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Introduction

1.1 Introduction

How many news articles do you want to read in a day? Despite your best efforts, it is very
unlikely that you read all the news you come across, let alone all articles that have been
published. The BBC publishes on average around 200 items per day'; similar numbers can
be found at Danish tabloid Ekstra Bladet [144]. Even if reading an article only takes you
one minute, you would have to spend more than three hours per day to read all the articles
from just one of these outlets. Then, you still might want to get information from other
outlets; 7 on average for an adult in the UK [202], ranging from local newspapers, to large
(inter)national brands, to influencers on social media.

To manage the overload of news trying to get our attention, we rely on others to help us
filter out the news that we want to read [76, 262]. In the time of physical newspapers and
linear television programming, this was mostly done by news editors, who are trained to
construct an overview of the news that is reflective of their outlet’s brand and mission. They
would ensure that the news on offer is balanced, with a mix of topics that are important for
everyone to know, that have a big impact on a smaller group’s life, or that are simply enter-
taining toread. In doing so, they influence which issues in society get the public’s attention,
and that through their increased visibility are considered most important [173]. The shift

to online news consumption has changed this dynamic [262]. Instead, recommender sys-

Thttps://pressgazette.co.uk/media-audience-and-business-data/at-1500- stories- per- day- mail- online- i
s-uks-most-prolific- news-website/, accessed 03/11/2025


https://pressgazette.co.uk/media-audience-and-business-data/at-1500-stories-per-day-mail-online-is-uks-most-prolific-news-website/
https://pressgazette.co.uk/media-audience-and-business-data/at-1500-stories-per-day-mail-online-is-uks-most-prolific-news-website/
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tems, which can be found on both legacy news websites? and social media platforms, aim
to predict what we might want to see based on our past engagement patterns, and those of
people like us [22, 217].

In 2024, 37% of media organizations thought that recommendations would play a
‘very important’ role in the upcoming year [192]. Initial experimentation seems promis-
ing; while it is notoriously difficult to measure the business value of a recommender
system [126], Kruse et al. [143] noted a substantial increase in clicks after deployment
of their recommender systems at the Danish tabloid Ekstra Bladet. Rather than leaving
the page immediately after reading an article, readers would stay on the website to read
more articles. This is important to a domain that is increasingly dependent on social
media platforms to direct traffic to their websites, and as such a news recommender
system may both make audiences more satisfied with their news offer, and generate
additional income in the process [22]. However, Kruse et al. [143] also noted that different
recommendation models could recommend very differently. Different algorithms would,
with similar data, similar targets and similar model performance, make very different
choices with regards to what type of content is recommended, and at what position in the
recommendation. Vrijenhoek [277] noticed similar behavior when training benchmark
recommender systems on the public Microsoft News Dataset. For example, one model
would prioritize sports content, while another almost always included articles on food and
recipesin the top 3 recommended articles. Arbitrary design choices imposed a restriction
on the type of content users would see, making the recommendation not reflective of the
breadth of the organization's news offer.

This is a direct consequence of the way that the technology is designed. In their current
form, news recommender systems primarily aim at engagement [12]. Their goal is to keep
users on their platform as long as possible, and have them engage with many pieces of
content. On social media platforms sensationalist and extreme content tends to get a lot
of engagement and thus gets disproportionally more distributed, whereas ‘boring’ news
content usually does not [98]. News organizations may start to disproportionately recom-
mend soft news [70]. As a result, recommender systems get a bad reputation; from the
Filter Bubble described by Eli Pariser [185, 211], to the ‘rabbit hole’ of the ‘manosphere’ on
TikTok3.

Inlight of the societal importance of news and the issues currently reported with recom-

mender systems, it may then be tempting to say that we should stick to manual curation

2See for example this article describing the implementation of a recommender system at the New York
Times: https://open.nytimes.com/how-the-new-york-times-is-experimenting-with-recommendatio
n-algorithms-562f78624d26, accessed 19/01/2026

3https://www.groene.nl/artikel/vrouwen- geven- niets- om-jou, accessed 03/11/2025


https://open.nytimes.com/how-the-new-york-times-is-experimenting-with-recommendation-algorithms-562f78624d26
https://open.nytimes.com/how-the-new-york-times-is-experimenting-with-recommendation-algorithms-562f78624d26
https://www.groene.nl/artikel/vrouwen-geven-niets-om-jou
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only. There is, however, also a clear case to be made in favor of news recommender sys-
tems. Despite the wide availability of news from many different perspectives and sources,
the Reuters Digital News Report [193-195] consistently reports a downwards trend in the
amount of news that people read. Some people avoid the news altogether, while others
only avoid selected topics; almost 40% of those surveyed for the 2024 Reuters Digital News
Report [194]. People report feeling overwhelmed by the amount of news, and state that it
‘brings down their mood’. On the other hand, people would read the news to get perspec-
tive, inspiration, updates, education, help, connection or diversion [85]. While human ed-
itors are trained to know what content can give perspective, inspiration, updates etc. to
large parts of the population, they cannot account for the needs and interests of individu-
als. People are aware of and have different perspectives on important topics, are inspired
by different things, want to be engaged with or educated on different things. News rec-
ommender systems, that account for the individual needs and preferences of audiences,

could play a vital role in filling this gap [22, 188].

Building on this, Helberger et al. [112] note that exactly by tailoring to individual readers
a diverse recommender system could also be used to strengthen the public sphere. After
all, if an algorithm could limit what a user sees and engages with, it could also be used to
do the opposite, namely to expand their worldview, to help people be more informed, or
to expose them to events and ideas they were not aware of before [112]. Doing so requires
shifting the dominant recommendation paradigm, which prioritizes engagement, towards
ensuring that the diverse information needs of individuals and society are met [17]. Under
this view diversity is not a goal of itself, but a means to “reach democratic goals such as an
informed citizenry or an inclusive public discourse” [158].

At first glance, this may seem like a fairly simple and straightforward thing to do. If we
know what news a person has read in the past, we should recommend them something
different. But what does that mean, different? Different in terms of what? What does it
mean to satisfy information needs? Do we need to show readers all topics and opinions?

In what quantity?

There is no clear and universally true answer to this; it is a normative question, the an-
swer to which is based on values, principles, beliefs and moral considerations, and eventu-
ally grounded in the role that news plays in society [111]. A commercial entity would answer
differently than a public service organization, an organization in the Netherlands different
from one in Brazil. To capitalize on the potential of news recommender systems, it is im-
portant that diversity-focused news recommender systems are able to reflect the values
and nuances of the organization for which they are deployed. However, building technol-
ogy that explicitly reflects such norms and values has thus far remained largely neglected
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in the technical design of news recommender systems [17, 180].

The goal of this thesis is to expand on the theoretical foundations laid out by Helberger
to work towards news recommender systems that can be evaluated on normative notions
of media diversity. Following Helberger [111] and Bernstein et al. [17] I consider a recom-
mendation to be diverse ifit “succeeds in informing the user and supports themin fulfilling
their role in democratic society” [279]. This leads us to the central question of this disser-

tation: How can we evaluate news recommender systems on their normative diversity?

1.2 Key concepts

This dissertation primarily revolves around the concepts of news recommendation and di-
versity. The paragraphs below provide a short introduction on their definition and current

state of the art.

1.2.1 News recommender systems

Recommendation as a field is about ranking a set of candidate items in such a way that
the users will find something they are interested in as high up in the ranking as possi-
ble [27]. News recommender systems then come in many shapes and sizes. First, we can
split them into two types: personalized and non-personalized recommender systems. Non-
personalized recommendations are the same for all the users of the system. Think of a 're-
lated stories’ section below a news article, listing articles on the same topic or event. These
recommendations are often based on similarity, easy for a newsroom to control, and com-
paratively cheap to run [103]. Personalized news recommendations attempt to tailor to
a users’ specific preferences, and as a result every user receives a different recommen-
dation. Traditionally, personalized news recommender systems can then be divided into
content-based recommendation and collaborative filtering. Content-based recommenda-
tionaims to predict whether anitemis relevant to a user based on the content of the article.
For example, an item might be relevant because it is similar to an article the user has en-
gaged with in the past. On the other hand, collaborative filtering assigns relevance based
on engagement patterns of other readers, with the rationale that if an article is popular
among people that are similar to you, you might like this article too. Recent approaches
towards neural news recommendation often incorporate elements of both article content
and popularity among other users [124, 132]. They may for example differentiate between
readers’ short-term and long term interests [219, 292] or use knowledge graphs to more
accurately model the text of a news article [123].



1.2. KEY CONCEPTS | 5

From a technical perspective, news recommendation has challenges that other recom-
mendation domains do not [132]. While a movie can be watched years after it was initially
released, a news article by its definition is only relevant for a very short amount of time
before being replaced by other articles. Furthermore, most people on a news website are
not logged in; they enter the system through some external referral, like a search engine
or social media platform, and exit the system immediately afterwards. Because of this, his-
toric data to base a recommendation on is often limited [144]. Related to this is the data
sparsity problem; there are many more articles a user has not seen or interacted with than
articles that they have. This all contributes to the difficulty of predicting what makes an
article relevant to a reader.

Social science studies identify an additional range of challenges with regards to news
recommendations. They note, for example, the lack of journalistic values embedded in the
systems [11, 188, 229], and the difficulty of modeling and prioritizing such values [185, 186].
Academic work that aims to tackle this remains primarily theoretical, with few attempts
to build practical solutions [180]. At the industry level, technical- and editorial teams of-
ten work in isolation, and little knowledge exchange happens between the two [60, 186,
189]. Technical teams working on news recommender systems are often under pressure
from the business department to produce quick results [270], and in the process the news-
room is more often than not hardly involved in development [229]. To resolve these issues
there is a general agreement on the need for both more interdisciplinary work and more

industry-academia collaborations [17, 158, 180].

A note on news recommendation versus social media feeds

The boundaries between recommender systems and social media feeds are often blurred.
Academic research on both technologies can be found in similar journals and conferences,
while regulatory efforts, such as the European Digital Services Act, focus primarily on so-
cial media recommender systems. However in this thesis I explicitly focus on news recom-
mender systems built for and by news organizations, rather than on social media feeds.
While the 2025 Reuters Digital News Report [195] reported that people primarily found
their news through social media, social media platforms have a much broader purpose
than just sharing news. This makes the recommendation task substantively different. So-
cial media platforms have extensive information on their users and their interests, but do
not produce content themselves. Conversely, most news organizations have limited infor-
mation on their users, but fully control the data that is produced and its quality. Most news
organizations have the journalistic mission to inform, update and entertain, or some vari-
ation thereof; the purpose of social media platforms is primarily to entertain, with news
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as a byproduct and a means to more entertainment*. Furthermore, news organizations
typically aim to give a concise overview of what is currently important, which means that
the number of items that are shown to the readers is limited. In comparison, a social me-
dia feed aims to keep the user on the platform as long as possible, and feeds are potentially
endless. While some of the findings outlined in this thesis may be relevant for social media
platforms, the main focus is on creating technology that benefits ‘traditional’ news organi-

zations.

1.2.2 Diversity

Early recommender systems were primarily based on similarity: if you are interested in A,
you might also be interested in similar item B; or, since user A who is similar to you liked
B, you might also like B. But as early as 2001, Smyth and McClave [242] noted that often rec-
ommendations were too similar, and as a result became monotonous. They claimed that
a good recommendation should find the right balance between similarity and diversity. In
2011, Vargas and Castells [273] wrote down what became closest to a standard for evaluat-

ing diversity [148]:

div(R d(
iv(Rlu) = \R| \R| . e%:Kk ik, 1)

Here, R|u denotes the recommendation Rissued touseru,: € Rtheitemsiin the recom-
mendation, and d(i, 4;) the distance between items ij, and ¢;. This formula is also known
as the intra-list distance (ILD), or the average dissimilarity of the items in the recommen-
dation. One of the appeals of ILD is that it is generic, and applicable to all recommendation
domains. Whether you talk about movies, music, job candidates or news, defining diversity
comes down to defining what makes two items in your recommendation (dis)similar from
each other. In news recommendation, this similarity scoring would often be implemented
through a cosine similarity, measuring the distance between word vectors representing
the news articles [274], or other statistical distance metrics such as the Gini coefficient or
Shannon entropy [161, 217]. Bauer et al. [12] note that 62 of the in total 183 academic papers
on news recommendation published before the end 2022 mention some notion of diver-
sity®. Importantly, this formalization does not take position on what makes two items in
a recommendation different from each other. It also does not impose an expectation of
the ‘right’ amount of diversity, though implicitly we may expect that a higher value is con-
sidered better. Lastly, the formalization only includes items from the current recommen-

4Though there is also evidence of social media platforms directly furthering political agendas. See for exam-
ple Leerssen [150]

>Note that these 183 papers also include theoretical contributions from the social sciences, including the
works of Helberger
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dation, and does not consider the general news offer, current events, or other items that a
user has seen in the past.

Here a clear difference can be observed with how other domains, such as media stud-
ies or information law, conceptualize diversity. Media studies are typically concerned with
notions of source diversity (does the media system in general have enough sources and per-
spectives to choose from) and exposure diversity (what did audiences eventually consume)
[180,190]. Building on that, diversity in the normative sense is about helping people play a
role in democratic society; a diverse news offer helps people be informed about important
issues, gain a deeper understanding of other groups in society, or helps them to let their
voices be heard [76]. It thus ties into larger societal concepts, such as democracy, freedom
of expression, participation or tolerance [111]. Arecommendation that would score high on
diversity according to the intra-list distance may not be considered to be diverse according
to the criteria maintained by other fields. Loecherbach et al. [158] note that there is “little
to no overlap between concepts and operationalizations [of diversity] used in the different
fields interested in media diversity.” In short, additional work is necessary to bridge the

gap between normative conceptions on diversity, and technical implementations.

1.3 Outline

In order to capitalize on the potential of diverse news recommender systems, additional
work is necessary to bridge the gap between normative conceptualizations of diversity and
what is technically implementable. To accomplish this, this thesis focuses on the following

questions:
RQ1: Howis normative diversity defined and understood in both theory and practice?

RQ2: How can normative notions of diversity be translated into concrete and infor-

mative evaluation metrics for news recommender systems?

RQ3: What conditions need to be in place in order for diversity metrics to be adopted

in practice?

Each of these research questions is a multifaceted problem, where different disciplines
hold different pieces of the puzzle. Furthermore, solutions that need to be adopted in prac-
tice also need to be grounded in the reality of industry practitioners. As such, answering
the research questions cannot be done in isolation, and need the combination of different
perspectives.

In Chapter 2, I scope the current state of the art of public service media recommender
systems in the Netherlands through semi-structured interviews with practitioners. The



8 | 1. INTRODUCTION

chapter describes a think-aloud exercise to identify how the practitioners would con-
ceptualize diversity in their recommender systems. The results of the exercise are split
up in aspects, or what is being measured, and tactics, or how the recommendation is
diversified. In doing so, I study whether there are commonalities in how practitioners op-
erationalize diversity, either because they come from the same organization, or because
they have similar roles. As a result, this chapter contributes to an understanding of the
requirements of industry practitioners at different public service media institutions for
their recommender systems and the diversity incorporated therein. By answering how

practitioners operationalize diversity, Chapter 2 contributes to answering RQ1.

Besides current industry practices, I study what role personalized recommender
systems could play. In Chapter 3 Ifirstlook at theoretical notions of the different roles that
news can play in democratic society, and how news recommender systems could support
those roles. Based on four models of democratic theory (the Liberal, Participatory, Delib-
erative and Critical models), I propose new evaluation metrics for news recommender
systems that aim to reflect the nuances of each of the different models: Calibration (to
what extent is a recommendation tailored to a readers’ preferences), Fragmentation (to
what extent are readers aware of the same events), Activation (the amount of neutral
versus emotional content in a recommendation), Representation (which viewpoints are
expressed) and Alternative Voices (wWhose viewpoints are expressed). Through its investi-
gation on how diversity is defined in theory, and making a first step towards translating
that theory into evaluation metrics, Chapter 3 contributes towards answering both RQ1
and RQ2.

As stated in Section 1.2.2, the standard technical formalization of diversity in recom-
mender systems based on the intra-list distance is not suitable to express normative
notions of diversity. Inspired by the original Calibration metric, as proposed by Steck [247],
Chapter 4 proposes to formalize diversity as a rank-aware divergence metric. Through
this, diversity metrics can be designed by answering the following three questions: 1)
what aspect of the (items in the) recommendation needs to be measured; 2) what context
distribution are we comparing the recommendation to; and 3) do we expect the diver-
gence between the recommendation and the context distribution to be high or low. We
demonstrate these metrics using the benchmark news recommender systems trained on
the Microsoft News dataset [293], and the code used for doing so is available on GitHub®.

Furthermore, I discuss how seemingly innocuous choices in metric design can have a

The repository for doing this was refactored at a later time, and can be found here: https://github.com/svrij
enhoek/RADio-


https://github.com/svrijenhoek/RADio-
https://github.com/svrijenhoek/RADio-
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strong impact on the metrics’ behavior, and argue that decisions on metric design should
be taken with a good understanding of what the metric aims to express or accomplish. As

a result, Chapter 4 contributes to answering RQ2.

News organizations typically rely on algorithms developed in academic research.
However, researchers often do not have access to real-world systems, and are instead de-
pendent on public datasets. Chapter 5 analyzes the most commonly used public datasets
(MIND, Adressa, Globo and EB-NeRD), and specifically how the datasets can and cannot
be used for research on diverse news recommendation. To some degree, each of the
datasets has aspects that are suitable to a subset of the diversity problem. However, there
are also a number of structural problems. All datasets stem from commercial outlets, and
cover a very limited amount of time where from a news perspective nothing significant
happened; for example, none of the datasets cover the weeks surrounding national elec-
tions. This makes it difficult to study and develop new approaches to diversity-aware news
recommendation,and the chapter therefore also describes the role the law could play in
acquiring data for research and development. By analyzing the data that is necessary to
develop diversity-aware news recommender systems, Chapter 5 contributes to answering
RQ3.

The previous chapters have frequently emphasized that diversity is a multi-faceted con-
cept, and that its operationalization is strongly dependent on the media organization. Fur-
thermore, different groups within an organization may have different perspectives on its
meaning. This is incompatible with the standard way of designing a news recommender
system, which is, usually, designed by the technical team in isolation [60, 73]. Editorial
teams are only involved after the recommender system is well under development, which
contributes to the fact that editorial values are often not incorporated [229, 270]. Chap-
ter 6 describes a collaboration with the Danish national news organization Ekstra Bladet
(EB) on the co-design of evaluation metrics that would be relevant for their news recom-
mender system, with participants from Ekstra Bladet's technical, editorial and business
teams. Through four workshop sessions of two hours each, the participants discussed the
goal of EB'srecommender system, and how they could measure whether that goal hasbeen
reached. To this end the participants co-designed metrics with the same structure as the
one explained in Chapter 4; by defining what needs to be measured, and in what context. I
identify the challenges encountered in the process, and describe the steps that need to be
taken by both academia and the organization itself to eventually make the recommender
systems reflect their editorial values. Chapter 6 combines the insights of all previous chap-
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ters, and through its focus on the conditions that need to be in place to make normative

diversity metrics land within a news organization primarily contributes to RQ3.
Throughout the thesis, I move from a conceptual analysis of the term ‘diversity’ down

to the challenges encountered in its practical implementation. I conclude the thesis by

explaining my core findings, and outlining the direction future work could take.

1.3.1 On “social science” and “computer science”

This thesis relies on insights from many different disciplines, including media studies,
journalism studies, philosophy, communication science, information law and political sci-
ence. Continuously listing them all will become repetitive to the reader, but summarizing
them under a single term is not a straightforward task. In this thesis I often group those
disciplines that work on technical solutions under "computer science”, and those that
do not under "social science”. To experts this may read as reductive of the nuances and
contributions of their discipline. To others, it may imply a false dichotomy where there are
two camps in opposition of each other, while in reality this is not the case. Nevertheless,
this categorization is used for simplicity and clarity, with the understanding that each
discipline’s unique contributions are instrumental to the interdisciplinary nature of this

research.

1.4 Methodology and Contributions

Section 11 argued that diversity is an inherently interdisciplinary problem, which is re-
flected in the set-up of this dissertation. Rather than centering one type of methodology,
I focus on the integration of multiple research methodologies to address the complexity
of the problem comprehensively. In this, I reflect the call of among others Bernstein et al.
[17], Mitova et al. [180] and Loecherbach et al. [158] for both interdisciplinary research
approaches, and transdisciplinary (industry/academia) collaboration. Each chapter has
benefited from input from experts in their given domain, either directly as co-authors or
through one of the many discussion at the AI, Media and Democracy Lab’, the Institute
for Information Law®, or the general context of the ACM Conference on Recommender
Systems®. To acknowledge the contributions of the co-authors of the papers that the
chapters are based on, they are written using plural personal pronouns. To facilitate

technical adoption, the articles are primarily written with a technical audience in mind.

7https://www.aim4dem.nl/
Shttps://www.ivir.nl/
https://recsys.acm.org/
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In Chapters 2 and 3 I conduct conceptual research to broaden and advance our under-
standing of diversity as a concept. The chapters follow different methodologies; Chapter 2
contains semi-structured interviews to understand the current standards and state of the
art in industry. In Chapter 3 I combine different strands of literature from media studies,
communication science, information law and computer sciences to propose alternative
evaluation metrics. The research contributes to a clear understanding of the requirements
for a diverse news recommender system.

In Chapter 4 I extend the results of the conceptual research and the initial metrics pro-
posed there with more elaborate metric design. The chapter proposes a mathematically
sound base formalization for a diversity metric, and the prototype of a metadata enrich-
ment pipeline. Both metrics and pipeline are tested on the Microsoft News Dataset, includ-
ing a sensitivity analysis to test whether the metrics respond to alternative configurations.
The contribution of this work is in the mathematical formalization of the metrics, and the
code is available in a GitHub repository'®. Other researchers and practitioners can lever-
age this code for their own systems.

With the added knowledge of the type of data structures necessary for measuring diver-
sity, Chapter 5 describes a dataset analysis of the public news recommendation datasets
that are currently available to researchers. We analyze these datasets on their suitability to
diversity research, and identify blind spots. It furthermore contains doctrinal legal analy-
sis, done in close collaboration with a legal scholar, to investigate how the law can facilitate
acquiring additional data.

Finally, Chapter 6 studies how media organizations can formulate their own goals and
brand of diversity for their own systems through participatory co-design. This study under-
lines the needs and requirements of practitioners, and how metrics can be made informa-

tive. It also provides clear pathways for additional research and development.

1.5 Contributions

This dissertation contributes to the state of the art of recommender system design with a
multi-method approach, which through its interdisciplinarity leads to a richer conceptu-
alization and advanced understanding of the notion of diversity in the design of news rec-
ommender systems. Furthermore, I zoom out of purely technical considerations by also
looking at the conditions that need to be in place for the adoption of the proposed evalua-
tion metrics, namely by considering how academia can and cannot contribute to advanc-

ing the state of the art, and by studying the modus operandi and requirements of industry

1https://github.com/svrijenhoek/RADio-
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practitioners.

1.5.1 Theoretical contributions

« a proposal of evaluation metrics for the normative diversity of news recommenda-

tions based on democratic theory (Chapter 3)

- aflexible and rank-aware base formalization for a diversity metric, expressed as the

divergence between two distributions (Chapter 4)

- adoctrinal legal analysis of how the law can facilitate acquiring additional data for
diversity research (Chapter 5)(in close collaboration with a legal scholar)

1.5.2 Empirical contributions

- amapping of the different ways in which industry practitioners of public service me-
dia organizations in the Netherlands operationalize diversity (Chapter 2)

- an implementation of the normative diversity metrics on the Microsoft News
Dataset, including the effects of different design choices (Chapter 4)

- ananalysis of public datasets used for news recommendation and their suitability to

diversity research (Chapter 5)

+ astudy of how media organizations can formulate their own diversity goals and met-

rics through participatory co-design (Chapter 6)

1.5.3 Resource contributions

+ apublicly available Python repository for implementing diversity metrics, including
a prototype metadata enrichment pipeline for extracting relevant metadata from

news texts (Chapter 4)

1.6 How this research has inspired follow-up research by others

The diversity metrics proposed in this dissertation have been explicitly used as departure
point for research conducted by various research groups without my direct participation.

For example,

+ Hada et al. [97] studies the Representation and Fragmentation in online conversa-

tions.
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Heitz et al. [104] incorporated the metrics in their news recommendation framework
and app Informfully

Lietal. [152] proposes a random walk algorithm to incorporate the metrics in recom-

mender optimization

Mattis et al. [171] tests the effects of alternating amounts of Activation and Alterna-

tive Voices on several dimensions of participants’ democratic participation

Dattawad et al. [51] calculated the effect of different news frames on Calibration, Ac-

tivation and Representation
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Abstract

IVERSITY is a commonly known principle in the design of recommender sys-

tems, but also ambiguous in its conceptualization. Through semi-structured

interviews we explore how practitioners at three different public service media
organizations in the Netherlands conceptualize diversity within the scope of their recom-
mender systems. We provide an overview of the goals that they have with diversity in their
systems, which aspects are relevant, and how recommendations should be diversified.
We show that even within this limited domain, conceptualization of diversity greatly
varies, and argue that it is unlikely that a standardized conceptualization will be achieved.
Instead, we should focus on effective communication of what diversity in this particular
system means, thus allowing for operationalizations of diversity that are capable of

expressing the nuances and requirements of that particular domain.
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2.1 Introduction

The concept of diversity is at the same time omnipresent and very ambiguous [78]. In
popular discourse, diversity usually refers to the variation of human characteristics, often
related to a notion of identity politics [18]; in biological research, as a qualifier to the health
of an ecosystem [267]; and in media studies, as a concept adjacent to pluralism, expressing
whether a news selection contains a plurality of sources, voices and opinions [135]. While
all interpretations are valid and intuitively seem to reflect similar concepts, they differ
in their operationalization in a way that is unique to their domain. At the same time,
diversity is consistently noted as a social value that is beneficial to pursue, though in

different capacities.

In the recommender systems domain accounting for the diversity of a recommen-
dation can help avoid monotony [29, 303]. This follows from the assumption that a
recommender system that is purely optimized on predicted relevance will result in a
feedback loop and thus prioritize similar content, leading to ‘more of the same’. There is
as such also a business case to be made for diversity. While it has been challenging to
show empirically, diversity may lead to higher user satisfaction and retention, increasing
revenue in the process [71, 126]. This argument can be extended for the news domain,
where worries over filter bubbles that reinforce existing beliefs by only showing content
that align with a user’s preferences are especially prevalent [178, 306]. Having a news
recommender system that pursues diversity could help expose users to things different
than they are used to or expect seeing, and tailor to their specific information needs
[111, 112]. For machine learning in general, it is also important to account for diversity in a
social context. Since many algorithms are trained on datasets that are not representative
of all groups in society, not accounting for diversity may further “amplify stereotypes,

alienate users, and further entrench rigid social expectations” [179].

The many different interpretations of diversity are a fundamental challenge to the
practical development of recommender systems. Evaluating the performance of a rec-
ommender system requires objectively measurable properties, and the field strives to
do so in a standardized manner [304]. Standardization allows for comparability and
reproducibility of results and algorithms?, and is achieved through, among others, the

use of benchmark datasets, sampling techniques and evaluation metrics such as MRR or

IRecent strands of research have noted that this perceived notion of standardization is often false. Even with
commonly accepted principles there are often significant differences in implementation, and thus output [233,
255]
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NDCG [302], but has not yet been achieved for diversity. Loecherbach et al. [158], who did
a literature review of existing measures of diversity in media studies, note that “there is
little to no overlap between concepts and operationalizations used in the different fields
interested in media diversity”. Lawrence [149], executing a conceptual analysis of the term
‘diverse books’, notes that the topic is inherently political, and that “we have yet to arrive at

a clear consensus on what the modifier ‘diverse’ means in this and other instances”.

The conceptual unclarity around diversity makes that not only may we implement it
differently, we may also mean something completely different when we use the term. One
could argue that diversity is, in fact, an essentially contested concept [39, 89], meaning
that it is open for discussion and debate and that we are unlikely to reach consensus on its
meaning. As such, striving for agreement or a clear definition may lead to a standstill and
hinder progress, as it is unclear what a good operationalization or implementation would
look like. It may cause the conceptualization of diversity to be driven by the information
that is available or more easily suitable for quantification, rather than what is desirable;
furthermore, blindly trusting ‘objective’ measures “may obscure the fact that the concep-
tualization of diversity is, eventually, a normative choice” [136]. Instead, what we need
may be a more flexible operationalization that is capable of reflecting the nuances and

requirements of the domain it is deployed in.

The aim of this paper is to explore the dimensions in which industry practitioners
within a limited domain conceptualize diversity. To this end we conduct a series of
semi-structured interviews with practitioners from three different public service media
organizations in the Netherlands: a broadcaster, a news organization, and a library. The
choice of these organizations is deliberate; though the medium through which they do it
differs, they all play an active and important role in the dissemination and curation of in-
formation and ideas. As such, we expect there to be a fairly established conceptualization
of diversity within the organization, and comparatively more overlap between them than

with, for example, a commercial music recommendation service.

Through analysis of the interviews, and guided by the ‘components’ of diversity formal-
ization defined in Vrijenhoek et al. [279], we aim to answer the following questions: what
goals do the organizations aim to achieve with the recommendations, which aspects do
they consider relevant for diversity, and through which tactics are the recommendations
diversified. We find that even within the limited domain of public service media recom-
mendation, there is a wide variety of conceptualizations of diversity. With this, we under-
line that a standardized definition of diversity in recommender systems is likely not achiev-

able. However, this empirical categorisation, albeit non-exhaustive, can assist in the pro-
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cess of conceptualizing and implementing diversity in a particular concrete context.

2.2 Related work

Recommender systems have long moved from evaluating recommendations solely based
onaccuracy-related metrics. Other metrics such as novelty, serendipity and diversity have
become a common part of evaluation practices [29]. Diversity in recommendation is a
current topic, and multiple diversification methods have been proposed in recent years
[87, 148]. In recommender systems research, diversity is often viewed as the opposite of
similarity; a list of recommended items is diverse if the items are sufficiently different be-
tween them along a set of axes [305]. However, Jesse et al. [129] point to a gap between
human perceptions on diversity and intra-list similarity (ILS) commonly used to assess di-
versity in offline recommender systems experiments. Through a user study, they find that
while ILS can be a good proxy, the details of the implementation matter and require valida-
tion in a given domain and application.

When diversity is seen as a social value that needs to be incorporated in a system, stan-
dardizing its definition and operationalization becomes even more challenging. Mitchell
et al. [179] define diversity in a subset selection task (e.g., the construction of a list of items
to recommend) as “variety in the representation of individuals in an instance or set of in-
stances, with respect to sociopolitical power differentials (gender, race, etc.)”. As such, they
view diversity as a concept with inherently sociopolitical connotations in contrast to the
more general term ‘heterogeneity’.

In the context of media recommendations, diversity is often closely associated with plu-
ralism. According to Karppinen [136], the interpretation of pluralism and diversity in me-
dia is dependent on the political and normative understanding of the role of media in soci-
ety. Additionally, defining media diversity is further complicated by its often contradictory
aspects and interpretations. Van Cuilenburg [266] point out an antithesis between the nor-
mative media diversity frameworks of reflection and openness; one requires content distri-
bution to proportionally reflect societal distributions of relevance, while the other corre-
sponds to perfectly equal representation and attention to all people and ideas in society.
Similar contradictions have been laid out in the domain of library and information stud-
ies [149]. Based on a systematic literature review on media diversity, Loecherbach et al.
[158], also referenced in the introduction on the little overlap between different fields' con-
ceptualization of diversity, conclude that relevant research should be guided by an inter-
disciplinary effort to define and benchmark the concept of media diversity, along with its
different sub-dimensions. Other work studying diversity in recommender systems would
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typically acknowledge the complexity of the concept, yet model it following existing tech-
nical standards; either as a distance to a user’s reading history [101], political leaning [107]
or as pair-wise distance between the items in a recommendation, for example in topics,
categories and/or tone [185]. In this work, we aim to contribute to this effort by attempting

to map the dimensions of diversity in media recommender systems.

2.2.1 Diversity in Public Service Media

Diversity in recommendation is especially relevant for public service media (PSM), whose
role and societal responsibilities call for a careful consideration of the content they
produce and give exposure to. Many media organizations underline the potential of
recommender systems and the importance of reflecting editorial values such as diversity
therein [23, 93, 143, 187]. PSM are often required to offer diverse content, which might
be at odds with the primarily commercial use of recommender systems that mainly
intend to increase media consumption, and therefore, profit [118]. Even if we assume
societal agreement on the importance of providing diverse content for PSM, the practical
implications are harder to lay out. Helberger [111] outlines four models for the normative
conceptualization of diversity in recommender systems that serve different purposes:
the liberal, the deliberative, the participatory, and the critical models. While each of the
models is in its own way relevant for PSM, the work suggests that the critical perspective,
which focuses on the visibility of minority voices that are often disadvantaged in public
platformes, is less likely to be encountered in commercial applications, and therefore could
be partly served by PSM. Regardless, few have succeeded in concrete implementations
that reflect diversity as a normative value, in part due to the gap between journalistic
values and recommender system evaluation metrics [278]. Mgller [182] suggests that “the
abstract nature of journalistic values make them hard to account for computationally”,
and that “[hJuman journalists have an important role to play in these processes not only
to help conceptualise the values themselves but also as part of new algorithmic news
practices.” Translating values into concrete algorithmic practices is thus as challenging as
itis necessary.

To bridge the gap between theory and practice, the perspectives of practitioners in a
given domain can assist, orient, and ground research. On that note, researchers have con-
ducted interviews with practitioners on the interaction between emerging algorithmic sys-
tems and norms and values. Sgrensen [254] interviewed developers, data scientists, and
project leaders from nine European PSM organizations on the topic of implementing rec-
ommender systems. They report that, while interviewees believe diversity to be an essen-
tial aspect of their catalogue, they are reluctant to depend on an algorithmic implementa-
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tion instead of the traditional editorial control. Additionally, they attribute the generallack
of formal definition of diversity to the different understanding between politicians, practi-
tioners, and users. Bastian et al. [11] interviewed practitioners from different departments
of two newspapers regarding the impact of algorithmic news recommenders on their or-
ganization’s norms and mission, as well as how to integrate them in the design of news
recommenders. They found that, while the interviewees attach varying degrees of impor-
tance to different values, diversity is perceived as one of the core values for news recom-
mender design and implementation. During the interviews we conducted, we specifically
focused on the conception and implementation of diversity, which allowed for an in-depth

outline of the perspectives and practices of the interviewed professionals.

2.3 Method

For this study we conducted a series of semi-structured interviews with three public ser-
vice media organizations in the Netherlands: a broadcaster, a news organization, and a li-
brary. Interviews were carried out in-person and on site in the offices of the interviewees,
and took place over a span of four months, between December 2022 and March 2023. At
this time each of these organizations were, at different stages of completion, (exploring
the possibility of) developing a recommender system to effectively serve content to their
users, which also means that decisions about incorporating diversity in the recommenda-

tions were actively being made.

