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News Recommendation Systems: Al-Based
Personalization in Digital News Services

Executive Summary

Nowadays, the internet and social media have become
primary sources of information for many people. To help
users navigate the vast amount of available information,
social media and news platforms use news recommen-
der systems. These systems filter information based on
users' preferences, determined by their past search and
click behavior. Ideally, users then only receive news that
aligns with their interests. While this filtering function is
convenient, it also poses significant challenges at the in-
dividual and societal levels. First, the algorithms of news
recommendation systems are designed to keep users en-
gaged for as long as possible. The longer users stay on
a platform, the more advertising revenue is generated.
Highly emotional and negative news captures attention
and is therefore suggested more frequently. Ultimately,
this can lead to a craving for more news and, in the worst
case, news addiction—a phenomenon that has become a
major problem among young people and is referred to as
.doomscrolling." Furthermore, distortions occur at the in-
dividual level. Events around us are perceived one-sidedly
due to the filtering of certain news, which promotes the
spread of misinformation. Societally, this creates echo
chambers and filter bubbles, where people consume si-
milar news, reinforce each other’'s opinions, and amplify
them. Exchange of differing opinions and nuanced infor-
mation is prevented, ultimately leading to polarization in
society.

The ALAIT Risk Radar classifies the use of news recom-
mendation systems as ,high risk” (red; see illustration).
However, according to the EU Al Act, the risk associated
with these systems is classified as ,medium" (level 3)
on the ALAIT Risk Radar. In terms of degree of autono-
my, these systems are mostly fully autonomous because
they operate independently with minimal or no human
intervention. Human involvement is limited to long-term
oversight, such as through audits (Level 5). Platforms and
users can reduce risk by implementing the risk mitigation
measures outlined at the end of this dossier. In principle,
greater news diversity and the development of democra-
tic, fair systems are crucial (see page 6). Transparent and
explainable systems, as well as human oversight, are re-
commended to avoid biases and political polarization.

*ALAIT is a research project initiated by the Federal Ministry of Innovation, Mobility, and Infrastructure (BMIMI) aimed at

ALAIT Risk Radar for News Recommendation Systems:
Al-Based Personalization in Digital News Services
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The ALAIT Risk Radar is a scientifically developed risk analysis
tool for artificial intelligence (Al) that classifies Al applicati-
ons based on context and taking into account their degree of
technical autonomy, thereby making the risk landscape visible
to users at a glance. The following principle applies: The hig-
her the operational risk arising from the application context
and the greater the degree of autonomy of the Al system with
regard to decision-making, the riskier the use is classified. An
expanded bracket indicates a range within the risk classifica-
tion. A low degree of autonomy in an Al system does not mean
one can sit back and relax. It requires a strong role for the
people who use it. (For details on the tiered model, see p. 9f.)

developing a novel form of technology assessment for Al technologies using scientific methods.



Introduction

In recent years, social media and online news platforms
have grown in popularity.] At the same time, users are
exposed to so much news that it is difficult for them to
keep track of it all and identify news items that interest
and concern them. News platforms and social media
have found a solution to this problem in personalized
recommendation systems, also known as news re-
commender systems. These systems' algorithms learn
users' preferences from their reactions and can thus
predict which news, information, products, or services
are of particular interest to the individual.3*% Such per-
sonalized news services can identify users' needs and
preferences and optimize the platform’'s user experien-
ce.

When it comes to news recommender systems, it's im-
portant to distinguish between social media and tradi-
tional news platforms. Although both use algorithms
to suggest content, they operate under different incen-
tives, datasets, and regulatory conditions. Social media
platforms are based on an attention economy, so their
news recommendation systems are optimized to keep
users on the platform for as long as possible, allowing
for more ad displays. They prioritize ,shareability” and
Wvirality”.?¢ This often rewards emotional, polarizing,
or sensational content because it generates the most
clicks and comments.3¢38 News platforms likewise want
to drive engagement, but their primary goal is customer
retention and loyalty.?” A news platform relies on its re-
putation as an accurate source of information to gain
subscribers. Therefore, their news recommendation
systems are often constrained by editorial guidelines to
avoid damaging the platform'’s credibility.

