language models since their performance tends to vary across languages (low or high resource).
Evaluation results demonstrate that our proposed framework is effective regardless of the models
employed. Overall, the best-performing model trained with only headlines shows 0.90 accuracy and
F1 and a 0.83 Jaccard score. With attended knowledge in our framework, the same model shows an
increase in 2.2% accuracy and F1 and a 3.6% Jaccard score. Extending our experiments to individual
languages reveals that the models we analyse for Slovenian perform significantly worse than other
languages in our dataset. To investigate this, we assess the effect of translation quality on prediction
performance. It indicates that the disparity in performance is most likely due to poor translation
quality. We release our dataset and scripts at https://github.com/Swati17293/KG-Multi-Bias for future
research. Our framework has the potential to benefit journalists, social scientists, news producers, and
consumers.

© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

News plays a significant role in the functioning of a democratic
society [1,2]. Even though it is presumed to be a reliable source
of information [3], bias is inevitable [4]. As a result, research
communities devote a great deal of attention to the study of news
bias [5–7]. However, the first step in conducting such a study is
to identify the bias [8,9]. Although the task may appear trivial,
it is challenging as bias can manifest itself at different levels in
complex ways [10]. When it comes to news headlines, this task
becomes even more challenging as headlines are inherently short,
catchy or appealing, context-deficient, and contain only subtle
bias clues [11,12].

⇤ Corresponding author at: Jo∫ef Stefan Institute, Jamova cesta 39, 1000
Ljubljana, Slovenia.

E-mail addresses: swati@ijs.si (S. Swati), adrian.m.grobelnik@ijs.si
(A.M. Grobelnik), dunja.mladenic@ijs.si (D. Mladeni¢), marko.grobelnik@ijs.si
(M. Grobelnik).

With the rise of digital journalism and microblogging, the
headline is becoming the only part of a news item that people
read [13]. Furthermore, since it serves as an entry point for an
article, people are more likely to form an opinion by simply
reading it without reading the rest of the article [14,15]. They
seem to be swayed more by its creativity than its clarity [16].
Journalists often use this to their advantage by fabricating facts in
a way that expresses their intended point of view, which captures
the readers’ emotions and interests [14,17].

Such biassed reporting has a direct impact on how the public
perceives events such as elections [18], protests [19], terror-
ism [20], and so on [21,22]. Therefore, it is important to identify
bias to help people form an unbiased and well-informed opin-
ion [23,24]. Some studies deal with news bias, but most of them
are for High-Resource Languages such as English and German [25,
26]. Such research is especially scarce for Low-Resource Lan-
guages (LRLs) [27], even though mitigating the effects of bias is
equally important in assisting readers of these languages [28].

With a scarcity of standard labelled data, existing studies,
and external knowledge to draw from, the task of news bias

https://doi.org/10.1016/j.knosys.2023.110838
0950-7051/© 2023 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Fig. 1. News headlines from (a) Czech and (b) Slovenian news outlets on the ‘‘hacker attacks on Russia’’ with varying political ideologies. IC_Knwl can help improve
prediction accuracy by facilitating the acquisition of additional bias cues.
(Note: this example shows only a subset of IC_Knwl relations).
Source: 24ur.com, novinky.cz, Translation: translate.google.com

identification in these LRLs becomes even more challenging [27,
29]. As a result, resolving these issues necessitates understanding
the narrative being presented [30]. This can be accomplished by
identifying connections between what is explicitly stated and
what is implied [31].

It is well known that incorporating commonsense reason-
ing abilities can facilitate the inference of such connections by
identifying a set of unstated causes and effects [32,33]. Such
additional knowledge has been proven to be beneficial for several
tasks [34–36], including the prediction of bias in English news
headlines [37]. To this end, we use the popular neural knowledge
model COMET [38] trained on ATOMIC20

20 [38] to generate the
Inferential Commonsense knowledge (IC_Knwl). Since the tex-
tual descriptions of commonsense in the ATOMIC20

20 knowledge
repository are composed in English, it creates a language barrier.

Thus, to extend its capability beyond this barrier, we propose
to leverage the Translate-Retrieve-Translate (TRT) approach [39].
Specifically, given a headline in the target language, TRT first
translates it into English and then acquires the associated knowl-
edge in English. It then translates the knowledge back into the
target language. As illustrated in Fig. 1, IC_Knwl in the target
language can help enhance prediction accuracy.

To finally predict the political bias of multilingual news head-
lines, we present a learning framework in Section 4.2.1. Given a
multilingual headline, we first use COMET with TRT to acquire
IC_Knwl in the target language. Next, we employ an attention
mechanism to emphasise important inferences. We finally in-
tegrate the attended IC_Knwl into a multilingual, pre-trained
language model for bias prediction.

However, there are no standard labelled datasets available
for evaluating our framework [27]. Prior studies either restricted
their scope to news in a single language [11] or analysed news
in different languages separately [40]. Even the overall ratings
for news outlets that publish in these languages are unavail-
able on popular bias rating platforms such as allsides.com and
adfontesmedia.com.

Given the limited number of news outlets publishing in these
LRLs for each bias class [41], imbalanced data distribution poses
another challenge. Furthermore, no labelled data may exist for
some LRLs. Especially for European LRLs, data and knowledge

resources are extremely scarce [29]. To this end, we present our
dataset of news headlines in five European LRLs annotated with
their respective political leanings (ref. Section 3). It is constructed
to mimic the challenges encountered by LRLs.

For a model to overcome the aforementioned challenges,
cross-lingual transfer learning is crucial [42–44]. It can be
achieved with the help of multilingual Pre-trained Language
Models (PLMs) [45–47]. These models can generate vector em-
beddings of texts in different languages that are aligned in a single
vector space, enabling few-shot or zero-shot learning. Advances
in multilingual PLMs have shown promise in numerous NLP
tasks [48,49]. However, to use them effectively, systems must
be fine-tuned to the task at hand [50]. Unfortunately, as stated
previously, the majority of these LRLs lack large enough data sets
for such fine-tuning. They also suffer from the problem of speci-
ficity in their vocabulary, which focuses on their cultural heritage,
which further hinders the performance of these models [51].
Therefore, in this study, we also evaluate several state-of-the-art
multilingual PLMs for their effectiveness (ref. Section 4.2.4).

1.1. Contributions

The key contributions of our work are summarised as follows:

• Proposing to leverage IC_Knwl through a TRT strategy to
facilitate comprehension of the overall narrative of the mul-
tilingual headlines.

• Introducing an IC_Knwl-infused language-agnostic learning
framework for enhancing the prediction of political bias
in multilingual news headlines under imbalanced sample
distribution.

• Presenting a dataset of multilingual news headlines anno-
tated with their respective political bias in five low-resource
European languages.

• Thorough experiments with several state-of-the-art multi-
lingual pre-trained language models to assess their effec-
tiveness.

• Analysing the impact of IC_Knwl infusion on overall per-
formance and across languages with and without attention
mechanisms.

2
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The remainder of this paper is structured as follows: After a
brief review of the key related works in Section 2, we introduce
our dataset and provide an overview of its data collection frame-
work in Section 3. We then present the materials and methods
utilised in this study in Section 4. In Section 5, we present the
results and analysis of our experiments, followed by research
implications in Section 6. Finally, in Section 7, we present the
concluding remarks and potential directions for future research.