2.3.1 Candidate Selection

Potential candidates were approached through a snowball sampling technique: after ini-
tial contacts with the organization were established, interviewees were asked for recom-
mendations of colleagues to interview in the next round. We actively tried to find a set of
participants that reflected the composition of the organisations and the relevant figures in
the design, deployment and use of the recommender system. This process yielded twelve
participants in total: six at the broadcaster, four at the library, and two at the news organi-
zation. Following Smets et al. [241], our goal was to have a good spread of different types
of stakeholders, and sought participants with roles related to Business (four participants),
Curation (two participants), Product owner (three participants) and Technology developer
(three participants). During the snowball sampling we would explicitly ask participants
whether they knew of potential interviewees with a role we had not covered yet. Finding all
different roles did not always succeed, and we acknowledge this as a limitation of our work.
This is also why we are adamant about not making normative claims about the definition of
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diversity per domain, but rather present it as an exploratory study. Participants were pre-
dominantly male (9 out of 12) and white (11 out of 12). This is reflective of the workforce but
a caveat for generalization, further outlined in Section 2.34. Disclosing too many details
about individual participants and their roles would undermine the promised anonymity,

and thus each participant is assigned a code reflecting only their organization.

2.3.2 Interview structure

The interviews consisted of four parts. In the first part, interviewees introduced them-
selves and their role within the organization. In the second part interviewees were asked
about their general conceptions of diversity, and how these conceptions related to their or-
ganization. Here, the goal was to understand the mission of the organization in question,
and the role diversity plays in that mission. In the third part interviewees described their
knowledge of the recommender systems that were in use by their organization, either in
planning or in production. This served as a check that participants were sufficiently in-
formed to be included in the analysis, and to prime the interviewees for the fourth part, in
which they were specifically asked about the role of diversity in the recommender systems
of their respective organization. The aim here was to go beyond what currently exists, and
instead focus on what the recommender system should look like in an ideal situation. This
part of the interview also contained a small experiment, in which the interviewees were
asked to take on the role of a recommender system and rank a set of items while keeping
diversity in mind. During the experiment participants were asked to voice their thought
process by thinking out loud [33]. Our primary interest was not the final recommendation
generated, but which aspects of the items participants considered before (not) including
anitem. For each organization we prepared a set of 15 candidate items based on the organi-
zation's (potential) catalogue, and included the metadata a user would see when interact-
ing with the system. We attempted to ensure (to the best of our abilities) that there would
be enough diversity in this candidate list present. To cover our own blind spots we would
ask participants at the end of the experiment whether there was a type of content that they
were missing. We acknowledge that our own conception here steers the type of diversity
that could potentially be found (see also Section 2.3.4).

For each of the organizations, the metadata always included the items' title, summary
and a cover photo. For the library, we also included the authors' name and a set of key-
words about the book; for the broadcaster, the title and description of the series the item
was part of (if applicable); and for the news organization, the time of publication and the
first few paragraphs of the news item. Based on this candidate set, we asked participants
to make a diverse selection of 5 items. In order to not influence people’s thought processes



2.3. METHOD | 23

in what could potentially be relevant aspects of diversity, we deliberately left instructions
vague, and did not include a profile of a user to create a recommendation for in the instruc-
tions. Instead, we considered the participants’ questions for clarification as part of what

they deemed relevant for diverse recommendation.

2.3.3 Coding and analysis

We executed an inductive thematic analysis on each of the interviews, guided by the re-
search questions posed in Section 2.1: what the organizations aimed to achieve with a (di-
verse) recommendation, which aspects of the items they would consider during recom-
mendation, and which tactics they would employ to diversify the recommendation. The
first two authors created a coding scheme based on half of the interviews, which after com-
pletion were discussed and merged. With the resulting coding scheme, the authors an-
notated the half of the interviews they had not previously seen, and extended the coding
scheme when gaps were identified. Additionally, after the respective coding schemes were
merged, the two authors independently coded the same interview and proceeded to com-
pare their outputs. This step helped ensure practical consensus, as the authors were able
toalign on the specific nuanced interpretation of each of the codes, as well ashow it applies
in the context of the interviews. Based on the resulting coding scheme, we created a diver-
sity ‘map’ of relevant aspects and how they relate to each other, which will be discussed in
the next section. The coding scheme is included in Appendix 2.6. After the first draft of the
paper was finished, we reached out to all participants. We shared with them which quotes
had been attributed to them, and asked them to reach out in case of misunderstandings.

2.3.4 Limitations

There are a number of important caveats to consider in light of this method and experi-
ment. By presenting the participants with a list of items to recommend, we inadvertently
steerthe type of diversity they are likely to mention. For example, if our sample did not con-
tain any mention of politics, the participants might also be less likely to mention this as a
relevant aspect. Simultaneously, participants may be influenced by what is commonly con-
sidered a relevant aspect of diversity, or what interpretations are currently feasible rather
than ideal. As such, we cannot draw conclusions on the importance of a certain aspect.
Another difficulty when running this experiment was accounting for the recency of
items, which is extremely relevant for the news organization and the broadcaster, where
the first will never want to recommend old news, but the latter may sometimes want to
include older content. This was especially an issue given that interviews took place on
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different days, sometimes weeks apart. For the broadcaster we mixed a stable set of older
content with content that was at the day of the interview popular in the system. This
has the important caveat that the results between broadcaster interviewees are not fully
comparable. For the news organization, we opted for a fixed date a few months in the past.
While the interviews are comparable in this case, there is a risk that important contexts
are forgotten or mixed up with current events.

Lastly, while diversity in and of itself is already a complicated and multi-faceted con-
cept, the concepts related to it are too. People may talk about ‘different ethnicities’, and can
mean, among others, different skin colors, nationalities or cultures. By extension, our find-
ings are largely influenced by the people that participated in the interviews. Organizations
are not a monolith, and many of the interviewees were very explicit about not represent-
ing the opinion of every member of the organization they belong to. Furthermore, many
of the responses are influenced by the background of the participants themselves, and the
fact that this research was conducted in the Netherlands. The Netherlands has a strong
public service media system with a focus on representing different groups in society [49].
That being said, participants were overwhelmingly white (11 out of 12) and male (9 out of
12). While this is representative of the general demographic working on recommender sys-
tems in the Netherlands, people are not as acutely aware of the needs of groups they are
not, themselves, a part of [20, 174]. As such, this is a suitable group for a descriptive study
(‘what is) into the conceptualizations of diverse recommendations in public service media
organisations; however, a complete normative formalization of diversity (‘what should be’)
would require the participation of people from different backgrounds and perspectives in
order to provide a complete overview. All limitations considered, the results of this study
cannot be used as a definition of diversity. Rather, we aim to show that, even within this

limited domain, ‘diversity’ indeed may refer to a wide variety of things.

2.4 Results

We expect that how organizations operationalize diversity is dependent on what they aim
to achieve with their recommendation. We first identify this goal in the following section
(Section 2.4.1). Then, we analyze both the different aspects (Section 2.4.2) and tactics (Sec-

tion 2.4.3) mentioned by the participants.

2.4.1 Goal of recommendation

Being a public organization means that the primary goal of the organization is to provide
services that benefit society [200]. As such, each organization’s goals with building a rec-
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ommender system extend beyond selling ads and optimizing for clicks, as is the norm for
most commercial organizations. This difference between being a public or a commercial
organization is explicitly mentioned by most interviewees (L2,1.3,1.4,B2,B3,B4,B5N1,N2),
and awareness of this distinction can be considered central in day-to-day operations. In
the absence of optimizing for monetary gains, the goal of recommendation is different for

each organization, and is strongly linked to its mission.

News

Both the News organization and the Broadcaster highlight that they are “for and from ev-
eryone”. For the News organization, this is fairly straightforward: to “reach the widest pos-
sible audience, [and] enable people to be well-informed” (N2). This means that the news
should be accessible to anyone, regardless of skill level, and that journalistic quality takes
precedence over personal interest (N1,N2). Each article has a non-personalized ‘more like
this’ section which is automatically populated by a recommender system, but can be sup-
plemented or turned off by the editorial team. Furthermore, there is a personalized rec-
ommender system under development that aims to connect readers to “important news
they have missed” (N1). For this, the organization is experimenting with how behavioral
data and editorial selections can complement each other, in order to compete against the

commercial players (N1).

The News organization notes a very strong collaboration between the technical and ed-
itorial teams. When opening the app, the users will always land on the editorially curated
front page listing the most important news of that moment. At any time, the editorial team
has the power to turn off the recommender systems. While diversity is an important con-
cept in the news organization, it is not something that is currently explicitly built into the
recommender system. Rather, it is seen as a procedural thing, to be considered at every
step of content creation. This goes from choosing which stories and events to cover, to
which people are doing the reporting, to writing about events in a neutral way covering
multiple perspectives. This control results in a set of items to recommend from that “have
to be told from a diverse standpoint in the first [place]” (N1). The organization sees the UX
design of the recommender system, including where it is placed within the app and accom-
panied by which headers and explanations as more impactful (N1). They do see potential
in personalization of style, telling the news through the user’s desired medium (text, video,
audio) or in a language complexity level suitable to the reader (N2).
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Broadcaster

For the Broadcaster, the mission to be ‘from and for everyone’ translates a little differently.
The organization is effectively an umbrella for multiple smaller broadcasters, each repre-
senting a different section of Dutch society. They are the ones pitching ideas and creating
the content, though the public broadcaster may request a certain type of program if they
feel a particular perspective is missing (B3). The broadcaster then tries to balance on the
one hand helping their users recognize themselves in the content they have on offer, while
also fostering understanding and knowledge of people, ideas and groups that are ‘different’
(B1,B2,B4,B5). For this, they see a clear purpose for personalized and diverse recommenda-
tion: “[I]f someone believes or thinks or feels in X, and they look at our platform, that person is
also confronted with Y. And that Y is slightly different from what the person had in mind with
X" (B2). Diversity plays a large role in achieving this, but the split in goals between recogni-
tionand broadening causes a great deal of conceptual unclarity. As one of the interviewees
notes, ‘[iJf you are looking at personalization, then we don’t want people to all get the same
thing recommended. That’s what I tend to see as diversity. [...] [Plluralism in recommenda-
tions would be [that] we'd like to look into [a] topic from different perspectives. And I think if
you talk to different people within this organisation, those two things kind of mix.” (B6).

The current platform is largely manually curated, with separate sections (displayed rel-
atively low on the landing page) for algorithmic recommendations. These algorithmic rec-
ommendations balance personal relevance, based on a user’s past viewing behavior, with
a so-called ‘public value score’. This score is an aggregate, obtained through a daily sur-
vey sent to users, in which they are asked to score the programs they watched recently on
things such as the presence of certain population groups or multiple perspectives. The
broadcaster is working on the development of a new platform, which should have a much
stronger algorithmic focus. They hold a uniformly strong position on user control: while
they, as the broadcaster, should provide a diverse offering, the user is eventually always in

charge of what they do and do not watch.

Library

The Library hosts a vast collection containing every book published in or about the Nether-
lands (L2). They hold a unique position among the cultural institutes, as they have the
added role of coordinating 138 other public libraries. There is high interest in digitization
and innovation in general, which manifests in creation of proof-of-concept applications
that the other libraries can choose to adopt or not (L3). Among other services and initia-
tives, the Library has the dual goal of having more people read and people read more (L4).



2.4. RESULTS | 27

The Library suspects that the decline of reading among its users is in part caused by a gen-
eral lack of available time. Currently, there is a recommender system feature in the mobile
application hosted by the Library, but its functionality is not satisfactory as “people cannot
find something they might be interested in” (L4), an issue partly caused by the organization
of metadata. Improved personalization can assist with the goal of attracting more patrons,
as it increases accessibility to the collection for different types of people. At the same time,
the Library is conducting research on the ethics around recommender systems, with top-
ics like bias and privacy being central (L3). In this sense, personalization is not sufficient.
There are active efforts to reduce bias that historically existed in the collections, in order
to facilitate “every citizen to be able to participate in society” and “make society [as a whole]
better, smarter and more creative” (L2).

Overall, the Library aims to deploy a well-functioning recommender system to satisfy
their readers while remaining inclusive and enacting bias correction. However, building
such a system is not trivial, and there are many questions about how development should

be approached.

2.4.2 Aspects of diversity

During the recommendation exercise, and the questions leading up to it, participants
would mention aspects of the content or the user beyond personal relevance that would
lead them to include that item in the diverse recommendation or not. Figure 2.1 provides a
schematic overview of these aspects, which can be divided into Item-, Human- and World

aspects.

Item aspects

The first dimension considers aspects of the items that are to be recommended. For the
Library these would be books, news articles for the news agency, and videos for the Broad-
caster. The first group of aspects revolves around topicality, or what is actually discussed in
the items. The dimensions mentioned by most interviewees are category, or sometimes
genre, and topic. All interviewees but one mentioned balancing different categories and
topics in the recommendation, to avoid saturation and to keep a user engaged. This is re-
flective of how diversity is currently most often conceptualized in technical recommender
system literature; see [29].

Related but still separate from the topic are the geographic location the item centers
on, and the time period it discusses. The Library may want to recommend books that dis-
cuss a topic through the lens of different time periods (L1), whereas the News organization
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Figure 2.1: Schematic overview of the identified aspects of diversity and how they interact with each other. The
"World’ class is unconnected in the graph, but in truth encapsulates and informs everything: from the content
that is being produced, to what user wants to read, to what constitutes a ‘viewpoint’ or a ‘minority’.
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aims to ensure that they not only cover news from densely populated urban areas, but also
from rural areas (N2). Secondly, recommendations may vary on accounts of stylistic prop-
erties. This relates to the way in which a message is communicated, and whetherit s easily
accessible for the user. Examples are the complexity of the content, the amount of time
investment a user is required (and willing) to make, the language it is written in, the tar-
get audience of the item, and its medium (text, video, audio). Many of these properties are
symmetric with characteristics of the user: a certain item complexity level or language re-
quires a certain amount of skill from the user.

Thirdly, there are a range of other item properties which may be prioritized. An impor-
tant one is an item'’s publication date. While this is of primary importance to the news
agency (one would not want to recommend a news item from two months ago), it is much
less so for the broadcaster and the library: while there may be some preference for new
publications, they also want to help their users discover less popular content. Another im-
portant dimension is the perceived quality of the item. While the news organization would
explicitly optimize for (editorial) quality, opinions differ between participants from the li-
brary: while some would find it acceptable if readers only read comic books and manga,
others wanted them to be pushed towards more high-brow literature (L4). More differ-
ences could be observed in terms of an item’s popularity: some said that popular items
are likely to be items that readers are looking for and should therefore be recommended
(L4,B1), while others explicitly distanced themselves from it: “I do know that out of this selec-
tion, [sensationalist article] would have been clicked on more than [serious article]. [...] That’s
why what we're doing with those recommendations is designed the way we designed it, which
is that the journalistic selection we make takes precedence.” (N2). Additionally, items that
had a high production cost may be prioritized (B3,B4).

Last, but definitely not least, interviewees referred to the people involved in the con-
tent. These can be split into the Creators, such as producers or authors, and the people
that were Subject in the items, either through active participation or being discussed by
others. Think of guests at a talkshow, politicians discussed in the news or a novel's protag-

onist. These are further discussed in Section 2.4.2.

Human aspects

While item category is the aspect of diversity mentioned by most interviewees, it is closely
followed by notions of the diversity in the context of people. While there are a number of at-
tributes that all humans share, there are three ‘subclasses’ that can be derived with specific
roles within the system. These are Users, Creators and Subjects. Users are the people that
receive the recommendations, and have a set of unique properties that the other types do
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not have: their history and preferences. Creators are, as the name implies, in some way or
another involved in the creation of the items; the authors of books, journalists or produc-
ers of shows. Lastly, there are the people that are the Subject of the item's content, such as
protagonists of books or people appearing on talk shows. These subjects can be fictional or
real, and be active or passive agents within the Item by either speaking on their own behalf

or by being described or mentioned by others.

The general Human aspects, such as age, gender identity, etc, are applicable to each
type. A frequently mentioned aspect of diversity is relating to a person’s background. Cul-
ture, ethnicity, nationality and sometimes religion (for example ‘Muslims’) are often used
interchangeably, and the distinction or relation between them is not always clear. For ex-
ample, B5 notes: ‘I think about [...] representing different societal groups. So ethnic minori-
ties. More black and white. Maybe a bit more foreign language [...]”, while L2 says: “I don't
know if this persona is from a specific country or has a specific background but [author] is
an American author.” Identifying the presence of different ethnic and/or cultural groups
is notoriously difficult, partly because the data required to do so is often lacking. In each
of the domains described above, textual data was the only type of data available, and of-
ten no additional information was present beside a person’s name?. In some cases, data
enrichment might be possible (B3). Yet, this requires building a dataset on attributes that
are often considered sensitive, which gets even more problematic when considering the
fact that, to ‘expand horizons’ or ‘represent, a similar type of dataset would be necessary
about the users, which would then lead to issues of privacy (L2); see also Papageorgiou and
Mougan [208]. Similar safety concerns can be raised for aspects like gender identity and

sexuality; see Pinney et al. [212].

Culture- and viewpoint diversity are sometimes mentioned in the same breath: “for
me, diversity means having multiple colors, multiple opinions, multiple cultures, multiple
points of view about something.” (B2). We make a distinction between the two, and de-
note viewpoint diversity as a person’s perspective on events. Viewpoint diversity then
often becomes linked to politics, or opinions about current events. A rich body of work
exists around so-called viewpoint or stance detection, aiming to algorithmically extract
these from text [2, 64, 223]. Even when successful, it is often unclear what a diversity of

viewpoints would look effectively like, which is further discussed in Section 2.4.3.

2Some approaches have attempted to predict a person’s ethnicity based on their name, but this process is
not generally accurate and can suffer from misrecognition bias [156]
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World aspects

Aspects related to the World are beyond the direct control of a recommender system or
user. They influence which content is created, and as such the pool of items that a recom-
mender system can make its selection from. They also interact with a user’s preferences
to determine what type of content a user is interested in, looking for, or should be reading.
Current events determine what is newsworthy, and what news a user needs to consume
to fulfill their information needs. Naturally this aspect is of high importance to the News
organization (N1,N2) and to some extent the Broadcaster (B3, B5), but much less so to the
Library. In contrast, society represents the world as it currently is, including its biases and
existing power distributions. An organization may choose to eitherreflect or counterthese
existing structures (see Section 2.4.3). For example, the Library acknowledges that much
of their catalogue consists of white, American male authors, and wants to account for this

in their recommendations (L1).

2.4.3 Tactics for diversification

During the experiment, the participants considered and deployed different tactics to pro-
duce a diverse recommendation. Some participants articulated the tactic they deployed

explicitly, while others did not clarify it in as much detail.

Diversity between items

Diversity between items is perhaps the most intuitive interpretation of diversity, and refers
to ensuring that all items within a list of recommendations are sufficiently different be-
tween them. Following this tactic requires choosing one or more appropriate axes to di-
versify over. In that sense, constructing a diverse list also entails exclusion, since some
aspects have to be deemed less relevant. This issue is particularly important for public or-
ganizations; selecting meaningful aspects for which diversity needs to be safeguarded is a
crucial decision that must comply with the values and mission of the organization. Multi-
ple interviewees constructed a recommended list by considering diversity between items
in the process (B2,B3,B4,B5,B6,N2,1.1,1.2,13,L4), especially to recommend items that are di-
verse between them in terms of category. In particular, the Broadcaster may aim for a “bal-
ance between [e]ntertainment and information” (B2), given their wide range of offerings and
mission “to inform, educate, and entertain” (B2). For the Library, item category translates to
book genre, and is commonly taken into account when creating a diverse list (L2,1.3,14).
Instead of generally diversifying between items, a somewhat adapted tactic is to recom-
mend a set of items that are different between them in some perspective, but engage with
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the same topic or theme. For example, one interviewee opted for selecting “five books that
give[..] aninsight on[..] LGBTQ[...] [ ,h]ow that works or is around the world in different cul-
tures and different times” (L1). Furthermore, in case of a socially relevant emerging topic,
the Broadcaster can create “a highlight lane and then offer a lot of different opinions that
people can scroll through” (B5).

Finally, interviewees noted as a result of the experiment that “to combine several aspects
[is] really hard” (L2). It might be that a set of items is diverse over one important axis, but
not over a different equally important one. In this context the act of creating a diverse rec-
ommendation can be seen as an optimization process that an algorithm can contribute to.
Regardless, ensuring diversity between items requires some sort of aspect prioritization,

as well as an appropriate justification for it.

Diversity as a within-item measure

A different tactic for ensuring diversity is recommending items that consist of diverse per-
spectives or types of people within the item itself. For example, according to a participant
from the Broadcaster, a travel series that allows the viewer to “see multiple worlds [...] fits
very well into diversity” (B2). This also pertains to episodes of political programs where “peo-
plefromalot of the major parties [appear], which captures a big part of the political spectrum”
(B4). The News organization notes that their inventory consists of “very good stories which
have to be told from a diverse standpoint in the first [place]” (N1). From this perspective, guar-
anteeing item diversity may be a part of the production/acquisition process or an explicit
step of the recommendation. During the exercise, one interviewee (B4) suggested combin-
ing within-item and between items, by composing a list of items on different topics where
each item contains multiple perspectives on the respective topic. According to the inter-
viewee, pursuing diversity in recommendation can also be seen as a process of achieving
maximum diversity. This tactic requires that the media organization’s catalogue consists

of items that can facilitate the maximization process.

Diversity considering the user

User-specific diversity is a personalized form of diversity, where the user’s history and/or
preferences are taken into account when composing a diverse list of items to recommend.
The first way to operationalize this tactic is to cater to a user’s specific needs that poten-
tially diverge from the norm. This can manifest in assisting the user with finding uniquely
niche content. Based on this outlook, diversity is about “ensuring that [...] everyone feels
that there is something for [them]” (B1) in the catalogue. The Library and News organiza-
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tion also mentioned literacy in this context (L4,N1), as “how [to] help those with difficulty
reading [...] [is] also a diversity topic in a way” (N1). Additionally, for the Library diversity in
accordance with the user can help them “recognize themselves in the author or in the main
characters or the topics [such as] age and physical ability and sexual orientation” (L2). The
second way to apply user-specific diversity is to recommend to a user content that extends
further from their current interests, and that they might not be aware of. In other words,
an organization can also recommend items so as to “give people [...] a broader perspective
of what is available” (L3) and to “broaden the user’s horizons” (B5). This tactic can be seen as
a way to ensure that users do not “stay in their own bubble” (L2) by “educating people [that]
there’s more than [their] bubble” (B5).

Diversity considering the world

Diversity considering the world entails recommending items that in some way reflect or di-
verge from the norms that exist in the world, leading to ‘similar to world  and ‘different from
world’ diversification tactics. When reflecting the world, one could think of having a good
spread of topics that are representative of the important news of that day (N2), or, by rep-
resenting political parties in a way similar to their distribution in government (B4). With a
‘different from world’ diversification tactic, the aim is to counter existing power structures.
With this interpretation, an item can be considered diverse on its own merit. This can be
because the content represents a minority culture, an “outsider [..] in a political sense”
(B4), a “very different part of the world that [the society] knows too little about” (B2), or even
a theme or topic that “you do not find that many [items] in the catalogue” (L4). In this case,
very popular items may be deemed inherently not diverse, and might not need to receive

further exposure: “[IJt’s going to be on the website probably anyway” (B6).

What constitutes a minority was often implicitly assumed by the interviewees, poten-
tially due to the social context that their organization operates in. For example, multiple
interviewees referred to LGBTQ-themed media as inherently diverse (B4,B5,B6,12), which
also prompted their inclusion in a diverse recommendation as part of the experiment. The
same can be said for media that gives exposure to people with a minority cultural back-
ground or engages with topics not related to the Randstad, a dominant urban area in the
Netherlands (N2). From this perspective, diversity considering the world and user-based
diversity (in a broadening-horizons way) can overlap when a user is assumed to be the typ-
ical or default representation of the majority culture in the given context.
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2.5 Discussion

The wide range of interpretations highlighted in Section 2.4 show that, even within this lim-
ited domain, conceptualizations of diversity among participants vary greatly. It is there-
fore unlikely that a standardized definition, encompassing all potential goals, aspects and
tactics, can be attained; however, that does not mean that it is impossible to implement a
meaningful form of diversity into a recommender system. In this section, we outline the
implications the findings of this study have for the implementation of diversity-aware rec-

ommender systems.

2.5.1 Implementing diversity: a normative process

Diversity has traditionally been seen as something we always want more of: more view-
points, more topics, more different nationalities. However, during the interview partici-
pants often mentioned instances in which they would actually want less. An interviewee
fromthe Library wanted to recommend items that fit the amount of time a user was willing
to invest, while the News organization only wanted to recommend items of a certain qual-
ity. In these cases, meaningful diversity could be achieved by controlling for one aspect
and diversifying over another; for example, when recommending different viewpoints for
one controlled topic, or vice versa, by showing the opinions of one particular group over a
wide range of topics. The same dynamic also occurs in the way interviewees spoke about
diversification tactics. In some cases, a recommendation similar to a user’s preferences or
history would be desirable, in order for them to recognize themselves in the content on of-
fer. In others, it should be different, so as to expose them to new perspectives. This shows
that different applications may not only prioritize different aspects of diversity, they may
also have different expectations on whether a recommendation should have high or low
diversity.

Participants would often mention that recommendations should be ‘diverse enough.
This requires an underlying model that not only determines which items are similar and
different, but also informs the system whether sufficient diversity has been attained.
This is non-trivial, especially in a domain such as news recommendation, where contexts
change rapidly. One could imagine using an external source as a reference point: for ex-
ample, the presence and size of political parties in government, or a country’s composition
interms of cultural groups as determined by a national statistics agency. However, this yet
again relies on a conscious decision of what is the ‘right’ model to use and reflect through
the recommendations, and each choice will have pros and cons. There is therefore a
normative choice to be made about the type of diversity that is desired, with different
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aspects to consider, different diversification tactics, and different levels of diversity. The
wide variety in the answers given by participants is also an indication that this normative
choice is not one that can be taken lightly, and requires a good deal of internal discussion
and alignment with all the relevant stakeholders involved before it can be satisfactorily

modeled and implemented.

2.5.2 Generalizing to domains beyond public service media

While the results are not directly generalizable to other domains, there are likely elements
of the aspects and tactics identified here that would also be applicable. For example, while
music recommendation might put less stock in the diversity of people discussed in an
item’s content, they would be interested in the diversity of Creators [81]; similarly, while
in-item diversity would not be applicable, they could be interested in countering existing
biases through different-from-world recommendation tactics [59]. We believe that the
goals, aspects and tactics of this paper can still serve as a starting point for discussion in

other domains, which may make it easier to identify gaps and unique challenges.

2.5.3 Exploring versus defining diversity

Participants varied greatly in which diversity aspects and diversification tactics they men-
tioned. Some of these differences can be traced to the different ways participants speak:
some people are more verbose, more inclined to stick to a specific set of examples, or al-
ready have a more developed concept in mind than others. Furthermore, the three organi-
zations were at different stages of developing strategies towards diversity, which may have
an impact on said differences between participants. However, they are all working on or
considering the implementation of a recommender system. Our participants are thus also
actively making decisions about how diversity would be conceptualized and implemented.
They are as such representative of the ‘real’ world, rather than the ‘ideal’ world, and there-
fore suitable candidates for an exploration of the dimensions along which diversity is cur-
rently conceptualized. For these reasons, we refrain from making claims about whether
certain aspects or tactics are ‘more important’ than others, nor do we make claims about
the ‘correct’ definition of diversity. Our hope is that the overviews of goals, aspects and
tactics presented in this study will facilitate building a common understanding and vocab-
ulary between stakeholders with a different background, making it easier to find common
ground and establish priorities that reflect the requirements of that particular implemen-

tation.
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2.6 Conclusion

Through interviews with participants from public service media organizations, we iden-
tified a range of different interpretations of diversity within a recommender system. We
grouped these into different goals (e.g. broadly informing the public or allowing a user to
recognize themselves), aspects (e.g. the topic of the content, or the cultural background of
an author), and diversification tactics (e.g. ensuring diversity within a single item or coun-
tering biases in society). Given the great variety found in the conceptualization of diversity
in recommender systems, even within a limited domain, we find that it is unlikely that a
standardized definition can be attained. Instead, rather than striving for this standardiza-
tion, we argue that it should be conceptualized on a case-by-case basis. We hope that our
mapping of goals, aspects, and tactics can contribute in effectively communicating what

diversity entails within a specific application.
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Appendix: Coding scheme and mentions

Table 2.1: Final coding scheme, containing both aspects and tactics. Aspects are divided into Item, Person and
World aspects.

Aspects Bl B2 B3 B4 B5 B6 L1 L2 L3 L4 N1 N2
category / genre X X X X X X X X X X X
complexity X X X X
cost X
creator (person) X X X X X X X X
geographic location X X X X X X X X X X
language X X X
newsworthiness / quality | x X X X X X X X X
medium X
subject (person) X X X X X X X X X

Item popularity X X X X X X X X X

publication date X X X X X
recurring X X
relevance X X X X X X X X X
sentiment X
target audience X X X
time investment X X
time period discussed X X X
topic X X X X X X X X X X X X
ability X X
age X X X X X X X
cultural background X X X X X
education X X X
ethnicity X X X X
gender identity X X X X

Person gef)graphic !ocation X X X X X X X
living situation X X X X X
nationality X X X X X X X X
religion X X X X X X X
sexuality X X X X X X X
viewpoint X X X X X X X X X
user; history X X X X X X X
user; preferences X X X X X X X

World cun.'ent events X X X
society X X X X
different in item X X X X X
different in list X X X X X X X X X X X
similar to user X X X X X X X X X
different from user X X X X X X
different/similar to world X X X X X X
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Abstract

EWS RECOMMENDERS help users to find relevant online content and have the po-
tential to fulfill a crucial role in a democratic society, directing the scarce atten-
tion of citizens towards the information that is most important to them. Simul-
taneously, recent concerns about so-called filter bubbles, misinformation and selective
exposure are symptomatic of the disruptive potential of these digital news recommenders.
Recommender systems can make or break filter bubbles, and as such can be instrumental
in creating either a more closed or a more open internet. Current approaches to evaluat-
ing recommender systems are often focused on measuring an increase in user clicks and
short-term engagement, rather than measuring the user’s longer term interest in diverse
and important information.
This chapter aims to bridge the gap between normative notions of diversity, rooted in
democratic theory, and quantitative metrics necessary for evaluating the recommender
system. We propose a set of metrics grounded in social science interpretations of diversity

and suggest ways for practical implementations.
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3.1 Introduction

News recommender algorithms have the potential to fulfill a crucial role in democratic so-
ciety. By filtering and sorting information and news, recommenders can help users to over-
come maybe the greatest challenge of the online information environment: finding and
selecting relevant online content - content they need to be informed citizens, be on top
of relevant developments, and have their say [76]. Informed by data on what a user likes
to read, what people similar to him or her like to read, what content sells best, etc., rec-
ommenders use machine learning and Al techniques to make ever smarter suggestions
to their users [62, 148, 151, 260]. For the news media, algorithmic recommendations offer
a way to remain relevant on the global competition for attention, create higher levels of
engagement with content, develop ways of informing citizens and offer services that peo-
ple are actually willing to pay for [22]. With this comes the power to channel attention and
shape individual reading agendas and thus new risks and responsibilities. Recommender
systems can be pivotal in deciding what kind of news the public does and does not see. De-
pending on their design, recommenders can either unlock the diversity of online informa-
tion [111, 196] for their users, or lock them into routines of "more of the same”, or in the

most extreme case into so-called filter bubbles [211] and information sphericules.

The most frequently used key performance indicators, or KPIs, for optimizing recom-
mender systems, assess and aim to maximize short-term user engagement, such as click-
through rate or time spent on a page [126]. Often, these KPIs are defined by data limita-
tions, and by technological and business demands rather than the societal and democratic
mission of the media. More recently however a process of re-thinking algorithmic recom-
mender design has begun, in response to concerns from users [261], regulators (e.g., EU
HLEG [203]), academics, and news organizations themselves [22, 161]. Finding ways to de-
velop new metrics and models of more "diverse” recommendations has developed into a
vibrant field of experimentation - in academia as well as in the data science and R&D de-

partments of a growing number of media corporations.

But what exactly does diverse mean, and how much diversity is 'enough? As central
as diversity (or pluralism, a notion that is often used interchangeably) is to many debates
about the optimal design of news recommenders, as unclear it is what diverse recom-
mender design actually entails [158]. In the growing literature that tries to conceptualise
and translate diversity into specific design requirements, a gap between the computer
science and the normative literature can be observed. While diversity in the computer
science literature is often defined as concrete technical metrics, such as the intra-list
distance of recommended items [29, 273] (see also Section 3.2), diversity in the normative
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sense is about larger societal concepts: democracy, freedom of expressions, cultural
inclusion, mutual respect and tolerance [111]. There is a mismatch between different
theoretical understandings of the construct of diversity, similar to the one observed in
Fairness research [125]. For news recommenders to be truly able to unlock the abundance
of information online and inform citizens better, it is imperative to find ways to overcome
the fundamental differences in approaching diversity. There is a need to reconceptualise
this central but also elusive concept in a way that both does justice to the goals and values
that diversity must promote, as well as facilitates the translation of diversity into metrics
that are concrete enough to inform algorithmic design.

This paper describes the efforts of a team from computer science, communication sci-
ence, and media law and policy experts, to bridge this gap between normative and com-
putational approaches towards diversity, and translate diversity, as a normative concept,
to a concrete set of metrics that can be used to evaluate and/or compare different news
recommender designs.

We first conceptualise diversity from a technical point of view (Section 3.2) and from
a social science interpretation, including its role in democratic models (Section 3.3). In
Section 3.4 we expand upon the social science notion of diversity, and propose five met-
rics grounded in Information Retrieval that reflect our normative approach. We cover the
limitations of the proposed metrics and this approach in Section 3.5. We conclude with de-
tailing our implementation of the metrics and the steps to undertake as a media company

when intending to adopt this normative notion of diversity in practice.

3.2 A technical perspective

Typically, generating a recommendation is seen as a reranking problem. Given a set of
candidate items, the goal is to present these items in such a way that the user finds the
item he or she is most interested in at the top, followed by the second-most interesting
one, and so on. How well this recommendation reflects the actual interest of the user is
called the accuracy of the recommendation. Content-based approaches aim to maximize
this accuracy by looking at the type of items that the user has interacted with before and
recommend similar ones. In the context of news recommendations, one could think of
finding topics or overall texts that are similar to what is in the user’s reading history. On the
otherhand, in collaborative filtering approaches, the algorithm considers what other users
similar to the user in question have liked, and recommends those. Most state-of-the-art
systems are hybrids of these approaches. Evaluation of the system can be done in both an
online and offline fashion; offline often includes testing the system on a piece of held-out
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data on its accuracy, whereas online evaluation monitors for increases or decreases of
user interactions and click-through rates following the issued recommendations [15].
However, this approach by its definition unduly promotes the items similar to what a
user has seen before, locking the user in a feedback loop of "more of the same” [175]. It
also introduces a so-called "confounding bias” [32], which happens when an algorithm
attempts to model user behavior when the algorithm itself influences that behavior. To
tackle this in many currently operational systems "beyond-accuracy” metrics diversity,
novelty, serendipity and coverage are introduced. Diversity reflects how different the
items within the recommendation set are from each other. One intuitive usecase can be
found in the context of ambiguous search queries. A user searching for "orange” should
receive results about the color, the fruit, the telecom company, the Dutch royal family, and
the river in Namibia, and not just about the one the system thinks he or she is most likely
to be interested in. The challenge then lies in how to define this difference or distance. In
the context of news recommendations many different approaches exist, such as using
a cosine similarity on a bag of words model or by calculating the distance between the
article’s topics [305].

