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Abstract. The rapid integration of Artificial Intelligence (AI) and Rec-
ommender Systems (RSs) into digital platforms has brought both op-
portunities and ethical concerns. These systems, designed to personalize
content and optimize user engagement, have the potential to enhance how
individuals navigate information online. However, this paper shifts the
focus to the ethical complexities inherent in such systems, particularly
the practice of nudging, where subtle algorithmic suggestions influence
user behavior without explicit awareness. Issues like misinformation, al-
gorithmic bias, privacy protection, and diminished content diversity raise
important questions about the role of AI in shaping public discourse and
decision-making processes. Rather than viewing these systems solely as
tools for convenience, the paper challenges the reader to consider the
deeper implications of AI-driven recommendations on democratic en-
gagement. By examining how these technologies can quietly influence
decisions and reduce exposure to different perspectives, it calls for a
reevaluation of the ethical priorities in AI and RSs design. The paper
calls for creating a digital space that promotes independence, fairness,
and openness, making sure AI is used responsibly to support democratic
values and protect user rights.
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1 Introduction

In today’s digital age, the public sphere has undergone a significant transfor-
mation, thanks to the widespread adoption of AI and RSs. These technologies
are used to make recommendations to users based on their preferences and past
behaviors. While these technological advancements have undoubtedly brought
significant benefits to the public sphere, such as personalized content and rec-
ommendations, and improved the efficiency and accessibility of the public sphere,
they have also given rise to several ethical challenges. In particular, the ethical
implications of AI and RSs have been a topic of much debate, with concerns be-
ing raised about their impact on the democratic nature of the public sphere. One
of the major concerns is the use of nudging in RSs, which has the potential to
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influence people’s decision-making processes, bringing into question the ethical
implications of influencing users’ choices. By analyzing the ethical implications of
AI and RSs, this paper hopes to contribute to the ongoing debate about the role
of these technologies in shaping our society and democratic values, ultimately
advocating for a framework that prioritizes ethical considerations and protects
user autonomy in a rapidly evolving digital landscape.

The paper begins by defining the public sphere and its essential role in
democratic societies, highlighting the concerns raised by AI and RSs about
their potential to undermine the principles of rational discourse, free expres-
sion, and accountability. It then examines the various ethical challenges posed
by these technologies, including issues related to misinformation, filter bubbles,
echo chambers, and algorithmic bias.

The paper then delves into the concept of “nudging”, exploring its potential to
shape user choices, guide user behavior, and even influence political preferences.
It analyzes both the potential benefits and the ethical dilemmas of nudging,
including the possibility of reinforcing existing power dynamics and restricting
user autonomy.

Finally, the paper concludes by reflecting on the broader implications of AI
and RSs for the future of the democratic public sphere, urging developers and
policymakers to prioritize ethical considerations in the design and deployment
of these powerful technologies.

2 The Public Sphere and Its Ethical Challenges

The public sphere refers to the space where individuals come together to discuss
matters of common concern and engage in rational discourse. It is a crucial
element of democratic societies as it allows citizens to express their opinions,
engage in debate, and hold their leaders accountable. The concept of the public
sphere was first introduced by German philosopher Jürgen Habermas in his
book The Structural Transformation of the Public Sphere [8]. He argued that
the public sphere emerged in Europe during the 18th century as a result of the
rise of bourgeois society and that it played a vital role in the development of
democratic institutions.

Habermas defined the public sphere as a space where individuals could come
together to engage in rational discourse on matters of common concern. This
space was characterized by certain key features, including freedom of expres-
sion, access to information, and the ability to participate in decision-making
processes. Habermas’s main focus is on the institutional changes that occurred
in the seventeenth and eighteenth centuries, which led to the development of
what we now recognize as public space.

In modern society, the public sphere takes on many different forms. It in-
cludes traditional media outlets such as newspapers, television, and radio, as
well as social media platforms such as Facebook, Twitter, and YouTube. These
platforms provide individuals with a means to express their opinions, share in-
formation, and engage in public debate. A study made by [5] claimed that the
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public sphere theory can be applied to the Internet because it has various unique
features. Firstly, the Internet’s structure allows for a diverse range of voices to be
expressed, and the accessibility to create content is relatively easy, which enables
people to publish personal blogs, social media profiles, upload videos, photos, and
reports of current events to both social and professional news websites. Secondly,
the structure of the Internet allows for feedback and exchange.