Many news sources and agencies, such as CNN, the
BBC, and ORF, provide access to the latest news at any
time and from anywhere through their online portals.
To attract more visitors, these portals increasingly use
recommendation systems designed to improve the user
experience. ,Improved user experience"” refers to cha-
racteristics such as usability, utility, efficacy, and sa-
tisfactory interaction with the system.> MModern news
recommendation systems adapt content flexibly to con-
text and individual needs. They optimize the format and
length for the respective device, consider accessibility
(e.g., screen readers), and deliver location-based news.
For example, the NZZ has specific regional editions for
Germany and Switzerland? , and the ORF uses Al-powe-
red recommendations on its video platform, ORF ON, to
suggest targeted content. Other European media out-
lets also follow a public service approach. For instance,
the Finnish broadcaster Yle is developing a ,public ser-

vice algorithm" that combines personalization with pub-
lic surplus value. These recommendations aim to be per-
sonally relevant while also offering diverse perspectives
and exposing users to surprising content outside their
filter bubbles. Yle emphasizes transparency and user
autonomy; users can understand why content is recom-
mended and control their personalization.”

Despite these positive examples, news platforms also
face risks and challenges. While users benefit from per-
sonalized recommendations, these can also undermine
their freedom of choice and jeopardize their privacy.
Values such as privacy, safety, consumer protection, ac-
countability, solidarity, equality, fairness, transparency,
and democratic oversight often conflict with the econo-
mic interests embedded in the platform's architecture.
Since news recommendation systems determine which
content is highlighted or hidden, they can influence pu-
blic opinion and restrict human autonomy.® Therefore, it
is important to carefully weigh these and other factors
when evaluating news recommendation systems.

Recommendation systems on social media go a step fur-
ther because they use virtual profiles of users that may
contain sensitive data, such as age, address, and perso-
nal interests. With this ,social profiling,” platforms can
influence users without their knowledge. Although this
practice is prohibited in the European Union, it is difficult
to control.® Additionally, news addiction, or ,doomscrol-
ling", has become one of the biggest problems for young
people in recent years.
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Technology Description

A news recommendation system selects articles from
among the many available ones that might be of the
greatest interest to a specific person. When a user
opens a social media platform, the system uses their
profile to determine their preferences. If a profile hasn't
been created yet, the system uses previous clicks, rea-
ding habits, location, and cookies to create a tempo-
rary profile.”®> Based on this profile, the system selects
and displays suitable articles. When a user clicks on or
reads an article, their profile is updated. Consequently,
the system is constantly learning and can tailor its re-
commendations more effectively.
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This ,modeling" of users is inherently challenging.* One
of the greatest challenges of recommendation systems
is the dynamic nature of users' interests. An accurate
recommendation system must continuously track the-
se changes and adjust the profile accordingly.>” An-
other problem with user modeling is the lack of direct
feedback. Many users do not rate or comment on ar-
ticles. Therefore, the system must learn from indirect
cues, such as clicks or reading time.*®

The following diagram illustrates the basic principle:
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There are two main types of news recommendation
systems:

1. Collaborative Filtering (CF): This approach uses
user feedback, such as likes, dislikes, or ratings, to
identify preferences. Based on this feedback, the
system recommends articles that other users with
similar behaviour have liked

2. Content-Based Filtering: In this approach, artic-
les are compared with one another based on their
characteristics (e.g., text or multimedia content).
The system recommends content similar to articles
that users have already read or rated positively.

T
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Depending on the application, both approaches have
advantages and disadvantages. Hybrid systems, which
combine collaborative filtering and content-based fil-
tering, are often used to balance these out. These sys-
tems integrate the two approaches to compensate for
their respective limitations. They can better address
the ,cold start"” problem - the difficulty of providing
relevant recommendations for new users or content
due to a lack of usage data - and data scarcity. Addi-
tionally, they provide more precise and diverse recom-
mendations because they simultaneously consider the
relationships between users and content.
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Current news recommendation systems rely on advan-
ces in machine learning, particularly in natural langua-
ge processing, which deals with textual content. At its
core, this technology involves training algorithms using
large sets of labeled data (supervised learning) to cate-
gorize news articles

Deep learning (DL), on the other hand, is based on arti-
ficial neural networks and can learn important features
and patterns directly from raw data without having to
define them manually beforehand.