The concepts of novelty and serendipity are strongly linked. Novelty reflects the likeliness
that the user has never seen this item before, whereas serendipity reflects whether a user
was positively surprised by the item in question. However, an item can be novel without
being serendipitous (such as the weather forecast), and an item may also be serendipitous
without being novel (such as an item that has been seen a long time ago, but becomes
relevant again in light of recent events). A common approach to improving novelty and
serendipity is by unlocking the "long tail” content of the system, while still optimizing for
user accuracy. The long tail refers to the "lesser known” content in the system, that is less
popular and therefore seen by less users. By recommending less popular content the
recommender systems increase the chance that an item is actually novel to a user.

Lastly, coverage reflects to what extent all the items available in the system have been
recommended to atleast a certain number of users. This metric is naturally strongly influ-
enced by the novelty of the recommendations, as increasing the visibility of lesser-seen

items increases the overall coverage of all items.

3.3 A democrative perspective

Whatbecomes apparent from the overview in Section 3.2 is that although there are various
attempts to conceptualize evaluation metrics beyond accuracy in the computer science
literature, these metrics are constructed for the broad field of recommendation systems,
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and are therefore not only relevant in the context of news, but also for music, movies, web
search queries and even online dating. However, what they win in generalizability, they
lose in specificity. They are not grounded in, and do not refer back to the normative un-
derstanding of diversity in the media law, fundamental rights law, democratic theory and
media studies/communication science literature, as is also demonstrated in Loecherbach
etal. [158].

Before we define more quantitative metrics to assess diversity in news recommenda-
tion, we first offer a conceptualization of diversity. Following the definition of the Council
of Europe, diversity is not a goal in itself, it is a concept with a mission, and it has a piv-
otal role in promoting the values that define us as a democratic society. These values may
differ according to different democratic approaches. This article builds on a conceptuali-
sation of diversity in recommendations that has been developed by Helberger [111]. Here,
Helberger combines the normative understanding of diversity, meaning what should di-
verse recommendations look like, with more empirical conceptions, meaning what is the
impact of diverse exposure on users. There are many theories of democracy, but the pa-
per by Helberger focuses on 4 of the most commonly used theories when talking about
the democratic role of the media: Liberal, Participatory, Deliberative and Critical theories
of democracy (see also [37, 50, 133, 252]).

It is important to note that no model is inherently better or worse than another. Which
model is followed is something that should be decided by the media companies them-
selves, following their mission and dependent on the role they want to play in a democratic

society.

3.3.1 The Liberal model

In liberal democratic theory, individual freedom, including fundamental rights such as
the right to privacy and freedom of expression, dispersion of power but also personal
development and autonomy of citizens stands central. The liberal model is in principal
sympathetic to the idea of algorithmic recommendations and considers recommenders
as tools to enable citizens to further their autonomy and find relevant content. The
underlying premise is that citizens know for themselves best what they need in terms of
self-fulfillment and exercising their fundamental rights to freedom of expression and
freedom to hold opinions, and even if they do not, this is only to a limited extent a problem
for democracy. This is because the normative expectations of what it means to be a good
citizen are comparatively low and there is a strict division of tasks, in which “political elites
[..] act, whereas citizens react” [252].

Under such liberal perspective, diversity would entail a user-driven approach to diver-
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sity that reflects citizens interests and preferences not only in terms of content, but also
in terms of for example style, language and complexity. The liberal recommender is re-
quired to inform citizens about prominent issues, especially during key democratic mo-
ments such as election time, but else it is expected to take little distance from personal
preferences. It is perfectly acceptable for citizens to be consuming primarily cat videos

and celebrity news, as long as doing so is an expression of their autonomy.

Summary.

The liberal model of democracy promotes self-development and autonomous decision
making. As such, a news recommender following a liberal approach should focus on the

following criteria:
« Facilitating the specialization of a user in an area of his/her choosing

» Tailored to a user’s preferences, both in terms of content and in terms of style

3.3.2 The Participatory model

An important difference between the liberal and the participatory model of democracy
is what it means to be a good citizen. Under participatory conceptions, the role of (per-
sonal) freedom and autonomy is to further the common good, rather than personal self-
development [115]. Citizens cannot afford to be uninterested in politics because they have
an active role to play in helping the community to thrive [252]. Accordingly, the media, and
by extension news recommenders must do more than to give citizens 'what they want,
and instead provide citizens with the information they need to play their role as active
and engaged citizens [9, 83, 130, 134], and to further the participatory values, such as in-
clusiveness, equality, participation, tolerance. Participatory recommenders must also pro-
actively address the fear of missing out on important information and depth, and the con-
cerns about being left out. Here the challenge is to make a selection that gives a fair rep-
resentation of different ideas and opinions in society, while also helping a user to gain a
deeper understanding, and feeling engaged, rather than confused. This also involves that
recommenders are able to respond to the different needs of users in which information is
being presented. The form of presentation is an aspect that is often neglected in discus-
sions around news recommender diversity, ignoring the fact that different people have
different preferences and cognitive abilities to process information. Accordingly, the me-
dia should 'frame politics in a way that mobilizes people’s interests and participation in
politics. Strombaéck [252] and Ferree et al. [82] speak of 'empowerment”: to be truly empow-
ering, media content needs to be presented in different forms and styles [36, 82, 301]. By
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extension, this means that diversity is not only a matter of the diversity of content, but also
of communicative styles. What would then characterize diversity in a participatory recom-
mender are, on the one hand, active editorial curation in the form of drawing attention to
items that citizens 'should know’, taking into account inclusive and proportional represen-
tation of main political/ideological viewpoints in society; a focus on political content/news,
but also: non-news content that speaks to broader public and, on the other hand, a hetero-
geneity of styles and tones, possibly also emotional, empathetic, galvanizing, reconcilia-
tory.

Summary.

The participatory model of democracy aims to enable people to play an active role in soci-
ety. It values the idea of the ‘common good'’ over that of the individual. Therefore, a partic-

ipatory recommender should follow the following principles:

- Different users do not necessarily see the same articles, but they do see the same

topics.
« Article’'s complexity is tailored to a user’s preference and capability
« Reflects the prevalent voices in society

« Empathetic writing style

3.3.3 The Deliberative model

The participatory and the deliberative models of democracy have much in common (com-
pare Ferree et al. [82]). Also in the deliberative or discursive conceptions of democracy,
community and active participation of virtuous citizens stands central. One of the major
differences is that the deliberative model operates on the premise that ideas and prefer-
ences are not a given, but that instead we must focus more on the process of identifying
and negotiating and, ultimately, agreeing on different values and issues [82, 133]. Political
and public will formation is not simply the result of who has the most votes or 'buyers’, but
it is the result of a process of public scrutiny and intensive reflection [115]. This involves a
process of actively comparing and engaging with other also contrary and opposing ideas
[167]. The epistemological shift from information to deliberation has important implica-
tions for the way the role of news recommenders can be conceptualised. Under a deliber-
ative perspective, it is not enough to 'simply’ inform people. The media need to do more,
and has an important role in "promoting and indeed improving the quality of public life -
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and not merely reporting on and complaining about it” [37]. Strombéack [252] goes even fur-
ther and demands that the media should also "actively foster political discussions that are
characterised by impartiality, rationality, intellectual honesty and equality among the par-
ticipants”. Diversity in the deliberative conception has the important task of confronting
the audience with different and challenging viewpoints that they did not consider before,
or not in this way [167]. Concretely, this means that a deliberative recommender should
include a higher share of articles presenting various perspectives, diversity of emotions,
range of different sources; it should strive for equal representation, as well as on recom-
mending items of balanced content, commentary, discussion formats, background infor-
mation; potentially some prominence for public service media content (as the mission of
many public service media includes the creation of a deliberative public sphere), as well as

a preference for rational tone, consensus seeking, inviting commentary and reflection.

Summary.

The focus of the deliberative recommender is on presenting different opinions and values

in society, with the goal of coming to a common consensus or agreeing on different values.
« Focus on topics that are currently at the center of public debate
+ Within those topics, present a plurality of voices and opinions

+ Impartial and rational writing style

3.3.4 The Critical model

A main thrust of criticism of the deliberative model is that it is too much focused on ratio-
nal choice, on drawing an artificial line between public and private, on overvaluing agree-
ment and disregarding the importance of conflict and disagreement as a form of demo-
cratic exercise [134]. The focus on reason and tolerance muffles away the stark, some-
times shrill contrasts and hidden inequalities that are present in society, or even discour-
age them from developing their identity in the first place. Accordingly, under more radical
or critical perspectives, citizens should look beyond the paint of civil and rational deliber-
ation. They should discover and experience the many marginalised voices of those "who
are 'outsiders within’ the system’[82], and when doing so critically reflect on reigning elites
and their ability to give these voices their rightful place in society. Diverse critical recom-
menders hence do not simply give people what they want. Instead, they actively nudge
readers to experience otherness, and draw attention to the marginalised, invisible or less
powerful ideas and opinions in society. And again, it is not only the question of what kinds
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of content are presented but also the how: whereas in the deliberative and also the par-
ticipatory model, much focus is on a rational, reconciliatory and measured tone, critical
recommenders would also offer room for alternative forms of presentations: narratives
that appeal to the 'normal’ citizen because they tell an everyday life story, emotional and
provocative content, even figurative and shrill tones - all with the objective to escape the
standard of civility and the language of the stereotypical "middle-aged, educated, blank
white man” [299].

Summary.

The critical recommender aims to provide a platform to those voices and opinions that
would otherwise go unheard. From a critical democracy perspective on diversity, recom-

menders should be optimized on the following principles:
« Emphasis on voices from marginalized groups

« Emotional writing style

3.4 Diversity metrics

The democratic models described in Section 3.3 lead to different conceptualizations of
diversity as a value, which again translate into different diversity expectations for recom-
mender systems. In this section, we propose five metrics that follow directly from these
expectations, grounded in democratic theory and adapted from existing Information
Retrieval metrics: Calibration, Fragmentation, Activation, Representation and Alternative
Voices. For each of these metrics, we explain the concept and link to democratic theory.
Furthermore we make a suggestion for operationalization, but note that this work is an
initial outline and that much work still needs to be done. Future work should include more
work on the validity of the metrics, for example by following the measurement models
specified in Jacobs and Wallach [125]. Lastly we mention a number of the limitations of
the currently proposed metrics and their operationalizations.

Table 31 provides an overview of the different models, metrics and their expected value
ranges. Note that not all metrics are relevant to all models.

Before explaining the metrics, we define the following variables that are relevant to mul-

tiple metrics:

- p: The list of articles the recommender system could make its selection from, also

referred to as the "pool’
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+ ¢: The unordered list of articles in the recommendation set

» @: The ordered list of articles in the recommendation set

« r: Thelist of articles in a user’s reading history

3.4.1 Calibration

The Calibration metric reflects to what extent the issued recommendations reflect the
user’s preferences. A score of 0 indicates a perfect Calibration, whereas a higher score

indicates alarger divergence from the user’s preferences.

Explanation.

Calibration is a well-known metric in traditional recommender system literature [247]. It
is calculated by measuring the difference in distributions of categorical information, such
as topicsin the news domain or genres in the movie domain, between whatis currently rec-
ommended to the user and what the user has consumed in the past. However, we extend
our notion of calibration beyond topicality or genre. News recommendations can also be
tailored to the user in terms of article style and complexity, allowing the reader to receive
content that is attuned to their information needs and processing preferences. This may
be split up within different topics; a user may be an expert in the field of politics but less so
in the field of medicine, and may want to receive more complex articles in case of the first,

and less in case of the second.

In the context of democratic recommenders.

The Calibration metric is most significant for recommenders following the Liberal and Par-
ticipatory model. The aim of the Liberal model is to facilitate user specialization, and as-
sumes that the user eventually knows best what they want to read. In these models, we
expect the Calibration scores to be closer to 0. On the other hand, the Participatory model
favors the common good over the individual. We therefore expect a higher degree of di-
vergence in Calibration, at least when considered in light of topicality. Both models, but
especially the Participatory model, require that the user receives content that is tailored to
their needs in terms of article complexity, and in this context we expect a Calibration score

that is closer to zero.
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Operationalization.

For the operationalization of a recommender’s Calibration score it is important to have in-
formation on not only an article’s topic and complexity, which can potentially be automati-
cally extracted from an article’s body (see for example Feng et al. [79] and Kim and Oh [140]),
but also on the user’s preferences regarding this matter. Note that topicality can be both
generic (politics, entertainment, sports, etc) and more specific (climate change, Arsenal).
In light of democratic theory more fine-grained information is preferable, but this is not
always available. Steck [247] uses the Kullback-Leibler divergence between two probability
distributions as Calibration metric, as follows:

r(clu)

q(clu)

Calibration, 4 = Zr(du)log

where r(c|u) is the distribution of categorical information ¢ across the articles consumed
by the user in the past, and G(c|u) is an approximation of g(c|u) (necessary since KL di-
vergence diverges if ¢(c|u) = 0), which is the distribution of the categories c across the
current recommendation set. As mentioned before, a score of O indicates that there is
no divergence between the two distributions, meaning they are identical. The higher the
Calibration score, the larger the divergence. As KL divergence can yield very high scores
when dividing by numbers close to zero, outliers can greatly influence the average out-
come. Therefore, the aggregate Calibration score is calculated by taking the median of all

the Calibration scores for individual users.

Limitations.

This approach is tailored to categorical data, but sometimes our data may be numerical
rather than categorical, for example in the case of article complexity. In these cases, a sim-

ple distance measure may suffice over the more complex Kullback-Leibler divergence.

3.4.2 Fragmentation

The Fragmentation metric denotes the amount of overlap between news story chains
shown to different users. A Fragmentation score of 0 indicates a perfect overlap between
users, whereas a score of 1indicates no overlap at all.

Explanation.

News recommender systems create a recommendation by filtering from a large pool of
available news items. By doing so they may stimulate a common public sphere, or cre-
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ate smaller and more specialized 'bubbles. This may occur both in terms of topics rec-
ommended, which is the focus of the Fragmentation metric, and in terms of presented
perspectives, which will be later explained in the Representation metric. Fragmentation
specifically compares differences in recommended news story chains, or sets of articles
describing the same issue or event from different perspectives, writing styles or points in
time [198], between users; the smaller the difference, the more aware the users are of the
same events and issues in society, and the more we can speak of a joint agenda. When the
news story chains shown to the users differ significantly, the public sphere becomes more

fragmented, hence the term Fragmentation.

In the context of democratic recommenders.

Both the Participatory and Deliberative models favor a common public sphere, and there-
fore a Fragmentation score that is closer to zero. The Liberal model on the other hand pro-
motes the specialization of the user in their area of interest, which in turn causes a higher
Fragmentation score. Finally the Critical model, with its emphasis on drawing attention to

power imbalances prevalent in society as a whole, calls for a low Fragmentation score.

Operationalization.

This metric requires that individual articles can be aggregated into higher-level news story
chains over time. This can be done through manual annotation or automated extraction
process. Two unsupervised learning approaches for doing this automatically can be found
in Nicholls and Bright [198] and Trilling and van Hoof [265]. Once the stories are identified,
the Fragmentation score can be defined as the aggregate average distance between all sets
of recommendations between all users. Dillahunt et al. [56], which aimed to detect filter
bubbles in search engine results, defines this distance with the Kendall Tau Rank Distance
(KDT), which measures the number of pairwise disagreements between two lists of ranked
items. However, Kendall Tau is not suitable when the two lists can be (largely) disjointed. It
also penalizes differences at the top of the list equally to those more at the bottom. Instead

we base our approach on the Rank Biased Overlap used in Webber et al. [286]:

o0
RBO(Q1,Q2,5) = (1 —s) st_l - Ag
d=1
where Q) and @5 denote two (potentially) infinite ordered lists, or two recommendations
issued to users 1and 2, and s a parameter that generates a set of weights with a geometric
progression starting at 1 and moving towards O that ensures the tail of the recommenda-
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tion is counted less severely compared to its head. Because of this there is a natural cut-off
point where the score stabilizes. We iterate over the ranks d in the recommendation set,
and at each rank we calculate the average overlap A,. Because Rank-Biased Overlap yields
a score between 0 and 1, with 0 indicating two completely disjoint lists and 1 a perfect over-
lap, and the score that is expressed is semantically opposite of what we aim to express with
the Fragmentation metric, we obtain the Fragmentation score by calculating 1 minus the
Rank-Biased Overlap. Lastly, the aggregate Fragmentation score is calculated by averaging

the Fragmentation score between each user and every other user.

Limitations.

Since this approach is computationally expensive (every user is compared to every other
user, which is O(n?) complexity), some additional work is needed on its scalability in prac-

tice, for example through sampling methods.

3.4.3 Activation

The Activation metric expresses whether the issued recommendations are aimed at inspir-
ingthe users to take action. A score close to 1indicates a high amount of activating content,
whereas a score close to 0 indicates more neutral content.

Explanation.

The way in which an article is written may affect the reader in some way. An impartial arti-
cle may foster understanding for different perspectives, whereas an emotional article may
activate them to undertake action. A lot of work has been done on the effect of emotions
and affect on the undertaking of collective group action. This holds especially for anger,
in combination with a sense of group efficacy [271]. But positive emotions play a role too;
for example, "joy” elicits the urge to get involved, and "hope” to dream big [86]. The link
between emotions, affect and activation is described well by Papacharissi [206]: "...forit is
affect that provides the intensity with which we experience emotions like pain, joy, and love,
and more important, the urgency to act upon those feelings”. The Activation metric aims to
capture this by measuring the strength of emotions expressed in an article.

In the context of democratic recommenders.

The Activation metric is relevant in three of the four different models. The Deliberative

model aims for a common consensus and debate, and therefore would give a certain
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measure of prominence to impartial articles with low Activation scores. The Participa-
tory model fosters the common good and understanding, and aims to facilitate users
in fulfilling their roles as citizens, undertaking action when necessary. This leads to a
slightly wider value range; some activating content is desirable, but nothing too extreme.
The Critical model however leaves more room for emotional and provocative content to

challenge the status quo. Here high values of Activation should be expected.

Operationalization.

The Circumplex Model of Affect [224] describes a dimensional model where all types of
emotions are expressed using the terms valence and arousal. Valence indicates whether
the emotion is positive or negative, while arousal refers to the strength of the emotion and
to what extent it expresses action. Following this, for example, 'excitement’ has a positive
valence and arousal, whereas 'bored’ is negative for both. Based on the theory described
above a number of "sentiment analysis” tools have been developed, which typically have
the goal of identifying whether people have a positive or negative sentiment regarding a
certain product orissue. For example, Hutto and Gilbert [121] provides a lexicon-based tool
that for each input piece of text outputs a compound score ranging from -1 (very negative)
to 1 (very positive). The absolute values of these scores can be used as an approximation
of the arousal and therefore be used to determine the Activation score of a single article.
Then, the total Activation score of the recommender system should be calculated two-fold.
The average Activation score of the items recommended to each user provides a baseline
score for whether the articles overall tend to be activating or neutral. Next, the issued rec-

ommendations are compared to the available pool of data as follows:

Activation(p, q) = (|polarity(q)| — |polarity(p)|)/2

Here p denotes the set of all available articles in the pool, and ¢ those in the recommenda-
tion. For both sets we take the mean of the absolute polarity value of each article, which
we use as an approximation for Activation. We subtract the mean from the available pool
of articles from the mean of the recommendation set, which maps to a range of [-1,1]. A
value lower than zero indicates that the recommender system shows less activating con-
tent than was available in the pool of data, and therefore favors more neutral articles. Val-
ues higher than zero show the opposite; the recommendation sets contained proportion-
ally more activating content than was available in the pool.
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Limitations.

Of principle importance is the impact that the article’s text has on the reader. However, as
we have no direct way of measuring this, we hold to the assumption that a strongly emo-
tional article will also cause similarly strong emotions in a reader, which again translates
into higher willingness to act. It must also be noted that people may respond differently to
different emotions (for example, anger may incite either approach (action) or avoidance
(inaction) tendencies) [230]. We therefore see this approach as an approximation of the
concept of activation, affect and emotion in articles, until such a time when more research
in the topic allows us to be more nuanced in our perceptions.

3.4.4 Representation

The Representation metric expresses whether the issued recommendations provide a bal-
ance of different opinions and perspectives, where one is not unduly more or less repre-
sented than others. A score close to zero indicates a balance, where the model of democ-
racy thatis chosen determines what this balance entails, whereas a higher score indicates

larger discrepancies.

Explanation.

Representation is one of the more intuitive interpretations of diversity. Depending on
which model of democracy is chosen, news recommendations should contain a plurality
of different opinions. Here we care more about what is being said than who says it, which
is the goal of the final metric, Alternative Voices. In order to define what it means to
provide a balance of opinions, one needs to refer back to the different models and their

goals.

In the context of democratic recommenders.

The Participatory model aims to be reflective of "the real political world”. Power relations
that are therefore present in society should also be present in the news recommendations,
with a larger share in the Representation for the more prevalent opinions. On the other
hand, the Deliberative model aims to provide an equal overview of all opinions without
one being more prevalent than the other. The Critical model has a large focus on shifting
power balances, and it does so by giving a platform to underrepresented opinions, thereby
promoting an inverse point of view. In doing this, the Critical model also strongly considers
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the characteristics of the opinion holder, specifically whether they are part of a minority
group or not, though this is the goal of the last metric, Alternative Voices.

Operationalization.

Representation, and Alternative Voices as well, rely strongly on the correct and complete
identification of the opinions and opinion holders mentioned in the news. Though there is
research available on the usage of Natural Language patterns to extract opinion data from
an article’s text [210], additional work is necessary on its applicability in this context. For
example, itis of significant importance that not one type of opinion or opinion holder is sys-
tematically missed. Once the quality of the extraction is relatively certain, additional work
is also necessary on the placement of opinions relative to each other; for example, which
opinions are in favor, against or neutral on a statement, and how are these represented in
the recommendations. This task is extremely complex, even for humans. In the meantime
approximations can be used, for example by considering (spokespersons of) political par-
ties and their position on the political spectrum. This can be done through manual annota-
tions, with hardcoded lists of politicians and their parties, or automatically by for example
querying Wikidata for information on persons identified through Named Entity Recogni-
tion. To calculate the Representation score, we once again use the Kullback-Leibler Diver-
gence, but this time on the different opinion categories in the recommendations versus
the available pool of data:

p(o)
|u

Representation, ) = Zp(o)log 7(olu)

This calculation is similar to the one in Section 3.4.1. However, o indicates the different
opinions in the data; p(0) represents the proportion of the times this opinion was present
in the overall pool of data, whereas §(o|u) represents the proportion of times user « has
seen this opinion in their recommendations. A score of 0 means a perfect match between
the two, which means that the opinions shown in the recommendations are perfectly rep-
resentative of those in society. When following the Participatory model reflective point of
view we want this value to be as close to zero as possible, as being representative of soci-
ety is its main goal. However, when following one of the other models, we have to make
some alterations on the distributions expressed by p. The Critical model's inverse point of
view aims for the recommendations to diverge as much from the power relations in soci-
ety as possible. However, since very small differences in distributions can result in a very
large KL divergence, simply maximizing the KL divergence is not sufficient. Instead, we in-
verse the distribution of opinions present in p. Similarly, when choosing the Deliberative



56 | 3. DEMOCRATIC THEORY TO INFORM EVALUATION

model, we want all opinions in the recommendations to be equally represented, and there-
fore we choose p as a uniform distribution of opinions. This way, for each of the different
approachesholds that the closer the divergence is to zero, the better the recommendations
reflect the desired representation of different opinions. For each of the reflective, inverse
and equal approaches, the aggregated Representation score is obtained by averaging the

Representation score over all recommendations issued to all users.

Limitations.

Kullback-Leibler divergence treats each category as being independent, and does not ac-

count for opinions and standpoints that may be more or less similar to other categories.

3.4.5 Alternative Voices

The Alternative Voices metric measures the relative presence of people from a minority or

marginalised group. A higher score indicates a proportionally larger presence.

Explanation.

Where Representation is largely focused on the explicit content of a perspective (the what),
Alternative Voices is more concerned with the person holding it (the who), and specifically
whether this person or organisation is one of a minority or an otherwise marginalised
group that is more likely to be underrepresented in the mainstream media. What exactly
entails a minority is rather vaguely defined. Article 1from the 1992 United Nations Minori-
ties Declaration refers to minorities “a non-dominant group of individuals who share cer-
tain national, ethnic, religious or linguistic characteristics which are different from those
of the majority population’, though there is no internationally agreed-upon definition. In
practice, this interpretation is often extended with gender identity, disability and sexual
orientation. A major challenge of the Alternative Voices metric lies in the actual identifi-
cation of a minority voice. Though there are a number of studies that aim to detect certain
characteristics of minorities from textual data, such as predicting a person’s ethnicity and
gender based on their first and last name [244], there are no approaches that 1) model all
minority characteristics or 2) perform well consistently. This process needs significant ad-
ditional and most importantly multidisciplinary research, with a large focus on ensuring
that doing this type of analysis does not lead to unintended stereotyping, exclusion or mis-
representation. For example, Keyes [137] shows that current studies typically treat gender
classification as a purely binary problem, thereby systematically leaving out and wrongly
classifying transgender people. Similarly, Hanna et al. [99] argue that race and ethnicity
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are strongly social constructs that should not be treated as objective differences between
groups. This topic, typically referred to as (algorithmic) Fairness, is an active research field
that aims to counter bias and discrimination in data-driven computer systems. One thing
is for certain: any recommender system that actively promotes one type of voice over an-
other should make very explicit on what criteria and following which methods it does this.
Following this both the identification and the way its algorithms use this information must
be fully transparent and auditable. However, for the remainder of this section we will as-
sume that we do have a proper way of identifying people from a minority group, either

through manual annotation or automatic extraction.

In the context of democratic recommenders.

The Alternative Voices metric is naturally most significant in the Critical model, which
aims to provide a platform to voices that would otherwise go unheard, and therefore has a
large focus on the opinions and perspectives from minority groups. To a lesser extent, the
same holds for the Participatory and Deliberative models, where the first aims to foster

tolerance and empathy, and the second that they should be equally represented.

Operationalization.

The discussion around Fairness in machine learning systems has lead, among others, to a
number of definitions of the concept. For the operationalization of Alternative Voices we
adapt Equation 10 of Burke et al. [28] for our purposes:

qt/p*
q /p”

AlternativeV oices =

Here ¢+ denotes the number of mentions of people belonging to a protected group in the
recommendations, whereas p* denotes the number of mentions of people belonging to
a protected group in all the available articles. ¢~ and p~ denote similar mentions, but for
people belonging to the unprotected group. Though the example given in Burke et al. [28]
describes the equation being used to identify whether loans from protected and unpro-
tected regions appear equally often, itis also directly applicable to our notion of Alternative
Voices; however, rather than counting regions being recommended, we count the number
of times that people from minority (protected) versus majority (unprotected) groups are
being mentioned in the news. This function maps to 1 when there is a complete balance
between people from the protected and the unprotected groups. When the value is larger
than 1 more people from unprotected groups appear in the recommendation set, whereas
lower than 1 means they appear less.
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Again, the aggregate score consists of the average Alternative Voices score over all recom-
mendations issued to all users.

Limitations.

A major caveat of this approach is that it assumes that the mere mentioning of minority
people is enough to serve the goals of the Alternative Voices metric. This disregards the
fact that these people may be mentioned but from another person’s perspective, or in a
negative light. Further research should focus on not only identifying a person from a mi-

nority group, but also whether they are mentioned as an active or passive agent.

Table 3.1: Overview of the different models and expected value ranges for each metric. Note that for the metrics
reflecting distance of a distribution (Calibration and Representation), a "High” target value actually means that
the resulting value should be close to zero.

Calibration Calibration . L A . )
Fragmentation  Activation Representation  Alternative voices

(topic) (complexity)
Liberal High High High - - -
Participatory Low High Low Medium Reflective Medium
Deliberative - - Low Low Equal Medium
Critical - - - High Inverse High

3.5 General limitations

Though all of the metrics described in Section 34 already mention the limitations of that
metric specifically, this section describes a number of the limitations of this method as a

whole.

ORDERING Of the currently specified metrics, only Fragmentation takes the ordering of
the items in the recommendation into account. However, the top result in a recommen-
dation is of significantly more importance than the result in place 10. In future work, the
other metrics should be extended in such a way that they reflect this.

FORMALISM TRAP Many of the concepts described here are susceptible to the Formalism
Trap described in [232], which is defined as the "[flailure to account for the full meaning of
social concepts [...], which can be procedural, contextual and contestable, and cannot be re-
solved through mathematical formalisms”. Though our approach aims to model concepts

founded in social science and democratic theories, they are merely approximations and to
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a large extent simplifications of very complex and nuanced concepts that have been con-
tested and debated in the social sciences and humanities for decades. To claim our ap-
proach comes close to covering these subtleties would be presumptuous - however, we do
believe it is necessary to provide a starting point in the modeling of concepts that have so
far largely been neglected or oversimplified in the evaluation of news recommendations.
The pitfalls of this trap should be mitigated by always providing full transparency on how
these concepts are implemented, on what kind of data they are based, and most impor-
tantly on how they should (and should not) be interpreted.

BIAS IN THE DATASET The metrics presented in Section 3.4 typically rely on measuring
a difference between the set of recommended items and the full set of articles that were
available, the reading history of the user in question or among users. What it doesnot dois
account forinherent bias in the overall dataset, though the possibility of exposure diversity
depends on the availability of content in the pool. If the quality and diversity of the pool
is low, recommenders have insufficient options to provide good recommendations. That
means exposure diversity ultimately is dependent on external diversity. Detecting such a
bias in the dataset rather than in the produced recommendations and undertaking steps

to remedy this needs additional work.

NUDGING FOR MORE DIVERSE NEWS CONSUMPTION The metrics discussed here do not
reflect on the process of getting users to actually consume more diverse content. Differ-
ent users may have different "tolerance’ for diversity, depending on the topic and even on
things such as the time of day. Whether or not news recommenders can successfully mo-
tivate users to consume more diverse can also depend on the (user-friendly) design of the
recommender and the way the recommendations are presented [166]. Designing for more
diverse news consumption also gives rise to a different discussion: is it ethical to nudge
news consumption, even if it is for a commendable goal such as "more diversity” or "coun-
tering filter bubbles”, and where do we draw the line between offering more diverse recom-
mendations and manipulating the reader? The complexity and breadth of this topic are out

of scope for this paper, but should be considered in future work.

BROADER INSTITUTIONAL CONTEXT Efforts to develop more diverse and inclusive news
recommendation metrics and models do not, on their own, mean that users will receive
more diverse recommendations; that requires a combination of editorial judgement, the
availability of internal workflows that translate this judgement into technology design, the
room to implement alternative diversity metrics in third party software (which again de-
pends on the degree of professional autonomy and negotiating power between the media
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and software providers), and users who engage with the algorithm when presented with
a particular recommendation. The design approach must thus additionally consider how
values are re-negotiated between stakeholders (e.g. editors, data scientists, regulators, ex-
ternal technology providers), how values are embedded in organizational practices of a
news room, and how professional users, citizens, and society create control mechanisms

and governance frameworks to realize public values, such as diversity.

INHERENT LIMITS TO VALUE BY DESIGN APPROACHES  Finally, it is important to be mindful
of another lesson from the general diversity by design debate, namely that there are also
certainlimits to value sensitive design, in our case the extent to which diversity as anorma-
tive concept can be operationalized in concrete recommender design. This can have to do
with the sheer difficulty of translating certain aspects of diversity, but also with the trade-
offs between values that optimizing for exposure diversity can involve. Examples of this
are commercial constraints and the need to optimize for profit rather than for diversity,
but also the limited effectiveness of recommenders in actually steering user choices.

3.6 Implementation

We are working on the implementation of the concepts and metrics discussed here in an
open source tool’. The goal of this tool is to implement the metrics described in this paper
as evaluation metrics for recommender design, and in doing so enable media companies
to evaluate the performance of their own recommendations against those of several base-

line recommendations.

APPROACH By making comparisons between the different recommender approaches,
media companies should be able to draw conclusions about which recommender strategy
fits their editorial mission best. By also comparing the performance of these algorithms
to very simple recommendation approaches, such as a random recommender, the media
company can also draw conclusions about where the recommender simply reflects the
available data, and where it significantly influences the type of data that is shown. By
making these visualizations as intuitive as possible, they should facilitate the discussion
between data science teams, editors and upper management around this topic. To make
this approach reusable and broadly applicable, it should be implemented and tested on
both a benchmark set such as [293] and in a real-life setting. We are in contact with

multiple media companies, to inform them about the different models of democracy,

Ihttps://www.github.com/svrijenhoek/dart/
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facilitate the discussion around this subject, and stimulate and test the implementation
of our tool. Simultaneously this topic is continuously being discussed with experts from
many different disciplines, as happened for example during a Dagstuhl Workshop[17].

GUIDELINES FOR ADOPTION The ultimate goal of this paper is to propose notions that
could be incorporated in recommender system design. In our vision, media companies

could approach this in the following steps:

1. Determine which model of democracy to follow
Following the different models described in Section 3.3, the media company in ques-
tion should decide which model of democracy the recommender system should re-
flect. This is something that should be decided in active discussion with the editorial
team, and directly in line with the media company’s mission.

2. Identify the corresponding metrics
Use Table 3.1 to determine which metrics are relevant, and what the expected value
range for each metric is. For example, when choosing to follow the Deliberative
model, the recommender system should optimize for a low Fragmentation, low
Activation and equal Representation. Similarly, for the Critical model, it should
optimize for high Activation, inverse Representation and high Alternative Voices.

3. Implement into recommender design
Here it is of key importance to determine the relative importance of each metric,
and how to make a trade-off between recommender accuracy and normative diver-
sity. For example, Mehrotra et al. [176] details a number of approaches to combining
Relevance and Fairness in Spotify’s music recommendation algorithm, and this ap-
proach can also be applied in the trade-off between accuracy and the metrics rele-
vant for the chosen model.

We do not consider these metrics to be the final "truth” in the identification of diver-
sity in news recommendations. The metrics and their operationalizations should serve as
inspiration and a starting point for discussion, not as restrictions or set requirements for

"good” recommender design.

3.7 Discussion

In this paper we have translated normative notions of diversity into five metrics. Each of
the metrics proposed here is relevant in the context of democratic news recommenders,
and combined they form a picture that aims to be expressive of the nuances in the different
models. However there is still alot of work to be done, both in terms of technical feasibility
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and inundertaking steps to make diversity of central importance for recommender system
development.

At the basis of our work is that we believe diversity is not a single absolute, but rather
an aggregate value with many aspects and a mission in society. In fact, we argue that what
constitutes 'good’ diversity in a recommender system is largely dependent on its goal,
which type of content it aims to promote, and which model of the normative framework
of democracy it aims to follow. As none of these models is inherently better or worse than
the others, we believe that a media company should take a normative stance and evaluate
their recommender systems accordingly.