However, the public sphere is not without its challenges. One of the biggest
challenges is the issue of media bias including gate-keeping bias, coverage, and
statement bias [4]. Social media platforms have the potential to limit exposure to
a range of diverse viewpoints and instead promote the formation of groups con-
sisting of users with similar beliefs and opinions. These groups reinforce shared
narratives, creating what is known as echo chambers [3], where individuals are
only exposed to information that confirms their pre-existing beliefs. Additionally,
social media platforms have been criticized for allowing the spread of misinfor-
mation. Another challenge is the issue of political polarization which has been
exacerbated by social media. These platforms allow individuals to filter out op-
posing viewpoints and create their own personalized echo chambers.

There are several significant ethical challenges associated with the public
sphere, including access and representation, where certain groups may be marginal-
ized. Manipulation of public discourse occurs when various actors attempt to
shape public opinion or suppress dissenting voices. The spread of misinforma-
tion and fake news can erode trust in institutions and undermine democratic
processes. Additionally, ethical concerns involve privacy, freedom of speech, and
balancing individual and collective interests.

The concept of the public sphere and its ethical challenges have become in-
creasingly relevant in the age of technology. With the rise of AI and RSs, there is
a growing concern about the impact of these technologies on the democratic pub-
lic sphere. As news recommender systems become more widespread, they have
the potential to shape public discourse and influence the way people perceive
events and issues. In the next section, I will discuss the impact of these tech-
nologies on the democratic public sphere and explore the intersection between
the public sphere and AI.

3 AI, News Recommender Systems, and the Democratic
Public Sphere

During the past years, there has been a significant surge in interest in artificial
intelligence. As a result, many people anticipate that AI will become increas-
ingly used in everyday technologies and fundamentally transform societies in a
significant and groundbreaking manner. However, there is an argument about
whether AI is a threat or an opportunity to democracy.

On one hand, AI can enhance public discourse by offering personalized recom-
mendations and filtering information based on users’ interests and preferences.
It also plays a crucial role in mitigating the spread of misinformation, helping
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to maintain the integrity of public discourse. Platform companies claim that im-
plementing automated content filtering systems, which utilize algorithmic meth-
ods to identify harmful content, enables them to effectively regulate themselves.
These claims are supported by evidence provided by corporations regarding the
effectiveness of AI. For instance, Facebook reported in 2018 that its automated
systems are capable of detecting and removing 99% of terrorism-related content
and 52% of hate speech, nearly 100% of spam, 98.5%of fake accounts, and 86%
of graphic violence-related removals [13].

On the other hand, there are concerns that AI-powered algorithms and rec-
ommendation systems can continue to propagate filter bubbles, echo chambers,
and algorithmic bias, leading to the polarization of public opinion and the sup-
pression of dissenting voices [6]. There is also a worry that AI could be used to
manipulate public opinion and interfere in democratic processes, such as elec-
tions, by amplifying certain messages, suppressing others, or creating fake con-
tent. For example, an increasing body of research in computational social sci-
ence has shown that AI bots are capable of influencing voter opinion, as well as
launching attacks against journalists and undermining the credibility of political
leaders [16].

Furthermore, the rise of interactive communication technology has trans-
formed the internet into a primary source of news, owing to its availability around
the clock. As a result, numerous news sources and agencies offer readers access to
the latest news anytime and anywhere through online portals. To attract more
traffic to their websites, these portals are increasingly utilizing AI and news
recommender systems to enhance the user experience on their platforms. At
the societal level, news recommender algorithms and overly personalized news
recommendations can have negative effects on the general public by isolating
people from counter attitudinal opinions and may lead to the filter bubble, echo-
chambers, and political polarization [6]. It also affects users’ behaviour in the
long run, causing them to avoid counter-attitudinal information. This type of
behaviour, at the societal level, poses a threat to democracy. Moreover, stud-
ies combining insights from the field of computer science with psychology have
shown that diversity in recommendation sets increases user satisfaction [18].