DL models are now considered the state of the art for
news recommendation systems because they

1. achieve higher accuracy when processing text,
images, or videos;

2. better capture the complex interactions between
users and content;

Opportunities
For Users (Readers):

e Personalized recommendations and a better user
experience: Personalized recommendations reduce
the complexity of the information landscape and
thus improve the user experience. The goal is not
to limit the volume of news artificially, but rather
to facilitate the selection process. A well-tuned sys-
tem acts as a digital curator, helping readers quickly
access relevant topics. This reduces the overwhel-
ming volume of information, decreases information
complexity, and increases user satisfaction.3*

e Accessibility and Context Sensitivity: Modern news
recommendation systems are increasingly able to
adapt to specific usage scenarios and accessibility
needs. These systems can detect if a user is on a
smartphone or PC and provide content tailored to
the device, whether it be longer or shorter text, or
visually structured content. These systems can also
take into account regional language variants, lo-
cal news interests, and accessibility requirements,
such as screen reader-compatible text for visually
impaired users.?

3. alsoaccountfortime-varying user behavior through
sequential modeling; and

4. mitigate typical challenges of conventional sys-
tems, such as cold start or insufficient rating data.

DL models can solve these problems by automatical-
ly extracting useful information from user and con-
tent data, enabling more accurate recommendations.
Graph-based recommendation systems (GRS) build on
this by modelling the complex relationships between
users, items and other factors within a multirelational
graph. This enables them to identify latent interests
that conventional models might overlook.3?

For Platforms:

e Improved Click-Through Rates and User Retention:
A well-optimized news recommendation system
increases the relevance of the displayed content,
leading to higher engagement rates. This results in
longer session durations and a greater willingness
of users to return.>*’ Studies show that news re-
commendation systems can increase click-through
rates on news portals by more than 30%.7"* By mo-
nitoring click behavior, recommendation systems
can automatically identify users' needs and prefe-
rences, create a preference profile, and use this in-
formation for targeted advertising.
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Challenges and Risks

Despite the promise of delivering significant benefits to
users and platform operators, news recommendation
systems pose a wide range of risks and challenges at
both the individual and societal levels.

Individual Level:

e Data Protection: DThe performance of a news re-
commendation system is directly linked to the
amount of data processed. However, this can lead
to data privacy issues, as some news platforms and
social media sites use information such as users'
geographic location.?* If this data is stolen or misu-
sed, it could have serious implications for the priva-
cy and security of those affected.

e News Addiction: : This refers to the compulsive and
harmful consumption of articles, news feeds, radio,
podcasts, talk shows and email newsletters. Tho-
se affected constantly check certain platforms, a
behaviour also known as “doomscrolling” through
social media feeds. As a subset of internet and
technology addiction, news addiction can lead to
changes in the brain over time that impair concen-
tration, prioritisation, mood regulation and rela-
tionships with others.?”2® News recommendation
systems increase this risk through personalisation
and maximising click-through rates.

Societal Level:

e Click-Through Rates and Maximising Engagement:
News recommendation systems are not only tools
for optimising platform services but also instru-
ments of an attention economy. This means they
are profit-driven tools designed to maximise user
engagement in the form of clicks or time spent on
the platform.® Research findings show that negati-
ve or emotionally charged news elicits the strongest
reactions and is therefore recommended or shared
more frequently."®" This leads to the emergence of
systematic content biases (see next point). Rather
than ensuring balanced information, these systems
promote the polarisation of content, which can lead
to the fragmentation of society.

e Reduction in the Diversity of Recommendations
and A/ Bias: News recommendation systems often
exhibit systematic biases (Al bias)."81¢222317 These
biases reinforce users' beliefs and interests, leading
to limited content presentation and the formation
of echo chambers and filter bubbles.®?'°¢ The term
"echo chamber" describes an information bubble in
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which users are exposed only to articles that con-
firm their existing beliefs. The term “filter bubble”
refers to intellectual isolation - the state of being
cut off from differing viewpoints and new informa-
tion. This arises from personalised search queries
or algorithms and leads to information being se-
lectively absorbed and restricted, creating a highly
polarised information environment.*8%% Further-
more, digital journalism is susceptible to a process
known as “McDonaldization”. In this process, edi-
torial autonomy is often sacrificed for standard-
ised content formulas whose strong performance
is "metrically confirmed". This prioritises efficiency
and predictability over the high costs and uncertain
returns of investigative journalism, thereby further
limiting the diversity and quality of news.?8:2?