Different fields and disciplines may have very different notions of the same concept,
and navigating these differences is a process of constant negotiation and compromise,
but also of expectation management. Abstract concepts such as diversity may never be
fully captured by the hard numbers that recommender system practitioners are used to.
As recommendation algorithms take on an ever more central role in society, the neces-
sity to bridge this gap and make such concepts more concrete also arises. Social sciences,
humanities and computer science will need to meet in the middle between abstract and
concrete, and work together to create ethical and interpretable technologies. This work is
not a final conclusion on how diversity can be measured in news recommendations, but
rather a first step in forming the bridge between the normative notion of diversity and its

practical implementation.
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Abstract

N TRADITIONAL recommender system literature, diversity is often seen as the oppo-

site of similarity, and typically defined as the distance between identified topics, cate-

gories or word models. However, this is not expressive of the social science’s interpre-
tation of diversity, which accounts for a news organization's norms and values and which
we here refer to as normative diversity. We introduce RADio, a versatile metrics framework
to evaluate recommendations according to these normative goals.

RADio introduces a rank-aware JS divergence. This combination accounts for (i) a user’s
decreasing propensity to observe items further down a list and (i) full distributional shifts
as opposed to point estimates. We evaluate RADio’s ability to reflect five normative con-
cepts in news recommendations on the Microsoft News Dataset and six (neural) recom-
mendation algorithms, with the help of our metadata enrichment pipeline. We find that
RADio provides insightful estimates that can potentially be used to inform news recom-

mender system design.
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4.1 Introduction

For centuries, the interplay between journalists and news editors has shaped how news
items are created and how they are shown to their readers [294]. With the digitization
of society, much has changed: while before, people would typically limit themselves to
reading one type of newspaper, they now have a wealth of information available at the
click of a button [238] - more than anyone could possibly be expected to read or make
sense of. News recommender systems can filter the enormous amount of information
available to just those news items that are in some way interesting or relevant to their
users [22,185]. The use of news recommender systems is widespread, not just for person-
alized news recommendations, but also to automatically populate the front page of a news
website [187], or present the reader of a particular news article with other articles about
the same topic, but from a different perspective [183]. The use of news recommender sys-
tems has a wide range of benefits. They can increase engagement [197] and help raise
informed citizens [76]. A news recommender system may broaden the horizons of their
users through diverse recommendations, including items different from what they are
used to or expect seeing. They could even foster tolerance and understanding [83, 252],
and counter so-called filter bubbles or echo chambers [185, 211].

To realize the potential benefits of news recommender systems, much attention has
been given to generating recommendations that reflect the user’s interests and prefer-
ences [132]. However, with news recommenders taking over the role of human editors in
news selection, they are becoming gatekeepers in what news is shown to audiences and
have thus a democratic role to play in society [154]. As such, their evaluation has different
requirements than those of other types of recommender systems [11, 13, 282, 288]. Recent
controversies have shown that merely optimizing for click-through rates and engagement
may promote sensationalist content [257], and is particularly conducive to the spread of
misinformation.! This observation is not limited to the academic literature - an increas-
ing number of media organizations, both public service and commercial, have acknowl-
edged the difficulties in translating their editorial norms into concrete metrics that can
inform recommender system design [23, 93]. News recommender systems exist in a com-
plex space consisting of many different areas and disciplines, each with their own goals
and challenges; think of balancing diversity and accuracy [209], financial incentives [25],
nudging [172] or even identifying user preferences [16,162] and biases [284]. In this paper,
we focus on the process of translating normative theory (i.e., what it means for a recom-
mendation to be diverse) into metrics that are usable and understandable for both techni-

ISee, for example, the alleged role Facebook played in the storming of the Capitol: https://www.washington
post.com/technology/2021/10/22/jan- 6- capitol- riot-facebook/
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Figure 4.1: Comparing discrete diversity distributions in the context of news recommendations. First, metadata
is collected in the news dataset or retrieved via our NLP pipeline (red). Discrete distributions of that metadata
are then compared via a rank-aware divergence metric (purple). Recommendation set ) and the context articles
P are compared with rank-aware f-Divergence.

cal and editorial purposes. We build on the work of Helberger [111], who provides a theoret-
ical foundation for conceptualizing diversity, and of Vrijenhoek et al. [278], who propose a
new set of metrics (DART) that reflect this theory. The DART metrics represent a first step
towards a normative interpretation of diversity in news recommendations. We identify a
number of improvements on these metrics: more consideration for the theory of metrics
and distance functions, generalization to other normative concepts, unification under one
framework, and rank-awareness. In this paper, we focus on the mathematical aspects of a
rank-aware metric, versatile to different normative concepts. We refer to our framework
as the Rank-Aware Divergence metrics to measure nOrmative diversity (RADio).

Our contribution consists of a diversity metric that is (i) versatile to any normative con-
cept and expressed as the divergence between two (discrete) distributions; (ii) rank-aware,
taking into account the position of an item in a recommendation set; and (iii) mathemati-
cally grounded in distributional divergence statistics. We demonstrate the effectiveness of
this formulation of the metrics by defining a natural language processing (NLP) metadata
enrichment pipeline (e.g., sentiment analysis, named entity recognition) and running it
against the MIND dataset [293].

Figure 4.1 illustrates the operationalization. The pipeline and the code produced for
metadata enrichment and metric computation are available online.? The goal of RADio is

not to serve as thresholds or strict guidelines for ‘diverse recommendations, but to provide

Zhttps://github.com/svrijenhoek/RADio
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developers of recommender systems with the tools to evaluate their systems on normative
principles.

The extended version of the paper for Transactions on Recommender Systems contains
additional experiments, highlighting the effect of different design choices when opera-
tionalizing a metric. It also contains more extensive discussion of the normative concepts
at the origin of the metrics, and the paperis as such less reliant on prior knowledge of Vri-
jenhoek et al. [278]. We added the Intra List Distance (ILD) baseline, and included it in our
analysis to underline the strengths of the approach taken in RADio; included proofs that
KL and ]S Divergences are f-Divergences; and added two more analytical plots that provide
more in-depth comparisons (with appropriate discussions). Lastly, we added an additional
section to the Discussion on how practitioners looking to put the metrics in production

could approach this.

4.2 Related Work

We first highlight recent work on the formal mathematical work on diversity in news rec-
ommendation, before citing related work on the normative aspect of diversity. Finally we

describe the gap that exists between descriptive and normative diversity.3

4.2.1 Descriptive (General-Purpose) Diversity

Diversity is a central concept in Information Retrieval literature [38, 226], albeit with a dif-
ferent interpretation than the normative diversity described in the previous section. Dur-
ing the development of news recommender systems, there is currently a large focus on
the predictive power of an algorithm. However, this may unduly promote content similar
towhat a user has interacted with before, and lock them in loops of ‘more of the same.’ To
tackle this, ‘diversity’ is introduced, which is typically conceptualized as the ‘opposite of
similarity’. Its goal is to prevent users from being shown the same type of items in their
recommendations list and is often expressed as intra-list-diversity (ILD) [29, 55, 66, 71, 131,
161, 273]: mean pairwise dissimilarity between recommended item lists. ILD requires the
specification of a distance function between lists, and thus leaves it up to interpretation
as to what it means for two lists to be distant. In theory, it could still be interpreted with
a metric that accounts for the presence of different sources or viewpoints [72]. However,
in practice, diversity is most often implemented as a descriptive distance metric such as
cosine similarity between two bag-of-words models or word embeddings [148, 161].

3This dichotomy is oftentimes referred to as normative (what ought to be) and positive (what is) statements
[120] but can easily be confused with concepts such as positive / negative examples in Machine Learning. We thus
opt for the more explicit normative / descriptive duo.
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Other popular ‘beyond-accuracy’ metrics related to diversity are novelty (how different
is this item from what the user has seen in the past), serendipity (is the user positively
surprised by this item), and coverage (what percentage of articles are recommended to
at least one user). These metrics can be taken into account at different points in the ma-
chine learning pipeline [148]. One can optimize for these descriptive notions of diversity
(i) before training, by clustering users based on their profile diversity with JS divergence
[75], (ii) directly at training time (e.g., for learning-to-rank [24, 29, 273], collaborative filter-
ing [216], graphs [90, 214] or bandits [58, 296]), (iii) by re-ranking a recommendation set
and balance diversity vs. relevance [34] or popularity vs. relevance [31], and (iv) by defining
a post-recommendation metric to measure diversity for each recommendation set or at
user-level (e.g., the generalist-specialist score [5, 283]). With any of these four methods, a
trade-off must be made between the relevance of a recommendation issued to users and
the level of descriptive diversity, though there have also been studies indicating that in-
creasing diversity does not necessarily need to negatively affect relevance [161]. Neverthe-
less, this encouraged recent efforts in training neural-based recommenders that explicitly
make a trade-off between accuracy and diversity [218]. Also recently, there have been stud-

ies that differentiate between diversity needs of users [295].

4.2.2 Normative Diversity

Diversity is extensively discussed as a normative concept in literature, and has a role in
many different areas of science [158, 248], spanning from ecological diversity to diversity
as a proxy for fairness in machine learning systems [179]. While these interpretations of
diversity are often related, they do not fully cover the nuances of a diverse news recom-
mender system, the work on which stems from democratic theory and the role of media
in society. Following Helberger [111], we define a normative diverse news recommenda-
tion as one that succeeds in informing the user and supports them in fulfilling their role in
democratic society. Out of the many theoretical models that exist in literature, Helberger
[111] describes four different models from the normative framework of democracy, each
with a different view on what it means to properly inform citizen. The Liberal model states
that eventually the users themselves know what is best for them, and primarily aims to
enable personal development and autonomy. A recommender system following the Lib-
eral model would have a strong focus on aligning with users’ personal preferences. Most
current recommender systems are, inadvertently, in line with this model. In comparison,
the Participatory model takes on a more paternalistic role, as it values the common good
over the individual and endeavors to know what is good for both. A recommender system
following the Participatory model aims to enable users to fulfill their role as active citizens
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in a democratic society, informing them of important events in a way that is suitable to
their needs and preferences. The Deliberative model fosters discussion and debate by
equally presenting different viewpoints and opinions in a rational and neutral way, with
the eventual goal of either reaching a consensus or agreeing on different values. Delib-
erative recommender systems have a strong focus on the representation of a plurality of
sources, voices and opinions. Lastly the Critical model aims to challenge the status quo and
to inspire the readers to take action against existing injustices in society. A Critical recom-
mender system provides a platform to voices that would otherwise go unheard, and favors
emotion-driven and activating content. However, it should not promote hate speech or
conspiracy theories; those with different opinions should be seen as opponents or adver-
saries, not enemies [227].

For more details regarding the different models, and what a recommender system follow-
ing each of these models would look like, we refer to Helberger [111]. Since none of these
models is inherently better or worse than the other, which model is followed is a decision
that needs to be made by the media organization itself, and should be in line with their

norms and values.

Conceptualized based on these models, the DART metrics [278] take a first step towards
normative diversity for recommender systems and reflect the nuances of the different
democratic models described above. See Table 4.1 for an overview of the DART metrics
and their interplay with democratic models. Calibration aims to reflect to what extent a
recommendation is tailored to a user’s personal preferences. This can be considered both
in terms of an article’s content, and express for example which topics a user is interested
in, but also in terms of its complexity. This would then differentiate information needs for
different users: a user can consume more complex material on topics they are an expert
in, than on ones they are unfamiliar with. Fragmentation expresses to what extent there is
a common public sphere, where users are frequently recommended the same items and
therefore have a similar understanding of the content in the system. This metric is con-
ceptually most related to the concept of the filter bubble. Next, Activation expresses the
tone of articles: are they written in a neutral and rational tone, or one that is more emo-
tional and activating? While neutrality is a core principle of quality journalism, a softer
approach can be more affective and increase empathy. The last two metrics correspond
to different aspects of viewpoint diversity. Representation aims to reflect the content of
the different viewpoints in the recommendations. Here, it is important to think about how
these viewpoints should be distributed across recommendations: for example, uniformly
(ak.a. equal representation), in proportion to the occurrence of viewpoints in the medium

(a.k.a. reflective representation) or in inverse proportion to the occurrence of viewpoints in
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the medium (ak.a. inverse representation). On the other hand, Alternative Voices consid-
ers the viewpoint holder, and more specifically whether this person belongs to a minority
group or not. One could think of Alternative Voices in the context of algorithmic fairness,
and aim to reflect an equal share of Alternative Voices compared to the overall supply of
data.

When considered together, the metrics aim to reflect the characteristics of the different
democratic models, summarized in Table 4.1. The Liberal model focuses on personal devel-
opment and preferences. It is therefore most concerned with aspects of Calibration, and
tolerant of a high degree of Fragmentation. The Participatory model, with its focus on a
public sphere and informing audiences, aims for the opposite value in Fragmentation, but
low divergence on Calibration in terms of article complexity. Viewpoints should reflect so-
ciety, with a larger share for more dominant viewpoints. In comparison, with its focus on
promoting rational discussion and debate, the Deliberative model favors a system with an
equal representation of different viewpoints, presented in a rational tone. Lastly, the Criti-
cal model has a strong focus on promoting minority voices, and viewpoints recommended
should therefore be the inverse of what is most commonly heard.

There is a lot of discussion to be had on this topic. The four models described are the
ones most frequently discussed [111], and not exhaustive in the goals one could have with a
news recommender system. The metrics following them may also differ, in their definition
or operationalization, depending on the use case. The main take-away is that there is no
single Golden Standard for diversity and what makes for a good news recommender sys-
tem, but rather that this is very much dependent on what you wish to accomplish with the
system. This is ultimately a discussion that needs to be had with the different stakeholders
involved in recommender system design [241]. For example, Hada et al. [97] did an imple-
mentation of Fragmentation and Representation in social media conversations, focusing
on Daylight Savings Time and the more polarized topic of immigration. While Fragmenta-
tion and Representation are not directly tied in one of the democratic models, they found
that the two metrics combined were capable of expressing the nuances of the discourse,

and that the effects were stronger for the polarized discussion than for the control group.

4.2.3 The Gap Between Normative and Descriptive Diversity

The descriptive diversity metrics described in Section 4.2.1 are general-purpose and meant
tobe applicablein all domains of recommendation. However, in their simplicity alarge gap
can be observed between this interpretation of diversity and the social sciences’ perspec-
tive on media diversity thatis detailed in Section 4.2.2. In their comprehensive work on the
implementation of media diversity across different domains, Loecherbach et al. [158] note
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Table 4.1: Overview of the different models and expected value ranges for each metric. It should be noted that
a high score should be interpreted as high divergence; As such, a high score does not necessarily mean a better
score.

Calibration Calibration . L 3 . )
Fragmentation  Activation Representation  Alternative voices

(topic) (complexity)
Liberal Low Low High - - -
Participatory High Low Low Medium Reflective Medium
Deliberative - - Low Low Equal -
Critical - - - High Inverse High

that there is ‘little to no overlap between concepts and operationalizations (of diversity)
used in the different fields interested in media diversity.’ As such, a recommendation that
would score high on diversity according to traditional information retrieval-based metrics
[38,226], may not be considered to be diverse according to the criteria maintained by news-
room editors. This notion is also shared in industry: Boididou et al. [23] (BBC) say that “We
need to devise appropriate metrics to capture the quality criteria and values expressed in our
editorial guidelines”, whereas Griin and Neufeld [93] (ZDF) note that “the evaluation of KPIs
and public values is more complex than the measurement of common machine learning met-
rics applied to recommendation algorithms.”. To move the issue forward, both Loecherbach
et al. [158] and Bernstein et al. [17] call for truly interdisciplinary research in bridging this
gap, where Bernstein et al. [17] argue for close collaboration between academia and indus-
try and the foundation of joint labs. This work is a step in that direction, as we provide a
versatile and mathematically grounded rank-aware metric that can be used by practition-

ers to monitor their normative goals.

4.3 Operationalizing Normative Diversity for News Recommenda-
tion

With our RADio framework, we further refine the DART metrics that were defined by Vri-
jenhoek et al. [278] in order to resolve a number of the shortcomings of the metrics’ initial
formalizations. In their current form, each of the metrics has different value ranges; for ex-
ample, Activation has a value range [—1, 1], where a higher score indicates a higher degree
of activating content, and Calibration has a range of [0, co], where a lower score indicates
a better Calibration. These different value ranges reduce the interpretability of the met-
rics, making them harder to explain and as such less likely to be adopted by news editors.
Furthermore, the proposed metrics do not take the position of an article in a recommenda-
tion list into account. News recommendations are ranked lists of articles that are typically
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presented to users in such a way that the likelihood of a recommended article to be con-
sidered by the user decreases further down the ranking. As such, in the evaluation of the
diversity of the recommender system we should also account for the position of an article
in the recommendation ranking, rather than considering the set as a whole.

Thus, the two major challenges that we seek to address are that (i) scores should be com-
parable between the metrics and across recommendation systems, and (ii) scoring of both
unranked and ranked sets of recommendations should be possible. In this section, we first
detail these requirements (Section 4.3.1), then describe how we reformulate the metrics to
each use the same divergence-based approach (Section 4.3.2). We then add the rank-aware
aspect to the metrics (Section 4.3.3), before applying them to the five concrete DART met-
rics (Section 4.3.4).

4.3.1 Requirements

We first enunciate the classical definition of a distance metric, before specifying three
desirable metric criteria for news recommendations. Take a set X of random variables
and x,y,z € X, then a metric D is a proper distance measure if D(z,y) =0 < = =y,
D(z,y) = D(y,z) and D(z,y) < D(x,2) + D(z,y). These are respectively the axioms
of identity, symmetry and triangle inequality, that express intuitions about concepts of
distance [204].

We add that our distance measure should (i) be bounded by [0; 1], for comparisons of dif-
ferent recommendation algorithms (ii) be unified, so as to fairly consider different diver-
sity aspects (as opposed to e.g. using weighted averages or maxima in [54]) and (iii) allow
for discrete rank-based distribution sets, to fit the ranked recommendation setting.

4.3.2 f-Divergence

We model the task of measuring diversity as a comparison between probability distribu-
tions: the difference in distribution between the recommendations (Q) and its context (P).
Each diversity metric prescribes its own @) and P. The elements in the distribution () can
be recommendation items (cf. Calibrated Recommendations [247]), but can also be higher-
level concepts, such as distributions of topics and viewpoints. The context P may refer to
either the overall supply of available items, the user profile, such as the reading history or
explicitly stated preferences, or the recommendations that were issued to other users (see
Figure 4.1). Intuitively, when P is linked to the same user as (), we measure within user
diversity (e.g., towards preventing getting locked in “filter bubbles”). When P is linked to
another user than the one linked to @, we measure diversity across users (e.g., monitoring
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diversity of viewpoints represented across personalized homepages). In the following, we
formalize the role of P and ) in two different metric settings, starting with the simple and
common KL divergence metric, before presenting its refinement, the Jensen-Shannon di-

vergence, as our preferred metric.

Kullback-Leibler Divergence

For every random variable there is an inherent level of ‘uncertainty’ in its possible out-
comes. In Information Theory, the concept of entropy is a way to describe the average
level of ‘uncertainty’ a random variable carries. The entropy of a discrete random variable
X with possible outcomes x1, ..., z,, and corresponding probabilities P(z1), ..., P(x,) is
definedas H(X) = — Y"1, P(z;)log, P(z;). This value describes the average level of
‘information’ required to describe that random variable [259]. The concept of relative en-
tropy or KL (Kullback-Leibler) divergence [147] between two probability mass functions P

and @ (here, a recommendation and its context) is defined as:

DxL(P,Q) = — Y _ P(x)log, Q(z) + ¥ _ P(x)log, P(x). (42)
z€X zeX

This is often also expressed as Dk, (P, Q) = H(P,Q) — H(P), with H(P, Q) the cross
entropy of P and ), and H (P) the entropy of P. Both cross entropy and KL divergence can
be thought of as measurements of how far the probability distribution () is from the ref-
erence probability distribution P. Cross entropy however, does not guarantee the identity
property. That is, when P = @), it holds that H(P, Q) = H(P, P) = H(P) > 0: the cross en-
tropy of P with itself (the entropy of P) is never 0. KL Divergence, though, does satisfy the
identity property, bringing forward a good argument to prefer KL divergence over cross
entropy. However, neither of them are truly proper metrics, as neither fulfil the require-
ments for symmetry and triangle inequality. This can be resolved by further refining KL

Divergence.

Jensen-Shannon Divergence

A succession of steps from KL divergence leads to Jensen-Shannon (JS) divergence. KL di-

vergence was first turned symmetric [128] and then upper bounded [155], to lead to

Dis(pQ) = - 3 PEELE i, (H) 100

2 2
reX

5 Y Pl logy Pla) + 5 3 Q) log, Q)

reX xeX

(4.2)
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When the base 2 logarithm is used, the JS divergence bounds are 0 < D;s(P, Q) < 1.
Additionally, Endres and Schindelin [74] show that \/Djg is a proper distance which fulfills
the identity, symmetry and the triangle inequality properties. When we refer to D ;g or]S
divergence below, we therefore implicitly refer to the square root of the JS formulation with

log base 2.

f-Divergence

Liese and Vajda [153] defined f-Divergence [D/]: a generic formulation of several diver-
gence metrics. Among them are the JS and KL divergences.* Further along the text, we

use D as a shorthand notation for KL and JS divergences. D in discrete form is

P(z)
o0 ) , (4.3)

x)

Dy(P,Q) = ZQ(W(

where fir,(t) = tlogtand fys(t) = 3 [(t +1)log (t%) + tlog t} . To avoid misspecified

metrics (i.e. division by zero) [247], we write P and Q:
Qz) = (1-0a)Q(x) + aP(x) P(z)=(1-a)P(z)+ aQ(x), (4.4)

where « is a small number close to zero. P prevents artificially setting D + tozerowhen a
category (e.g., a news topic) is represented in Q and not in P. In the opposite case (when a
category is represented in P and not in ), Q avoids zero divisions. In order for the entire
probabilistic distributions P and () to remain proper statistical distributions, we normal-
ize them to ensure . P(z) = > Q(z) = 1. In the following sections P and Q will
implicitly refer to P and Q in order to avoid notation congestion.

Below we verify by simple plug-in and factorization that both the Kullback-Leibler and
the Jensen-Shannon Divergence are f-Divergences.

Theorem1. The Kullback-Leibler Divergence is an f-Divergence

4f-Divergence accommodates for other divergence metrics which are out of scope of this research, such as
the Hellinger divergence, and the Pearson divergence [153].
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Proof. Starting from Equation 4.1,

DxL(P,Q) ==Y P(x)log, Q(x) + Y | P(x)log, P(x)

reX reX
= 3 Q) [ o8 o, Ple) 1o, Q)|
rzeX
_ P(x))
mEZXQ z)fxr (Q(x)
O
Theorem 2. The Jensen-Shannon Divergence is an f-Divergence
Proof. Starting from Equation 4.2,
P(x x Pz T
Duspg = Y PEEA < )+ 0 >)
reX
+ % Z P(z)log, P Z Q(z)log, Q(z)
reX CCEX
B 1|/ P(x) ) 2 P(x) (P(:L’))
= - 1)1 1 —
2,2y (G6 +1) o (Zg+1)) @@ ™ \aw

P(z)

- ¥ et ()
; Q)
O

4.3.3 Rank-Aware f-Divergence Metrics

Our ranked recommendation setting (characteristic (iii) above) motivates a further refor-
mulation of our f-Divergence metric. It is well entrenched in Learning To Rank (LTR) liter-
ature [256, 298], and by extension in conventional descriptive diversity metrics [29] that
a user is a lot less likely to see items further down a recommended ranked list (i.e., dimin-
ishing inspection probabilities). Note that the ranking oftentimes reflects relevance to the
user, but it is not always the case for news (e.g., editorial layout of a news homepage).

We extend our metrics with an optional discount factor for P and @ to weigh down
the importance of results lower in the ranked recommendation list. The ranking rel-
evancy metrics Mean Reciprocal Rank (MRR) and Normalized Discounted Cumulative
Gain (NDCG) are popular rank-aware metrics for LTR [30, 127], in particular for news
recommendation [293]. In line with the LTR literature, we first define the discrete
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probability distribution of a ranked recommendation set Q*, given each item ¢ in the

recommendation list R:
Z WR; ]]-zE:c

> wr,

where wg,, the weight of arank for item 4, can be different depending on the discount form.
For MMR, wg, = 1/R;, for NDCG, wg, = 1/logy(R; + 1). When wg, =1, @* is not dis-
counted (ie, Q* = Q).

In news recommendation, the sparsity bias plays a predominant role: users will inter-

Q*(z) = (4.5)

act with a small fraction of a large item collection, such as scrollable news recommenda-
tion websites [139]. We thus opt for weighing based on MRR rather than NDCG, because it
applies a heavier discount along the ranking than NDCG. Note that the latter is said to be
more suited for query-related rankings, where the user has a particular information need
related to a query and thus higher propensity to scroll down a page [30].

The context distribution P is discounted in the same manner, when it is a ranked rec-
ommendation list. When P is a user’s reading history (see Figure 4.1), the discount on P
increases with time: articles read recently are weighted higher than articles read longer
ago. There are situations when rank-awareness is not applicable, for example when P is
the entire pool of available articles.> With rank-aware @Q* and optionally rank-aware P*,

we formulate RADio, our rank-aware f-Divergence metric:

D}, (P,Q) = ZQ ) frs (ggg) (4.6)

Q*(x) and P*(z) accommodate for multiple situations: for example, Q*(c|R) is the rank-
aware distribution of news categories c over the recommendation set R. In the following,
we specify P*(x|-) and Q*(x|-) in accordance to each normative concept of interest for our

universal metric.

4.3.4 Normative Diversity metrics as Rank-Aware f-Divergences

In this section, we describe the RADio formalization of the general f-Divergence formula-
tion above and apply it to the five DART metrics. We leave the exact implementation of the
metricsin practice for a particular open news recommendation dataset to the next section.

More formally, we define the following global parameters:

+ S: Thelist of news articles the recommender system could make its selection from,
also referred to as the “supply.”

SThere are several features along which such a pool of data could be ranked besides recency, such as the
popularity during the last hour, day or week. As this is an editorial decision we remain agnostic as to the choice
of that feature and refrain from ranking, though it remains possible in theory.
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+ R:Theranked list of articles in the recommendation set.
« H:Thelist of articles in a user’s reading history, ranked by recency.

RY € {1,2,3,...} refers to the rank of an item 4 in a ranked list of recommendations for
user u. In this work, metrics are defined for a specific user at a certain point in time, there-
fore R implicitly refers to R“, unless stated otherwise. While this section contains some
contextualization of the DART metrics [278], the original paper contains further normative

justifications.

CALIBRATION (Equation 4.7) measures to what extent the recommendations are tailored
to auser’s preferences. The user’s preferences are deduced from their reading history (H).
Calibration can have two aspects: the divergence of the recommended articles’ categories
and complexity. The former is expected to be extracted from news metadata and thus cat-
egorical by nature, the latter is a binned (categorical) probabilistic measure extracted via a
language model. As such, we compare P*(c|H ), the rank-aware distribution of categories
or complexity score bins ¢ over the users' reading history, and @Q*(c¢|R) the same in the

recommendations issued to the user.

FRAGMENTATION (Equation 4.8) reflects to what extent we can speak of a common public
sphere, or whether the users exist in their own bubble. We measure Fragmentation as the
divergence between every pair of users' recommendations. Here we consider P*(e| R%) as
the rank-aware distribution of news events e over the recommendations R for user u, and
Q*(e|R") the same but for user v. KL Divergence is asymmetric (see Section 4.3.2), which
means that its outcome differs depending on which user’'s recommendation is chosen as
the target and which as the reference distribution. To avoid this, we compute the Fragmen-
tation score as the average of KL Divergences with switched parameters. JS divergence is
already symmetric and is thus implemented as for the other metrics. In theory, Fragmen-
tation requires a user’'s recommendation to be compared to those of all other users. This
is not feasible with a sizeable dataset and the requirement of a reasonable compute time.

Instead we opt to randomly sample user pairs.

ACTIVATION (Equation 4.9) Most off-the-shelf sentiment analysis tools analyze a text,
and return a value (0, 1] when the text expresses a positive emotion, a value [—1,0)
when the expressed sentiment is negative, and O if it is completely neutral. The more
extreme the value, the stronger the expressed sentiment is. As proposed in [278], we
use an article’s absolute sentiment score as an approximation to determine the height of
the emotion and therefore the level of Activation expressed in a single article. This then
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yields a continuous value between 0 and 1. P(k|S) denotes the distribution of (binned)
article Activation score k within the pool of items that were available at that point (5).
Q*(k|R) expresses the same, but for the binned Activation scores in the rank-aware

recommendation distribution.

REPRESENTATION (Equation 4.10) aims to approximate a notion of viewpoint diversity
(e.g. mentions of political topics or political parties), where the viewpoints are expressed
categorically. Here p refers to the presence of a particular viewpoint, and P(p|S) is the dis-
tribution of these viewpoints within the overall pool of articles, while Q*(p|R) expresses

the rank-aware distribution of viewpoints within the recommendation set.

ALTERNATIVE VOICES (Equation 4.11) is related to the Representation metric in the sense
thatitalso aimstoreflect an aspect of viewpoint diversity. Rather than focusing on the con-
tent of the viewpoint, it focuses on the viewpoint holder, and specifically whether they be-
long to a “protected group” or not. Examples of such protected/unprotected groups could
be non-male/male, non-white/white, etc.® This approach is based on the implementation
of balanced neighborhoods in recommender systems [28]. With m we refer to the distri-
bution of protected vs. non-protected groups, with m € { Minority, Majority}. P(m|S)
and Q*(m|R) refer to the distribution of these groups in the pool of available articles and

rank-aware recommendation distribution respectively.

Below is a summary of the formalization of DART with the RADio framework, the notation

of which is defined in this section. In the next section, we show how to retrieve the neces-

8For more examples, see the UK 2010 Equality Act: https://www.legislation.gov.uk/ukpga/2010/15/part/2/ch
apter/1
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Table 4.2: Overview of the implementation approach for different methods. Numbers in bold correspond to the
corresponding steps in the metadata enrichment pipeline presented above.

Context Type Distribution of

Calibration (topics) Reading history Categorical  Article subcategories as provided in the MIND
dataset

Calibration (complexity)  Reading history Continuous  Article complexity (1) as calculated with the Flesch-
Kincaid reading ease test

Fragmentation Other users Categorical Recommended news story chains (2), which are
identified following the procedure in [16]

Activation Available articles  Continuous  Activation scores, which is approximated by the
absolute value of a sentiment analysis score (3)

Representation Available articles ~ Categorical  The presence of political actors (4)

Alternative Voices Available articles  Continuous The presence of minority voices versus major-

ity voices. We identify someone as a 'minority
voice’ when they are identified as a person through
the NLP pipeline (5), but cannot be linked to a
Wikipedia page.7

sary features from an example news dataset:

Calibration = Cal(P*(c|H), Q*(c|R))

Fragmentation = Frag(P*(e|R"), Q*(e|R"))

Activation = Act(P(k|S), Q*(k|R))

Representation = Rep(P(p|S), Q*(p|R))

AlternativeVoices = AltV (P(m|S), Q*(m|R))

4.4 Experimental Setup

S @ens (g ) @

(&

In order to demonstrate RADio’s potential effectiveness, we developed an NLP pipeline to

retrieve input features to the metrics in Section 4.3.4 and ran them on the MIND dataset,

an open source dataset made available by Microsoft News. The MIND dataset [293] con-

tains the interactions of 1 million randomly sampled and anonymized users with the news
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items on MSN News between October 12 and November 22 2019. Each interaction contains
animpressionlog, listing which articles were presented to the user, which were clicked on
and the user’s reading history. The MIND dataset was published accompanied by a per-
formance comparison on news recommender algorithms trained on this dataset,? includ-
ing news-specific neural recommendation methods NPA [291], NAML [290], LSTUR [4] and
NRMS [292]. It was shown that these algorithms outperform general-purpose ones [293]
or common collaborative filtering models (such as alternating least squares (ALS)), in par-
ticular due to the short lifespan of news items [91]. These algorithms are trained on the
impression logs in order to predict which items the users are most likely to click on. For
the purpose of this paper we will evaluate these neural recommendation methods with the
RADio framework (on the DART metrics) and compare their performance with two naive
baseline methods, based on a reasonable set of candidates (the original impression log): a
random selection, and a selection of the most popular items, where the popularity of the
item is approximated by the number of recorded clicks in the dataset. There are a num-
ber of limitations to the usage of the MIND dataset (see Section 4.8 and Vrijenhoek [277]).
However, at the moment of writing, it is the only large open source news dataset with suffi-
ciently granular logs for such experiments. Future work would benefit from a dataset that
is explicitly prepared for normative diversity, bypassing the need for an additional prepro-
cessing pipeline. It is not the goal of this paper to improve on the identification and extrac-
tion of the relevant parameters proposed in Vrijenhoek et al. [278], but rather to express
their outcomes in a meaningful way. We scrape articles via the URLs provided in the MIND

dataset. Each article’s metadata is enriched in five steps:

1. Complexity analysis — Each item is assigned a complexity score based on the Flesch-
Kincaid reading ease test [141], implemented in the Python module py-readability-
metrics [57]. Complexity is then discretized into bins, to accommodate for the dis-
crete form of D%.

2. Storyclustering - The individual news items are clustered into so-called news story
chains, which means that stories about the same event will be grouped together.
This way, we add a level of analysis between individual news items and higher
level categories (see Section 4.3.4). We use a TF-IDF based unsupervised clustering
algorithm based on cosine similarity and a three days moving window, following
the setup of Trilling and van Hoof [265].

3. Sentiment analysis - Using the textBlob open source NLP library we assign each arti-
cle a sentiment polarity score [160]. Our focus is on the relative neutrality of articles,
we thus take the absolute value of the negative / positive polarity score.

8Code available at https://github.com/microsoft/recommenders/tree/main/examples/00_quick_start
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4. Named entity recognition - Using spaCy, we identify the people, organizations and
locations mentioned in the text [119], and count their frequency.

5. Named entity augmentation - For the entities identified in the text in the previous
step, we attempt to link them to their Wikidata® entry through fuzzy name matching,
to figure out if they are politicians, or in the case of organizations, political parties.'

Linking back to the DART metrics, this means that for Calibration we use the article cat-
egory that is supplied in the dataset, and the complexity score calculated with the Flesch-
Kincaid reading ease test [141]. We compare those to what was in the users’ reading history.
For Fragmentation, we compare the different news stories, identified through story clus-
tering, that are recommended to different users. The Activation score of an article is de-
termined by the absolute sentiment polarity score, and for Representation we look at the
distribution of political actors as identified through Named Entity Linking. For Activation,
Representation and Alternative Voices we compare the recommendations to the available
pool of data, here interpreted as the set of items the recommender system could make its
selection from (see also Table 4.2). Since RADio computes the average of all { P, Q} pairs,
we retrieve confidence intervals over paired distances too, as illustrated in the sensitivity
analyses in the next section. In a traditional model evaluation setting, it would be desir-
able to generate confidence intervals via different model seeds or cross-validation splits.
We refrain from doing this for our metric evaluation as this would introduce a multidimen-
sional confidence interval (e.g., over { P, @} pairs and over model seeds).

It should be noted that this pipeline is an imperfect approximation, and that each met-
ric individually would benefit from more sophisticated methods. Table 4.2 links the num-
bered list above with the DART metrics. It provides an overview of the different metrics
and their respective context distribution P over normative concepts. The code for this im-
plementation is available online ™. We evaluate the outcome of our RADio framework for
different recommender strategies (LSTUR, NAML, NPA, NRMS, most popular and random),
with both KL Divergence and Jensen-Shannon as divergence metrics, with and without dis-
counting for the position in the recommendation and at different ranking cutoffs. Addi-
tionally, we calculate the intra-list diversity (ILD) as a typical descriptive diversity metric.
We used cosine similarity as a distance metric and TF-IDF of the article’s body (text) as ar-

ticle representations.’?