2. Literature review

Researchers have long been interested in studying news arti-
cles and headlines to address problems such as fake news detec-
tion [52–54], sentiment analysis [55,56], topic modelling [57,58],
and so on [59,60]. While predicting the bias (e.g., left, right,
centre) of news articles is not a new problem [61–63], mod-
elling it at the headline level has received less attention [37].
In this study, we predict the political bias of multilingual news
headlines by incorporating commonsense knowledge into a pre-
trained multilingual language model. Consequently, we organise
the related work in this section from these three perspectives as
follows:

2.1. Prediction of bias in multilingual news headlines

Related studies on bias prediction relied on predefined lin-
guistic feature sets [64,65] and standard machine learning tech-
niques [66]. Recent studies, on the other hand, have advanced to
deep-learning techniques [11,67,68]. In particular, Transformers-
based models have demonstrated remarkable performance en-
hancements [69,70]. However, the majority of these studies focus
on languages with abundant resources, with only a few excep-
tions studying languages with limited resources [11]. Moreover,
these studies are either limited to a single language [22,71] or
analyse news in different languages independently [40].

The lack of large-scale annotated gold-standard datasets for
these languages further complicates the task [27,51]. Most exist-
ing datasets were generated manually [11]. Manual annotation
requires a substantial amount of time and effort. Moreover, these
small-scale datasets are not suitable for training deep learning
models [72]. There are also datasets generated using an approach
in the form of distant supervision, in which the ideology of
a news outlet is mapped to each of its articles [64,73]. The
bias score is typically obtained from prominent bias rating plat-
forms, such as allsides.com and adfontesmedia.com where a team
of domain experts employs specialised guidelines for annota-
tions. Even though distant supervision facilitates the creation
of large datasets, bias ratings are typically not available for all
outlets, especially those that publish in languages with limited
resources [41]. Another possibility is to combine the datasets
available in different languages. However, this strategy would re-
sult in an uneven distribution of topics and events across biassed
classes and languages.

To mitigate the aforementioned issues of data scarcity, we
present a diverse and scalable multilingual news headline dataset
in five low-resource languages to predict political leanings (ref.
Section 3). Inspired by but distinct from these related works, we
then introduce our learning framework (ref. Section 4.2.1). We
infuse it with inferential commonsense knowledge and explore
its application for the task of bias prediction. Furthermore, we
propose a language-agnostic learning framework that we use to
evaluate the effectiveness of several state-of-the-art multilingual
pre-trained language models.

2.2. Commonsense knowledge

Multiple studies have revealed that large-scale pre-trained
language models are implicitly capable of encoding some com-
monsense and factual knowledge [74,75]. However, these models
hardly acquire inferential commonsense knowledge, especially
in context-deficient settings [76,77]. Consequently, recent stud-
ies have investigated the application of such knowledge in a
number of NLP-related tasks [78–80]. It has been demonstrated
that injecting such knowledge improves output performance on a
variety of tasks, including reading comprehension [81], question
answering [82], and story generation [83], among others [84–86].

There exist several widely used commonsense knowledge re-
sources such as ConceptNet [87], SentiNet [88], GLUCOSE [89],
ATOMIC20

20 [38], etc. [90–92]. ConceptNet is a semantic network
containing concept-level relational commonsense knowledge as
phrases and words in natural language. SentiNet is a well-known
resource used for sentiment analysis at the concept level. GLU-
COSE is a large-scale resource used for capturing implicit ca-
sual knowledge in narrative contexts. Structured as if-then rela-
tions with an emphasis on inferential knowledge, ATOMIC20

20 is a
resource composed of everyday commonsense knowledge.

These knowledge resources are used to train generative mod-
els such as COMET [38] and ParaCOMET [93]. Trained on Con-
ceptNet and ATOMIC20

20, COMET is capable of generating a di-
verse range of context-relevant commonsense descriptions. Mo-
tivated by the related studies, we thus use COMET trained on
the ATOMIC20

20 knowledge base. However, unlike these studies, we
use it to identify unstated causes and effects in context-deficient
headlines.

2.3. Multilingual pre-trained language models

A number of language representation models, such as BERT
[94], ELECTRA [95], XLNet [96], etc. [97,98], have emerged in
recent years. The majority of them are based on transformers, a
non-sequential deep learning approach that provides positional
embeddings via a multi-headed attention technique [99]. Due
to their many advantages [100], they are popular not only for
solving a wide range of NLP-related tasks [101–104] but also for
a variety of other practical applications [105–107].

A number of their multilingual variants, such as Multilingual
BERT (mBERT) [94], XLM-RoBERTa (XLM-R) [108], and Multilin-
gual Bidirectional Auto-Regressive Transformers (mBART) [109],
have shown promising results for text processing across mul-
tiple languages [42,110,111]. If followed by task-specific fine-
tuning, they have proven to be effective [112]. However, they are
ineffective at generating sentence-level representations [113].

Several models designed to generate semantically meaningful
sentence representations, such as Sentence BERT (SBERT) [114],
Universal Sentence Encoder (USE) [113], and Language-Agnostic
Sentence Representations (LASER) [115], were proposed to ad-
dress this limitation. They have proven useful in a variety of
NLP applications [116,117]. Over the past few years, several sim-
ilar frameworks have been extended to support over 100 lan-
guages [113,118]. Some even support low-resource languages
such as Slovenian, Romanian, and so on [47,115].

Despite having millions of parameters and being trained on
diverse datasets, these models are not guaranteed to generalise
to all tasks and domains [112]. As a result, we investigate and
compare several state-of-the-art PLMs in this study for their
effectiveness.

3
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3. Dataset

We introduce our dataset and describe its data collection
framework in this section. To begin with, we introduce two
primary data sources that serve as the foundation for our dataset.
We then present a detailed description of our framework for data
collection, followed by a description of our dataset.

3.1. Primary data sources

In this section, we present two primary data sources: Media
Bias/Fact Check (MBFC) and Event Registry (ER). We use the bias
rating portal MBFC to select media outlets and retrieve their
associated bias labels. We use ER to crawl the headlines of articles
published by these selected media outlets.

3.1.1. Media bias fact/check
Several well-known platforms, such as allsides.com, adfontes

media.com, and mediabiasfactcheck.com [119], publish bias rat-
ings for media outlets. However, due to the scarcity of such
ratings for outlets in low-resource languages, we chose to acquire
labels exclusively from MBFC. It is a trustworthy bias rating
and fact-checking platform with extensive coverage and regular
updates. It has been employed to predict and assess media bias
in a number of studies [120]. In addition, it has also been utilised
to develop tools such as ‘Iffy Quotient’ [121], which monitors
the prevalence of fake news and questionable sources on social
media.

To assign bias ratings to media sources, it establishes five
levels of political bias: ‘left’, ‘left-center’, ‘center’, ‘right-center’,
and ‘right’ [122]. It also assigns ratings based on their credibility
and factual accuracy. These ratings are assigned by a group of
paid contractors and volunteers who are instructed to adhere
to a predetermined methodology [123]. Based on a quantifiable
system, its methodology includes both objective and subjective
measures.