Low Reliability, Disinformation and Fake News: Due
to their mathematical nature, Al systems are limi-
ted in their ability to correctly interpret context and
assess the reliability of information and sources.*%?
In practice, recommendation systems for news on
social media have already been manipulated to di-
rect readers towards fake news.” For example,
YouTube was manipulated in coordination with the
newspaper The Guardian to direct readers towards
sensationalist and false news during the 2016 US
elections.® A study across 35 countries also shows
that using social media as a primary news source is
associated with lower trust in news."

Technical Level:

User Modeling: : One of the greatest challenges for
recommendation systems is the dynamic nature of
user interests. In order to receive personalised re-
commendations for news articles, a comprehensive
user profile must be created that takes into account
preferences, likes and dislikes, previous interactions
with the system, interests and even relationships
with other users.” User modelling is used to iden-
tify these preferences, track changes continuously
and update the profile accordingly. However, this
can lead to additional privacy issues.>” EAnother
problem is the lack of direct feedback, since many
users do not rate or comment on articles. The sys-
tem must therefore learn from indirect cues, such
as clicks or reading time.**
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Recommendations for Practical Use

For Platforms:

1.

Compliance with existing regulations: All Al sys-
tems must be assessed to ensure compliance with
the General Data Protection Regulation (GDPR)
and the EU Al Act. The implementation and appli-
cation of the EU Al Act at Union level is overseen by
bodies such as the European Artificial Intelligence
Office (Al Office) and the European Artificial Intel-
ligence Board (Al Board)."® The Digital Services Act
(DSA) introduces key obligations for social media
platforms. These are intended to empower users
and reduce the systemic risks associated with al-
gorithmic curation. For instance, Article 27 (Trans-
parency of Recommendation Systems) stipulates
that platforms must provide clear explanations
of the primary parameters of their recommenda-
tion systems, enabling users to comprehend the
rationale behind the content displayed to them."”
Article 38 (Non-profiled feeds) specifies that very
large online platforms (VLOPs) must offer at least
one recommendation system that does not use
user profiles.3° Article 40 (Data access for resear-
chers) stipulates that verified researchers must be
granted access to platform data in order to con-
duct studies that contribute to the identification
of systemic risks (e.g. the dissemination of illegal
content).?

Democratic and "diversity-aware" systems: The
ability to diversify the news offered to users is key
to democratic news representation. News recom-
mendation systems should therefore actively emp-
loy diversification strategies. This enables them to
recommend not only similar or confirmatory con-
tent, but also highlight divergent perspectives, di-
verse sources and a wide range of topics. This can
help to reduce filter bubbles and echo chambers.>®
Factors that must be considered in every recom-
mendation system to enable diversification include
news topics, writing styles, tags, perspectives, con-
texts and ideologies.>®™? However, diversity-aware

n—
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systems do not guarantee an effect on readers.
Empirical studies disagree on the effectiveness of
technological nudging, which steers user behaviour
in predictable ways and displays diverse content, in
news systems.?¢

Data correction (data deing): In order to generate
high-quality news recommendations, it is import-
ant to develop effective methods of eliminating the
influence of various types of bias on the results of
recommendations.! Consistent, rebalanced and ca-
refully selected data are the starting point for stra-
tegies to reduce bias.?®

For Users:

1.

Building and strengthening Al and media literacy:
It is important to learn about Al technologies, de-
velop the right skills and understand one's rights.?°
In Austria, the Rundfunk- und Telekom Regulie-
rungs-GmbH (RTR) serves as an information and
contact point for the general public. The RTR Al
Service Centre assists citizens with queries relating
to transparency and their rights when interacting
with Al systems or reviewing Al decisions.? Users
can also learn about the specific methods employed
by news recommendation systems. The algotrans-
parency information group educates citizens on
how they are steered towards increasingly biased
information in each subsequent phase of the re-
commendation cycle, starting with a neutral search
on YouTube.® The European Centre for Algorithmic
Transparency (ECAT) assists the European Com-
mission in its supervisory and enforcement duties
concerning the systemic obligations of very large
online platforms (VLOPs) and very large online
search engines (VLOSESs) under the Digital Services
Act (DSA). Furthermore, promoting media literacy
among children and young people in the context of
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4.

social media is essential.?* Furthermore, promoting
media literacy among children and young people in
the context of social media is essential.