°https://www.wikidata.org/
101n the future one could also use additional data available on Wikidata for further refinement of the met-
rics, such as gender or place of birth / ethnicity for persons, industry type for organizations or country code for
locations.
https://github.com/svrijenhoek/RADio/
2To make calculating ILD on all pairs of articles computationally feasible we used Spark [300] to load the en-
tire matrix of allintra-list article pairs and parallelize the distance calculation. As this approach was incompatible
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https://github.com/svrijenhoek/RADio/
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4.5 Experimental Results

Having described our methodology and experimental setup around the operationaliza-
tion of DART metrics, we analyze the results of the experiments on MIND. We separate
descriptive analysis of the results in this section from the normative interpretation of
the metrics in Section 4.8. As the default method, we choose to implement RADio with
rank-awareness and JS divergence with a rank cutoff @N, which corresponds to the entire
ranking list. After commenting on the overall results, we further motivate this choice
with a sensitivity analysis to different hyperparameters. We alter the divergence metric
(KL or JS), rank-awareness (with and without a discount) and ranking cutoffs (@n, with
n =1,2,5,10, 20, N) for the different recommender models.

Table 4.3" displays results for RADio with rank-aware JS divergence, NDCG and ILD.
NDCG scores are comparable to the results obtained in [293]. Scores for ILD are gener-
ally high, and show little difference between the neural recommenders. This is in line with
the nature of natural language: without accounting for synonyms or using word embed-
dings it is not surprising that little similarity would be found between texts. The most pop-
ular recommender does differ significantly in terms of ILD compared to the neural recom-
menders. Explaining this behavior requires a more in-depth look at the articles that have
a lot of clicks recorded in the dataset. Given the nature of MSN News, it is likely that these
are often sports or lifestyle articles. This would imply a similar topic and thus a common
vocabulary and lower diversity. However, the only conclusion that can be drawn from this
is that a most popular recommender tends to recommend more items of the same cate-
gory, and is as such not very useful in terms of the requirements for normative diversity
as described in Section 4.2.2.

For the normative diversity metrics, higher values imply higher divergence scores.
Whether high or low divergence is desired depends on the goal of the recommender
system, which we will further elaborate in Section 4.8. The random recommender scores
highest on divergence for all metrics and is also one of the least relevant by definition (see
NDCG score). Most popular and random have comparable NDCG results. Popularity scores
forthearticles are derived from the clicks recorded in the MIND interaction logs, and many
articles have zero or only one click recorded. When the candidate list contains exclusively
articles with a similar number of clicks this forces the most popular recommender to a

random choice, which explains the artificial similarity between most popular and random

with the way we did our random selection, which happened later in the pipeline, we have at this time no ILD score
to report for the random recommender.

BWe computed NDCG for popular and random, and report on the original NDCG of the MIND publication for
the neural recommenders, as it is more informative to the reader. We obtained similar results but no exact match.
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Table 4.3: Results for our RADio framework for recommendation algorithms on the MIND dataset. We use our
preferred setup: JS divergence with rank-awareness @10. For interpretation of the results it should be noted
that though a higher score does imply higher divergence, this does not necessarily mean this is a better score.
Rather what it means to be better is dependent on the metric and the model chosen, for which we refer to Table
4.1.

Calibration Calibration

Algorithm A . Fragmentation  Activation  Representation  Alternative voices = NDCG ILD
(topic) (complexity)

LSTUR 0.5847 0.3632 0.9046 0.1819 0.1261 0.0409 0.4134 0.9837
NAML 0.5709 0.3593 0.8836 0.1842 0.1230 0.0384 0.4091 0.9895
NPA 0.5838 0.3619 0.8979 0.1841 0.1359 0.0390 0.4068 0.9868
NRMS 0.5662 0.3548 0.8872 0.1794 0.1278 0.0362 0.4163 0.9897
Most popular 0.6526 0.3477 0.8923 0.1949 0.1268 0.0342 0.2750 0.9179
Random 0.6636 0.3981 0.9439 0.2715 0.2578 0.0698 0.2949 -

in terms of the NDCG score.

Figure 4.2 is the pendant of Table 4.3. It displays robust estimates based on the median
and quantiles. Outliers are predominant for the Alternative Voices metric as most articles
do not contain any Alternative Voices. As detailed in Section 4.4, Alternative Voices are
tagged as such if a named entity could not be found on Wikipedia.

Between the neural recommenders, most scores for LSTUR, NPA, NRMS and NAML
are close to zero, indicating a low divergence between the recommendations and the
context distribution. Note that they produce similar recommendations (see NDCG values
and Wu et al. [293]). Some notable differences can be observed when comparing these
neural methods to the baselines. For example, we see that the neural recommenders
are more Calibrated to the items present in people’s reading history, though the most
popular baseline performs marginally better in terms of Calibration of complexity. In the
following, we further analyse the entire distribution of individual recommendation list
divergences and test the sensitivity of RADio to different settings. Boxplots for all metrics
and all recommender strategies are available in the online repository, where we highlight

the importance of rank-awareness.

4.6 Sensitivity Analysis

This section contains a detailed analysis of the sensitivity of RADio to different settings: the

divergence metric (JS or KL), rank-awareness (yes or no) and rank cut-off point (@n).

4.6.1 Sensitivity to the Divergence Metric

JS divergence is our preferred implementation of universal diversity metrics. It is a proper
distance metric and bounded between 0 and 1 (see Section 4.3.2). Figure 4.5 substan-
tiates that claim empirically, visualizing the sensitivity of RADio to the two described
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Figure 4.2: Boxplot over each P, ) pair for all algorithms and all metrics for the JS divergence with rank-
awareness. This is the pendant of Table 4.3. The horizontal line and the box boundaries show median and
Inter Quartile Range (IQR) respectively. Single dots indicate outliers, defined as being further outside the 0.05
to 0.95 quantiles.

f-Divergence metrics: KL and JS Divergence. Clear differences can be observed in the dis-
tributions; KL divergence is skewed towards lower divergence, while JS divergence yields
a more centered distribution of values. Additionally, JS divergence applies more contrast
between the neural recommender systems and the naive recommendation methods and
especially the random baseline. In certain cases KL introduces consequential skew in the
distribution of individual P, () comparison pairs across recommendation models; this
does not occur to that extent with JS.

Nevertheless, for demonstration purposes we show results for the RADio framework
coupled with KL divergence in Table 4.4. This time, metrics are not bounded by [0, 1]. If
one were to rank the values for each metric, Table 4.3 and 4.4 would score the algorithms
in the same order [153]. In conclusion, although KL divergence is a well-known metric that
can be found in many applications and is simpler to express mathematically, we find JS

divergence to be a better fit both theoretically and empirically.

4.6.2 Sensitivity to Rank-awareness

In the original formulation of DART metrics [278], rank-awareness was not considered for
most of the defined metrics. In our formalization, rank-awareness is the default. In Figure
4.6, we visualize the effect of removing the rank-awareness (in blue) on Fragmentation and

compare to the original rank-aware Fragmentation (in orange). Rank-awareness allows for
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Table 4.4: Results for our RADio framework for recommendation algorithms on the MIND dataset. KL divergence
with rank-awareness @10. For interpretation of the results it should be noted that though a higher score does
imply higher divergence, this does not necessarily mean this is a better score. Rather what it means to be better
is dependent on the metric and the model chosen, for which we refer to Table 4.1. These metrics are executed
on a random sample of 35.000 users.

Calibration Calibration

Algorithm . ) Fragmentation  Activation  Representation  Alternative voices
(topic) (complexity)
LSTUR 2.6038 1.1432 7.7201 0.1481 0.1078 0.0142
NAML 2.5333 1.1287 7.3926 0.1531 0.1047 0.0127
NPA 2.5945 1.1390 7.6202 0.1521 0.1237 0.0134
NRMS 2.5013 1.1204 7.4519 0.1442 0.1114 0.0113
Most popular  2.9384 1.1082 7.6377 0.1605 0.1028 0.0102
Random 3.6038 1.5985 8.6295 0.8079 1.1248 0.0420
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Figure 4.3: Boxplot over each P, (Q pair for all metrics for the KL divergence with and without rank-awareness.
The horizontal line and the box boundaries show median and Inter Quartile Range (IQR) respectively. Single dots
indicate outliers, defined as being further outside the 0.5 to 0.95 quantiles.

better differentiation between methods: LSTUR and “most popular” seem to be similarly
distributed without a rank discount. Introducing rank-awareness shifts LSTUR towards a
larger divergence, whereas “most popular” remains largely the same. Figures 4.3 and 4.4
show a detailed analysis of rank-awareness of robust estimates (median and quantiles) for

KL and the JS divergence.

4.6.3 Sensitivity @n

One could also consider adding a cut-off point where only the top n recommendations are
considered for evaluation, the results of which are shown in Figure 4.7. The figure shows
that the effect of rank-awareness becomes stronger with a higher cut-off point, and causes
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Figure 4.4: Boxplot over each P, () pair for all metrics for the JS divergence with and without rank-awareness.
The horizontal line and the box boundaries show median and Inter Quartile Range (IQR) respectively. Single dots
indicate outliers, defined as being further outside the 0.5 to 0.95 quantiles.

the divergence score to stabilize after roughly 10 recommendations. This is because our
MMR rank-awareness strongly discounts values further down the ranking. @20 and @N
(no cutoff) are similar for all metrics because MIND rarely contains more than 20 recom-
mendation candidates. Note that when calculating the divergence score for Activation,
Representation or Alternative Voices without rank-awareness and without cutoff point,
there is no divergence to be reported as recommendation and target distribution are iden-
tical in these cases.

4.6.4 Normative Evaluation

By comparing divergence scores across different recommender strategies, we can draw
conclusions on the way they influence exposure of news to users. This is especially the case
when comparing neural methods to the random recommender, which should reflect the
characteristics of the overall supply of data. Combining this with DART's different theoret-
ical models of democracy (summarized in Table 4.1), one can make informed decisions on
which recommender system is better suited to one’s normative stance than others. Imag-
ine, for example, a media organization that aims to help their users find content on topics
they are interested in. In this case they are looking for a low divergence on Calibration,
which is shown in the scores of the neural recommenders. This would indicate that those
models are more suitable for this organization’s goals. In comparison, imagine a large
media organization that wants to dedicate a small section of their website to Critical prin-
ciples, consisting of one element with recommendations called “A different perspective.”
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Figure 4.5: Violin kernel density functions [289] over each P, () pair, for the Calibration (topic) rank-aware
metric, rank cutoff @N (no cuttof), using KL (left) and the JS divergence (right). Thick and thin dashes show
median and Inter Quartile Range (IQR) respectively.
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Figure 4.6: Violin kernel density functions [289] over each P, () pair, for the Fragmentation metric with JS
divergence and rank cutoff @N (no cutoff), on three different recommender approaches with (blue) and without
(orange) rank-awareness. Thick and thin dashes show median and IQR respectively.

This calls for a high divergence score in both Representation and Alternative Voices. Given
that the random recommender scores best according to these principles, the neural rec-
ommenders would not be very suitable for this goal. Nevertheless, the conclusion that a
random recommender is suitable for Critical norms and values is moot. Additional steps
should be taken to further improve upon these scores: recommendation algorithm devel-
opers could tweak the trade-off between different target values in the recommendation,

or even explicitly optimize on these metrics.

4.7 The Effects of Metric Design Choices

In the following section, we will take a more detailed look at the effects of different design
choices for a normative diversity metric, using the Calibration metric as an example.
Calibration, which aims to measure the degree in which a recommendation reflects a
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Figure 4.7: Mean and 95% confidence interval for each DART metric implemented with JS divergence for the
LSTUR recommender. Sensitivity analysis of RADio on rank-awareness (blue and orange) and rank cutoff.

Training Validation
all impr hist click LSTUR NRMS rand all impr hist click LSTUR NRMS rand
news 0.3 031 0293 0.299 0313 0.311 031 | 0303 0.233 0279 0.233 0213 0.198 0233
sports | 0.315 0.116 0.138 0.125 0.129 0.136 0.116 03 0163 0.143 0.246 0275 0.254 0.163
finance | 0.058 0.096 0.071 0.087 0.085 0.078 0.096 0.06 0.069 0.069 0.035 0.024 0.015 0.069
foodanddrink | 0.044 0.042 0.049 0.04 0.033 0.038 0.042 | 0.048 0.068 0.05 0.056 0.09 0.092 0.068
lifestyle | 0.045 0.104 0.104 0.106 0.114  0.114 0.105 | 0.048 0.171 0.105 0.178 0.161 0.174 0171
travel | 0.049  0.039 0.03 0.032 0.025 0.022 0.039 | 0.047 0.027 0.03 0.02 0.027 0.026 0.027
video | 0.045 0.016 002 0.018 0019 0019 0.016 | 0.041 0.021 0.019 0.022 0017 0.017 0.021
weather | 0.042 0.027 0.013 0.023 0.021 0022 0.027 | 0.039 0.028 0.012 0.015 0.017 0.013 0.027
autos 0.03 0.032 0.036 0.03 0.027 0.027 0.031 | 0.034 0.03 0.036 0.025 0.015 0.016 0.03
health | 0.029 0.037 0.046 0.041 0.04 0.044 0037 | 0033 0.034 0.047 0.034 0.044 0.045 0.034

Table 4.5: Distribution of article categories in both the training and validation set of MIND. This includes the full
dataset (‘all’), the content people have seen and which the recommender ranks (‘impr’), what was in the user’s
history (‘hist’), the items the users clicked (‘click’), and the top 5 items ranked by the neural recommenders and
random baseline.

user’s personal preferences, is in this experimental setting the most suitable for this type
of analysis, as it relies on categorical data that is directly available in MIND. Differences in
behavior and performance will as such directly be caused by differences in the behavior
of the recommender system and the design choices of the metric, rather than as a result
of the data extraction pipeline.

Table 4.5 displays the distribution of article categories in the different steps of the rec-
ommendation pipeline. For both the training and validation sets, we analyze the article
categories present in the full dataset (‘all’), the items that were shown to the user and
which the recommender system ranks (‘impr’), what was present in the users’ reading
history (‘hist’), and which items they eventually clicked on (‘click’). We compare this to the
categories present in the top 5 items recommended by the neural recommenders LSTUR
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and NRMS, and the random baseline. The categories in the full datasets are very similarly
distributed between the training and validation sets, with both the news and sports
categories comprising about 30% of the data, and the other categories ranging between
3-6%. The items in the user histories are also decidedly similar. In both sets, the random
recommender reflects the distribution of the impressions, which is expected behavior.
Discrepancies between the two sets can be observed in both the candidate list and the
content that users eventually clicked. The training data contains many more articles of
the category ‘news’, whereas the validation set has a much higher share of sports articles,
especially among the clicked content. This is also reflected in the recommendations
generated by the neural recommenders. The difference can be explained by the dynamic
nature of news itself, which also underlines a caveat of using a dataset that only consists of
a single day: if a major world event happened on that day, it stands to reason that there is
both alot more content in that category, and a higher interaction rate of users with it. This
availability of content will then also influence the rate in which a recommender system
can generate highly Calibrated recommendations. To account for this variability, we carry
out the analysis on the predictions generated on the training set, which comprises six
days. We emphasize that this analysis is not conducted to make judgments about the
performance of the algorithms, in which case it would be imprudent to include training
data in analysis, but rather to exemplify the multiple design choices that are relevant
when constructing a normative diversity metric.

In Figure 4.8a, we visualize Calibration in the same way as in Section 4.4: as the average
divergence between the categories in individual recommendations and the user’s reading
history, though here it is plotted over time. This graph shows clear differences between
the different recommender strategies. Furthermore, we find a statistically significant
negative correlation between the divergence scores and the number of items in a user'’s
history (p<0.001): the more items a user has consumed in the past, the lower the Cali-
bration divergence is. In MIND, the user’s history is static. Even if a user has accessed
the website more than once, there will be no change recorded in the dataset. This makes
it impossible to say how the recommender systems would adapt the recommendations
over time, as more information about the user becomes available. We simulate a dynamic
history in the diversity calculations by including the registered clicks of past interactions
in the current history. This is visualized in Figure 4.8b. Compared to the simple approach,
we see a slightly lower and mostly more consistent divergence score. Some conflation
with the fact that this is training data may happen here. The recommender systems are
trained to predict the clicked items, which are also added to the history, resulting in a

lower divergence score.
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Figure 4.8: The Calibration metric with different approaches to metric design
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With the dynamic availability of content, and the user’s relative interest in major world
events, it may not be possible for every single recommendation to achieve the desired nor-
mative diversity score, though they may do so over time. In Figure 4.8c, we conceptualize
our metric to not only consider the current recommendation, but also the top 5 items of
each recommendation in the past, weighted by recency. Here we see that the divergence
indeed decreases over time. However, f-Divergence penalizes the score comparatively
much if smaller categories are not present in the recommendation [247]. Having more
individual items in the calculations thus increases the chance that smaller categories are
also represented, leading to a lower divergence score. This is reflected by the fact that the
random recommender also decreases in divergence over time, though to a lesser extent
than the neural recommenders (on average, a 0.03 versus a 0.06 decrease).

Besides the top-level category, MIND also supplies article subcategories, which splits up
‘news’ into among others ‘newsus’ and ‘newspolitics, and sports into ‘football_nfl' and
‘baseball_mlb. The more fine-grained categorization could potentially be much more
expressive of a user’s interest. Figure 4.8d displays the Calibration score when considering
subcategory. It shows roughly the same pattern as in Figure 4.8a, although in a higher
range: the average value here is centered around 0.8, whereas in Figure 4.8a it is around
0.6. When deploying Calibration in production, an informed decision needs to be made
about the level of detail that is meaningful for the metric.

One other thing that might be relevant to consider is the number of users for whom the
system does not work: those who, even on average, receive recommendations that are
very divergent from their preferences. This is visualized in Figure 4.8e, which plots the
frequency of mean divergence scores per user. The information obtained from such an
analysis could be used to investigate who the users are that consistently receive sub-par
recommendations, and whether they share characteristics. This could then steer future
development and tweaking of the algorithm. In a similar vein, one could investigate
whether there are users who exist in their own ‘bubble’ and receive recommendations
that are very different from the ‘brand’ of the organization. This is conceptualized in
Figure 4.8f by calculating the divergence between the recommendations and the general
distribution of articles. This type of analysis could be especially relevant when measuring
organizational values and metrics such as Representation or Alternative Voices.

The Figures in 4.8 convey very different types of information, even though they are based
on the same feature and on the same set of recommendations. This shows that the design
choices made when implementing the metric greatly influence the patterns it shows.
Again, how the metric should behave is dependent on what the organization deploying

the recommender system aims to measure and wants to achieve with it. As such, it is
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necessary that each of the choices are explainable to all stakeholders involved and that

the process is well-documented.

4.8 Discussion

Choosing an f-Divergence score as the base for our metrics allows us to construct a sin-
gle base formalization with a clear interpretation amongst all metrics; when the value is
0, the distribution between the recommendations and the chosen context is identical. The
larger the measurements, the larger the divergence is. It is also flexible to the use of dif-
ferent target distributions and relevant features, and has as such a strong advantage over
ILD, which requires a static model of what it means for two articles to be different. For-
malizing the diversity of the recommendation is as such brought down to three questions:
what feature are we interested in, which distribution do we want to compare to, and should
the divergence between these distributions be low, high, or something else. The answers
to these questions could be informed by normative diversity metrics described in this pa-
per, but could also be interpreted differently. However, f-Divergence also comes with a
number of limitations. For one, it does not take the relations between categorical values
into account, and the ordering of the categorical values in the input vector is arbitrary. For
example, two left-wing political parties in the Representation metric may be more similar
than an extremely left-wing and an extremely right-wing party, but this is currently not
taken into account. Related to this, in order to make continuous values suitable for our
general discrete definition of f-Divergence, they need to be discretized into arbitrarily de-
fined bins. This means that two very similar values may end up in different bins. Future
work may propose a different approach for calculating divergence between continuous
variables. Lastly, even design choices within the metric itself, such as the level of detail
expressed in the relevant metric or the number of recommendations included in the cal-
culation of the divergence score, may have large impacts on its behavior. Furthermore, the
content thatis available to a recommender also logically bounds to which extent it can gen-
erate normatively diverse recommendations. Careful justification and documentation of
design choices when constructing the metric are thus a necessity.

Regarding the data enrichment pipeline, we identify a number of enhancement points.
While some metrics, such as topic Calibration, work with simple data on news topics that is
oftendirectly available in a dataset, other metrics require a more sophisticated data enrich-
ment pipeline. The differences in these approaches appear in the results: the metrics with
more trivial metadata retrieval setups show clear and distinct patterns for different recom-
mender algorithms, but this is not the case for the more complicated ones. Furthermore,
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itis not possible to determine the quality of the pipeline, as we do not have a ground truth
for evaluation. For future work, we suggest to take the base formalizations as constructed
in this paper as a starting point, and work to improve the extraction of the relevant param-
eters for metrics such as Representation, Alternative Voices and Activation. Especially for
the first two, there is already a large body of work that can facilitate this process [8, 63]. Hu-
man evaluation, including the input from editorial teams, would then be a promising way
to evaluate these three normative metrics, similar to the work in the context of language
generation bias [54].

Atthe same time, more insight needs to be gained on the influence of the choice of dataset.
The MIND dataset contains a significant amount of so-called soft news, including articles
on lifestyle, sport and entertainment, whereas the DART metrics are mostly applicable to
hard news. The influence of the chosen dataset needs to be investigated in more detail,
which can then lead to more informed decision-making on the trade-off between diver-
sity and click-through rate, and what can reasonably be expected of a news recommender
system. Similarly, while the RADio metrics already provide an improvement over ILD by
taking a target distribution into account instead of only what is present in the recommen-
dations, they cannot look ‘beyond’. A dataset or target distribution that is already skewed
will not be identified as such. A possible solution could be to externalize the target distri-
bution. For example, one could compare to the content produced by other organizations,
such as (anumber of) competitors or state-funded media. Alternatively one could consider
official statistics, such as the distribution of political parties in government. Possibly this
is anissue that cannot be solved purely through algorithmic means, and should also be ap-
proached in a procedural way. Many news organizations already have organization-wide
protocols and procedures in place to guarantee the quality of content produced, and per-

haps these protocols should be extended to also account for algorithmic recommendation.

Steps for adoption

Adopting the normative diversity metrics in practice is not a task that can be undertaken

by an individual. We envision this process in the following steps:

1. Identify the relevant stakeholders - As a first step, all the relevant stakeholders
should be involved in the process [6]. Besides technical and editorial teams, this
would also include management and business teams that eventually have to make
an informed decision on the acceptable trade-off between generating clicks and
diversity.

2. Determine the purpose of the recommender systems - Together, the stakeholders
should determine what the purpose of the envisioned recommender system is. This
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can be inspired by one of the democratic models described in Section 4.2, but should
most of all stem from open discussion. A recommender system can have multiple
envisioned purposes, and these purposes can be at odds with each other; for exam-
ple, finding relevant content and encountering different perspectives [280]. In such
cases, the dynamic between the different purposes must be made as explicit and
concrete as possible.

3. Determine what type of diversity reflects this purpose - With Step 2 in mind, the
stakeholders should define the type of diversity they are looking for using the three
questions mentioned earlier in this section: what feature to measure, which distri-
bution to compare to, and the expected divergence range. When the purpose is to
help a user find relevant content, this means alow divergence of recommended top-
ics between the recommendation and the user’s history. For new perspectives, this
means a high divergence between the perspectives in the recommendation versus
the user’s reading history. Collaboration between the different stakeholders is still
instrumental: while the editorial and business teams may have the clearest vision
on what a recommendation needs to accomplish, the technical teams need to com-
municate what is technically feasible. Many of the aspects related to diversity are
technically hard to measure and often even conceptually ambiguous (what is a ‘per-
spective’?). Eventually, all stakeholders should agree on chosen simplifications, be
aware of what these metrics can and cannot measure, and know where additional
work and research is still necessary.

Inits current form RADiois an evaluation framework. We do not believe that the metrics
should replace existing evaluation metrics, but should rather be used concurrently. Ide-
ally, however, the normative diversity metrics would be incorporated as target for recom-
mender system optimization, rather than post-hoc evaluation. For example, they could be
used to inform a reranking algorithm that ensures that over time, the recommendations
issued to a user reflect the chosen target distribution. Current diversification methods of-
ten rely on a distance measure between individual items. This is not suitable for the nor-
mative diversity metrics: as they are based on divergence scores, the recommendation list
can only be considered as a whole. As such, additional theoretical work is necessary in
order to use the metrics for optimization.

Lastly, if metrics such as these normative diversity metrics are to be incorporated in a
production system, they need to be carefully constructed and monitored. Neglecting to do
so might lead to so-called ‘ethics-washing’, where empty metrics are in place that convey
no meaning but merely serve as a checkbox, and gamification of the metrics, where ex-
ternal parties learn how to utilize the metrics to boost the content that fits their purposes.
Once more, this is not an effort that can be accomplished by technical teams alone, and is
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one more reason to close the gap between the technical teams and the newsroom.

4.9 Conclusion

In this paper we have made a first attempt at constructing and implementing new evalua-
tion criteria for news recommender systems, with a foundation in normative theory. Based
on the DART metrics, first theoretically conceptualized in earlier work, we propose to look
at diversity as a divergence score, observing differences between the issued recommenda-
tions and a metric-specific target distribution. We proposed RADio, a unified rank-aware
f-Divergence metric framework that is mathematically grounded and that fits several pos-
sible use cases within the original DART metrics and we hope beyond in future work. We
showed that JS divergence was preferred over other divergence metrics. At first mathe-
matically, as JS is a proper distance metric, and empirically, via a sensitivity analysis to
different cutoff, rank-awareness and divergence metric regimes. When our approach is
adopted in practice, it enables the evaluation of news recommender systems on norma-
tive principles beyond user relevance. Finally, we wish to emphasize that the metrics pro-
posed are meant to supplement standard recommender system evaluation metrics, in the
same way that current beyond-accuracy metrics do. Most importantly, they are meant to
bridge the gap between different disciplines involved in the process of news recommenda-
tion and to support more informed discussion between them. We hope for future research

to foster interdisciplinary teams, leveraging each fields' unique skills and specialties.
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Abstract

EWS RECOMMENDER SYSTEMS increasingly determine what news individuals

see online. Over the past decade, researchers have extensively critiqued rec-

ommender systems that prioritise news based on user engagement. To offer
an alternative, researchers have analysed how recommender systems could support the
media’s ability to fulfil its role in democratic society by recommending news based on
editorial values, particularly diversity. However, there continues to be a large gap between
normative theory on how news recommender systems should incorporate diversity, and
technical literature that designs such systems. We argue that to realise diversity-aware
recommender systems in practice, it is crucial to pay attention to the datasets that are
needed to train modern news recommenders. We aim to make two main contributions.
First, we identify the information a dataset must include to enable the development of
the diversity-aware news recommender systems proposed in normative literature. Based
on this analysis, we assess the limitations of currently available public datasets, and
show what potential they do have to expand research into diversity-aware recommender
systems. Second, we analyse why and how European law and policy can be used to provide
researchers with structural access to the data they need to develop diversity-aware news

recommender systems.



5.1. INTRODUCTION | 99

5.1 Introduction

News recommender systems play an important role in determining what news (if any) in-
dividuals see online by ordering information from most to least relevant [110, 158, 222].
Researchers have extensively criticised the common industry practice of measuring rele-
vance through clicks, arguing this leads media organisations to recommend news articles
based onwhatis most engaging rather than based on the editorial values that should guide
the way the way the media informs the public [17, 80]. Over the past decade, researchers
have therefore proposed alternative approaches to news recommendation that would sup-
port the media’'s democratic function of informing the public, particularly by allowing me-
dia organisations to make more diverse recommendations that expose each reader to per-
spectives and topics that are new to them. Researchers have analysed extensively how
diversity-aware recommender systems should be conceptualised [17,111,227, 275, 276], and
what technical tools are needed to measure and embed diversity in recommender systems
(12,107,161, 273, 279].

However, a significant gap remains between the diversity-aware news recommender
systems proposed in normative literature, and the kinds that have been realized in techni-
cal literature. For example, scholars in law and journalism studies call for recommender
systems that allow readers to become experts in their chosen field by showing them new
perspectives on a few topics that interest them, or that foster tolerance by showing read-
ers political viewpoints with which they disagree but which do not lead them to see other
societal groups as enemies [111, 154, 227]. In contrast, technical literature most often im-
plements diversity as an intra-list similarity function, to check whether the items in the
recommendation are not too similar to each other [29, 217]. While work that designs news
recommender systems based on more normative conceptualisations of diversity exists, it
remains limited and regularly emphasises it is not yet suitable for deployment. Much work
has yet to be done before industry-level recommender systems can truly account for nor-

mative interpretations of diversity [279].

In this paper, we argue that the public datasets on which researchers rely to create
and evaluate news recommender systems are a key factor limiting the development of
diversity-aware recommender systems. We show that while these datasets do have some
untapped potential to further research into diversity-aware recommender systems, they
lack much of the data needed to create the kinds of recommender systems proposed based
on normative theory. Instead, they primarily facilitate the development of recommender
systems that optimise for readers’ short-term preferences. Further, we argue that this
constraint cannot be fully addressed with the publication of another single dataset, as the
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data needed for diverse recommendations is highly contextual and varies significantly
across time and regions. We therefore also explore the European law and policy tools
available to secure structural access to the data needed to develop diversity-aware news
recommender systems.

With this, we aim to answer the following research question: how do public datasets
constrain the development of diversity-aware news recommender systems, and how can
European law and policy be used to overcome this constraint? We focus on European law
because of its recent advances in data access law and policy, its role for active governmen-
tal intervention to support media pluralism, and its wide geographic scope (allowing it to,
potentially, support the creation of public datasets in multiple countries). We include the
four most-used public datasets in our analysis, but focus in particular on the Microsoft
News Dataset (MIND). Due to its size, its publication in 2022 was a significant development
for news recommendation research, and our research indicates that it is by far the most
used dataset to develop new recommender systems.

Section 2 analyses how public datasets are used to develop news recommender sys-
tems, and how they can impact the recommender systems used by media organisations
by influencing the research that develops and evaluates the performance of new recom-
mender systems. Section 3 shows what data would have to be included in a dataset to
develop the kinds of diversity-aware recommender systems imagined in legal and jour-
nalism studies literature. Section 4 evaluates how the data included in the public datasets
that are currently most used in news recommendation research limits the development of
diversity-aware recommender systems. Section 5 analyses why European law and policy
should play arole to address thelack of datasets needed to build better news recommender
systems, and how existing European laws and policies intended to expand access to data
can do so. Throughout, we aim to make the paper accessible for computer science, legal,
and journalism scholars researching how more diverse news recommender systems can
be realised. The analysis may therefore at times be overly simplistic for one specific audi-

ence.

5.2 From datasets to news recommendations

Training a recommender system involves optimising it to predict a quantitatively measur-
able target; most often, whether a user will click on an item or not [302]. A recommender
system is trained to make these predictions by identifying patterns between item char-
acteristics and user characteristics that are associated with the click. These patterns are
subtle. For example, a click on an article about the Olympic Games may indicate the user
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is interested in the Olympic Games in general, a specific team, sport, or athlete, or even
the politics surrounding it. The broader the scope of content a system needs to cover, the
harder it is to find the patterns that predict user behaviour. Furthermore, the way readers
interact with a system is highly connected to how content is shown to them, meaning that
slight changes in the user interface canlead to very different engagement patterns [14]. To

capture these nuances, recommender systems must be trained on large datasets.

However, since behavioural patterns are so dependent on contextual factors one needs
to, in a manner of speaking, have a recommender system running in order to generate the
dataneeded to train a recommender system. Organisations may resolve this chicken-and-
egg situation by starting out with simpler recommender systems that involve little or no
personalization. The interactions generated with these systems will then, over time, serve
as input to more complex and sophisticated models. Very few organisations will develop
the architecture for said sophisticated models from scratch; rather, they will train and test
multiple models to see which is most likely to cover their needs best, and continue to fine-
tune that model. This choice is heavily influenced by which models are considered state-of-
the-art in academic research. New models are usually published in academic papers and
shared benchmarks, accompanied by an analysis of the model's strengths, weaknesses,
and typical use cases, which helps industry practitioners decide whether the model will
be a good fit for their application. Yet contrary to industry professionals, researchers do
most of their work on public datasets. For one, they rarely have access to datasets at the
scale that is necessary for training recommender systems, and even if they do, relying on
a proprietary dataset limits the reproducibility of their results [80]. This implies that, al-
though media organisations do not directly use public datasets to train their recommender
systems, the research that informs their design choices and algorithm selection depends

heavily on the few public datasets that are available, and what can be done with them.

One concrete example of how this works in practice can be seen in work by Einarsson
et al. [70], which studied the effect of news recommender systems deployed by Ekstra
Bladet during the 2022 Danish election [70]. Ekstra Bladet had two recommender systems
in production, both of which were trained on Ekstra Bladet's own data. However, the
algorithms Ekstra Bladet used to train its recommender systems (NRMS [292] and Matrix
Factorization [217]) were developed and evaluated in the research literature, using the
Microsoft News Dataset [293].

Given the required complexity and size of news recommendation datasets, only a few
datasets are available for recommender systems researchers to work with. As a result,
what is in those datasets also strongly influences the type of research that can be done.
The data included in a dataset constrains what recommender systems developed with the
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dataset can be designed to do. ‘Simply’ training a recommender system that predicts what
news users will click will already require a large dataset of news articles and users’ inter-
actions with those articles from which these patterns can be derived. Developing a rec-
ommender system that balances user preferences with normative values such as diversity
requires aricher dataset, which also includes data necessary to assess how the recommen-
dation relates to those values [35, 251]. If such data is not present, executing the research
becomes significantly more complicated, which we will further elaborate on in Section 5.4.

Beyond determining the research that can be done, datasets that become a benchmark
also influence the type of research that is considered valuable and encouraged within the
research community. Indeed, the MIND dataset, mentioned earlier in the context of the
Ekstra Bladet algorithms, was created with the explicit purpose “to serve as a benchmark
dataset for news recommendation and to facilitate the research in news recommenda-
tion”. As a result, researchers are more likely to execute their research on the targets
and optimization goals as set out by Microsoft. Another good example is the MovieLens
dataset, published in 2005 and still a widely used dataset for recommender system re-
search. MovieLens contained information on users rating a movie on a scale of 1to 5, which
means that to this day, a lot of research is carried out on predicting scores on an ordinal
scale [102]. Benchmark datasets thus fulfil an important function in research: they serve
as a common reference point by allowing the performance of new recommendation algo-
rithms to be compared to that of existing algorithms tested on the same dataset. However,
they also make it more likely that research is done on the one hand on the data structures
present in the benchmark dataset, rather than on the structures relevant to news organi-
sations, and on the other hand on the performance goals for which that dataset was con-

structed, rather than on normative goals.