The capacity to provide personalized and efficient recommendations to users
is also responsible for some of the most significant worries regarding the influence
of recommendation systems on democracy. If every user receives the news and
information that aligns with their individual needs and preferences, it raises
questions about the existence of a public space where diverse perspectives and
ideas can converge. Critics caution that recommendations may be used in a way
that restricts citizens’ exposure to a range of viewpoints, creating a risk of limited
access to different perspectives. In turn, there is a concern that the public sphere
is slowly disappearing [9].
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4 Exploring the Ethical Challenges of News
Recommender Systems

Philosophy has extensively discussed moral principles and which principles may
be correct throughout history. Ethics is a branch of philosophy that deals with
moral principles, values, and theories of right and wrong conduct. Philosophers
have explored various moral principles and ethical frameworks, seeking to de-
velop systems of moral reasoning that can guide human behavior. Considering
what we previously stated about RSs and their significant impact on a wide
range of stakeholders, as they guide our preferences and steer our decisions, it
is crucial to consider the ethical issues that arise from the extensive reach of
these systems. These ethical issues may include inappropriate content, privacy
concerns, social implications, and other related concerns.

In [14], the authors proposed that there is a widely agreed upon notion that
two classes of variables are morally significant: actions and consequences. The
authors further assume that by studying the behavior and impact of a RSs,
it is possible to gain a comprehensive understanding of the ethical implications
involved. Their proposal involves a taxonomy of ethical issues of RSs categorized
along two dimensions: (a) the utility they contain and the potential for the
RSs to negatively impact the utility of any of its stakeholders, (b) violate the
stakeholders’ rights. The adverse ethical impact of an action could occur either
immediately or it could pose a risk for unethical consequences in the future. In
the next section, I will discuss some ethical challenges addressed in the literature
and their possible solutions.

4.1 Fake News and Misinformation

Some online news articles are known to be clickbait or fake news. Additionally,
these articles may include hostile indicators or subliminal messages, as well as
harmful or detrimental content, such as racism and hateful language [23]. Since
news platforms deal with massive volumes of news articles every day, it’s nearly
impossible to filter out all fake news and harmful content. Therefore, it’s im-
portant to take into account this ethical issue in the implementation and design
of news recommender systems. Recommendation algorithms on news platforms
significantly contribute to the spread of misinformation [7]. They have been
criticized for unintentionally amplifying and distributing false information. For
example, content-based recommendation algorithms recommend news similar to
those they have previously expressed a liking for, and collaborative-filtering al-
gorithms recommend news that is popular among similar users, those techniques
play a role in establishing and strengthening echo-chambers. Furthermore, rec-
ommendation algorithms have a tendency to magnify biases, like homogeneity
and popularity biases, in their attempt to furnish pertinent suggestions. These
biases can restrict users’ exposure to differing viewpoints and make users vul-
nerable to misinformation. When most recommendation algorithms evaluate the
quality of the recommendations based on how personalized and accurate the
recommendation items to users, this may increase the spread of misinformation.
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However, Algorithms that encourage some level of cognitive dissonance, and met-
rics that aim to balance user satisfaction and discomfort, may be better suited
for addressing and preventing misperceptions. One proposed solution to identify
and differentiate the dissemination of false information is having datasets that
contain items that have already been marked or recognized as misleading [7].
Another solution is to filter our news articles with short reading dwell time as
this news is most probably clickbait [23].

4.2 Bias

Many prior works have discussed various types of bias in the field of machine
learning in general and in RSs specifically. Li et al. [12] claim that since the
training data and learning algorithm are the fundamental building blocks of
machine learning systems, they are also the primary sources of bias. As a result,
they categorized biases into two main types: Data Bias and Algorithmic Bias.

Data bias in RSs occurs when the data used to train the system is not diverse,
incomplete, or contains inaccuracies, leading to biased recommendations. In news
recommendations, data bias can also manifest as presentation bias, where the
placement and size of news articles influence user click behavior [24]. On the
other hand, the bias may come from the recommendation’s algorithm itself,
which is called algorithmic bias. Algorithmic bias may occur due to the use of
certain optimization methods or biased estimators in an inappropriate manner.

Another type of bias is popularity bias [26] which refers to a type of bias
that occurs when the system recommends news articles based solely on their
popularity or the number of clicks/views they have received, rather than on their
relevance or quality. This bias can lead to a self-reinforcing cycle where popular
articles continue to be recommended, while lesser-known but potentially valuable
articles are overlooked, resulting in a narrow or skewed view of the news.

Zhu et al. [26] introduced three factors that produce and affect the popular-
ity bias: (a) audience size imbalance: It is commonly observed that items tend
to follow a long-tail distribution, where a small number of items have a large
audience size, while the majority of items have a smaller audience. (b) Model
bias: a recommendation model assigns a higher rank to an item that has more
clicks in the training data. This type of bias is the same as algorithmic bias
mentioned in [12]. (c) Closed feedback loop: When the new models trained by
data generated from the previous models, the popularity bias in the previous
models will be inherited by the new models.