3.1.2. Event registry
To scrape news headlines, we use the Event Registry [124]

platform. It has a custom collection of over 150,000 diverse
sources from around the world in over 50 languages. It is widely
used in studies involving news event analysis [125–127]. Its pri-
mary objective is to cluster contents as events, but it also fa-
cilitates the collection of news stories and articles. It offers a
Python API1 for accessing news content minutes after it has been
published online. It has several search options for filtering out the
desired content, such as searching by any news outlet, keyword,
language, and others. Using this API, it is possible to extract news
content as well as metadata published by different publishers in
different languages.

3.2. Data collection framework

As illustrated in the data collection framework in Fig. 2, we
begin the process by compiling a list of low-resource European
languages (L). L = {l1, l2, . . . , ln}, with n representing the total
number of languages in the list. 8l 2 L, we then compile a
list of media outlets (O) publishing in l ranked by MBFC (ref.
Section 3.1.1). We define O = {o1, o2, . . . , om}, with m as the total
number of outlets in the list. 8o 2 O, we then check whether
o is ranked as a questionable source or not. Since questionable
sources are prone to promote unfounded claims or theories as
facts and offer little or no references to credible sources of in-
formation, they may turn out to be untrustworthy. Therefore, we

1 https://eventregistry.org

discard such sources. 8 unquestionable o, we extract the political
bias label b assigned by MBFC.

We then define an explicit temporal query (Qt ):

Qt = {Qo, Ql, Qcat , Qdt} (1)

where, Qo, Ql, and Qcat defines the query o, l, and categories2
respectively, and Qdt defines the time constraint with Qsd and Qed
representing the start and end dates:

Qdt = [Qsd,Qed] (2)

To scrape all the article headlines (H) published by each un-
questionable o, we utilise Qt to query ER (ref. Section 3.1.2):

H = ER (Qt ) (3)

Finally, we assign the previously extracted bias label b to the
headlines in H to construct the dataset. To generate the
train/valid/test splits, we adopt a stratified split to simulate the
imbalance in the collected data across the languages.

3.3. Dataset description

Our dataset consists of news headlines annotated with their
respective political leanings. We construct it to mimic the chal-
lenges encountered by LRLs. We begin by selecting five low-
resource European languages: Czech, Finnish, Romanian, Slovenian,
and Swedish. We then compile a list of media outlets ranked by
MBFC in these selected languages. We end up with seven news
outlets: 24ur, Dagens Nyheter, Delo, Digi24, Helsingin Sanomat,
Hotnews, and Novinky with bias labels Left Centre, Least Biased,
and Right centre. In the end, we manage to generate 62,689 news
headlines with an average length of 10.2 words.

In Table 1, we list the statistics for each language in the
dataset. It is carefully documented and adheres to the require-
ments of the FAIR Data Principles3.

4. Materials and methods

In this section, we begin by stating the research objectives,
followed by formally defining the task of predicting the political
bias of multilingual news headlines. We then present our learning
framework and its key components, followed by a brief discussion
of baseline models and the evaluation metrics used in this study.

4.1. Research objectives

The primary objective of this study is to investigate the im-
pact of our proposed framework for predicting political bias in
multilingual news headlines. It takes advantage of state-of-the-
art pre-trained language models and inferential commonsense
knowledge in a multilingual setting. In this context, we define
the following research objectives:

• RO1: Introduce a knowledge-infused and language-agnostic
learning framework.

• RO2: Evaluate the impact of using inferential commonsense
knowledge as a source of additional information in a multi-
lingual setting.

• RO3: Compare the effectiveness of several state-of-the-art
multilingual pre-trained language models.

• RO4: Investigate the influence of knowledge attention on
prediction performance.

2 https://eventregistry.org/documentation?tab=suggCategories Note: For our
dataset, we only use the categories defined by ER as ‘news’.
3 https://www.nature.com/articles/sdata201618/
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Fig. 2. Data Collection Framework. We use MBFC and ER as the primary data sources in the framework.

Table 1
Dataset Statistics. Len: average number of words in the headline.

All Czech Finnish Romanian Slovenian Swedish
Train 50,157 9,992 7,120 5,829 15,557 11,659
Test 6,269 1,237 940 756 1,879 1,457
Valid 6,263 1,310 880 764 1,853 1,456
Total 62,689 12,539 8,940 7,349 19,289 14,572
Len. 10.2 9.4 10.2 12.8 8.8 8.9

4.2. Task definition

We denote a language by l 2 L, a short news headline text by
H , an auxiliary piece of information as inferential commonsense
knowledge by IC_Knwl, a H in l as Hl, an IC_Knwl in l as IC_Knwll,
and a political bias label by b 2 B. We define the sets L =

{l1, l2, . . . , ln} and B = {b1, b2, . . . , bN}, where n and N represent
the number of languages and bias labels in the respective sets
L and B. Given Hl, its corresponding IC_Knwll can be acquired
using the commonsense knowledge modelling function C with
the appropriate model parameters ↵, as shown in Eq. (4).

IC_Knwll = C(Hl, ↵) (4)

Hl can then be fused with the acquired IC_Knwll to represent its
extended feature space (Hl, IC_Knwll). Given Hl, the task aims to
train a classifier that maps its extended feature space to the bias
set B. It can be mathematically formulated using Eq. (5) with f as
the bias prediction function and ✓ as the model parameters.

b = f ((Hl, IC_Knwll), ✓ ) (5)

4.2.1. Methodology
To fulfil RO1, we propose a framework that is primarily based

on inferential commonsense knowledge. It helps uncover contex-
tual features that, in turn, can help predict the bias of multilingual
news headlines. To facilitate generalisation, our framework is
compatible with any multilingual pre-trained language model.
Fig. 3 depicts its overall architecture. Its key components in-
clude knowledge acquisition, knowledge translation, feature en-
coding, knowledge attention, and bias prediction. Each of these
components is described in detail in the following subsections.

4.2.2. Knowledge acquisition
The ATOMIC20

20 (ATlas Of MachIne Commonsense 2020)4 [38]
is a well-known, publicly available commonsense knowledge
resource that is ‘‘able to cover more correct facts about more
diverse types of commonsense knowledge than any existing, publicly-
available commonsense knowledge resource’’. Its relations are com-
posed of textual descriptions containing more than one mil-
lion tuples of everyday inferential knowledge about entities and
events. It is coded into different relation types, which are cat-
egorised into different sub-types, such as nine commonsense
relations for social interaction, seven for physical entities, and
seven for events. Fig. 4 illustrates a subset of these relations
generated in response to a sample news headline.

Relations of this type of social interaction provide an insight
into socially triggered states and behavioural patterns. As demon-
strated by the examples in Table 2, it is valuable for predicting
people’s reactions and behaviour in a given situation by assess-
ing their intentions and goals. Motivated by its effectiveness in
enhancing the performance of models designed to handle short
news headlines in English language [37], we use it as the sole
relation type for IC_Knwl in our work.

To retrieve IC_Knwl, we use COMmonsensE Transformers
(COMET)5 [38,128] trained on the ATOMIC20

20 knowledge graphs.
COMET is a large, pre-trained neural network model that gen-
erates IC_Knwl in response to a query text. Given H , Inference
type (Itype), and number of returned references (k), IC_Knwl can
be retrieved using the following equation,

IC_Knwl = COMET (H, Itype, k) (6)

4 https://allenai.org/data/atomic-2020
5 https://github.com/allenai/comet-atomic-2020/
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Fig. 3. An overview of our proposed learning framework. To predict the political bias of multilingual news headlines, it combines Inferential Commonsense Knowledge
retrieved via the Translate–Retrieve–Translate strategy with multilingual pre-trained language models.