5.3 Conceptualising diversity in news recommender systems

5.3.1 Data as a constraint on diversity-aware news recommender systems

Scholars from law and journalism studies have proposed many different ways in which
recommendations can be made more diverse, including not only accounting for the view-
points but also the topics, styles, and formats of the recommended content, as well as the
characteristics of the users to whom content is recommended. There arguably is not one
right way to approach diversity. As the need for diverse news is often ultimately grounded

in democratic theory, the type of diversity a recommender system should promote de-

Thttps://learn.microsoft.com/en-us/azure/open- datasets/dataset-microsoft-news?tabs=azureml-opend
atasets
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pends on the kind of democratic system (e.g., liberal, deliberative, or agonistic democracy)
it is used to support [111]. Our goal here is not to advocate for one specific approach to di-
versity. Nor do we argue a dataset should necessarily be suitable to realise all types of di-
versity we will outline below. For example, the need for diversity may be outweighed by
the privacy concerns of collecting detailed data on the news consumption of marginalised
groups. At this stage, we only aim to identify the characteristics of recommendations that
are important from normative perspectives on diversity, so we can evaluate which aspects
of diversity can and cannot be incorporated in news recommender system research with

the data included in currently popular public datasets.

5.3.2 What data is needed to make diverse recommendations?

The diversity of the topics of recommended articles plays a dominant role in the literature
on diversity-aware news recommender systems. Many authors highlight that by account-
ing for what users have seen in the past, recommender systems could expose them to top-
ics that are new to them, and thereby broaden their horizons or alert them to topics affect-
ing other societal groups [100, 253, 276]. Alternatively, recommender systems can show
a user extensive information on a few topics to create deeply informed expert citizens, or
show individuals news on the topics they prefer to engage with to support their autonomy
[111,122]. Between these extremes sit views that argue for a more mixed approach. A mix of
entertaining and hard news could make diversity-aware recommender systems pleasur-
able to use, while a mix of political and non-political content could give individuals a fuller
picture of society [22,100, 111].

Viewpoint diversity is often addressed in conjunction with topic diversity, and concerns
the diversity of perspectives on a particular topic to which users should be exposed [97].
In general, authors advocate for showing users a wide diversity of perspectives within the
same topic, either to better inform them, or increase tolerance and social cohesion [17, 111,
165, 276]. The different viewpoints to which users should be exposed are usually ideolog-
ical in nature; several authors explore how users should be exposed to perspectives from
across the political spectrum [17, 107, 276] or to the perspectives of other societal (e.g., eth-
nic, linguistic, or marginalised) groups to increase tolerance [10, 165, 227]. An important
but rarely explicit assumption in this context, is that the diversity of perspectives towhich a
recommender system should expose users may differ depending on the political perspec-
tives or societal groups that exist in the society in which the system is deployed [281].

The style of news plays an important role in discussions on the type of public debate
diversity-aware recommenders should foster. Deliberative approaches that see media
as creating space for an informed and rational debate imply the recommended content
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should be impartial and promote active discourse [111]. Recommender systems that
seek to foster tolerance may recommend positive news about ideological opponents, or
respectful discussions between opponents [100]. Finally, from an agonistic perspective
the goal of a recommender should be to facilitate conflict while ensuring the different
sides do not perceive each other as enemies [227].

The format in which news is recommended matters to recommender systems that re-
spond tousers’ consumption preferences. If arecommender system is used to serve awide
cross-section of society, it is important to ensure news is recommended in a format (such
as video, audio, or text) with which different users can engage [46, 111, 251]. The need for
different formats is also implied in some of the approaches to diversity mentioned above.
For example, arecommender system that aims to enable users to become experts in a spe-
cific topic requires larger background articles and deep dives for users that have a lot of
pre-existing knowledge on the topic, and simple explainers for users that do not.

Finally, few authors pay explicit attention to the characteristics of the users to whom
content is recommended. One exception is Vermeulen, who emphasises the need to bal-
ance diverse exposure with user choice [276]. Additionally, detailed information about the
user is required to provide the diverse recommendations described above. For example,
a recommender system must be able to assess what news a user knows already in order
to give them a new perspective or more deeply inform them. From a fundamental rights
perspective, moreover, the need for diversity is also grounded in the right to receive in-
formation, and more specifically the need to ensure that “everyone has access to a diverse
range of journalistic content” [47,76]. In that context the Council of Europe has for example
referred to the need to ensure diverse news can be accessed despite socio-economic bar-
riers and income level and that minorities, disabled persons, and disadvantaged and local
communities are able to access news [46, 47]. Similarly, writing on recommender systems’
impact on epistemic welfare, Hyzen et al. [122] emphasise the importance of ensuring a
recommender system is able to “ensure that many and diverse users can encounter and
engage with epistemically valuable content”. Overall, if the goal of a recommender system
is to meet the information needs of all members of society, it is also important for the rec-
ommender system to be able to effectively recommend news to different societal groups,

even if they have different consumption patterns.

5.3.3 Subconclusion

Many of the features that would be needed to make diverse recommendations are hard to
identify, and require additional data processing [278, 279]. Think, for example, of identi-

fying the opinions reflected in an article text so a recommender system can show a user
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different perspectives on the same topic. There are extensive lines of research into iden-
tifying different viewpoints algorithmically, usually referred to as opinion mining or view-
point detection. However, neither currently have off-the-shelf solutions [220]. Alterna-
tively, researchers or journalists could manually annotate the viewpoints included in an
article [169]. However, manual annotation at the scale needed for training data for recom-
mender systems is a time-consuming and costly endeavour. This problem is exacerbated
by the conceptual unclarity of diversity, as labelling by non-experts is likely to yield incon-
sistent results. Despite, and arguably especially given the difficulty of identifying the fea-
tures relevant to diversity, it isimportant that these aspects are included in public datasets,

if they are to facilitate research developing diversity-aware recommender systems.

5.4 Data as a constraint on diversity-aware news recommender sys-

tems

In this section we analyse which datasets are used in recent research developing and test-
ing news recommendation models, the characteristics of those datasets, and how they
can(not) facilitate the different aspects of diversity outlined on page 102.
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Figure 5.1: Counts of the datasets used in papers on developing news recommender systems between January
1st, 2022 and December 31, 2024. Excludes datasets cited 5 times or fewer.

5.4.1 Datasets used in current news recommendation research

To assess which public datasets are used for news recommendation research, we queried
the Scopus search engine for papers with the term “news recommend*” in the title, ab-
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stract or keywords, that were published between January 2022 and December 2024. This
returned 383 results. We filtered out conference proceedings, papers that only mention
news recommendation as a potential field of application, that are behind a paywall, or not
written in English. This left us with 314 papers. Out of these 314 papers, 46 are written from
a social science perspective, whereas the vast majority (268) is technical. The majority of

technical papers (171) implemented and tested a news recommendation model.

Figure 5.1 provides an overview of the datasets used in these papers. It lists all datasets
that are cited more than 5 times, and groups the others into the ‘Other’ and ‘Proprietary’
categories. The ‘Other’ category (35 papers) mostly consists of datasets such as MovieLens,
which is a standard benchmark dataset for (non-news specific) recommendation tasks,
and task-specific datasets such as FakeNewsNet for fake news detection. In addition, the
‘Proprietary’ category (32 papers) covers datasets that are not shared with the academic
community. Such datasets are always used for online experiments that test recom-
mender systems on real users, but without publication of the data these studies are not
reproducible.

There are four news-specific public datasets that are frequently used to implement
and test news recommendation models: MIND [293](used 98 times), Adressa [95](used
31 times), EB-NeRD [144](published for the 2024 RecSys challenge, used 9 times), and
Globo[53] (used 6 times). All four datasets contain (the IDs of) the articles people clicked
during a certain time period on a news website: the fully algorithmic aggregator MSN
News for MIND, Norwegian Adresseavisen for Adressa, the Brazilian G1 news portal for
Globo, and Danish tabloid Ekstra Bladet for EB-NeRD. Table 5.1 provides an overview of the
data contained in each of the datasets.

MIND is the most prominent dataset, accounting for 57% of all papers published on
developing news recommendation models. The publication of MIND in 2020 was a sig-
nificant development for news recommender system research. While at first glance its
scale seems comparable to that of Adressa, the interactions in MIND take place in a much
shorter time period. This means that there are more interactions per published news arti-
cle. The articles in MIND are written in English, which increases result interpretability for
researchers. Most importantly, and contrary to Adressa and Globo, MIND also contains an
‘impression log’ with articles that users saw but did not click. In addition to this raw data,
Microsoft published a package of news recommender algorithms that could be trained on
the dataset through open source code. Microsoft also launched a competition, challenging
developers to create algorithms that would outperform their own. Performance was de-
termined by the recommender system’s ability to correctly rank a list of candidate items
based on the likelihood a user clicks on them.
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MIND Adressa Globo EB-NeRD
#interactions 15 million 23 million 3 million 37 million
#users 1 million 3 million 314.000 1 million
#articles 160.000 48.000 46.000 125.000

time period cov-
ered

Oct 12 - Nov 22,
2019

Jan 1 - Mar 31,
2017

Oct 1 - Oct 16,
2017

Apr 27 - June 8,
2023

language English Norwegian Portuguese Danish
organization type aggregator local news national news national tabloid
article metadata category, sub- title, category, category, time ftitle, subtitle,
Category, title, URL, word count, published, pub-  body, category,
abstract, URL, time published, lisher, word count, subcategory, time
named entities in  keywords, author, embeddings published, pre-
title, named en- entities mium or open, IDs
tities in abstract, of corresponding
embeddings images, article
type, topic, views,
reads, sentiment,
entities, embed-
dings
click metadata user ID, times- timestamp, ses- user |ID, article user ID, article
tamp, clicked arti- sion start/stop, ID, timestamp, ID, session ID,
cles, non-clicked read time, referrer  session, referrer articles viewed, ar-
articles ticles clicked, time
stamp, read time,
scroll percentage,
device type
user metadata history city, region, coun- region, country, os, history, subscrip-
try, os, device device tion, gender, post
code, age

Table 5.1: The context and data included in the four primary datasets used for training news recommender
systems. Most of the users on news websites are not logged in - unless IP address is considered it is difficult
to determine the number of unique users a dataset encompasses. The URLs to the full articles in MIND and
Adressa are expired (https://github.com/msnews/msnews.github.io/issues/22).

5.4.2 The constraints of current datasets from a diversity perspective

The datasets described above are important resources in news recommender system re-
search and development - it would be very challenging for researchers to develop (repro-
ducible) recommendation models without them. However, as we argue below, the charac-
teristics of these datasets (specifically the kind of metadata, content and audiences they
contain) pose significant limitations to the development of diversity-aware recommender
systems, and make it comparatively easier to develop recommender systems optimised
for engagement. Our analysis includes all datasets but focuses in more detail on MIND,
as our research indicates this is the most frequently used public dataset in news recom-

mender system research.
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Metadata

Most datasets contain only very limited information about the articles that have been rec-
ommended. None of the datasets contain readily available information on the styles and
formats of the articles, or the perspectives expressed in them. This makes it considerably
more difficult to use these datasets to develop recommender systems that incorporate
these aspects of diversity. As mentioned in the previous section, it is possible to obtain
information on for example the viewpoint expressed in an article by mining the relevant
content characteristics from the text of article. However, this process (already difficult in
itself) is complicated by the fact that, with the exception of EB-NeRD, the datasets do not
contain the full text of the articles. Because of licensing issues, Globo has not published
any additional information about their articles; content is only represented through an ID,
category code (e.g,614") and embeddings created based on all the texts. MIND and Adressa
only contain an URL, not the actual content of news articles. Before researchers begin the
difficult work of mining characteristics from articles’ content, they must therefore verify
whether they are legally allowed to scrape the content, build the tools to do so, and ascer-
tain which URLSs still function (which, in May 2025, is not the case in either of the datasets).

Adressa, EB-NeRD and MIND all do contain metadata on an article’s topic, category, and
title; Adressa also has information on the author of an article. This information could be
used to develop recommender systems that recommend diverse topics or categories of ar-
ticles to users. However, the generic nature of the metadata that is available on the articles’
topics challenges the development of such recommender systems. A recommender sys-
tem can only identify patterns in data that is available; as such, the granularity with which
article categories are chosen significantly influences the types of patterns that can be iden-
tified. For example, all political news in MIND is put under the umbrella category ‘politics’.
As such, arecommender system developed with MIND could not learn to balance news cov-
ering the Democratic versus the Republican Party, let alone non-American politics, unless

other metadata such as the title contains sufficient data to infer such specific information.

Content

The content in the datasets is another significant limitation on the datasets’ suitability
for the development of diversity-aware recommender systems. To train a recommender
system to recommend diverse topics or perspectives on matters of public interest
(whether to promote social cohesion, create expert citizens, or another objective of
diversity-aware news recommenders), the recommended articles must actually include
diverse content and perspectives. However, only 30% of the MIND's dataset consists of
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articles categorised as news, with the rest fitting into categories such as ‘lifestyle’, ‘sports’,
and ‘food’ [277]. Similar distributions can be found in EB-NeRD, where only 28.000 of the
125.000 articles belong to the ‘news’ category. Adressa contains roughly 60% news, but its
categories are mostly focused on the geographic area the article covers, rather than its
content (‘nyheter|nordtrondelag’). Furthermore, the subcategories MIND uses for news
indicate it is focused on the US context, with ‘newsus’ representing 47% of all news items,
‘newspolitics’ 17%, and ‘newsworld’ 8% [277].

This is potentially problematic; while the datasets contain large amounts of articles,
they contain relatively few news articles, which are likely to include the kinds of diverse
ideological perspectives and address the kinds of public interest issues that the diversity-
aware recommender systems proposed in normative literature take into account. This
issue is exacerbated by the popularity of MIND and its focus on US news, as a recom-
mender system trained to recommend diverse political perspectives and topics in the US
two-party system cannot be directly applied to countries with different political systems
and societal groups [234]. This would in turn challenge the ability of recommender
systems to facilitate the access of individuals outside the US to content that reflects the
diversity of political outlooks or societal groups in the society in which they live. This
issue can be partially addressed by use of the other datasets, which reflect the Brazilian,
Norwegian and Danish political systems. However, the popularity of MIND indicates this
solution has not yet been widely adopted.

Finally, it should be noted that EB-NeRD has some unique potential for the development
of style- and format-aware recommender systems. Unlike the other datasets it contains
additional information like content type (video, gallery, etc.), accompanying images, and
estimated sentiment score. It could therefore be used to research recommender systems
that respond to the format consumption preferences of different users (e.g., deep-dives
or simple explainers) and affective styles (e.g., deliberative discussion or humanisation of
political opponents). Conversely, the lack of such datain MIND, as well as the fact that MIND
only contains text articles, make it more difficult to use this dataset to take the style and

format of news into account when developing diversity-aware news recommenders.

Audience

There are distinct differences in the information each of the datasets includes about its
users. The only information available on MIND'’s users is when they accessed the system,
which items they have interacted with in the past, which items were presented to themin a
specific session, and on which itemsthey have clicked. This is commendable from a privacy

perspective. However, it makes it impossible to assess for which audiences recommender
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systems trained on MIND work, and for whom they do not. Different societal groups (e.g.,
age, ethnic, or socio-economic background) are likely to have different needs and prefer-
ences [272]. If a particular user’s or group’s consumption pattern falls outside the patterns
for which a recommender system is optimised, the recommender system will be less able
to determine what news they should be recommended. It is likely that MSN users are not
fully representative of the different audiences for whom recommender systems are devel-
oped, if only because of MIND's focus on English-language US news. However, as MIND
does not contain even aggregate data on the characteristics of its users, it is impossible to
know exactly in what ways and for which groups MIND’s audience is unrepresentative. The
other datasets do contain information on the geographic location a click happened: Globo
provides the region, Adressa the city, and EB-NeRD the postcode. This data makes it possi-
ble to assess how a recommender system performs for local communities in each country.
However, it is not possible to assess how a recommender system performs for different
socio-economic, disadvantaged, or minority groups. EB-NeRD is a partial exception to this,
as postcode could be combined with other data to infer (for example) socio-economic sta-
tus and the dataset sometimes contains information on users' gender (7%) and age group
(3%).

The limited number of days in each of the datasets poses another limitation. MIND and
EB-NeRD only contain interactions of a period of 6 weeks, versus two weeks for Globo and
three months for Adressa. Moreover, as users of news websites are often notlogged in (only
6.7% of interactions in EB-NeRD are from logged in users), it is difficult or impossible to
track changing behavior over time. For example, in MIND only 20% of visits in the dataset
are from users that have accessed the system five or more times, which can be explained
by the fact that user IDs reset after 24 hours. As such, little of the data that is necessary
to reliably observe long term changes in people’s reading behavior is available. This limits
research on diversity-aware recommender systems that aim to foster long term changes
inthe audience, for example to promote tolerance, create expert citizens, or stimulate self-

development.

Furthermore, all datasets encompass a time period where, electorally, nothing signifi-
cant happened. It is therefore still impossible to gauge how a model would behave during
democratically important moments such as elections. Most of the time, this is a deliber-
ate design choice. On the challenge website EB explicitly states that "[t/his timeframe was
selected to avoid major events, e.g., holidays or elections, that could trigger atypical behav-
ior at Ekstra Bladet.” However Einarsson, Helles & Lomborg, in a prior direct collaboration
project with Ekstra Bladet, noted that during the 2019 Danish election the use of news rec-
ommender system increased the amount of soft news readers consumed [70]. If diverse
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recommendation algorithms are to be researched and developed, they also (perhaps even
especially) need to be robust towards exceptional behavior patterns.

5.4.3 Implications for research

Taken together, the data included in the currently most-used datasets are most suitable to
develop recommender systems that prioritise news based on users' immediate, short term
content preferences. Much of the data needed to develop the kinds of diversity-aware rec-
ommender systems proposed in legal and journalism studies literature based on demo-
cratic principles is lacking from public datasets. In particular, the recommendation of di-
verse perspectives, formats, and styles is highly challenging with current datasets, as the
relevant content characteristics are either not included as metadata or lacking from the
recommended articles themselves. The development of recommender systems that aim
to foster long term changes (for example by promoting tolerance or deeply informing in-
dividuals about specific topics they select) or are robust enough to perform well during
different societally significant events (such as elections or wars) is similarly challenging,
due to the short time period covered by the datasets. To a lesser extent, optimising rec-
ommender systems to perform well for different societal groups is difficult with current
public datasets, as data on the individuals to whom news is recommended is often lacking
from the datasets.

The datasets’ suitability for creating recommender systems that optimise for engage-
ment is exacerbated by the competitions set out by the companies that have published
them. Competitions are a common way for companies to increase researchers’ use of
their dataset, and allow them to set out the specific performance indicator they would like
researchers to optimise for [163]. In the case of MIND, Microsoft set out a competition
tasking researchers to create a recommender system that ranks “articles according to
the personal interest of [the] user” [215]. The 2024 RecSys challenge, which focused on
news recommendation and relied on EB-NeRD, did aim to address “both the technical
and normative challenges inherent in the design of effective and responsible recommender
systems”. However, the main evaluation metric used to determine the winner of the
competition focused on engagement: the odds that a randomly chosen clicked article
is ranked higher than a randomly chosen non-clicked article (referred to in computer
science literature as the ‘area under the curve’ [292]). While participants were encouraged
to also include beyond-accuracy objectives in their challenge submission, participants
were not evaluated on these metrics, and challenge submissions exclusively maximised
accuracy. One of the challenge participants ([105]) noted that, through the design of
the challenge the potential to optimise on diversity was limited, and that therefore the
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challenge was “a missed opportunity to move beyond ‘leaderboard-chasing culture”.

5.5 Ensuring access to training data: the role of European law and

policy

5.5.1 The legal case for public support for public datasets

If one were to construct a dataset that is better able to enable the development of diverse
news recommender systems proposed in legal and journalism studies literature based
on democratic principles, it would include 1) a focus on news relevant to public debate,
2) granular metadata on the content characteristics (topic, viewpoint, format, and style)
that a diversity-aware recommender may need to take into account, 3) a large number of
frequently returning users over a longer period of time, and 4) with sufficient metadata
on these users and the societal groups they represent. Table 1 provides a more complete
overview of the data needed to develop diverse recommender systems, based on the anal-

ysis in sections 3 and 4.

Aspect of diversity | Data to be included

Topics News on the political topics about which citizens need to be informed in their demo-
cratic society; topics affecting other societal groups; topics (e.g., entertainment, fash-
ion, climate) with which individuals want to engage.

Perspectives The range of ideological and political perspectives in society; perspectives of societal
groups (e.g., ethnic, linguistic, or marginalised) groups.
Style Impartial and promoting active discourse; Positive and respectful about societal op-
ponents; critical about opponents while not framing them as enemies.
Format Video/audio/text to meet the consumption preferences of different news users;
deep dives and simple explainers depending on users’ pre-existing knowledge about
a topic.
Users Different groups (e.g., socio-economic groups, minorities, disabled persons, and dis-

advantaged and local communities) that need to be able to be informed in demo-
cratic society; data on user characteristics relevant to the above, such as the formats
they prefer to consume, political leaning, topics they have engaged with.

Table 5.2: Overview of data to be included in datasets to facilitate the development of diversity-aware recom-
mender systems proposed in legal and journalism studies literature

It is unlikely any single dataset will contain all of this data. As noted in section 3, differ-
ent data is required depending on the specific kind of diversity a recommender system is
expected to promote. More importantly, however, are the viewpoints and topics present in
the public debate, as well as the societal groups whose perspectives are recommended and
for whom recommender systems have to be optimised are different in each society and at
different times. While the publication of another dataset with the characteristics above
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would already be a significant improvement, it would only facilitate the development of
diversity-aware recommender systems that optimise their recommendations for the spe-

cific society and the specific time in which the dataset was created.

There is little incentive for any particular media organisation to invest in the creation
of a high quality dataset others could use to research diversity-aware recommender sys-
tems, much less the creation of multiple datasets that reflect the consumption patterns
of different societies at different times. Nor is facilitating the development of diversity-
aware recommender systems arguably the societal role of a commercial media or technol-
ogy organisation. However, states do have an interest in ensuring that the different media
organisations in their society can provide diverse perspectives. Under European funda-
mental rights law, this is moreover a legal obligation. Article 10 of the European Conven-
tion on Human Rights has long imposed a positive obligation on states to be the “ultimate
guarantor” of diversity, meaning states must not only refrain from censorship, but also
actively ensure that media organisations can provide (and the public can receive) diverse
perspectives representing different societal groups [168, 181, 245].

States have traditionally fulfilled this obligation by ensuring the existence of different
media organisations through subsidies or media concentration laws, or by creating public
service media organisations. However, as scholars have argued extensively over the past
decade, individuals’ access to diverse information not only relies on the existence of dif-
ferent media organisations, but also on the design of technologies such as recommender
systems that determine to what information individuals are exposed [26,46,109]. Sofar, le-
gal researchers and policymakers have primarily addressed the media’s use of technology
by emphasising the media’s responsibility to use technologies in line with editorial values,
as well as the limits freedom of expression imposes on any regulation of the media’s use
of technology [48, 113, 201, 275]. However, both to ensure media organisations can actually
live up to these responsibilities and to fulfill their own obligation to guarantee diversity
in the media system, it is also important to consider how states can create the conditions
media organisations need to use technologies like recommender systems responsibly. In
particular, as we have argued in this article, the existence of a high quality dataset is an
important condition for organisations to ultimately be able to recommend diverse news

to their audiences.

Law and policy that supports the creation of public datasets also serves another pur-
pose, namely to safeguard the media’s independence from large technology companies.
A large strand of journalism studies research has assessed how media organisations rely
on large technology companies for technologies used to gather, produce, and distribute
news, including news recommender systems [52, 77, 142, 207, 236], as well as the comput-
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ing power, research, and indeed training data needed to develop new technologies [235-
237]. This reliance challenges media organisations’ ability to independently determine
how the technologies they use inside newsrooms serve editorial values. Instead, they in-
creasingly adopt the logics of the large technology companies on which they rely [52, 164,
207,235, 269]. As our research shows, over half the research into the development of new
news recommender systems since 2022 relies on a dataset published by Microsoft (MIND),
and the datasets currently available are primarily suitable for developing recommender
systems that optimise for engagement. As such, public support for the creation of datasets
that facilitate the creation of recommender systems that promote different conceptualisa-
tions of diversity would lessen MIND's influence on the way media organisations can rec-

ommend news to their audiences.

5.5.2 Access to public datasets through European data access law and policy

EU law has significantly expanded its data access obligations in recent years. However,
none of the new obligations ensure access to data that could be used to develop diversity-
aware recommender systems. The Data Governance Act requires public sector bodies to
facilitate the re-use of data, but article 3(2) exempts public service broadcasters and cul-
tural institutions from this obligation. The Data Act’s data access obligations are limited to
the Internet of Things (Chapter II) or public authorities (Chapter V). Finally, article 40 of the
Digital Services Act does grant researchers access to data necessary to assess the effects
of large platforms’ recommender systems on diversity. However, this data access right is
limited to the data that is necessary to understand platforms’ impact and risk mitigation
measures. While it could be used to evaluate the diversity of the datasets used to train plat-
forms' recommender systems along the criterialaid out on page 103, it therefore likely does
not provide researchers with the data necessary to develop alternative techniques and ap-
proaches towards building new recommender systems.

EU law and policy is also beginning to facilitate voluntary data sharing. Data spaces,
which allow organisations to share data in accordance with common standards, play a par-
ticularly importantrole in the EU’s push to strengthen digital media and the European tech-
nology industry more broadly [40, 41]. The Commission has in 2022 set out a €8.000.000
grant for the development of a ‘media data space’ that would provide organisations with
content, metadata, and audience data to develop “data services matching European values,
in particular ethics, equality and diversity”, according to [42]. A pilot project and the Eu-
ropean Broadcasting Union (an organisation representing Europe’s public service media)
both foresee that this media data space could provide access to data necessary to develop
recommender systems [43, 67, 68].
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In large part, however, the focus on data spaces in European (media) data policy aims
to address a different issue than the one posed by the lack of data needed to develop
diversity-aware recommender systems. Data spaces are useful to increase access to data
currently held by separate organisations. The same is true of other mechanisms in the
Data and Data Governance Act facilitating data sharing, such as data intermediaries or
data altruism. However, the differences in audience behaviour caused by (for example)
different recommender systems’ user interfaces, algorithms, and goals, make it highly
challenging to identify meaningful patterns between recommendations and user be-
haviour in such an aggregated dataset. Data spaces may therefore be most suitable as an
overarching framework through which datasets for recommender system development
can be made available. For example, they can make it easier to test recommender systems
on multiple datasets by setting common standards on data structure, and provide means
for other actors to enrich datasets by adding metadata concerning, for example, viewpoint
diversity [43, 67, 170]. They can also expand access to the data necessary to understand
audience preferences and behaviours on a more general level [68]. However, all this
would not address the core issue identified in this article, namely the lack of a dataset (or
datasets) with which different types of recommender systems promoting different kinds

of diversity can be developed.

Though EU law does not currently ensure access to such a dataset, it also does not pre-
empt either governmental or media initiatives to create it. In particular, public service me-
dia organisations are arguably well positioned to do so. Public service media organisations
already have access to a diverse library of content that can be recommended, and several
already operate recommender systems that can be used to generate datasets. Moreover,
in contrast to Microsoft and the commercial media organisations that have so published
the datasets used in this article, public service media organisations have a specific societal
role and sometimes even legal obligation to promote citizens’ ability to access diverse in-
formation [61, 275]. Public service media organisations have traditionally fulfilled this role
by providing diverse content themselves. Increasingly, they have also experimented with
using recommender systems to better serve their own audiences, and in this process been
forced to navigate the difficulties of incorporating diversity in their recommender systems
[118,254].

However, what remains lacking, and what public service media organisations could be-
gin to provide, is support for the more foundational research that enables media organi-
sations throughout the media system to automate editorial decision-making in line with
their editorial values. European law can only play a limited role in facilitating such support;

the regulation of public service media remains primarily a national competence. How-
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ever, organisations such as the European Broadcasting Union do already operate projects
that aim to facilitate cooperation between public service media developing diverse recom-
mender systems [92,118]. Such approaches could be expanded to also generate publicly ac-
cessible datasets needed for researchers to create new kinds of diverse recommender sys-
tems. Alternatively, individual public service media organisations could publish datasets
on their own initiative. In both cases, the data outlined in Table 2 may serve as a useful
starting point for public service media organisations looking to publish the data needed to

enable the creation of a wide variety of diversity-aware news recommender systems [251].

5.6 Conclusion

Inthis paperwe have analysed how thelack of suitable public datasets constrains the devel-
opment of diversity-aware recommender systems. We have analysed what data is needed
to develop the kinds of diversity-aware recommender systems proposed in legal and jour-
nalism studies literature, and to what extent this data is available in the currently most
used public datasets. We have argued current datasets are primarily useful to optimise for
short-term engagement, and to a much lesser extent for the recommendation of diverse
topics. The development of diverse recommender systems that take the formats, styles,
and viewpoints of articles or the characteristics of different audiences into account is par-
ticularly limited by current datasets. Furthermore, we argued why European law should
address this limitation, how existing data access measures fail to do so, and how public
service media playing a more active role in technological development could provide a way
forward.

In the short term, our analysis indicates there is potential to better use the currently
available datasets to develop diversity-aware recommender systems. The majority of re-
search in the past 3 years has relied on MIND; complementing the use of this dataset with
EB-NeRD, Adressa, and Globo would allow research to optimise the performance of rec-
ommender systems not only for audiences that resemble 2019 US MSN news users, but
also audiences from (specific regions in) Brazil, Denmark, and Norway. In addition, due
to its inclusion of article text and wider variety of content, EB-NeRD partially allows for
the development of diversity aware recommender systems that take the formats, styles,
and viewpoints of articles into account by inferring the relevant characteristics from the
text. However, the lack of metadata on (for example) the viewpoints represented in the
articles still makes this challenging. Moreover, the limited spectrum of news content, for-
mats, and timeframes in all datasets continue to limit the development of diversity aware

recommender systems.
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In the long term legal and technical research should therefore also expand its focus
from assessing how the media should use technologies such as recommender systems re-
sponsibly, to analysing the conditions that need to be in place for researchers to develop
and media organisations to deploy technologies that align with editorial values. At present,
the public datasets used to develop diversity-aware news recommender systems are sup-
plied by commercial technology companies (Microsoft) or commercial media companies
(Adresseavisen, Ekstra Bladet, and G1). Providing the datasets needed to develop the kinds
of diversity-aware recommender systems proposed in normative theory is not these com-
panies’ societal role, nor do they (given their financial goals) have a strong incentive to do
so. Instead, to enable media organisations to enact the responsible use they call for, as well
as to live up to their own obligation under European fundamental rights law to safeguard a
diverse media system, states should take a more active role in providing the data needed to
develop diversity-aware news recommender systems. Collaboration between researchers
and public service media organisations has an important role to play here, as these organi-
sations have the diverse content and domain knowledge needed to generate the necessary

data, as well as the societal role to promote access to diverse news.
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Abstract

HIS STUDY explores the co-design process of evaluation metrics for a personal-

ized news recommender system at Ekstra Bladet, a Danish national news organi-

zation. The research addresses the gap between journalistic values as held by the
newsroom and the technical performance metrics that technical teams are familiar with
by involving various stakeholders from the news organization in a co-designing process.
Through a series of workshops, participants from technical, editorial, business and strat-
egy backgrounds collaboratively defined recommender system objectives, identified risks
and opportunities, and designed concrete evaluation metrics that should not only be in-
terpretable to the technical team, but also to the newsroom. These metrics were then im-
plemented and tested on Ekstra Bladet's public dataset, EB-NeRD. The study highlights the
challenges of operationalizing abstract concepts underpinning journalistic and editorial
values and emphasizes the importance of iterative refinement and stakeholder collabora-
tion in developing a recommender system that aligns with the organization’s journalistic
mission. The findings suggest that while technical solutions can be developed, ongoing di-
alogue and appropriate internal workflows are necessary to ensure the system both meets
editorial standards and is technically feasible.
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6.1 Introduction

The development of artificial intelligence technologies has had a large impact on jour-
nalism. Algorithms of varying levels of sophistication are increasingly supporting, and
sometimes even replacing, key tasks surrounding the gathering, evaluation, composi-
tion, presentation, and distribution of news [44, 261]. Personalized news recommender
systems specifically are expected to increasingly influence the news people see online
by predicting what readers would like to read next. According to the 2024 ‘Journalism,
Media, and Technology Trends and Predictions' report, 37% of media organizations
thought that recommendation would become “very important” to their organization in
the upcoming year [192]. However, while news recommender systems are, in essence,
taking over the role of human editors, who carefully balance the interests of among others
readers, journalists and the business department, it remains unclear how to make news
recommendation algorithms uphold those same values [21]. Seaver [231] describes how
most state-of-the-art recommender systems are merely ‘traps’ drawing people in, with
the sole purpose of making users return to the system and clicking more. And while
value-sensitive design of news recommender systems incorporating journalistic values
has been garnering increased attention in recent years (see for example [107, 111, 177]), it

remains relatively small and ad-hoc [12].

To achieve an ‘editorially aligned’ news recommender system, one needs to translate
editorial principles into technical artifacts. This is, perhaps unsurprisingly, easier said
than done. Mgller and Thylstrup [186] note that news values are typically seen as part of a
‘gut feeling’, meaning that “journalists and editors find it difficult to explain why some sto-
ries are deemed important, while others are not”. Technologists, on the other hand, need
very clear instructions and definitions. To them, the journalistic gut feeling is a problem,
alsoreferred to as the journalist-technologist gap” different domains of expertise are talk-
ing about the same problem in different language [251]. Schjgtt Hansen and Hartley [229]
found that “[tech teams] found it difficult to know how and when to include the journal-
ists”, and, as a result, journalists were only included in the design of the algorithms as “out-
siders looking in”; similarly, Mgller [189] notes “a lack of a sustained collaboration between
journalists and data scientists”. The conceptual unclarity, the lack of a shared vocabulary
and understanding between the groups, and the fact that the involvement of journalists
and editors in algorithmic design often slows down development, may cause the editorial
perspective to be excluded or only included sporadically [228]. As a result, when recom-
mender systems fail to reflect editorial norms and values, many news editors respond with
hesitation and may actively resist their deployment in production [84, 94, 205, 297].
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For news recommender system to reach their full potential, their design must therefore
shift from being driven exclusively by technical teams to a process of co-design that reflects
how different actors with different roles renegotiate and operationalize norms such as rel-
evance and editorial importance [117, 189, 199]. Following from this, it is impossible to de-
velop one ‘gold standard’ news recommender system that serves all media organizations’
editorial goals and all audience’s needs [111, 279]. The purpose of this study is to explore
what the process of operationalizing the norms and values underpinning a news recom-
mender system could look like in the context of one specific news organization. We study
how different stakeholder groups can formalize together what a news recommender sys-
tem needs to accomplish, which journalistic values it needs to embody, and how those can
be measured in a technical system. To this end, we conducted a case study with the Danish
national news organization Ekstra Bladet, where we encouraged participants to co-design
evaluation metrics for their news recommender systems. Through the design of these met-
rics, our aim is to translate high-level and abstract concepts as they are understood by the
newsroom into concrete code that could be implemented by the technical team.

We describe previous research into the co-design of recommender systems in Section
6.2, and justify why Ekstra Bladet is a suitable candidate for a case study in Section 6.3.
Next, we describe the overall structure of the co-design process in Section 6.4. Section 6.5
describes the process and results of our case study with Ekstra Bladet, including defining
the goals and values embedded in the news recommender system, the process of turning
those goals and values into concrete evaluation metrics, the prototype implementation of
the metrics using Ekstra Bladet’s own (public) dataset, and the feedback the participants
had on that prototype. We end with a critical analysis of the outcomes in Section 6.6.

6.2 Background

To formulate the steps our co-design process follows we will first provide an overview of
the development of a typical news recommender system, including how this status quo
fails with regards to incorporating journalistic values. Next, we discuss existing literature
on co-designing recommender systems, to what extent those methods also apply in our

use case, and what this study adds to the existing body of work.