Fact-checking: Although verifying the quality of infor-
mation is a complex task, it can already be done. For
instance, fact-checks on complex and controversial
topics can be useful. The Austria Press Agency (APA),
for instance, uses fact-checks to provide readers with
insight into the research methods of the digital age.
With the help of fact-checking, readers can form ra-
tional and fact-based opinions on complex and con-
troversial topics.?® Other media organisations that
focus on investigative journalism, such as CORREC-
TIV. Faktencheck, also offer fact-checking services.

Critical thinking: Users should evaluate the recom-
mendations provided by the news recommendation
system critically and actively seek out alternative
perspectives. To this end, it is recommended that
they regularly read content from various media
sources representing different political viewpoints
and covering international contexts. Many plat-
forms today offer customisation features that
allow users to add or exclude certain sources based
on their interests. Such settings can correct algo-
rithmic bias and reduce the risk of filter bubbles.>®?

Time limits: Setting time limits for social media use
can generally help to reduce the overall risks as-
sociated with news recommendation systems. In
particular, it can reduce the risk of news addiction
and "doomscrolling”.?> Studies have shown a link
between excessive social media use and depressi-

on.?335 Therefore, limiting social media use can im-
prove overall well-being. It is particularly important
not to give children and adolescents unrestricted
access to social media. During this critical pha-
se, behaviours such as forming online friendships,
commenting, liking and reacting to specific con-
tent develop.3* Most social media apps and smart-
phones currently offer settings that allow users to
create daily schedules. These pause usage after
preset time periods to promote more mindful con-
sumption in line with personal goals.
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Important Terms

Al Accuracy: Refers to an Al system's ability to make ac-
curate predictions or decisions. It is an important mea-
sure of its performance and is crucial for determining its
effectiveness and reliability.

Al Autonomy: The ability of an Al system to achieve a
set of goals under a range of uncertainties in its environ-
ment, autonomously and without external intervention.

Data Privacy in Al: The totality of practices and concerns
related to the ethical collection, storage, and use of per-
sonal data by artificial intelligence systems.

Echo Chamber: Refers to an information bubble surroun-
ding a user in which only information that confirms the
user's existing beliefs can be found.

European Union Law on Artificial Intelligence (EU Al Act):
A European regulation on artificial intelligence (Al)—the
first comprehensive regulation on Al ever issued by a
major regulatory authority. It focuses in particular on
high-risk Al systems.

Explainable Al (XAl): Refers to methods and techniques
that make it possible to better understand and explain
the decisions and results of Al systems.

Filter Bubble: Bezieht sich auf Methoden und Techniken,
die es ermdglichen, die Entscheidungen und Ergebnisse
von KI-Systemen besser zu verstehen und zu erklaren.

Supervised Learning: A subfield of machine learning in
which the training data is labeled in advance and the
system learns the pattern between the content and the
label. The task of such an Al system is to find a relation-
ship that maps each input in the training set (the data)
to an output (the label).

Systematic Bias (Al Bias): Bias is the systematic diffe-
rence in the treatment of certain objects, individuals,
or groups compared to others. Treatment refers to any
type of action, including perception, observation, repre-
sentation, prediction, or decision-making.

Transparency: This means that the functioning, decisi-
on-making processes, and areas of application of an Al
system are transparent, explainable, and openly accessi-
ble—to developers, users, and other stakeholders.

News Recommendation Systems: Al-Based Personalization in Digital News Services 8



Explanation of the ALAIT Risk Radar’s Tiered Model

The ALAIT Al Risk Radar shows the relationship bet-
ween application risk and autonomy of an Al system.
The risk levels are based on the EU Al Act, in parti-
cular Article 6 and Annex Ill, which deal with high-
risk areas of Al application. Lower system autono-
my and application risks are represented by cooler
colors (blue), while higher system autonomy and ap-
plication risks are represented by warmer colors (red).

The change of color conveys the increased risk of Al ap-
plications. This color scale can be used to identify the
overall risk: violet and dark red - very high, red and dark
orange - high, light orange and yellow tones — medium,
blue tones - low overall risk. Ideally, high application risks
and system autonomy should be avoided or only be used
after very careful consideration.

Degrees of Autonomy of the Al System

Level 1: No Autonomy

Al is a passive tool; humans make all decisions and initiate actions.

Example: Diagnostic systems that display raw medical
data or analyze the data (without recommendations!)

Recommended use cases: Scenarios involving high risks
or where ethical decisions are of crucial importance (e.g.,
medical diagnostics, judicial system).