Fig. 4. A small subset of IC_Knwl relations generated using ATOMIC20
20 as the knowledge base in response to the news headline ‘Musk sold Tesla shares for 110 billion’.

Nodes in the colours red, green, blue, and orange represent relations depicting social interactions, events, physical entities, and category intersections, respectively.

Table 2
Examples of social interaction relations retrieved using ATOMIC20

20 as the knowledge base for the
short news headline ‘Grit Won’. Each relation type is interpreted using the human-readable template
provided in [38].
Relation Interpretation Examples
xAttr X is seen as Lucky; competitive
xEffect As a result, X Wins the game; personx wins the race
xIntent Because X wanted To win; to be the best
xNeed But before, X needed To train hard; to enter the contest
xReact As a result, X feels Happy; excited
xWant As a result, X wants To celebrate; to win
oEffect As a result, others Loses the game; loses money
oReact As a result, others feel Disappointed; sad
oWant As a result, others want To congratulate X, to win the game
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where Itype = [i1, i2, . . . , ix] with i as the inference type defined in
Table 2 and x as the total relations in the set. Since COMET returns
the IC_Knwl as a list of inference results 8i 2 Itype, we set k = 1
to return only one inference result per Itype. Furthermore, while
retrieving IC_Knwl, we combine the returned pieces of inferences
of each Itype to make it more meaningful. For example,

Headline: Grit Won
IC_Knwl: xAttr: lucky, xIntent: to win, xEffect: wins the
game, xWant: to celebrate, xReact: happy, oWant: to con-
gratulate X , oEffect: looses the game, oReact: disappointed
Processed IC_Knwl: PersonX is lucky, needed to train hard,
intended to win, wins the game, wants to celebrate, feels
happy. Others want to congratulate X , looses the game, feel
disappointed.

4.2.3. Knowledge translation
To generate IC_Knwll for Hl, we employ the Translate-

Retrieve-Translate approach inspired by the work of Fang et al.
[39]. Specifically, given a Hl, we first translate it into English and
retrieve its associated IC_Knwl in English. We then translate the
retrieved IC_Knwl into the target language l to finally get the
IC_Knwll. We use the Google Translate API6 for our translations.

4.2.4. Feature encoding
To acquire feature vectors Hl0 and IC_Knwll0, we use multilin-

gual PLMs. For their optimal performance, they are required to
map embedding vectors of text written in different languages into
a single vector space. As a result, the degree of vector alignment
influences their performance. In this regard, we explore the state-
of-the-art multilingual PLMs defined in Section 4.3. These PLMs
differ from word-embedding models as they are trained on a
wide range of tasks that require modelling the meaning of word
sequences as opposed to individual words.

4.2.5. Knowledge attention
Ideally, not all retrieved inferences are expected to be of the

same relevance. To address this, we employ a strategy simi-
lar to one that has been shown to be effective in knowledge
selection [129] and other related problems [130,131].

We apply the Sigmoid function [132] to transform the feature
vector of the retrieved inferences (IC_Knwll0). In particular, we
use the Sigmoid as a cumulative density function of the logistic
distribution that assigns a probability to the inferences [133]. If
fed to a Multi-Layer Perceptron (MLP) trained to determine the
relevance of each transformed inference, it can aid in obtaining
the relevance vector. However, we require significant inferences,
not just a score indicating how relevant they are.

As a result, we multiply the relevance vector by IC_Knwll0 and
then feed the resulting vector to an MLP. We then train the MLP
to highlight the most significant inferences by mixing different
inferences from different Itype to finally generate the attended
vector eIC_Knwll0:
eIC_Knwll0 = MLP(Sigmoid(IC_Knwll0) � IC_Knwll0) (7)

where � denotes element-wise multiplication.

4.2.6. Bias prediction
To predict the bias label b̂, we first fuse the vectors Hl0 and

eIC_Knwll0 to generate F :

F = Hl0
� eIC_Knwll0 (8)

where � represents the concatenation operation.

6 https://cloud.google.com/translate

We then feed the fused vector F to an MLP network and for-
ward the resultant vector to a Fully Connected layer (FC) having
Softmax (� ) activation to finally predict b̂:

b̂ = FC(� (MLP(F ))) (9)

We train our network using AdaMax [134] as the optimiser
with its default parameters. We use the Categorical cross-entropy
as the loss function, which is defined as follows:

Loss = �

|B|X

i=1

(bi ⇤ log(b̂i)) (10)

where bi and b̂i are the actual and predicted probabilities of
selecting the ith bias label in B.

4.3. Baseline models

Based on their superior performance in a variety of related
tasks in multilingual settings [49,135], we chose the following
state-of-the-art baseline models for a comprehensive evaluation
of our proposed framework.

• ml-MiniLM [114] [paraphrase-multilingual-MiniLM-L12-
v2]: a multilingual version of the sentence transformer,
paraphrase-MiniLM-L12-v2 [46]. It generates 384-dimens-
ional aligned dense vectors. It is pre-trained on parallel
data for more than 50 languages. It trades accuracy for
speed, and its reduced dimensions result in lower memory
requirements.

• distil-mUSE [114] [distiluse-base-multilingual-cased-v2]:
multilingual Universal Sentence Encoder (mUSE) [136] is
based on the transformer architecture [99], which uses a
multi-task trained dual encoder to embed texts into a single
vector space. The multilingual knowledge-distilled version
of mUSE (distil-mUSE) supports over 50 languages. It maps
text to a 512-dimensional dense vector space.

• ml-mpnet [114] [paraphrase-multilingual-mpnet-base-v2]:
a multilingual version of the sentence transformer,
paraphrase-mpnet-base-v2 [46]. It is pre-trained on parallel
data for over 50 languages and generates 768-dimensional
aligned dense vectors. It outperforms other multilingual
models based on sentence transformers. However, its in-
creased computational complexity makes it time-intensive.

• LaBSE [45][LaBSE/2]: a language-agnostic BERT-based model
that maps text into a 768-dimensional dense vector space.
To map single plain-text segments to encoder inputs, it
requires a separate preprocessor API build for the universal-
sentence-encoder-cmlm multilingual models7. It is trained
and optimised to generate aligned vectors for bilingual sen-
tence pairs, and it currently supports over 109 languages.
Although the model, like other BERT models, can be fine-
tuned, the authors recommend that it be used as it is.

• cmlm-ml [47] [cmlm/multilingual-base/1]: a multilingual
model trained with a conditional masked language model
(cmlm-ml). Its architecture is based on a 12-layer BERT
transformer [137], but it is far more complex. Similar to
LaBSE, it also requires an additional preprocessor to map
plain-text inputs to encoder inputs. It transforms text into
768-dimensional aligned vectors and supports more than
100 languages. Although its inference speed is significantly
slower than that of other comparable models, its perfor-
mance is far superior.

7 https://tfhub.dev/google/universal-sentence-encoder-cmlm/multilingual-
preprocess/2
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Table 3
Description of the values of the confusion matrix.
True Positive (TP): label is present and is predicted.
True Negative (TN): Label is not present and is not predicted.
False Positive (FP): Label is not present but is predicted.
False Negative (FN): Label is present but is not predicted.