6.2.1 Building and evaluating news recommender systems

The evaluation of news recommender systems has received a considerable amount of at-
tention, but has been found to be very performance-focused. A typical technical recom-
mender systems paper will take a static, historic dataset, comprising of articles and clicks
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(for example Microsoft News in 2019 [293]) and try to predict the clicks that happened in
that dataset as accurately as possible. This practice has been extensively criticized, though
Said et al. [225] note that in the 15 years since the issue has been first raised, the field’s sta-
tus quo has hardly changed. For one, correctly predicting a click on news data from 2019
says very little about a system’s ability to successfully predict a click today [80, 225]. Fur-
thermore, there are fundamental issues in the use of a click as an indication of a successful
recommendation. Areader may be tempted to click an article with an exaggerated title, but
feel disappointed or cheated afterwards. A click-focused recommender system would still
interpret this interaction as a success, and not account for the long-term consequences
of a reader deciding to leave the system altogether [1, 285]. The newsroom, and by exten-
sion also news recommenders, thus needs to find a balance between short-term user en-
gagement, driving clicks and revenue, and long-term ‘valuable journalism'’ [45, 88]. Defin-
ing this balance from a journalistic perspective has received considerably less attention
in the design of news recommender systems, and the research that exists is fragmented.
Bauer et al. [12] identified more than 40 different ‘values’ present in news recommender
systems research. They noted that diversity was studied comparatively much, and ques-
tioned whether that was because it was a relatively ‘easy’ thing to measure. However, when
Vrijenhoek et al. [281] investigated the way public service media employees conceptualized
diversity for their recommender systems, they also identified 35 different dimensions of
the term, many of which overlap with the other valueslisted by Bauer et al. [12]. Thisisanin-
herent challenge to socio-technical systems; the abstract criteria underpinning them are
very difficult to model, and doing so is inextricably linked to the perspective of the person
doing the modeling [149, 232]. Rather than striving for standardization, Vrijenhoek et al.
[281] argue that values such as diversity should be conceptualized on a case-by-case basis,
allowing for news recommender systems that are capable of expressing the nuances and

requirements of that particular context.

6.2.2 Co-design as an alternative design methodology for recommender systems

According to Ekstrand et al. [73], recommender systems are usually designed and imple-
mented by engineers, researchers and designers, who will maximize financial gains with-
out accounting for the needs of the users of the system. Instead, Ekstrand et al. [73] argue
for participatory recommendation, “where designers co-design the system with the peo-
pleitwill affect”, and state that “the field so far has few examples of how to implement this
inpractice”. While not explicitly addressed in Ekstrand et al. [73], thisline of reasoning does
not only concern end users of the system but also applies to professional users whose work
is shaped by the operation and presence of recommender systems, such as the newsroom
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of a media organization.

Yet, while Ekstrand et al. [73] outline where in the co-design process stakeholders
should be involved, they do not make it explicit how to do so in a meaningful way. Ac-
cording to Avila-Garzon and Bacca-Acosta [7], who studied thirty years of research in and
on co-design, there is no clear methodology or even terminology to follow; terms like
‘co-design’ and ‘co-creation’ are often used interchangeably, or used as part of the broader
‘participatory design’ framework. Furthermore, Avila-Garzon and Bacca-Acosta [7] note

that “each team establishes their own methodology based on their needs”.

More structure can be found in the literature on ‘Design Thinking’, which outlines a
cyclical process with five phases towards designing solutions: Empathize, Define, Ideate,
Prototype and Test [65]. Co-design factors into this structure by going through the steps to-
gether with the people you are designing for [249]. In the ‘Empathize’ phase, experiences
between participants are shared to create an understanding of each others’ background.
In ‘Define’ the exact problem that needs to be solved is specified, followed by the design of
potential solutions in ‘Ideate’. The solutions are implemented in the ‘Prototype’ phase, af-
ter which the participants once again give their feedback in ‘Test’. The feedback acquired
in this phase can be used as input to start a next design cycle, which starts again with ‘Em-

pathize’.

In news recommendation, there are a few examples of co-design approaches. Van den
Bogaert et al. [268] conducted sessions with readers to identify their primary reading
needs, which led to the construction of ‘reading personas’. Storms et al. [250] worked with
readers to design interface elements that would allow them to understand why a partic-
ular recommendation was made to them. Both studies focused on news readers, rather
than the different teams within the newsroom, and led to qualitative prototypes, but no
technical solutions. Einarsson and Ormen [69] built prototypes for news recommender
systems dashboards, but did so based on literature, not in direct collaboration with news
organizations. A true multi-stakeholder approach is found in Van Es and Nguyen [270],
who studied the design of a news recommender system ex-post at the Dutch media
organization DPG Media. Van Es and Nguyen [270] organized two workshop sessions with
participants from the newsroom and the tech team separately. During the sessions they
analyzed how the groups perceived the role and value of news recommender systems
differently, and where tensions between them arose. While the participants of the study
thought that news recommendation could be used to give readers a more balanced
overview of the news, they also found that “technological and market influences confine
journalistic values in the design of recommender systems”; not because developers
don't want the system to uphold journalistic values, but because “internal organizational
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pressures promote conformity to business logic”. As a potential way forward, they suggest
more structural cross-collaboration between teams. This study extends on the findings
by Van Es and Nguyen [270] by investigating what such cross-collaboration could look
like, through a) involving different stakeholder groups from the earliest design phase and
b) encouraging participants to design concrete evaluation metrics that can be translated

into technical implementations.

6.3 Setting the scene: News Recommender Systems at Ekstra Bladet

Ekstra Bladet is a Danish tabloid news organization part of the JP/Politiken group. Accord-
ing to the 2025 Reuters Report, it reaches almost 30% of the Danish population online on
a weekly basis [195]. Despite its popularity there is a relatively low trust in the brand; only
36% of those surveyed said they trusted the outlet, compared to the 85% for public ser-
vice media outlet DR News. Ekstra Bladet began experimenting with Al and news recom-
mender systems in late 2019, with the goal of offering readers a “wider, deeper and richer
news experience” [96]. Early on, they also saw the need to align these systems with their ed-
itorial values, and launched the Platform Intelligence in News (PIN) project, a collaboration
with three Danish universities. The project has won multiple innovation awards.

Initial experimentation with recommender systems showed promise. Kruse et al. [143]
found that personalization increased click-through rates by 80%. However, they also
found that two recommender systems with comparable performance scores could show
completely different recommendation patterns, and significantly reshaped the distribu-
tion of article categories presented to users. This was studied further by Einarsson et al.
[70] who, in collaboration with Ekstra Bladet, investigated the effects of a production rec-
ommender system during the 2022 Danish election. This study compared users exposed
to algorithmically curated content with those presented only with an editorially selected
front page, assessing variation in exposure to hard versus soft news, political topics,
and political actors. They found that users receiving personalized recommendations
consumed more soft news than those with the editorial selection, and to a lesser extent
that they saw more content reporting on right-wing parties. While Einarsson et al. [70]
described the effect as “significant but small’, and noted the difficulty in attributing the dif-
ferences in behavior directly to the news recommender systems’ logic, the study showed
that, when left unchecked, there may be significant divergences between algorithmic and
editorial curation.

In 2024 Ekstra Bladet hosted the RecSys Challenge, a yearly competition part of the ACM
Conference on Recommender Systems where participants are challenged to build the best
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recommender systems for a particular use case. As part of the challenge they published
the Ekstra Bladet News Recommendation Dataset (EB-NeRD)*. The top challenge submis-
sions all had comparably high predictive accuracy scores, but the challenge organizers
noted that they, too, had very different recommendation patterns: for example, in one
participants’ submission 42% of the recommended articles were from the news category,
while for another this was only 4%. The organizers noted that these effects should be stud-
ied in more detail [145].

There are multiple reasons to conduct this co-design study with Ekstra Bladet. As far
as news personalization goes, they are among if not the most advanced actor among Euro-
pean media organizations. Furthermore, through prior collaborations such as those with
Mgller and Thylstrup [186] and Einarsson et al. [70] they have built a good track record of
freely allowing academics to study their organization. The experiences at Ekstra Bladet of-
fer important insights into the practical challenges of designing a news recommender sys-

tem, exactly because of their unique blend of both editorial and business considerations.

6.4 Designing the workshops

The co-design workshop series consisted of four two-hour sessions, with the first three
sessions taking place two weeks apart and the fourth a few months later. This setup was
chosen to be able to work with the participants for an extended amount of time without
overburdening their agendas. By having the sessions two weeks apart, the insights from
previous weeks would still be relatively fresh in memory. Each session built on the output

produced in the previous session.

6.4.1 Recruiting participants

Participants were recruited through our primary contact at Ekstra Bladet. Our goal was
to get a good representation of different disciplines involved, grouped into Technical, Edi-
torial, Business and Strategy [241]. Given the difficulty of planning longer sessions with a
large group of people, we prioritized the availability of Technical and Editorial participants
who had the most stakes in the development of the recommender system. Business and
Strategy participants were only required for the first session, but were free tojoin the three
later sessions as well. The participation breakdown per stakeholder group can be found in
Table 6.1.

As Ekstra Bladet is part of the media group JP/Politiken, the technical team also devel-

ops solutions for news outlets Jyllands Posten and Politiken. However, we explicitly chose

Ihttps://recsys.eb.dk/
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Editorial | Technical | Business | Strategy | Total

Session 1 3 2 3 2 10
Session 2 1 4 1 1

Session 3 3 4 1 1 9
Session 4 2 4 0 2 8

Table 6.1: Participation of the different stakeholder groups during the workshop sessions

to focus on Ekstra Bladet only, in order to increase understanding between participants.
Involvement of the other organizations, which both have different journalistic missions,
would have undoubtedly yielded different outcomes.

6.4.2 Workshop design

The workshops followed the Design Thinking structure explained in Section 6.2, where
one workshop session roughly corresponded to one phase in the design thinking process.
Throughout the sessions, we did ‘sensitizing activities’ [3] with the participants, which
serve to prime participants towards the existence of algorithms and the norms and values
that underpin them without the moderator steering the outcome. Participants were asked
about existing processes and values within the organization, and to relate those to news
recommender systems. In the first session, we asked the participants to think about the
different goals of their recommender systems, potential risks and opportunities, and the
different stakeholders that should be accounted for in recommendation (‘Empathize’).
During the second session, we asked them to think concretely about what specific ob-
jectives recommender systems could achieve (‘Define’). Based on these, the participants
thought about what should be measured in the recommendations to establish that a par-
ticular goal had or had not been achieved, which were formalized into metrics during the
third session (Ideate’). These metrics were implemented by the research team between
the third and fourth sessions using EB-NeRD, Ekstra Bladet’s public dataset (‘Prototype’).
Lastly, the participants provided their input on the constructed evaluation metrics in the
fourth session (‘Test’), based on which they could decide what steps need to be taken in
the future.

In the first two sessions, structured input was gathered through an interactive presen-
tation tool. As such, most quotes from these sessions cannot be attributed to specific in-
dividuals. However, we observed during the sessions that participants were not always
inclined to write down their thoughts, and that most interesting observations were made
during group discussions. As such, to facilitate a more in-depth examination of the discus-
sions and proceedings, we recorded the third and fourth workshop sessions and analyzed
them using inductive thematic analysis. To preserve anonymity, participants are referred
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to only by numbers.

6.5 Conducting the workshops

The following sections describe the process and results of conducting the workshop.

6.5.1 Empathize

Most news organizations operate in ‘knowledge silos’ [60], where different departments do
not talk much to each other. The main purpose of the Empathize session was for the stake-
holder groups to become acquainted with the others’' professional goals and expertise. As
part of the ‘sensitizing activities' [3], the participants discussed the journalistic mission of
the organization as a whole, and how personalized news recommender systems can(not)
contribute to that mission [278]: what opportunities for the organization arise with a well-

developed recommender system, and what risks come with a badly developed one.

Mission

Like most news organizations, it is Ekstra Bladet’s journalistic mission to “inform and en-
tertain”. Given that EB is a tabloid news outlet, however, the emphasis is likely to be more
on the entertainment aspect than it is for EB’s sister organizations Politiken and Jyllands-
Posten. Besides this, they “challenge authority”, “control those in power”, and “give a voice to
the little guy”. As one participant put it, “we are fast, understandable, critical and sometimes
annoying”. Ekstra Bladet is not for nuanced and detailed reporting; “they need to hear it

from us first, and if they want more, they should go to [other news outlet].”

Opportunities and risks

As aresult of being fast, Ekstra Bladet publishes a lot of content: “Even our most frequent
readers cannot read everything”. Human editors decide which articles get priority on the
front page. Recommender systems can tie into this by connecting readers to articles they
have missed, either because they are important to everyone, or because they are specifi-
cally relevant to them as individuals. Doing so right is expected to have multiple positive
downstream effects; a personalized newsflow can help reach new audiences, as everyone
can find something for them on the website; it can increase the time users spend on the
platform, and increase revenue through ad sales; and it can help stories find their intended
audiences. On the flip side, recommendations, which are “outside of editorial control”, may
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lead to a news experience that is “not reflective of the EB brand” or “not aligned with strate-
gic decisions”, as prioritizing only content that people engaged with in the past may “lead
to an increase of soft news consumed”, and eventually to “bias and echo chambers”. During
the discussion, one participant noted that "[W]e don't mind being biased as long as it’s [the
newsroom] who decides what way we're biased. We just want to make sure that the recom-
menders are aligned with what the editorial’s decision would be.” (P5)* Another participant
questioned whether any recommender system could ever measure up to the quality of the
selections made by the human editor, while others noted the cost, resources and mainte-

nance involved in building a recommender system.

6.5.2 Define

The goal of the Define phase is to narrow down which problems the participants are go-
ing to solve. The participants were asked to define recommender system objectives: high-
level goals specifying what the recommender is trying to accomplish, which can later be
used to inform what the recommender system should be evaluated on. The participants
then voted on which objective they found most important. Each objective consisted of five
elements: what the recommender is doing, why it is doing this, where in the news envi-
ronment it can be found, and who interacts with it when. By taking this approach, we en-
couraged participants to not think of a recommender system as a monolith, but rather as
a collection of algorithms that can be evaluated separately.

Recommender objectives

The objectives participants defined could be found on different parts of the platform. For
the front page, they designed an ‘Aktualitets bundle’, showcasing articles covering a good
mix of currently important topics. As an extension of this they designed a recommender
for low-frequent readers, showing the articles that had been featured prominently on the
front page, but that had since then been replaced by other articles. Another objective was
to provide content to users in the form they wanted, as there was a general intuition that
younger audiences preferred audiovisual content while older audiences preferred text.
The next click' recommender, located either below an article or further down the front
page, should purely maximize the number of articles seen by a reader, and tie into their
specific interests and preferences. Then, there were specific recommender objectives for
content that would be relevant for a very specific group of users, but that others prefer
not to see. Examples of these are local news stories, crime, and the so-called ‘page 9 girl’,

2This statement was made in the context of prioritizing one type of content over another, and was not imply-
ing that it would be permissible to algorithmically discriminate against a protected group.
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a glamour shot of a woman in lingerie, which is somewhat hidden on the platform but still
attracts a group of loyal viewers.

Since EB wants there to be ‘something for everyone’, it is more likely that there are
pieces of content that are generally off-putting to other parts of the audience, such as the
‘page 9 girl. There is a higher allowance for entertainment content, and a stronger focus
on the commercial aspects of the organization - however, when completely left to predict
clicks from historical behavior, it would also be more likely to lose touch with the news’
part of tabloid news, as is also noted by the workshop participants. As such, much of the
discussion focused on making recommendations that struck the right balance between

serious news and catering to a users’ interests.

6.5.3 Ideate

The goal of the ‘Ideate’ phase is to move from the high-level problem statements con-
structed in the ‘Define’ phase towards designing potential solutions. According to Nishal
and Diakopoulos [199] the field of personalized news recommendation is “in the need for
robust oversight mechanisms that allow journalists to control and verify algorithmic out-
puts”. Differently put, the newsroom needs to be able to understand what a recommender
system does, for example through a dashboard displaying recommender evaluation met-
rics [69], and be able to take action based on its performance. As such, we structured the
‘Ideate’ phase around the construction of evaluation metrics that would help participants
to determine whether the objectives specified in the ‘Define’ phase were achieved or not.

To increase understanding of what a metric is and how it can be operationalized, the
participants were introduced to standard recommender systems evaluation metrics as
well as divergence-based diversity metrics [279], which use an external target distribu-
tions to calculate the quality of the recommendation. These could be used to measure a
range of different aspects, related to the articles, authors, external world or even the read-
ers themselves [281]. For each metric, the participants answered three questions: what
do you intend to measure, in what context do you care about the measurement, and what
value do you expect. The participants designed four different metrics: topic distribution,
niche interests, newsworthiness and surprise, and based on the following discussion we add
valuable content and active and expired stories.

Topic distribution aims to ensure that each recommendation is, as a list, sufficiently
diverse. One participant noted that it is not a problem if on the front page considered as a
whole a user sees more of one topic, such as soccer, but that each ‘bundle’ of recommenda-
tions should contain a good mix of the Ekstra Bladet brand. “You should never have a page
view where you only see sports, or you only see one sort of thing [...]. You just need to physically
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beindifferent places on the site”(P11). This was considered more important than optimizing
clicks, since it might lose readers in the long term; “They would end up with [person] having
only [relationship] stuff and others having only politics stuff. [...] Then for [person] [it would]
feel like Ekstra Bladet wasn't that... having a large mix, even if it could be that [person] might

have more page views” (P10).

Nicheinterests intends to reflect whether users can find the content that matches their
specific interests; and vice versa, whether stories that are written for a very specific audi-
ence can find that audience. “If you know that a reader is interested in a certain niche, then
they might not be exposed to what is there, because it disappears from the main page quickly
because it doesn't have a broad interest but to the one user. [...] I know that I have readers, but
it's hard for me always to get in contact with them”(P6). Conversely, to the participants it also
meant not showing content that would drive users away. Like in the ‘relationship’ example
above, some content may be appealing to a particular audience, but off-putting to another.
“‘[Wle should not recommend content that makes people leave, right, such as pushing enter-
tainment content to a sports interested, or stuff about crime to someone not wanting crime.”
(P5)

However, the participants also note the need to go beyond the users’ interest, to chal-
lenge them, but also to help them discover new interests. They call this surprise, linked
closely to the concept of serendipity, which expresses whether the user receives content
they did not expect, but are positively surprised by anyway. Like diversity, serendipity is
hard to define and the topic of much prior research [19, 240]. Participants used topics the
user has not seen before as a proxy: “you also want to surprise the reader, right? That's sort
of a different, different concern. [...] [T]here should both be sort of a low fit with the reader his-
tory, [...] but at the same time there should also be some sort of signal that the reader would

actually be interested in the story” (P5).

Newsworthiness is thelast metric explicitly designed by the participants, and expresses
the journalistic quality of the items in a recommendation. This value should be high on
the top of the homepage, but is permitted to go lower the further down a user scrolls. “We
talked about having some sort of metric for newsworthiness. So like this hard news, soft news,
because even if it clicks very well, we don't want the soft news in the top. Even ifthe dog is really
cute.”(P11) Related is the preference for valuable content (“it was a commercial aspect here,
saying content that we make more money from.”(P5)) and articles produced by Ekstra Bladet
itself, rather than those purchased from a central news agency. “If  were to choose,  would
have an algorithm push content that has been created by us. And I, I wouldn't mind making
[news agency] into zero and then [...] the only [news agency] would be the one we pushed as
breaking news. Because people will have seen them in another place. And I think we need to
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feature feature type context rank-aware desired value
topic distribution | topic multicategorical | all articles published | only recommendation low divergence
surprise topic multicategorical | reading history recommendation and history | high divergence
niche interests popularity int none recommendation more niche content (low popularity) is better
news content hard or soft news | categorical none not applicable high share of hard news at top of page
premium content | premium label boolean not applicable recommendation included but not too much
age publication date | date none not applicable lower difference between r ion and publication date is better
page9 article type categorical none not applicable only recommend page9 content to those that have read page9 in the past

Table 6.2: Overview of the metrics designed by workshop participants

have our own DNA.”(P6) “And it's boring” (P3).

Another lively discussion, which was not necessarily translated into a metric, is the no-
tion of active and expired stories. During high-profile events it is possible that a lot of con-
secutive, shortarticles are published on that specific topic. A daylater most of those stories
will be superseded by either new events or a summary article. This distinction is natural
for a human editor that is aware of current events, but not for an algorithmic system, and
participants noted that in the past the recommender systems had recommended old or ex-
pired articles. However, rather than translating this into a metric, participants felt that this
should be controlled by limiting what goes into a recommender system. “We might publish
10, 20 stories on the same topic. That makes a lot of sense within those 4, 5, 8, 12 hours that
that's going on. And then, the following day then, suddenly 1 little corner of it might not be as
relevant as some of the others” (P6).

When discussing political representation, one participant noted “It's not ourjob, either,
to sort of make that public service, oh we have to have an equal amount of time for each party”
(P6). This ties into the anti-authority and watch-dog mission of the organization® As such,
the participants did not place a lot of importance on equal political representation, con-
trary to what was studied in Einarsson et al. [70].

6.5.4 Prototype

After the workshop series ended, the research team took the participants’ input and pro-
totyped the evaluation metrics using Ekstra Bladet’s public dataset EB-NeRD and a set of
already-existing recommendation algorithms developed by other researchers.* The fol-
lowing sections explain how this translation from metrics to code was done. All formaliza-
tions are done with data that is currently available in the EB-NeRD dataset®, with no further

data processing necessary. The metric designs made by the workshop participants were

3Ekstra Bladet describes its core values as ‘anti-authority’, ‘insistent’, ‘humorous, ‘unimpressed’, and ‘short
and accessible’ (translations by the paper author), see also https://ekstrabladet.dk/om_ekstra_bladet/; it is not
Ekstra Bladet's job to report on all political actors equally, but rather to report on the relevant news of the day.

“4Ideally, the prototyping process should be done in collaboration with the organization’s technical team.

SEB-NeRD contains information on article title, subtitle, body (text), category, subcategory, time published,
whether the article is premium or open, IDs of corresponding images, article type (text, video, etc), topic, views,
reads, sentiment, entities, embeddings


https://ekstrabladet.dk/om_ekstra_bladet/
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Figure 6.1: Implementation of metrics inspired by the input provided by workshop participants, run on algorithms
supplied in Li et al. [152] and with the EB-NeRD dataset.
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often not a direct match with the data available, and in those cases the research team had
to simplify concepts, or approximate them using the data that was available. We do not
consider this a limitation of the study, but rather a reflection of what real-life implemen-
tation and decision-making would entail. As example algorithms we used a subset of the
algorithms (D-RDW [152], LSTUR [4], NRMS [292] and Random) included in Li et al. [152]°.
By comparing the patterns of multiple recommender systems we aim to visualize to the
workshop participants how the choice of recommendation algorithm influences the type
of content that is shown to readers. Furthermore, the purpose of this prototype is not to
draw conclusions about the performance of the different algorithms; rather, it is to test
with the workshop participants whether the metrics they designed are informative and
actionable. The following sections describe the implementation procedure in detail, visu-

alized in Figure 6.1 and summarized in Table 6.2.

Metric implementation

The metric Topic distribution should reflect whether the recommendation is a good
reflection of the Ekstra Bladet brand. While participants called the metric ‘topic distri-
bution), they talked about it in terms like ‘sports’ and ‘entertainment’; therefore we used
‘article_category’ as the relevant data point as it is incorporated in EB-NeRD. We account
for the rank of an article in the recommendation, which means that we count articles rec-
ommended first more strongly than those at the end. The way the participants designed
the topic distribution metric is suitable to the rank-aware divergence metrics outlined in
Vrijenhoek et al. [279]: the distribution of topics in the recommendation is compared to
the distribution of topics on Ekstra Bladet as a whole. The lower this divergence score is,

the better the recommendations represent the brand.

Surprise calls for a similar approach as ‘topic distribution’ described above. As
mentioned in Section 6.5.3 the metric is similar to serendipity, which is difficult to opera-
tionalize. For the purposes of this paper we use a simplification of the term, and calculate
the divergence of the recommendation to a users’ reading history; meaning, the more
different arecommendation is to what a user has seen in the part, the higher the value will
be. Here we assume that the larger the divergence is, the more the user will be surprised
by the content. This metric calls for more specific information than article category, and
instead use EB-NeRD's ‘article_topic’, which is multicategorical and contains values such

as ‘politics’, ‘education’ or ‘city life’.

Shttps://github.com/Informfully/Experiments
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Measuring the amount of niche content in the recommendations could be done with
the exact same implementation as surprise, but with an opposite value expectations
(lower divergence is better); however, we also modeled it using the popularity scores (‘to-
tal_pageviews'), assigning a binary ‘niche content’ label to an article if it had less than the
25th percentile of all pageviews. This implementation was consciously overly simplistic,
and intended to spark discussion among participants on what exactly made something a

niche article.

Participants also noted that they should not recommend content that makes people
leave. We created an extra metric called page9, where we are mostly concerned with who
receives the recommendation, and the assumption that we only want to recommend page
9 content to those with an explicit interest in it. There are three scenarios: when no page 9
content is recommended; when it is recommended, but the user has no prior history of in-
teracting with page 9 content; and when it is recommended and they do have prior history.

For newsworthiness, which the participants designed as the share of hard versus soft
news, we mapped the topics present in ‘article_category’ to either soft or hard news,
similar to the approach used in Einarsson et al. [70]. For example, ‘celebrity’, ‘lifestyle’
and ‘entertainment’ are considered soft news, while ‘business’, ‘politics’ and ‘war’ are
considered hard news. The metric measures the percentage of hard news articles in
the recommendation, counting articles recommended first more strongly than those

recommended last.

PREMIUM (VALUABLE CONTENT) The participants explicitly mentioned they would priori-
tize content produced by EBitself, rather than content produced by an external agent. How-
ever, thisinformation is not available in the dataset. To approximate what this metric could
look like, we use the flag ‘isPremium’, meaning content that is behind a paywall. Similar to
newsworthiness, ‘premium’ measures the share of premium articles in the recommenda-

tion.

AGE (ACTIVE AND EXPIRED STORIES) The dataset does not contain explicit information on
whether an article is part of a story chain or not. To approximate the notion, we calculate
the average difference in days between the date of recommendation and the publication
date of the articles. Since the dataset is static and no new articles are added, this number
can by definition only go lower for later recommendations recorded in the dataset. This
also underlines a general limitation of offline datasets; the visualization shows that often
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articles from many years ago are recommended, which is in a real, online setting clearly

undesirable.

6.5.5 Test

We met the participants for a fourth time to evaluate the informativeness and usability of
the implemented metrics and visualizations. The participants first received a plenary in-
troduction to the implementation process, and the rationale for each of the metrics. Then,
they divided into two subgroups to first interpret the individual metrics, followed by the

interpretation of algorithms over multiple metrics.

Interpreting metrics

The participants divided into groups that roughly corresponded to the groups they worked
in at the end of the Ideation phase, which ensured that there was already some more
shared understanding of what the metrics their groups designed were intended to ac-
complish. The participants were asked to pick the metrics they designed, and discuss a)
whether they understood the graphs, b) whether the implementation corresponded to
what they had in mind when they designed the metric, and c) whether they would be able
to take action based on what was shown in the graph.

Using the provided explanations, the participants were able to interpret the graphs cor-
rectly most of the time, though they seemed to feel insecure doing so (“I think I'm not clever
enough to interpret this.” (P4) “I say, I don't think I am either.” (P5)). While the divergence-
based visualizations gave a more detailed overview of the behaviors of the different algo-
rithms than for example averages or point estimates would, they were also very difficult to
interpret, especially to those not used to reading graphs and evaluating algorithms. While
such a metric may be something to strive towards in future iterations of the design process,
it may not be suitable to facilitate initial discussion and understanding between editorial
and technical teams.

In the process of doing the interpretation, a lot of additional knowledge exchange hap-
pened between the participants. For example, a participant from the technical team asked
a participant from the newsroom how they chose which articles went on the front page,
and how long those articles typically stay there, if at all. Most importantly, going through
the metrics helped the participants formulate how the operationalization of the metrics
could have been better. First of all, in order to interpret the metric, they wanted to know
the full details of the operationalizations. When mapping article topic to hard and soft
news, was the weather hard news? What about crime? Going further, the participants did
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not think that dividing the news offer into hard and soft news was actually a good approxi-
mation of ‘newsworthiness', despite them designing it as such in the previous session. In-
stead, a newsworthy’ article would more likely be one of a set of topics that are important
in that particular moment. The same held for ‘niche interests’, which was consciously im-
plemented in an overly simplistic way using article clicks, but would also have made more
sense using article topics (“maybe the article wasn't clicked a lot because it was just bad.”
(P1)). However, both what makes an article topic ‘newsworthy’ or ‘niche’ is very time and
context dependent. For example, for a long time ‘drones’ were considered a niche topic,
but with the spotting of Russian drones over Copenhagen any news regarding drones was
now considered a ‘breaking news’ article. A recommender system would need to have this
information in structured form, for example through a curated list with important versus
niche topics. When asked who would construct and maintain such a list, the participants
were very adamant in saying that “in Ekstra Bladet, nobody will do that. Maybe in [other
brand]” (P1), suggesting that the type of manual labor required for such a task did not fit
the organization’s way of working. The participants suggested experimenting with Al so-
lutions instead.

This points to an interesting tension. On the one hand, the participants wanted a full un-
derstanding of the metrics, but on the other hand, they wanted Al solutions to reduce the
amount of manual labor; a solution that by definition will not give them the interpretability
they are looking for. In general, it was noteworthy that both groups continuously returned
to article topic as the relevant unit of analysis. This is, perhaps, for journalists and editors
the most natural way of discussing an article in an abstract sense, and aligns most with
their daily practices. It does however point back to the ‘algorithmic gut feeling’ described
in the introduction; intuitively the journalists and editors may know what makes an ar-
ticle topic niche or newsworthy, but they also cannot fully translate that in clear and im-
plementable rules and code. We may have a first intuition on what a news recommender
system could be evaluated on, but this process may need to be repeated continuously to

operationalize the next abstract concept.

Interpreting algorithms

During the second part of the session, the participants related the metrics back to the rec-
ommendation objectives constructed in the ‘Define’ phase. They were asked to choose
which of the metrics were relevant for a particular objective, and to decide which algorithm
was most suited for that objective. The goal of this was not necessarily to choose an algo-
rithm that was to be implemented, but to investigate whether the metrics and visualiza-

tions were informative enough to make such a decision.
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Again, the participants made sound decisions, and seemed to interpret the visualiza-
tions correctly. However, they also again did not feel as if they were able to use them in
their daily life. For example, P2 noted that “[I]fI was to understand these and be able to take
actions on them, I'd need to learn these by observing them over a long period of time, along
with something next to it that I understand, which it would be like looking at the news flow
orlooking at the more normal site statistics.” In essence, the participants would need to be
able to relate what was shown in the metrics to real effects monitored on the front page.
It was suggested that the metrics could become more interpretable by splitting them out
over user demographics; ‘women of this age group’ see primarily this, this and this topic.
Furthermore, editorial needed more clarity on potential actions they could take; “Yeah, but
then Iwouldn't be able to change anything if it was underperforming number-wise. But what
could I do then?” (P2). 1deally, they would want to see how different choices to the recom-
mendation algorithm would affect what was shown to readers, perhaps if they could see
changes to traffic on a small group of readers first (“Oh, you mean like an AB-test”. (P11)).
This aligns with the findings of Storms et al. [250], who found that understanding how a
news recommender system works is meaningless without the option to subsequently in-
fluenceit.

With regards to the design and implementation of evaluation metrics for Ekstra Bladet’s
news recommender systems, we can draw the following conclusions: additional technical
work needs to be done on both identifying newsworthy and niche topics and active versus
expired stories; proposed solutions need to be aligned to the newsroom'’s daily practices;

and metric interpretability needs to be prioritized.

6.6 Discussion

Van Es and Nguyen [270] concluded that due to business concerns, and the need to produce
results quickly, editorial norms were not incorporated in news recommender systems. In
our study there was no direct need to produce results, yet it still proved difficult to prop-
erly operationalize the newsrooms’ values. We identified multiple underlying reasons for
this, which can in part be tackled by academic research, and in part need to be resolved by

organizations themselves.

6.6.1 From Values to Metrics

We found that the operationalization of one abstract concept, such as what makes a good
news recommendation, is often dependent on the operationalization of another abstract
concept, such as what makes a news article ‘niche’ or ‘newsworthy’. This may lead to con-
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fusion, where it is difficult to know where to start. We found that presenting participants
with something tangible to criticize, even if it was knowingly oversimplified, helped them
formulate how an operationalization could be better. Repeating this process may eventu-
allylead to a first operationalization that all parties can agree on, on the premise of it being

refined again in the future.

Furthermore, we saw that even if the participants seemed to be able to interpret met-
rics and visualizations correctly, they often felt uncomfortable doing so. This was true for
both participants from the newsroom and from the technical teams, as neither seemed to
feel like they truly ‘owned’ the solution, or understood how it would align with their daily
practices. While eventually the solutions should be owned by all teams, it may be benefi-
cial to appoint a single person in the organization that fully understands what is there, and
can function as a bridge between teams. Here, there is a clear limit to how much academia
can accomplish; organizations themselves need to build the expertise to make editorially

aligned recommender systems land in the organization.

6.6.2 Three initiatives, three approaches

The metrics designed by the workshop participants are quite different from the ones
considered in Einarsson et al. [70], and indeed also the ones considered by Ekstra Bladet
themselves during the RecSys challenge [145]. Though both the workshop participants
and Einarsson et al. [70] considered the distribution of hard and soft news, Einarsson
compared the recommendations to the selection made by human editors, while the
workshop participants differentiated between recommendations made high on the
homepage and those lower or on article pages. Einarsson considered exposure to political
actors, and the tone used when talking about those actors, while some of the workshop
participants explicitly stated that this was not their responsibility. On the other hand
of the spectrum, the EB RecSys challenge, described in more detail in Section 6.3, only
considered the predictive power of the submitted models. In comparison, the workshop
participants considered reading time to be of as much value as the actual clicks, and were
acutely aware of the tradeoff between short-term and long-term satisfaction. In essence,
three attempts at evaluating a recommender system within the same organization ended
up with completely different approaches and outcomes. Multiple participants noted that
this workshop series was for them the first time they spoke to colleagues from ‘the other’
department. Perhaps when initiatives like these are organized more frequently, opinions
and perspectives would also converge.
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6.6.3 Incorporating editorial values vs developing a recommender system that ben-

efits society

Throughout the sessions, participants largely stuck to familiar concepts, such as giving
users what is relevant to them, and ensuring that they do not only receive recommenda-
tions from one particular topic. This underlines the fact that designing a recommender
system that reflects editorial choices does not necessarily make it a recommender system
that benefits society. There might be a limit to what we can expect organizations to come
up with themselves with regards to monitoring the societal consequences of their tech-
nologies, especially in a commercial setting that is very dependent on ad revenues for sur-
vival. Yet, allowing the newsrooms to incorporate their values into a news recommender
system is an essential first step in deciding what needs to be monitored, and how.

6.6.4 Limitations and Future Work

Ekstra Bladet is one organization, operating in a very specific context. Results of the study
can serve as inspiration, but cannot be generalized to other organizations and contexts.
While we took care to invite as many different perspectives as we could, the invite-based
nature of participant selection may have caused us to miss alternative views, even within
the focused Ekstra Bladet context.