There are many ways introduced in the literature to mitigate bias in the rec-
ommendation process. Caton and Haas [2] developed a framework to mitigate
bias in machine learning through three approaches: pre-processing, in-processing,
and post-processing methods. Pre-processing involves cleaning and diversifying
the data before training the model to reduce bias. In-processing methods inte-
grate fairness metrics into the model’s objective function during the algorithm
development phase. Post-processing techniques, on the other hand, recompute
scores or re-rank the recommendation list to address bias.
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4.3 Fairness

Bias and fairness are closely linked in machine learning. Bias refers to systematic
errors in a model or dataset, which can result in unfair treatment of certain
groups. To ensure fairness, machine learning systems must identify and address
bias in both the data and algorithms used. It is widely acknowledged in the field
of fairness research that there is no universally agreed-upon definition of fairness,
due to the fact that the requirements for fairness can vary depending on the
specific context or situation. In news recommendation systems, unfairness can
arise from biases related to sensitive user attributes. Users with similar sensitive
attributes may display similar click behaviors [24]. If the model captures these
biases, it may recommend news to certain groups while excluding others. This
results in unfairness, as some users are unable to access news that matches their
interests.

Wu et al. [25] proposed a framework for developing fair RSs that aim to mit-
igate bias and promote fairness. The framework is based on a multi-dimensional
approach that includes pre-processing, in-processing, and post-processing meth-
ods to address different sources of bias. The framework takes into account various
factors, including user attributes and item characteristics, to ensure that the rec-
ommendation results are fair and unbiased. It also incorporates fairness metrics
to evaluate the performance of the RSs and to monitor for potential bias. While
recommendation task can be recognized as a classification problem, some prior
works have explored fair classification as a means to avoid discrimination in
classification rule mining (e.g. [15]). This could involve developing algorithms
that consider fairness criteria in their optimization process or taking post-hoc
interventions to address discriminatory outcomes. The goal is to ensure that clas-
sification rules do not unfairly discriminate against certain groups of individuals
based on their race, gender, age, or other sensitive attributes.

4.4 Privacy Protection

RSs collect and analyze personal data and user behavior’s data to be able to
provide personalized recommendations to each user, which makes privacy pro-
tection an important concern in RSs. The possibility of privacy leaks is high in
the process of recommendation system work [10]. This is because RSs typically
require access to large amounts of personal data in order to generate personalized
recommendations, and this data can be sensitive and potentially identifiable. In
[14], Milano et al. summarized the four stages in which privacy leakage can occur:

1. Data collection or sharing without explicit user consent.
2. Data storage, as storing data sets can increase the risk of their leakage to

external agents or be targeted by de-anonymization attempts.
3. At the point where the system is capable of making inferences from the data,

worries about privacy also emerge.
4. Collaborative filtering recommendation model: when the system creates the

user model using the data collected on other users’ interactions.
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While Huang et al. described the stages of privacy leakage and their con-
sequences from a different perspective in [10], they summarized the process of
privacy leakage in three stages with the associated outcomes of each stage:

1. User modeling: The stage of obtaining user ’s personalised preferences to cre-
ate the user model. The collected user data consists of explicit data such as
name, preferences, and keywords, and implicit data such as user behaviour
on the website. During this phase, issues of privacy arise, such as unau-
thorized access, collection, monitoring, analysis, consolidation, transmission,
and storage of data.

2. Calculation: in this stage, recommendation algorithm calculates similarity
to generate the recommendation list. Privacy concerns in this stage include
improper analysis, unauthorized transmission of data, and others.

3. Generating recommendation results: Privacy concerns in this stage include
improper analysis, unauthorized transmission of data, and misleading rec-
ommendation.

A few studies have focused on the issue of maintaining privacy in news rec-
ommendation systems. One proposed solution was using federated learning [17],
which involves training machine learning models on decentralized data. This ap-
proach ensures that the user’s data remains on their devices, and the data is
not shared with the server. Another solution is the algorithmic solution, which
uses encryption to user’s data. It also involves making the algorithms used in
the RSs more transparent to users. This approach can be used to help users
understand how their data is being used and ensure that the RSs are making
recommendations that are fair and unbiased. Protecting user privacy in RSs
often requires sacrificing some accuracy in recommendations. It’s essential to
analyze the trade-off between privacy and accuracy to find an optimal balance.
Techniques like differential privacy or federated learning can introduce noise or
limit data usage, affecting recommendation accuracy. Therefore, a careful assess-
ment of this trade-off is vital to ensure user privacy while maintaining acceptable
accuracy in recommendations.