4.4. Evaluation metrics

To assess the performance of our proposed framework, we
employ well-known metrics used to evaluate prediction mod-
els [138], such as Accuracy and F1-score. However, in the case
of an imbalanced dataset like ours, where true negative instances
outnumber true positive instances for several languages, they are
not a reliable indicator. The Jaccard [139] score is a reliable metric
for evaluating models where no examples exist for each class. It
disregards true negatives in favour of true positives, facilitating
the interpretation of the results. It is even more reliable when
evaluating models for individual languages since the imbalance
is more apparent. As a result, we also employ the Jaccard score
to gain a deeper understanding. We compute these metrics using
the values of the confusion matrix defined in Table 3.

The metrics we use are defined as follows:

• Accuracy (A): fraction of true prediction over the total.

A = (TP + TN)/(TP + TN + FP + FN) (11)

• F1-score (F1): harmonic mean of Precision (P) and Recall
(R), where P is the fraction of relevant instances among the
retrieved instances and R represents the fraction of relevant
instances that were retrieved:

F1 = 2TP/(2TP + FP + FN) (12)

• Jaccard (J): fraction of correctly predicted instances over all
instances except those where a label is not present and is
not predicted.

J = (TP)/(TP + FP + FN) (13)

To ensure all bias classes are treated equally, we use the macro-
averaged F1 and macro-averaged J (Jm) scores to evaluate the
overall performance of the models.

To evaluate the performance of the models for each language,
we use the micro-averaged J (Jµ) score which accounts for the
problem of class imbalance. Inspired by Nagle [140], we also
report the Relative Performance (RP) of the models for each lan-
guage used in our study. RP is defined as the ratio of the absolute
performance of the models under consideration. To compute it,
any underlying evaluation metric (e.g. accuracy, Jaccard, etc.) can
be used. In particular, we report on the relative performance of
models trained with only headlines compared to those trained
with or without additional knowledge and attention mechanisms.

5. Results and discussion

We begin this section by analysing the experimental results
of the models trained across all reported languages. Following
that, we examine the performance of the models evaluated for
individual languages. Finally, we present the findings of a case
study investigating the effect of translation quality on prediction
accuracy.

5.1. Overall performance

We evaluate the baseline models and our proposed frame-
work across all the reported languages and present their per-
formance in terms of accuracy(A), macro-averaged-F1 (F1), and
macro-averaged-Jaccard(Jm) scores in Table 4. As the results in-
dicate, with 0.92 A and F1, and 0.86 Jm, our proposed framework
trained with headlines and attended IC_Knwl using cmlm-ml out-
performs other models trained with headlines only. It surpasses
the performance of the best model (cmlm-ml) in terms of A and
F1, and Jm respectively by 2.2% and 3.6%.

To determine whether IC_Knwl contains knowledge useful for
bias prediction, we train the models with IC_Knwl as the only
input. We reported the results in the first column of Table 5.
We observe that models trained exclusively with IC_Knwl achieve
comparable results to models trained only with headlines. In
terms of A, F1, and Jm scores, models other than cmlm-ml show
an average improvement of 22%, 28%, and 47%, while cmlm-ml
shows a slight decrease in performance of 5%, 2%, and 5% respec-
tively. The findings demonstrate that the IC_Knwl provide useful
inferential information for the task of bias prediction (RO2).

Furthermore, as evident in column two of Table 5, integrating
IC_Knwl with the headlines can significantly improve the per-
formance of all models by enhancing their reasoning abilities.
In terms of A, F1, and Jm scores, these models exhibit average
performance improvements of 4%, 4%, and 7%, respectively, over
models trained exclusively with IC_Knwl.

Integration of IC_Knwl, on the other hand, may not always
function as expected and may introduce unwanted noises. Given
the fact that they are generated automatically rather than man-
ually, noise is inevitable, which may weaken their role in bias
prediction. To minimise the impact of this noise, we integrate
IC_Knwl with an attention mechanism and reported the results
in column three of Table 5. The introduction of attention results
in an average performance gain of 5%, 4%, and 9% in terms of A,
F1, and Jm scores, respectively.

The high performance of the models can be attributed to their
deep network architectures, which enable them to learn rich
universal text representations. Furthermore, it demonstrates that
integrating IC_Knwl significantly improves their performance,
while the introduction of attention improves it even further
(RO4). To summarise, the results indicate that our proposed
framework for bias prediction is effective regardless of the models
used (RO3).

5.2. Language-wise performance

The models evaluated for individual languages present plau-
sible results, as shown in Table 6. However, the performance of
models across languages varies significantly due to an imbalanced
number of samples in each class.

Among all the low-resource languages present in the dataset
used for this study, the models analysed for Czech demonstrate
the most impressive performance, with an average A, F1µ, and
Jµ of 0.88, 0.87, and 0.79 respectively, for the models trained
with headlines only. Since it leaves little room for performance
improvement, models trained with additional IC_Knwl with or
without attention contribute an average of only 1.01 times more
to the calculated scores.

Following that, we have the models analysed for Finnish with
the next best averages of A, F1µ, and Jµ of 0.85, 0.84, and 0.79
respectively, for the models trained with headlines only. With
the additional IC_Knwl, the average scores for A and F1µ increase
by 1.15 times and Jµ by 1.30 times. Nonetheless, the benefits of
employing attention are negligible.

The impressive performance of the languages Czech and
Finnish can be attributed to the fact that all of their samples

8
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Table 4
Comparison between the baseline models and our proposed framework in terms of A, F1, and Jm scores across all
the reported languages. Trained with headlines and attended IC_Knwl using cmlm-ml, our framework outperforms
the baseline models trained with headlines only.

ml-MiniLM distil-mUSE ml-mpnet LaBSE cmlm-ml ours
A 0.62 0.64 0.66 0.75 0.90 0.92
F1 0.57 0.61 0.63 0.74 0.90 0.92
Jm 0.40 0.44 0.46 0.59 0.83 0.86

Table 5
A, F1, and Jm scores of the analysed models for all the reported languages. Each model is trained using IC_Knwl, headlines with IC_Knwl
(Headline+IC_Knwl), and headlines with attended IC_Knwl (Headline+Attn(IC_Knwl)) respectively.

IC_Knwl Headline+IC_Knwl Headline+
Attn(IC_Knwl)

A F1 Jm A F1 Jm A F1 Jm
ml-MiniLM 0.78 0.78 0.64 0.81 0.81 0.68 0.86 0.87 0.77
distil-mUSE 0.78 0.78 0.64 0.83 0.83 0.71 0.90 0.90 0.83
ml-mpnet 0.81 0.81 0.69 0.83 0.84 0.72 0.89 0.89 0.81
LaBSE 0.86 0.87 0.77 0.89 0.90 0.82 0.90 0.91 0.83
cmlm-ml 0.86 0.88 0.79 0.91 0.92 0.85 0.92 0.92 0.86

Table 6
A, F1µ , and Jµ scores of the analysed models for each language used in the study. Each model is trained using headlines, headlines with IC_Knwl
(Headline+IC_Knwl), and headlines with attended IC_Knwl (Headline+Attn(IC_Knwl)) respectively. For Headline+IC_Knwl, we report its relative
performance to the models trained with headlines only. For Headline+Attn(IC_Knwl), we report its relative performance to the models trained
with headlines and IC_Knwl.