Furthermore, the session focused exclusively on professionals as expert users, and did not
involve citizen participation. News editors are trained to know what their users want to
know at the aggregated level, but cannot accommodate the needs of individuals [187]. Fur-
thermore, Ekstrand et al. [73] explicitly calls to involve the end-users of the recommender
systems, whose goals and requirements may differ from those of the people that have built
the system. This workshop has yielded initial pointers of what recommender systems
could be developed, which in future sessions can be used to have targeted sessions with
readers. Similar to what happened with the workshop participants, we expect that being
presented with concrete and tangible examples and visualizations will support readers in
verbalizing how their needs are similar or different from what has been developed thus
far.

While the plenary parts of the sessions took place in English, participants typically dis-
cussed among themselves in their native tongue, Danish, which the session moderator
does not speak. It is possible (and very likely) that important nuances and interesting
thoughts have been lost, either in translation or between private and plenary discussion.
While participants were asked to write down their thoughts, this often did not happen.

One potential remedy for future iterations of the workshop would be to ensure that a few
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native speaker moderators join the sessions.

6.7 Conclusion

The co-designing sessions underlined that designing news recommender systems that
center editorial values is not a straightforward process. It does not only require the for-
malization of the goal of the recommender system, but also of what needs to be measured
in order to determine whether that goal has been reached; often, this requires formalizing
abstract concepts, which are again dependent on the operationalization of other abstract
concepts. Truly making evaluation metrics actionable also requires additional effort to
align what is visualized with the daily practices of the newsroom. A successful implemen-
tation thus also requires realistic expectations of what can be achieved in the short- and
long term, and an ongoing collaboration between tech teams and the newsroom, where

solutions are proposed, implemented, and refined over time.

Acknowledgments

We are truly grateful to Ekstra Bladet for agreeing to work with us; to the workshop partic-
ipants, who put in a lot of work and energy during the sessions; and especially to Kasper
Lindskow, for his efforts in making this research possible.






Conclusion

The following sections describe the main findings of the thesis, structured by the research

questions as laid out in Chapter 1.

7.1 How is normative diversity defined and understood in both the-

ory and practice? (RQ1)

Computer scientists often aim for standardization: for example through shared libraries,
public datasets, or benchmark algorithms. Through standardization, models and al-
gorithms become comparable, and we can say with more certainty that one algorithm
performs better than another. Standardization also makes adoption into production
environments more straightforward, as developers can import well-established imple-
mentations directly from shared libraries, rather than building systems from scratch.
Throughout this thesis, however, I argue that the practice of standardization is inherently
at odds with diversity as a concept. Evaluating a news recommender system on its norma-
tive diversity requires that we leave room for the specific context and requirements of the
organization that builds the system. Rather than aiming for a one-size-fits-all solution,
we need to learn how to effectively communicate what it is the system is doing, and what
it should be doing in the future.

The interviews conducted with practitioners from public service media organizations
in the Netherlands in Chapter 2 identified very diverse interpretations of diversity. In re-
sponse to the first research question, we created a mapping of the way the interview par-
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Table 7.1: Overview of the different models and expected value ranges for each metric, as included in Chapter
3.

Calibration Calibration . .. . . .
Fragmentation  Activation  Representation Alternative voices

(topic) (complexity)
Liberal Low Low High - - -
Participatory High Low Low Medium Reflective Medium
Deliberative - - Low Low Equal -
Critical - - - High Inverse High

ticipants talked about diversity when constructing a recommendation based on a set of
candidate items from their own catalogue. The mapping consists of two components: the
aspects that were considered for diversification, and the tactics that were employed to di-
versify the recommendation. The wide range of different aspects and tactics illustrates
that there was no consensus on a definition among the interview participants; each of the
participants considered different aspects and tactics while constructing a diverse recom-

mendation.

The lack of a singular definition of diversity is in line with the normative theory de-
scribed in Chapter 3. Building on Helberger [111], this chapter explains how recommender
systems pursuing different democratic models would implement diversity differently.
None of the models described in the chapter is inherently better or worse than another.
They can, however, be at odds with each other, which means that they cannot be satisfied
simultaneously. For example, one cannot give a fully neutral overview of the news, while
also giving a platform to underrepresented voices. As a result, choices and tradeoffs
need to be made on what behavior a news recommender system should exhibit. How
this choice is made is dependent on a news organization’s mission and goals, and thus a
decision that can only be made internally. To build a bridge between the abstract concepts
underpinning the democratic models and technology design, the chapter proposes a set of
diversity evaluation metrics: Calibration (to what extent is the recommendation tailored
to a reader’s preferences), Fragmentation (to what extent are readers aware of the same
issues and events), Activation (is the tone of the recommendation affective or neutral),
Representation (which viewpoints are included in the recommendation) and Alternative
Voices (to what extent are minority groups included in the recommendation). Different
combinations and expected value ranges of metrics reflect the different democratic
models, which are summarized in Table 71. Depending on the recommender system’s
goal, different metrics would apply. Through their foundation in democratic theory the
metrics give direction to the conversation: by answering why we care about diversity, we
define what the recommender system should do.
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7.1.1 Combining the metrics and the mapping

Rather than being prescriptive or set in stone, the metrics and models can serve as con-
versation starters within an organization, and give inspiration for the type of diversity that
could be implemented. The mapping can be used to adapt the metrics to the unique con-
text of the organization, or to identify blind spots that are not covered yet. For example,
the interview participants frequently mentioned that they wanted the reader to recognize
themselves in the content recommended, or in contrast, to help them encounter perspec-
tives they were not yet familiar with. This is related to the Calibration metric: allowing
a reader to recognize themselves corresponds to a high degree of Calibration, whereas
broadening their views would correspond to a low degree. However, whereas Calibration
asitwas proposed in Chapter 3 only focuses on the dimensions of topic preference and lan-
guage complexity, the interviews showed a much wider range of user aspects along which
a reader could potentially want to recognize themselves, such as ethnicity, age, political
opinion, or other aspects related to social identity. In this case, the mapping can be used
to finetune the metrics, or in case structural blind spots are identified, to formulate new
ones. The process of adapting a metric to a specific context is described in more detail as

part of answering RQ2.

7.1.2 Technical solutions to non-technical problems

Many of the aspects of diversity mentioned in both Chapter 2 and 3 pertain to very sensitive
personal data, such as cultural background, gender identity or sexual orientation. In such
cases allowing the reader to recognize themselves in the recommendation would require
that a news recommendation algorithm somehow predicts or processes this type of data
about its readers, which is undesirable at best and unlawful at worst [287]. While there
are privacy-preserving methods towards news recommendation [239], employing these
would also make it impossible to do well-intentioned recommendation based on sensitive
attributes. However, perhaps this problem is much better solved through non-technical
solutions. For example, Naudts et al. [191] note that Inclusivity and Political Equality should
be warranted by, among others, giving communities meaningful choice between different
algorithms, and that communities should be “included, represented, and have one’s voice
heard during the ideation, design, deployment, and evaluation of recommender systems”,
with specific attention to marginalized and otherwise vulnerable communities [191]. I re-
flect more on the notion of meaningful choice and control over recommendations in the

Limitations section.
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7.2 How can normative notions of diversity be translated into con-
crete and informative evaluation metrics for news recommender

systems? (RQ2)

The diversity mapping from Chapter 2 and the metrics proposed in Chapter 3 can be rec-
onciled into a base mathematical formalization as a rank-aware divergence score [247].

Chapter 4 specifies this formalization as follows:

(71)

o).

Here, Q*(z) denotes the distribution of aspect  in the recommendation, potentially ac-

D3 (P.Q) = 3@ () s (

counting for the rank of an item, and P*(z) the same in the context distribution the recom-
mendation is compared to. A score of 0 implies that the recommendation and the context
exhibit the same distribution, while a score of 1 implies they are fully disjoint. We argue
that the Jensen-Shannon divergence (fjs) has desirable properties, such as it being sym-
metrical and bound between 0 and 1.

With this base formalization, operationalizing a diversity metric comes down to answer-

ing the following four questions:

« What aspect () should be measured?
+ What target distribution (P) should the recommendation be compared to?

+ Whatvalue (D} (P, Q)) dowe expect from the divergence between the recommen-

dation and the target distribution?

Should the divergence score account for the rank (*) of an article in the recommen-

dation or not?

Using the Representation metric from Chapter 3 as an example, the aspect that needs to
be measured is the mentions of political actors and parties. We aim for the recommenda-
tion to be representative of society, so we choose to compare the recommendation to the
distribution of political parties in government. We also want to account for the fact thatar-
ticles that are recommended earlier in the recommendation are more likely to be seen by
the reader, so we make the metric rank-aware. And since we want our recommendation
to be similar to the external distribution, we aim for a low divergence score.

Using a base formalization makes the metrics easier to interpret: however the metricis
setup, a score 0 means that the recommendation and the target distribution are the same,
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whereas 1 means they are fully disjoint. The flexibility of the metric also means that it can
accommodate alternative diversity aspects and diversification tactics as described in RQ1.
The operationalization thus provides a common frame of reference, without imposing re-

strictions on the type of diversity that can be expressed.

7.2.1 Feasibility in practice

We did a first test of the usability of the metrics with practitioners from Danish tabloid Ek-
stra Bladet (EB), which is described in Chapter 6. Through participatory co-designing ses-
sions involving EB's technical, editorial and business teams the participants designed a set
of evaluation metrics for their news recommender systems. Sometimes simpler metrics
sufficed, for example when the participants wanted to know the percentage of news con-
tent in arecommendation. Other times the divergence based metrics proved a good fit, for
example when the participants wanted to ensure that the recommendations contained a
good balance of the different topics that Ekstra Bladet as a whole reported on, or when they
wanted to know to what extent the recommendation catered to a user’s niche interests.
However, many of the participants found the metrics hard to read and interpret, especially
participants from editorial teams that were not used to doing so. Additional work is nec-
essary to understand whether the metrics are too complex to be usable, or whether this
is also a matter of building the right skills. Furthermore, during the workshop sessions it
became clear that diversity as a concept is often again reliant on the definition of other ab-
stract concepts. For example, one of the metrics the participants designed would measure
the ‘newsworthiness’ of the articles in the recommendation, another whether they were
‘niche’ articles’, and another whether the recommendation was ‘surprising’ to the reader.
These are again abstract concepts, and therefore not straightforward to define, and even
less straightforward to implement. This shows that defining the values of a recommender
system cannot be a one-time effort, but rather needs to be an ongoing cycle of ideation and

refinement, which is further reflected on in RQ3.

‘ Aspect (1) Context (P)
Calibration (topics) Article topic Reading history
Calibration (complexity) | Article complexity Reading history
Fragmentation Recommended news stories Other users
Activation Activation scores, e.g. approximated by the absolute value of a sentiment score  Available articles
Representation The presence of political actors Available articles
Alternative Voices The presence of minority voices versus majority voices Available articles

Table 7.2: Operationalization of Chapter 2’s diversity metrics using Chapter 3's divergence-based formalization.
Note that the expected value ranges are dependent on which democratic model is followed; see Table 7.1.
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7.2.2 On meaningful principles and implementations

The code that was used to demonstrate the diversity metrics on the Microsoft News Dataset
(MIND) is made available on GitHub. Furthermore, Heitz et al. [108] implemented this code
as part of their recommendation framework Informfully, which should also facilitate im-
plementation. However, with this comes the risk that recommender system developers
will import and run the code blindly, without understanding what the metrics are doing,
without building institutional support, and without establishing concrete actions and con-
sequences based on metric behavior. This ties into general concerns regarding ‘Al ethics,
which the normative diversity metrics are related to. Munn [184] argues that as Al ethics
can be interpreted in various ways, the field allows organizations to define their ethics in
a manner that suits their interests. As a result, the ethics principles become ‘meaning-
less the organizations can claim that they act ethically, but in practice the ethics do not
effectuate any change to existing practices and underlying issues. Ethics become at best
a checkbox to tick, or at worst a distraction that companies can use to avoid regulation. It
is apparent that this criticism also applies to the divergence-based diversity metrics: their
flexibility and adaptability risk being gamified to exhibit behavior favorable to the organi-
zation. Further research is necessary to create guardrails and proper procedures to miti-
gate this. However, I would also argue that, when done well, the divergence-based metrics
have the potential to accomplish the opposite of what Munn [184] cautions for. The steps
towards defining a metric force an organization to be explicit about what they care about,
and specific in how they operationalize and measure it. As a result, organizations can no
longer hide behind vague and abstract concepts. A description of how the metrics are oper-
ationalized becomes information that can be scrutinized by external parties, even without

direct access to the platform’s code.

7.3 What conditions need to be in place in order for diversity metrics

to be adopted in practice? (RQ3)

Our interviews with practitioners showed that news organizations usually build their
news recommender systems based on concepts and algorithms developed in academia
and by other, larger media organizations. However, not many news organizations share
their code, and there is alarge gap between technical academic research on recommender
systems and the real challenges as experienced by news organizations. Predominantly,
technical recommender systems research focuses on maximizing the predictive power
of recommender systems on static, offline datasets [105], which says little about how
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the systems will perform in practice [12, 145]. Throughout this thesis I found, however,
that news organizations do not solely need bigger and more complex models, but also
lightweight and adaptable ones, that could be explained to editorial teams. On their
end, editorial teams need to be able to exert control over the recommender systems, so
that they can ensure that the recommendations align with their principles and guide-
lines [263]. Finally, business and strategy teams need to know whether it is worth freeing
up time and resources to work on diverse news recommendation; either because there
will be a sufficient return on investment, or because outside pressure compels them to
do so. In short, technical academic research can facilitate news recommender systems
reaching their full potential by broadening the scope of research that is executed, away
from accuracy maximization, and towards research that allows for incorporating editorial

values and editorial control.

7.3.1 Academic research to fill knowledge gaps

There is a reason that much of the technical academic research prioritizes optimizing
clicks; it is one of the things that is straightforward to do. In contrast, research into
diversity-aware recommendation is only possible to a limited extent. Researchers that
do not have access to proprietary data from industry partners have to work with public
datasets. For news recommendation, there are only a few public dataset suitable. In
Chapter 5 we analyzed the ones that are most frequently used: MIND, Adressa, Globo and
EB-NeRD. All these datasets are produced by commercial organizations, with a strong
focus on entertainment and soft news. As such they are also primarily constructed for
the purpose of creating technology that sells more clicks. The timespan they cover is
limited to a few weeks, and never includes significant evens such as national elections.
These factors make it difficult to conduct research on news recommendation technology
that incorporates editorial values, or even to monitor for potential societal consequences.
At the same time, it is possible to do more with the existing datasets than is currently
done, as each of them individually has unique characteristics that are suitable to solving a
subset of the diversification problem. For example, the MIND dataset contains data from
different outlets, Adressa covers a local context, and EB-NeRD includes comparatively
much additional information on both users and articles. However, if we really want to
make progress on developing diversity-aware news recommender systems, a paradigm
shift is necessary, away from static, one-time datasets and towards close and continuous

collaboration with news organizations, including data-sharing.
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7.3.2 The broader institutional context

The lack of a straightforward definition of diversity means that it is not possible to develop
a context-agnostic off-the-shelf and open source recommendation algorithm that ‘opti-
mizes for diversity’. Because of this, a lot more work is required from news organizations
themselves, both in terms of formalizing diversity, and on the actual implementation of
the algorithm. It also makes it especially important that the different departments of the
organization are involved in development from the very beginning. Neglecting to do sowill
lead to the development of a product that only covers a subset of perspectives, and make it
more likely that, eventually, the newsroom will block the technology from being taken into
production. However, involving multiple departments in development is easier said than
done. For some of the workshop participants in Chapter 6, participating in said workshop
was the first time they spoke to their colleagues from ‘other’ departments. Furthermore,
the fact that defining diversity was dependent on the definition of other abstract concepts
raised perhaps more questions than the workshop solved. When this happens, there is a
risk that the confusion will make it tempting to hide behind the ‘black box’ of ‘the algorithm’
or to abandon the effort altogether, rather than making explicit design choices. This is es-
pecially likely to happen given the high-profile nature of both the news and diversity: doing
it ‘wrong’ may lead to criticism and reputation damage.

For diversity-focused news recommender systems to land within a news organization,
it is therefore crucial that appropriate internal workflows and procedures are put in place.
Experimentation should be possible and encouraged, while being realistic about where
the technology falls short, and without the need to oversell what it accomplishes. Prefer-
ably, the newsroom needs to do their development internally, as it is unlikely that third-
party software allows for the nuances of their specific context. Most of all, there needs to
be sustained collaboration between the newsroom, tech teams and academia; not as a one-
time effort, but as an ongoing process, where solutions are continuously conceived, tested,
and improved. Over time, the different domains will build a shared vocabulary and under-

standing of the problem, making it possible to leverage each other’s skill sets and creativity.

7.4 Limitations

There are a few limitations to this thesis that should be addressed in future work.
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7.4.1 Editorial versus user perspectives

While this thesis focuses on increasing the diversity of news recommendations to inform
readers, it includes only to a limited extent the perspective of readers themselves. This
is not in line with the call of Ekstrand et al. [73] that the design of recommender systems
should be done with, and not only for, the people eventually affected by their use. It is of
crucial importance that future work does involve readers themselves. However, in my per-
spective, it is necessary to first model the values as held by the editorial room, before we
can work with readers in a meaningful way.

When answering RQ1, I argued that there are many different dimensions to diversity,
and that it can potentially mean something else to different people. While this thesis pro-
vides a first step towards resolving this, current state-of-the-art recommender systems
cannot yet meaningfully incorporate one, let alone all different dimensions of diversity.
This means that choices need to be made, and priorities need to be set on what needs
to be built into a recommendation algorithm first. News editors, who are professionally
trained to balance the news in a way that reflects their outlet’s brand, are much better
equipped to oversee the potential consequences of prioritizing such editorial decisions
than readers. For example, multiple studies have noted that it was difficult for readers
to distinguish between diversified and non-diversified recommendations [107, 159, 221].
They also tend to overestimate the amount of news they consume [213]. Furthermore, even
when given the option to control or influence a recommender system, readers hardly used
the feature [157, 221]. As such, we cannot put the responsibility for constructing a diverse
news diet primarily with readers themselves. News organizations first need to take on
the responsibility of defining the space in which news recommender systems can oper-
ate. When that is achieved, and the methods and frameworks to adapting recommenda-
tions are put in place, we can use those same methods and frameworks to conduct those
discussions with readers. I explain one potential approach to this in the Future research

directions, under section 5.3.

7.4.2 The Western-European context

This thesis builds on Western European values and perspectives on notions such as public
service media and the role of news in society. These notions may not correspond to those
held in other areas, including the Global South, the United States, or even other parts of Eu-
rope. The thesis aims to facilitate the process of translating normative values into technol-
ogy design; even if those values are not necessarily the same, it is my hope that the process
can be replicated in other contexts.
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7.4.3 Effectiveness of recommender systems and diversity metrics

The metrics as currently proposed are theoretical. As of yet, it is unknown how effective
they would actually be in influencing user choice and reading behavior. Mattis et al. [171]
experienced this first-hand when testing different variations of the Alternative Voices met-
ric, finding at best small effects on study participants’ support towards pro-democratic
goals such as tolerance and political participation. However, they also noted the difficulty
of appropriately modeling the construct of an Alternative Voice in their study. Future work
needs to pay explicit attention to construct reliability- and validity [125], how the metrics
align with human perceptions, and their real-world effects and consequences. Further-
more, the proposed evaluation metrics measure whether the recommendation algorithm
skews the distribution of a recommendation in an undesirable way compared to some cho-
sen context distribution. A recommender system can, however, never be more diverse
than the pool of items it makes it selection from: if the news organization does not pro-
duce diverse content, the recommender will not recommend diverse content either. Most
news organizations have editorial standards and guidelines in place to monitor the diver-
sity of content produced; however, it also means that implementing the diversity metrics

without accounting for contextual factors may provide a distorted view of reality.

7.5 Future research directions

This thesis has primarily focused on the theoretical foundation of normative diversity met-
rics. Before the metrics can truly be implemented in a production environment, there are

at least three strands of work that need to be expanded upon.

7.5.1 Reranking for diversity

The diversity metrics developed in the Chapter 4 are designed for the evaluation of a rec-
ommender system, and have not yet been implemented in the recommendation algorithm
itself. Besides the diversity of a recommendation, such an algorithm should also be able to
account for the predicted relevance score of an article, and other editorial values such as
novelty or breaking news. Furthermore, such an algorithm needs to provide some guaran-
tee of optimal results over local minima, and be easy to adapt: changes should be instanta-
neous and not require a full recommendation model to be retrained [106]. One approach
would be to follow up on the post-processing method proposed by Steck [247], who intro-
duced the Calibration metric that the divergence-based diversity metrics are inspired by.
This post-processing method involves a greedy reranking algorithm that, by consecutively
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selecting the next "best” item, ensures that a recommendation approximates a given dis-
tribution. However, additional work is necessary to carefully scrutinize the effects of such
an optimization algorithm in the context of news recommendation specifically; for exam-
ple,itisundesirable that a reranker always puts an item from the same category in the first
spot of the recommendation, which is likely to happen with a greedy reranker. Following
from this, more thought needs to be put in what the ideal recommendation distribution
would be; if every recommendation follows the same distribution, they may quickly be-
come monotonous or counter what they aim to achieve. For example, imagine a reranker
that aims to make the recommendation proportionally reflective of the political voices in
society, but as a consequence always puts an article about the largest political party in the
first place of the recommendation. By extension, more thought needs to be put into the
desirability of nudging readers towards more diverse reading behavior or not [172], and
Goodhart's bias, which states that "when a measure becomes a target, it ceases tobe agood
measure” [116]. Kruse et al. [146] and Li et al. [152] have already taken first steps towards
diversity-aware optimization, the first through a method built around internal label shift,

and the second through a random walk algorithm.

7.5.2 (Generative) Al for metadata augmentation

Many researchers have started looking into the use of Large Language Models (LLMs) to fa-
cilitate diverse news recommendation. Based on the findings of this thesis, and research
on LLMs in news recommendation and other domains, I conclude that while LLMs could be
usefulinresolving some of the issues currently hindering progress on diverse news recom-
mendation, using them should be done with care. One of the major problems in incorporat-
ing editorial values in a news recommender system is that it usually requires nuanced and
sophisticated metadata. Often, these metadata are equally as difficult to define as diver-
sity itself; for example, how to identify minority voices [171, 258], viewpoints [64], or neu-
trality [246] are all active areas of research on their own. In an ideal world, this metadata
would be supplied by the journalist writing an article. However, most journalists simply do
not have the time for this. Here, language models could potentially facilitate acquiring this
data. Simultaneously, we should be aware of the shortcomings and pitfalls of these models.
LLMs have been shown not to consistently uphold cultural values [138] and to pose a risk of
propagating stereotypes [243]. Carefully executed research could investigate the suitabil-
ity of both simple and sophisticated models to identify relevant metadata. This process
should provide an honest overview of where (generative) Al models can be of value, and

where the gaps in their performance lie.
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7.5.3 A dashboard for newsrooms

The workshops conducted with practitioners (Chapter 6) showed that the newsroom par-
ticipants needed more tangible examples of what the impacts were of different recom-
mender configurations. This could be accomplished by building a dashboard [69] or sand-
box environment where practitioners, and later also readers themselves, can experiment
and see the effects of their actions instantly. In this environment it should for example be
possible to adjust the importance of the different components of the recommender sys-
tem; what happens when we assign more or less weight to personal relevance, or to a di-
versity metric, or to the amount of breaking news that is shown. The dashboard should
show the recommendations that are issued to a selection of example users (when con-
ducted with professional users), or to a user themselves (when conducted with readers).
Central to the study should be how the participants perceive the quality of the recommen-
dations, the control they have over them, and most importantly, whether they understand
why the algorithm behaves the way it does [221]. In an ideal situation, building a system like
this should allow the newsroom control over the recommendations without the need to go
through technical teams, while it allows readers to tune the recommendation algorithm

towards their specific preferences.

7.6 Conclusion

Throughout the thesis, a theme that consistently comes up is that incorporating norma-
tive diversity into news recommendation is not merely a technical problem, but needs the
involvement of multiple academic disciplines and industry practitioners. Doing this in an
academic context, however, is often not straightforward. Reviewers and funding bodies
often prioritize furthering the state-of-the-art in already-established disciplines, and do
not always see the added value another discipline brings to the discussion. Furthermore,
it takes time for two people with different backgrounds, be that in terms of discipline or
academia and industry, to understand each other, to align on their terminology, and to
hone in on which parts of the problem they can solve. This time is often not available to
practitioners, who need to dedicate most of their time to the daily operations of their or-
ganizations, but also not for academics who need to show results within a set timeline. It
is my impression thus far, however, that there are many individuals, venues and institu-
tions working on recommender systems that welcome research bridging the gap between
technology and other disciplines. The ACM Conference on Recommender Systems (Rec-
Sys), for example, has a long tradition of industry participation, and has also accepted less
technical work into the main track. Many of its satellite workshops focus on the societal im-
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pact of recommender systems. However, bar a few exceptions, it is unlikely that technical
and non-technical academics will attend the same conferences. This limits the possibility
to organically meet, or serendipitously find inspiration in approaches common in other
disciplines. To facilitate interdisciplinary research, we need to create more space for re-
searchers to meet, collaborate, share their work, and have it recognized as an academic
contribution focused on a specific domain rather than a specific discipline. As Trilling
[264] puts it, “first the question, then the method” (translated).

In that regard this thesis heavily relies on the work of Helberger [111], who concisely laid
out how democratic theory would apply to news recommendation; not to criticize the field
as it currently is, but to paint a picture on how to move it forward. However, moving from
theory to implementation can be a rather painful process. It requires that theories that
have been refined, criticized, and refined again over decades are simplified and rid of nu-
ance to the point where they can be translated into numbers. Lin and Lewis [154] note the
discrepancy between ‘ideal theory’ and ‘actual performance’ it is fundamentally unlikely
that theoretical concepts can be perfectly captured in technical applications. However, in
the context of news recommendation specifically Helberger et al. [114] note that “practical
implementation may stay far behind the normative ideal [...]. Even so, the result would be a
recommendation algorithm that at least aspires to be more inclusive and diverse.” Rather
than being paralyzed by the notion of building the perfect recommender system (or tech-
nology in general), we should aim for consciously imperfect solutions, the limitations of
which are understood and accepted by everyone, and that can be improved upon in the
future. Allin all, we need to look for workable simplifications, rather than reductive gener-

alizations.
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Summary

EWS RECOMMENDER SYSTEMS aim to predict which news items their users

would like to read based on their past reading behaviour. However, rather than

only catering to a readers’ preferences, a diverse recommender system could
also be used to expand a reader’s world view, to help them be more informed, or to expose
them to events and ideas they were not aware of before. This thesis aims to answer the
question: How can we evaluate news recommender systems on their normative diversity?

In Chapter 2 we show through interviews with public service media professionals that
there is not one standardized interpretation of what the term diversity means. We created
a mapping of the way the interview participants talked about diversity when constructing
arecommendation based on a set of candidate items from their own catalogue. The map-
ping consists of two components: the aspects that were considered for diversification, and
the tactics that were employed to diversify the recommendation.

Thelack of a standardized definition aligns with normative theory: Helberger [111] noted
that different democratic models (Liberal, Participatory, Deliberative, Critical) imply differ-
ent desired forms of diversity, which can conflict and cannot be optimized for simultane-
ously. To bridge the abstract concepts underpinning the democratic models and technol-
ogy design, Chapter 3 proposes a set of diversity evaluation metrics: Calibration (to what
extent is the recommendation tailored to a reader’s preferences), Fragmentation (to what
extent are readers aware of the same issues and events), Activation (is the tone of the rec-
ommendation affective or neutral), Representation (which viewpoints are included in the
recommendation) and Alternative Voices (to what extent are minority groups included in
the recommendation). Different combinations and expected value ranges of metrics re-
flect the different democratic models. Through their foundation in democratic theory the
metrics give direction to the problem of defining diversity in a specific context: by answer-
ing why we care about diversity, we define what the recommender system should do.

The mapping and proposed metrics can be reconciled into a base mathematical formal-
ization as arank-aware divergence score, which is explained in Chapter 4. With that, defin-
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ing a diversity metric comes down to answering the questions what aspect should be mea-
sured, what target distribution should the recommendation be compared to, what value is
intended and should the divergence score account for the rank of an article in the recommen-
dation or not. The operationalization thus provides a common frame of reference for in-
terpretation, without imposing restrictions on the type of diversity that can be expressed.

Despite the large interest in developing diversity-aware news recommender sys-
tems, a significant gap remains between theoretical, normative literature and what
has been developed in practice. Chapter 5 argues that the public datasets available to
researchers constrain and shape the research that can be executed. While each of the
most frequently used public datasets has unique characteristics suitable to working on
a sub-problem of diversity-aware recommendation, the time- and context dependent
nature of news requires a paradigm shift away from one-off static datasets and toward
ongoing collaboration and data-sharing with news organizations.

In order for the metrics to be adopted they need to land within news organizations’ oper-
ations and practices. Chapter 6 explains a workshop series that brought together different
stakeholder groups within a Danish national news organization to collectively define evalu-
ation metrics for their news recommender systems. The study highlights the challenges of
operationalizing abstract concepts underpinning journalistic and editorial values and em-
phasizes the importance of iterative refinement and stakeholder collaboration, and high-
lights that ongoing dialogue and appropriate internal workflows are necessary to ensure
the system both meets editorial standards and is technically feasible.

The limitations of the thesis include its lack of involvement of news readers themselves
and focus on Western-European values. Furthermore, through their theoretical nature
the actual behavioural and democratic impact of the metrics remains unclear. Future re-
search should prioritize developing algorithms that put the notions developed in the thesis

into practice, and test those with both the newsroom and readers themselves.
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Nederlandse samenvatting

IEUWSAANBEVELINGSSYSTEMEN voorspellen welke nieuwsartikelen hun ge-

bruikers willen lezen op basis van met name hun eerdere leesgedrag. Echter

zou een nieuwsaanbevelingssysteem dat naast de voorkeuren van lezers ook
de diversiteit van het aanbod meeneemt ook gebruikt kunnen worden om het wereld-
beeld van lezers te verbreden, hen beter te informeren, of hen op de hoogte te brengen
van hieuwe gebeurtenissen en ideeén. Dit proefschrift beantwoordt daarom de vol-
gende vraag: Hoe kunnen we nieuwsaanbevelingssystemen beoordelen op hun normatieve
diversiteit?

In Hoofdstuk 2 laten we aan de hand van interviews met professionals van publieke
mediabedrijven zien dat er geen eenduidige, gestandaardiseerde interpretatie van diver-
siteit mogelijk is. We brachten in kaart (mapping) hoe de geinterviewden over diversiteit
spraken wanneer zij een aanbeveling samenstelden op basis van een set kandidaatitems
uit hun eigen catalogus. We identificeerden twee componenten: de aspecten die werden
meegenomen voor diversificatie, en de tactieken die werden ingezet om de aanbeveling te
diversificeren.

Het feit dat er geen gestandaardiseerde definitie van diversiteit mogelijk is sluit
aan bij normatieve theorie: Helberger [111] stelt dat verschillende democratische mod-
ellen (liberaal, participatief, deliberatief, kritisch) verschillende vormen van diversiteit
impliceren, en dat die vormen haaks op elkaar kunnen staan en dus niet gelijktijdig
gemaximaliseerd kunnen worden. Om de stap te maken van de abstracte concepten die
aan de democratische modellen ten grondslag liggen naar technologisch ontwerp, stelt
Hoofdstuk 3 een set nieuwe evaluatie ‘metrics voor diversiteit voor: Calibration (in welke
mate is de aanbeveling afgestemd op de voorkeuren van een lezer), Fragmentation (in
welke mate zijn lezers op de hoogte van dezelfde kwesties en gebeurtenissen), Activation
(is de toon van de aanbeveling affectief of neutraal), Representation (welke standpunten
worden in de aanbeveling opgenomen) en Alternative Voices (in welke mate worden min-
derheidsgroepen in de aanbeveling genoemd). Verschillende combinaties en verwachte
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waardebereiken van deze metrics reflecteren de verschillende democratische modellen.
Door hun basis in democratische theorie geven de metrics richting aan het definiéren
van diversiteit in een specifieke context: door te beantwoorden waarom we diversiteit

belangrijk vinden, bepalen we wat het aanbevelingssysteem zou moeten doen.

De mapping en de voorgestelde metrics kunnen worden samengebracht in een
wiskundige formalisering als een positie-gevoelige divergentiescore, die wordt uitgew-
erkt in Hoofdstuk 4. Daarmee komt het definiéren van een diversiteitsmetric neer op het
beantwoorden van de vragen welk aspect moet worden gemeten, met welke distributie moet
de aanbeveling worden vergeleken, welke waarde wordt nagestreefd en of de divergensi-
escore al dan niet rekening moet houden met de positie van een artikel in de aanbeveling. De
operationalisering biedt zo een referentiekader voor interpretatie, zonder beperkingen

op te leggen aan het type diversiteit dat kan worden uitgedrukt.

Ondanks de grote interesse in het ontwikkelen van diversiteitsbewuste nieuwsaan-
bevelingssystemen blijft er een groot gat bestaan tussen de theoretische, normatieve
literatuur en wat er in de praktijk is ontwikkeld. Hoofdstuk 5 beargumenteert dat mede
door de publieke datasets die voor onderzoekers beschikbaar zijn het onderzoek dat
gedaan kan worden beperkt is. Hoewel elk van de meest gebruikte publieke datasets
unieke elementen heeft waarmee aan een deelprobleem van diversiteitsbewuste aan-
beveling gewerkt kan worden, is door het tijd- en contextafhankelijke karakter van nieuws
eenverschuiving nodig van statische datasets naar continue samenwerking en datadeling

met nieuwsorganisaties.

Voordat de metrics in praktijk kunnen worden gebracht moeten zij opgenomen
worden in de bestaande processen binnen nieuwsorganisaties. Hoofdstuk 6 beschrijft
een reeks workshops waarin verschillende stakeholdergroepen binnen een Deense na-
tionale nieuwsorganisatie bij elkaar werden gebracht om gezamenlijk metrics voor hun
nieuwsaanbevelingssystemen te definiéren. De studie onderstreept de grote uitdagin-
gen die komen met het operationaliseren van abstracte concepten die ten grondslag
liggen aan journalistieke en redactionele waarden. Daarmee beargumenteert het dat het
noodzakelijk is om te werken in korte iteraties waarbij er nauwe samenwerking is met de
verschillende stakeholders, en laat het zien dat voortdurende dialoog en passende interne
werkprocessen cruciaal zijn om ervoor te zorgen dat het systeem zowel aan redactionele

normen voldoet als technisch haalbaar is.

De limitaties van dit proefschrift zijn het het feit dat de perspectieven van nieuwslezers
zelf geen expliciet onderdeel zijn geweest van het onderzoek en dat de focus ligt op West-
Europese waarden. Bovendien blijft door het theoretische karakter van het onderzoek de
daadwerkelijke effectiviteit en democratische impact van de metrics onduidelijk. Toekom-
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stig onderzoek zou prioriteit moeten geven aan het ontwikkelen van algoritmen die de in
dit proefschrift ontwikkelde concepten in de praktijk brengen, en deze vervolgens zowel

bij de redactie als bij lezers zelf te testen.
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