5 Nudging in Recommender Systems

The development of RSs has brought many benefits to users, including per-
sonalized recommendations and improved user experiences. However, with the
increasing complexity of these systems, there are ethical challenges that arise
and impact the democratic public sphere.

In the previous section, I discussed some ethical concerns about issues such as
filter bubbles, recommendation bias, spread of misinformation, and invasion of
privacy. These challenges have prompted researchers and developers to consider
the use of nudges in RSs. Nudges can be used to guide users towards certain
recommendations while still preserving their freedom of choice. By applying
nudges ethically, developers can help users make better-informed decisions while
also mitigating some of the ethical challenges posed by RSs.
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In this section, I will start by providing the general definition of nudge, fol-
lowed by the definition of nudge in the field of recommender system. Finally,
I will discuss some ethical challenged of nudge in recommender system and its
impact on the democratic public sphere.

5.1 The Definition of Nudge

Before we go further, we need to know the clear definition of nudge in general.
Thaler and Sunstein defined nudging in their book as any aspect of the choice
architecture that alters people’s behaviour in a predictable way without forbidding
any options or significantly changing their economic incentives ([20], pp. 6). They
presented the concept of nudging as a way to help people make better decisions in
their daily lives. The authors argue that by understanding the way people think
and behave, and by designing choice architectures that guide people towards
better choices, we can improve outcomes in many areas of life.

The authors adopted the concept of libertarian paternalists. The libertarian
part is based on the belief that individuals should generally be free to make
their own choices and have the option to opt-out of undesirable arrangements if
they wish. They emphasize that their approach is about preserving or increasing
freedom of choice for individuals. When adding the term libertarian to the term
paternalism it emphasizes the importance of preserving individual liberty. So,
libertarian paternalism refers to an approach that is focused on preserving indi-
vidual liberty and making it simple for people to make their own choices without
being burdened or constrained. Libertarian paternalisms want to encourage peo-
ple to make better decisions, but they do not want to limit or infringe upon their
freedom. The main idea is to preserve individual autonomy while still guiding
people toward better decisions through the use of nudges.

On the other hand, the paternalistic aspect centers around the notion that it
is acceptable for private institutions and governments to make conscious efforts
to guide individuals towards choices that will benefit their lives. This implies
that institutions have a responsibility to use nudges to improve people’s decision-
making, even if it means limiting their choices in certain situations. Overall, it
involves balancing the desire to preserve individual freedom with the need to
guide individuals towards better decisions.

The fundamental principle of libertarian paternalism is to provide nudges
that have the highest potential to assist individuals while causing the least pos-
sible harm. Thaler and Sunstein set what they called a golden role of libertarian
paternalism: offer nudges that are most likely to help and least likely to inflict
harm ([20], pp. 72). The authors suggest that nudges are necessary in situations
where decisions are challenging, infrequent, do not provide immediate feedback,
and are difficult to understand. Additionally, individuals are most likely to ben-
efit from nudges in situations where decisions are delayed, or where individuals
struggle to translate the relevant aspects of the situation into terms that they
can easily understand ([20], pp. 73-76). This implies that nudges are most useful
when individuals are faced with complex decisions that require guidance. Ex-
amples of such situations include choosing a retirement savings plan, selecting
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a health insurance plan, and making healthy food choices. In each case, indi-
viduals face complex decisions that can have long-term consequences for their
well-being, and where nudges can help guide them towards better choices.

5.2 Nudging in the Context of Recommender Systems

The concept of nudging was initially explored in offline situations involving in-
person decisions, focusing primarily on matters related to personal health or
finances. As nudging gained in popularity and started to be used in the online
environment, a new term emerged: digital nudging. It involves user interface
elements of websites and software applications that affect choices of the users,
the use of various design features, such as choice architecture, default settings,
and social influence. As the main goal of RSs is to guide users to better choices
and recommend items that users will most likely enjoy or items that the system
think they are more suitable for the users to see, there are possibilities to merge
personalized recommendations with “explicit” digital nudges [11]. For example,
nudges in public service RSs can specifically manifest as default settings or the
delivery of feedback on the recommended items they receive [21]. This feedback
can be used to adjust the recommendations and make them more diverse over
time.