Headline Headline+IC_Knwl Headline+
Attn(IC_Knwl)

A F1µ Jµ A F1µ Jµ A F1µ Jµ
ml-MiniLM 0.53 0.53 0.36 1.05 1.03 1.05 1.67 1.16 1.23
distil-mUSE 0.53 0.53 0.36 1.15 1.15 1.19 1.16 1.16 1.27

Slovenian ml-mpnet 0.55 0.54 0.37 1.05 1.07 1.10 1.12 1.10 1.14
LaBSE 0.56 0.55 0.38 1.19 1.21 1.31 1.02 1.02 1.06
cmlm-ml 0.54 0.70 0.71 1.01 1.01 1.01 1.02 1.04 1.05
ml-MiniLM 0.47 0.47 0.31 1.87 1.87 2.54 1.06 1.05 1.11
distil-mUSE 0.55 0.55 0.38 1.50 1.50 1.86 1.14 1.13 1.25

Romanian ml-mpnet 0.56 0.56 0.38 1.60 1.58 2.13 1.05 1.05 1.09
LaBSE 0.81 0.81 0.68 1.14 1.14 1.27 1.02 1.02 1.03
cmlm-ml 0.95 0.94 0.89 1.00 1.01 1.01 1.01 1.00 1.01
ml-MiniLM 0.52 0.51 0.34 1.71 1.74 2.35 1.08 1.08 1.17
distil-mUSE 0.56 0.56 0.38 1.60 1.58 2.23 1.10 1.11 1.20

Swedish ml-mpnet 0.58 0.58 0.41 1.58 1.58 2.07 1.07 1.07 1.15
LaBSE 0.78 0.78 0.64 1.26 1.26 1.54 1.00 1.00 1.00
cmlm-ml 0.98 0.98 0.96 1.01 1.01 1.03 1.00 1.00 1.00
ml-MiniLM 0.81 0.81 0.68 1.17 1.17 1.33 1.00 1.00 1.00
distil-mUSE 0.79 0.78 0.64 1.24 1.24 1.48 1.01 1.02 1.03

Finnish ml-mpnet 0.82 0.82 0.69 1.18 1.18 1.36 1.02 1.02 1.04
LaBSE 0.84 0.84 0.72 1.17 1.17 1.36 1.00 1.00 1.00
cmlm-ml 0.99 0.99 0.98 1.00 1.00 1.01 1.00 1.00 1.00
ml-MiniLM 0.80 0.80 0.67 1.17 1.16 1.31 1.01 1.02 1.02
distil-mUSE 0.87 0.86 0.76 1.10 1.11 1.21 1.02 1.02 1.04

Czech ml-mpnet 0.84 0.83 0.72 1.15 1.16 1.30 1.02 1.02 1.04
LaBSE 0.92 0.91 0.84 1.07 1.08 1.17 1.00 1.00 1.00
cmlm-ml 0.99 0.98 0.97 1.00 1.01 1.02 1.00 1.00 1.00

belong to the class ‘Left-Centre.’ Since all of their bias labels are
from the same class, it is possible that the classifiers may end up
modelling the language specifics and writing style of the outlet
in addition to the bias embedded in the headlines.

The models evaluated for Swedish and Romanian produce the
next-best results that are nearly identical to each other, differing
only by a small margin. For Swedish, models trained with only
headlines show an average A/F1µ of 0.68 and Jµ of 0.54. The
score differs by only 0.02 points for Romanian. IC_Knwl provides
a substantial performance boost for both languages. Swedish and
Romanian have A/F1µ boosts of 1.43 and 1.42 times, and Jµ boosts
of 1.84 and 1.76 times, respectively. They clearly benefit from the
attention as well. Both the languages exhibit a 1.05 times boost
in A/F1µ and a 1.09 times boost in Jµ.

In the case of the models analysed for Slovenian, one can
notice a significant performance gap when compared to others. It

demonstrates the lowest performance with an average A, F1µ, and
Jµ of 0.54, 0.57, and 0.43 respectively for the PLMs trained with
headlines only. With the additional IC_Knwl, the average scores
for A/F1µ increase by 1.09 times and Jµ by 1.13 times. Moreover,
the benefits of employing attention can be noticed by a perfor-
mance increase of 1.19, 1.09, and 1.15 times in terms of A, F1µ,
and Jµ scores. Even with the highest number of examples ( 30%
ref. Table 1), its performance is low. To some extent, this could
be attributed to the lower average headline length and language
complexities that hinder the models’ ability to comprehend the
text for the task of bias prediction. Alternatively, it could be due
to the limited embedding coverage of the Slovenian language.

Models trained with IC_Knwl indicate low A and high Jµ.
This implies that with more true negatives than true positives,
performance evaluation using A as the evaluation metric can turn

9
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out to be misleading. For instance, since there are no Slovenian
examples that exist for the Right Centre class, considering in-
stances where they are not present and are not predicted (true
negatives), would not be credible. In such cases, considering Jµ is
more reliable since it disregards true negatives in favour of true
positives.

To sum up, across all languages analysed, cmlm-ml performed
the best among models, whereas ml-MiniLM performed the worst.
Overall, the results indicate the models trained with only head-
lines are capable of predicting the bias inherent in them, even
for low-resource languages like the ones used in this study.
Moreover, IC_Knwl significantly enhances model performance,
especially when attention is employed.

5.3. Qualitative analysis

In this section, we assess the effect of translation quality on
prediction performance by analysing translation errors. We use
the Slovenian language as a case study since the models analysed
for it exhibit a significant performance gap when compared to
other languages in our dataset. With the help of native Slovenian
speakers in our research group, we discovered several translation
errors, which we classify as follows:

1. Entity Detection Error: occurs when the translation engine
misinterprets the entities referenced in the headline.

2. Comprehension Error: arises when the translation engine
fails to comprehend the meaning of a headline, resulting in
an unintelligible translation.

3. Improper Sentence Formation: when the translated head-
line grasps the basic idea of the original headline, but fails
to form a coherent translated sentence, this error type
occurs.

4. Inversion of Meaning: takes place when the translation
engine inverts the semantic meaning of a headline, result-
ing in a seemingly meaningful translation with a dissimilar
semantic meaning.

5. Miscellaneous Error: a category reserved for errors that do
not fit into any of the aforementioned categories.

Table 7 provides an example with appropriate justifications for
each of these error types. In the majority of cases, the translation
engine’s lack of contextual awareness resulted in mistranslations.
In some cases, the missing context could be inferred from the
headline alone, whereas in others, reading the entire article or
researching the entities mentioned in the headline appears to be
the only way to obtain adequate context. Errors linked to a lack
of vocabulary or other factors were less common.

Overall, the performance gap between Slovenian and other
languages could be attributed to the language’s poor transla-
tion quality relative to the other languages, as evidenced by
the relatively numerous instances of improper translation. Given
the complexity of the language and the small number of native
speakers, the conclusion seems plausible.

6. Insights and implications

Predicting the political bias of news headlines has many pos-
itive implications. It can not only help readers identify politi-
cally biassed news but also allow journalists and the individuals
involved in the news production process to assess their work
objectively. Furthermore, such insights would also be interesting
for researchers and social scientists. In this section, we further
discuss the research implications and the ways in which our
proposed framework can enhance practical applications.

6.1. Research implications

Our study proposes a new perspective by leveraging IC_Knwl
via a Translate–Retrieve–Translate strategy to facilitate compre-
hension of the overall narrative of the multilingual headlines.
Using IC_Knwl, it introduces a language-agnostic learning frame-
work to enhance the prediction of political bias in multilingual
news headlines. To the best of our knowledge, our proposed
framework is one of the earliest attempts to leverage IC_Knwl
in a multilingual context for bias prediction of news headlines.
Since the existing work lacks annotated datasets for the task, it
presents a dataset of multilingual news headlines. It simulates
the real-world challenges of imbalanced data distribution by an-
notating headlines in five low-resource European languages with
their respective political biases. Our experimental investigation
demonstrates the advantages of using IC_Knwl, shedding light on
the prospects of utilising it for downstream tasks. It also demon-
strates the effectiveness of multiple state-of-the-art, multilingual,
pre-trained language models.

6.2. Practical implications

Our study highlights the role of IC_Knwl in facilitating the
comprehension of short news headline text. It demonstrates
that the IC_Knwl when used in conjunction with the translate–
retrieve–translate technique, can effectively aid in the compre-
hension of narratives in a multilingual context. When fused
with multilingual PLMs, it enhances the political bias predic-
tion of multilingual news headlines. Both implicit and explicit
knowledge are expected in effective systems. The performance
enhancement achieved by fusing the implicit knowledge obtained
from the PLMs with explicit knowledge in the form of IC Knwl
supports this view.

Given that a system is expected to deal with low-resource
situations in the real world, our proposed framework is language-
agnostic and thus adaptable to such scenarios. Another com-
mon problem in real-world scenarios is the scarcity of annotated
data. Our proposed dataset, which focuses on low-resource lan-
guages with an imbalanced distribution, addresses this issue.
Furthermore, our framework for data generation facilitates future
expansion and the creation of custom datasets for related tasks.

7. Conclusions and future works

In this paper, we introduced a language-agnostic learning
framework infused with IC_Knwl for enhancing the prediction of
political bias in multilingual news headlines under an imbalanced
sample distribution. We proposed to leverage IC_Knwl through a
TRT strategy to help uncover contextual features for comprehen-
sion of the overall narrative of the multilingual headlines. Since
not all the retrieved inferences are expected to be of equal rele-
vance, we also employed an attention mechanism to emphasise
relevant inferences. We used the neural-network model COMET
trained on the ATOMIC20

20 knowledge graphs to retrieve IC_Knwl
and employed the Google Translate API for translation. Further-
more, we presented an annotated dataset of news headlines in
five low-resource European languages.

We conducted an extensive evaluation of our framework with
several multilingual PLMs. The evaluation results revealed the
impressive performance of the multilingual PLMs, which can be
attributed to their complex network architectures. The results
also demonstrated that incorporating IC_Knwl and employing
attention significantly enhanced their performance. Overall, the
results indicate that the proposed framework for bias predic-
tion is effective regardless of the models used. Even the models
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Table 7
Case study of Slovenian headlines to understand the translation error types (translation: from Slovenian to English).
Entity Detection Error
Slovenian Headline: Vodomec na 32. Liffu filmu Pohodi plin!
Generated Translation: Aquarius on the 32nd Liff movie Walk the Gas!
Correct Translation: Kingfisher on the 32nd Liff awarded to movie Walk the Gas!
Comment: The entity ‘Vodomec ’, which means ‘Common Kingfisher ’, is translated incorrectly as

‘Aquarius’. However, it refers to the name of an award in this context.

Comprehension Error
Slovenian Headline: Po£ival≤ek: Jan≤a SMC ni ni£esar prepustil
Generated Translation: Resting place: Jan≤a SMC did not leave anything
Correct Translation: Po£ival≤ek: Jan≤a left nothing for SMC
Comment: The surname ‘Po£ival≤ek’ is mistranslated as ‘Resting place’. Furthermore, there exists

no distinction between the surname ‘Jan≤a’ and the political party ‘SMC ’.

Improper Sentence Formation
Slovenian Headline: Nad zdravstvene delavce z gro∫njami in ∫alitvami
Generated Translation: Above health professionals with threats and insults
Correct Translation: Threats, insults towards health professionals
Comment: Depending on the context, ‘Nad’ could mean ‘Above’ or ‘Towards’. The translation

engine misinterprets ‘Nad’ in this case, resulting in an improper sentence formation.

Inversion of Meaning
Slovenian Headline: Na spletu podatki 533 milijonov Facebook uporabnikov, tudi 230.000 Slovencev
Generated Translation: There are 533 million Facebook users online, including 230,000 Slovenians
Correct Translation: Data of 533 million Facebook users leaked online, including 230,000 Slovenians
Comment: Although the translation is comprehensible, it refers to Facebook users instead of

Facebook user data.

Miscellaneous Error
Slovenian Headline: Grujovi¢ naj bi streljal v silobranu, pri£a trdi druga£e
Generated Translation: Grujovi¢ allegedly shot in the silobran, the witness claims otherwise
Correct Translation: Grujovi¢ allegedly shot in self-defence, the witness claims otherwise
Comment: Since ‘silobranu’ is misinterpreted as an entity, there is no attempt to translate ‘v

silobranu’, which means ‘in self-defence’.

evaluated for individual languages present plausible results. Fur-
thermore, we conducted a thorough case study on the Slovenian
headlines to investigate translation errors. The study uncovered
numerous instances of improper translation, indicating that the
performance gap between Slovenian and other languages may be
attributable to the language’s poor translation quality.

In the future, we plan to diversify our additional knowledge
sources. In particular, we intend to investigate how knowledge
sources such as Wiktionary and ConceptNet influence the task of
bias prediction. Handling the explainability and interpretability of
the model would be another challenge that we intend to address.
Another possible direction is to extend this study beyond bias
prediction to its quantification and correction. It would also be
interesting to experiment with auxiliary tasks involving news
headlines in a multitask learning paradigm.
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Chapter 5

Conclusions and Future Works

In this thesis, we begin by exploring various dimensions of news reporting bias, such as
event selection, news sentiment, and political orientation, among others. By critically
assessing existing work, we identified main challenges in this field and laid the foundation
for identifying future research directions. In addition, we introduced an adaptable data-
generation method and provided its implementation as scripts to facilitate the creation of a
custom dataset for related tasks such as analysing complex event-outlet relationships. We
then investigated the role of inferential commonsense knowledge in comprehending news
headlines, addressing the challenges of capturing syntactic and semantic information in
their short text. We have introduced a neural network framework using this knowledge for
bias prediction in headlines. Extending this approach to multilingual contexts, we then
introduced a language-agnostic framework that leverages inferential knowledge using a
translate-retrieve-translate strategy for bias prediction in multilingual headlines. We have
also presented datasets for evaluating the two aforementioned frameworks. The overall
findings demonstrate the effectiveness of these frameworks, presenting plausible results
even for individual languages.