Nudging can be used in RSs to benefit democracy by promoting exposure
to diverse viewpoints which results in decreasing in selective exposure behav-
ior and reducing filter bubbles. One approach is to use nudges that encourage
users to explore content outside of their usual preferences or viewpoints and
to engage with a broader range of content and viewpoints, which can help to
promote a more informed and democratic society. There are different strategies
and methodologies for using digital nudging in RSs which have been discussed
in the literature. For example, [1] proposed a strategy for digital nudging in
the recommender system called full homepage recommendation strategy. It is
a nudging strategy which can be used to ensure access diversity by providing
users with a wide range of content options on the homepage of a website or app.
The idea behind this strategy is that the news recommender system pre-selects
news articles for consumption based on a user’s profile characteristics. And in
consequence, it can help to reduce selective exposure by favoring the display of
viewpoints that the user may be less familiar with or have not yet considered.
Furthermore, the algorithm could also prioritize news articles that cover matters
of public interest, rather than just reinforcing the user’s existing preferences. By
doing so, the system can help to ensure that users are exposed to a broader range
of perspectives on issues that are relevant to society as a whole, rather than just
their individual interests and biases.

However, this strategy has faced many criticisms, and some argued that it
cannot be counted as nudge. Vermeulen and Judith argued that the pre-selected
news article in the homepage limits individual choice - which contradicts with
the definition of nudge - because users are not able to select content that has not
been pre-selected for them [21]. The content that is not pre-selected is effectively
de-selected, meaning that it cannot be consumed by the user. Users should have
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the ability to manage the parameters that inform the algorithmic selection and
prioritization process through the user interface. This can help to ensure that
users have more control over the content they see and can help to mitigate the
potential negative effects of algorithmic filtering and bias.

On the other hand, if one of the choices, particularly the one associated with
the diversity algorithm in our case, is pre-selected as the default option, then it
constitutes a nudge within the choice architecture. However, this is only the case
if individuals still have the option to opt out and choose an alternative option. As
a result, Vermeulen and Judith didn’t consider full homepage recommendation
as a nudge on its own because it restricts user choice by pre-selecting content
for consumption. Therefore, there is no such thing as algorithmic nudging in
this context. Instead, the nudge is found in the default option, which is the
pre-selection of the diversity-enhancing system for content display.

Other nudging mechanisms presented by Jesse and Jannach in their in-depth
research [11] where they conducted a thorough literature review and identified
87 distinct nudging mechanisms. They then grouped these mechanisms into a
new taxonomy, although not all of them had been previously applied in the
context of RSs. Nevertheless, the authors proposed several potential methods
for incorporating these mechanisms into RSs. They described the provision of
recommendation as implicit nudge, as it incorporates various mechanisms that
have been identified in the literature. Some of these applied mechanisms include
hiding nudge, which involves hiding or de-emphasizing certain options or pieces
of information and only present a specific subset of the available choices in or-
der to nudge users towards selecting or prioritizing other options. Furthermore,
positioning nudge, which means altering the placement or positioning of recom-
mendations or other pieces of information or providing a particular ranking of
the choices. For example, a recommender system might position certain recom-
mendations more prominently on a user’s screen or give some recommendations
more salient placement or size in order to increase the likelihood that the user
will select them. Alternatively, it might position recommendations in a way that
encourages users to consider a wider range of options. Another approach is to
increases the “ease and convenience” of selecting particular items. This involves
manipulating the choice architecture to increase the likelihood that people will
select certain options by making them more visible and accessible.

Although Nudging promotes positive outcomes such as healthier behaviors,
increased access to diverse information, and decreased selective exposure behav-
ior and filter bubble, the use of nudging in RSs raises ethical concerns regarding
the extent to which it can influence user behavior, autonomy, and decision-
making. This has led to a growing debate over the ethics of nudging in RSs. One
of the key issues is the impact of nudging on the democratic public sphere, as
it can potentially reinforce existing power dynamics and limit user autonomy.
This raises important questions about the role of nudging in promoting demo-
cratic values and the responsibility of designers and developers in ensuring that
nudging is used ethically in RSs. In this context, the next section will discuss
the ethics of nudging and its implications for the democratic public sphere.
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5.3 Ethical Challenges of Nudging