5.1 Contributions to Science

The thesis has three key scientific contributions, which are discussed as follows:

• SC 1. A Novel Data Generation Method:

We have designed an adaptable data generation method to generate customised
datasets for related tasks and provided its implementation as scripts. Using the
scripts, we have introduced a publicly available, novel dataset with a diverse set of
features that focuses on events and news outlets, making it ideal for studying and
analysing complex event-outlet relationships. We have then identified a potential
use case to demonstrate how the dataset can be utilised for analysing the event cov-
erage patterns of media outlets and estimating the correlation between them using
conditional probabilistic models. We have also conducted a comprehensive statistical
analysis with respect to multiple event features to compare and contrast the coverage
patterns of the selected news outlets. Our analysis uncovered interesting findings,
such as the outlets exhibiting a preference for specific categories of events and their
coverage pattern being influenced by their geographical origin.

• SC 2. Commonsense-Infused Bias Prediction Framework:

We have proposed leveraging inferential commonsense knowledge to enhance the com-
prehension of news headlines, where capturing syntactic and semantic information
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within its short text is challenging. We have shown that it is possible to employ
this knowledge in a manner analogous to how people use common sense to perform
their routine activities. By exploiting this knowledge with an emphasis on impor-
tant inferences, we have introduced a novel neural network framework to address
the challenge of predicting political bias in short headline texts. We also presented
two datasets of news headlines annotated with political bias to evaluate our frame-
work. We conducted experiments with several state-of-the-art language models on
both of them to showcase the reliability and effectiveness of our framework. These
models demonstrated significant improvements within our framework, with accuracy
ranging from 2.0% to 10.0%, macro-averaged F1 scores from 2.2% to 22.2%, Jaccard
scores up to 15.1%, and micro-averaged F1 scores up to 18.6%. The results clearly
demonstrate that the language models, when used within our framework, exhibited
superior performance on both datasets.

Our methodology highlights the potential of leveraging commonsense inferences to
explain events that are not explicitly stated in context-deficient headlines. By en-
riching headlines with such knowledge, we showed that a model can focus not only
on important entities and events but also on explaining unstated events, leading to
enhanced predictions. As far as we know, our work is the first attempt at harnessing
commonsense inferences to enhance bias prediction in short news headlines.

• SC 3. Multilingual Language-Agnostic Bias Prediction Framework:

We have presented an extension of the proposed framework in SC 2 to deal with
low-resource multilingual headlines under an imbalanced sample distribution in a
language-agnostic setting. To achieve this, we have proposed leveraging multilingual
commonsense knowledge through a translate-retrieve-translate strategy. Utilising
this knowledge with proper attention mechanisms, we have introduced a learning
framework for enhancing the prediction of political bias in multilingual headlines.
We have proposed the framework to be language-agnostic, ensuring its adaptability
to low-resource situations in real-world scenarios. In particular, we suggested inte-
grating implicit knowledge derived from pre-trained language models with explicit
inferential knowledge, as both implicit and explicit knowledge are crucial for the
development of efficient systems. We also presented a dataset of headlines in five
European languages with limited resources, along with their corresponding political
bias annotations. We designed it to simulate the real-world challenges of imbalanced
data distribution. We extensively evaluated our framework using several state-of-the-
art multilingual, pre-trained language models. Overall, the best-performing model,
trained solely with headlines, demonstrated a 0.90 accuracy, a 0.83 F1 score, and
a 0.83 Jaccard score. The application of additional knowledge resulted in a signifi-
cant improvement, increasing accuracy and F1 to 0.92 and the Jaccard score to 0.86.
The results demonstrate that our framework is effective across different models, even
yielding plausible results for individual languages.

We highlighted the significance of multilingual commonsense inferences in facilitating
comprehension of the overall narrative of short multilingual news headlines. To the
best of our knowledge, our proposed strategy is one of the first attempts to use such
knowledge in a multilingual setting to predict bias in news headlines.

5.2 Future Works

In the future, several key areas can be explored. For instance, an assessment of learning
processes and the representativeness of state-of-the-art language models can be conducted,
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acknowledging and addressing the potential computational challenges they might pose.
Exploring methods to address bias is another potential direction for investigation. Inves-
tigating the potential impact of inferential commonsense knowledge, external knowledge
bases, and multimodal contexts can provide valuable insights for diverse use cases. En-
suring model transparency through enhanced explainability and interpretability can stand
out as another possibility. Commitment to dataset expansion, including the incorporation
of data from social media and multimedia sources, offers the potential to create a more
comprehensive learning context. These directions are discussed in the following paragraphs.

Pre-trained large language models. Although the large state-of-the-art pre-trained
language models used in the study outperformed humans on many tasks, we believe it is
important to evaluate what they are learning and how representative they are. Also, these
models require significant computing resources, which presents a challenge that is yet to be
addressed. Additionally, we acknowledge the significance of exploring ChatGPT’s learning
dynamics and understanding its contribution to a deeper understanding of language mod-
els and their ability to capture real-world nuances.

Bias. Biases in language models, knowledge bases, or dataset annotations have the
potential to misguide the prediction framework. Mitigating such biases involves exploring
various workarounds, but it remains an active research area due to the near impossibility
of completely eliminating these biases. In the future, exploring approaches like adversarial
filtering and expanding the proposed datasets can prove to be instrumental in minimising
biases.

Inferential commonsense knowledge. There exist several inferential knowledge
bases with varying capabilities. Their impact on prediction performance can be investi-
gated. However, incorporating commonsense renders minimal or insignificant enhancement
in the absence of valuable information. Similarly, there are cases where it alone proves to
be adequate for accurate prediction. Determining when to incorporate or omit common-
sense in an accurate and quantitative manner remains a challenge that can be addressed.
Furthermore, despite their potential to significantly enhance the framework’s performance,
the exploration of advanced techniques for knowledge selection and subsequent integration
into the framework is yet to be investigated and can thus be explored in the future.

External knowledge bases. Additional insights acquired from external knowledge
bases have yet to be explored. In future investigations, the integration of additional in-
formation to enrich our framework can be explored. Integrating knowledge from external
sources can contribute valuable dimensions to our framework, enriching its capacity for
nuanced understanding and predictions.

Multimodality. It would also be interesting to explore the task of bias prediction in a
multimodal setting. The integration of common-sense knowledge from diverse modalities
has the potential to add new dimensions to the challenge.

Use-cases. While our evaluation was not specifically designed to analyse the effective-
ness of our method across various domains or use cases, the versatility of our approach
allows for testing in diverse scenarios following comprehensive assessments. Consequently,
there is potential to extend our study beyond bias prediction. For instance, conducting
experiments involving auxiliary tasks such as bias quantification and correction within a
multitask learning framework could offer valuable insights and add depth to our investiga-
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tion. It could also enhance prediction of political bias by leveraging shared representations
between tasks, improving generalisation across languages and domains, and promoting
model interpretability through simultaneous learning of related tasks.

Explainability. Another aspect that can be addressed is the challenge of ensuring the
model’s explainability and interpretability. This includes developing methods for under-
standing and conveying how the model arrives at its predictions.

Dataset expansion. In the future, our dataset can be extended by incorporating di-
verse sources, such as social media and multimedia content, to ensure a more comprehensive
representation of real-world scenarios. This expansion will not only enrich the dataset but
also allow the model to learn from a broader set of contexts, enhancing its adaptability
and predictive capabilities.
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