Although nudges are intended to assist individuals in making better decisions,
this isn’t always the case when it comes to practical application. Nudges are not
always utilized in a manner that benefits the users. Weinmann et al. in [22] give
an example of some low-cost airlines in Europe present non-essential options
to their customers in a way that manipulates or guides them towards purchas-
ing those options. This is an example of unethical nudging, as the airlines are
taking advantage of customers’ decision-making processes in order to increase
their profits. While this approach may result in short-term gains for the com-
pany, there are potential negative consequences in the long run. Customers may
become dissatisfied with the airline’s practices and choose to take their busi-
ness elsewhere, leading to a loss of goodwill. Negative publicity and even legal
action may also result if the airline’s actions are deemed to be deceptive or un-
fair. Overall, this situation highlights the importance of considering the ethical
implications of nudges and the potential impact on both users and society.

Sunstein discussed several ethical challenges related to nudges and choice
architecture in [19]. One ethical issue is that nudges can both safeguard the free-
dom of certain people and enforce specific actions on others. The author gave
an example of the government that mandates large employers to implement
automatic enrollment plans for retirement or health insurance, which nudges
employees while forcing employers. Similarly, the government may require chain
restaurants or movie theaters to disclose calorie information to customers, nudg-
ing them while forcing the restaurants. Other objections to nudges discussed in
[19] include the issue of paternalism, where nudges are seen as a violation of in-
dividual autonomy and freedom of choice. However, as we discussed previously,
others argue that individuals have the right to make their own decisions, even
if they may not be in their best interest. Additionally, some nudges can force or
pressure people to make a certain decision, even if they appear to give people a
choice. other types of nudges can be seen as an insult to people’s dignity and a
way of treating them as if they were children.

As a rule, there are ethical considerations that must be taken into account
when using nudging. Firstly, they must be transparent and communicated clearly
to those who will be affected. Nudges should not not violate people’s autonomy
or freedom of choice. They should be designed to achieve their intended goals ef-
fectively without unfairly benefiting one group over another. Nudges should also
show respect for human dignity and not be degrading or disrespectful. Addition-
ally, the potential unintended consequences of nudges must be considered and
minimized. Finally, those responsible for designing and implementing nudges
should be held accountable for their actions. These ethical issues are also re-
flected in the use of nudging in RSs. The issue at hand is that designers cannot
present options in a completely neutral way in a user interface, as they must
choose a visual representation that determines the order of the options [11].

Another ethical concern also arises in the use of RSs, which aim to benefit
both consumers and providers. While research mostly focuses on developing al-
gorithms that assist users in finding relevant items, ethical considerations must
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take into account the utility of all stakeholders, including providers [11]. Accord-
ing to the categorization of ethical issues of RSs proposed by [14], any aspect of a
recommender system that could negatively impact the utility of any of its stake-
holders or impose such negative impacts constitutes a feature that is ethically
relevant. Therefore, a recommender system that fails to consider the utility of all
stakeholders does not operate ethically. Another popular issue is that RSs may
filter out certain options for users based on personalized relevance, potentially
infringing on the principle of freedom of choice.

Therefore, it is important for designers and developers of RSs to strike a
balance between the principle of freedom of choice and the desire for relevance
and personalization. It is also important for ethical considerations to take into
account the utility of all stakeholders in the design and implementation of RSs.

6 Conclusion

In conclusion, the development of AI and RS has brought significant benefits to
the public sphere, but it has also raised ethical concerns. One of the major ethical
challenges in RS is the use of nudging. While nudges can help users make better
decisions, they can also be used unethically to manipulate users and influence
their choices. This is especially problematic in the context of the democratic
public sphere, where the free flow of information is critical to ensuring a well-
informed citizenry. As this essay has explored, nudging in RS has the potential to
influence people’s decision-making processes, which can impact the principles of
autonomy, free of choice, and fairness in the democratic public sphere. The use of
unethical nudges in RS can lead to short-term gains, but may also have long-term
consequences. The designers of these systems must be mindful of these ethical
challenges and work to ensure that users are not unfairly influenced by nudges.
Ultimately, as we continue to grapple with the ethical challenges of AI and RS,
it is important to remember that these technologies are tools that can be used
for both good and bad. As such, it is our responsibility to use them ethically and
ensure that they serve the best interests of society. The goal should be to create
a democratic public sphere that is inclusive, transparent, and ethical, and that
allows individuals to make informed decisions based on accurate and trustworthy
information.
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