Level 2: Low Degree of Autonomy (Human-in-the-Loop).
The Al provides recommendations or options, but users remain responsible for selecting and approving measures.

Example: Al suggests optimal routes for logistics or re-
commendation systems in e-commerce.

Recommended use cases: Tasks of medium complexity
with moderate risks (e.g., supply chain optimization).

Level 3: Medium Degree of Autonomy (Human-on-the-Loop)
The Al performs certain tasks autonomously, with humans intervening only in exceptional cases.

Example: Al-supported manufacturing processes in
which the system controls the machines, but users inter-
vene in the event of anomalies.

Recommended use cases: Scenarios in which continuous
human involvement is not required, but critical risks neces-
sitate human oversight (e.g., industrial automation, moni-
toring of financial transactions).

Level 4: High degree of autonomy (Human in Control)
The Al system operates largely autonomously but allows users to override itself to avoid undesirable results.

Example: Autonomous Vehicles

Level 5: Full autonomy with minimal supervision

Recommended use cases: Low to medium risk environ-
ments (e.g., logistics, simple traffic management).

The Al system operates independently and requires minimal or no human intervention. Human involvement is limi-

ted to long-term oversight (audits).

Example: Autonomous agricultural machines, Al for power
grid distribution, subways, airport trains.

Recommended use cases: Environments with low safety
or ethical risks and high reliability of the Al system (e.g.,
repetitive tasks in controlled environments

News Recommendation Systems: Al-Based Personalization in Digital News Services 9



Degrees of Application Risk

Level 1: Minimal Risk
The Al system has no significant impact on users or decision-making.

Examples: Filters, NPCs, recommendation algorithms Criteria: No direct impact on the high-risk areas of the
without serious consequences (Deepl, other translation EU Al Act.
systems)

Level 2: Limited Risk
Al systems that interact with users but do not make high-risk decisions. The risk increases when there is a lack of
transparency about the involvement of Al.

Examples: Chatbots and Al-generated content without Criteria: Areas not included in the "high risk" list of the
disclosure, simple automation tasks. EU Al Act.

Level 3: Medium Risk
Al systems do not have significant impact on a particular individual, but they do have an effect at the collective or
societal level.

Examples: Generative Al such as ChatGPT and other Criteria: Al systems that are available for public use and
systems that can indirectly influence the environment in have the potential to influence existing practices and
which they are used. change them in the long term.

Level 4: High Risk
Any algorithm that is used in “high-risk" areas as defined by the EU Al Act or that has a direct impact on individuals.

Examples: Medicine, biometrics, critical infrastructure, Criteria: Belongs to the "high-risk” area of the EU Al Act,
education and vocational training, employment, access only if the rules for transparency and data quality are
to public sector services, law enforcement, migration complied with.

Level 5: Extreme Risik
Any algorithm used in "high-risk areas” as defined by the EU Al Act.

Examples: Medicine, biometrics, critical infrastructure, Criteria: Belongs to the "high-risk” area of the EU Al Act

education and vocational training, employment, access and the rules for transparency and data quality are NOT
to public sector services, law enforcement, migration. complied with.

News Recommendation Systems: Al-Based Personalization in Digital News Services 10



Sources

1T Wouy, C,, Wu, F, Huang, Y., & Xie, X. (2023). Personalized News Recommendation: Methods and Challenges. ACM
Transactions on Information Systems, 41(1), 1-50. https://doi.org/10.1145/3530257

2 Coenen, A. (2019, October 17). How The New York Times is Experimenting with Recommendation Algorithms.
Medium. https://open.nytimes.com/how-the-new-york-times-is-experimenting-with-recommendation-algorithms-
562f78624d26

3 Meng, X., Huo, H., Zhang, X., Wang, W., & Zhu, J. (2023). A Survey of Personalized News Recommendation. Data
Science and Engineering, 8(4), 396-416. https://doi.org/10.1007/s41019-023-00228-5

4 Feng, C., Khan, M., Rahman, A. U., & Ahmad, A. (2020). News Recommendation Systems—Accomplishments,
Challenges & Future Directions. IEEE Access, 8, 16702-16725. https://doi.org/10.1109/ACCESS.2020.2967792

5 Raza, S., & Ding, C. (2022). News recommender system: A review of recent progress, challenges, and opportuni-
ties. Artificial Intelligence Review, 55(1), 749-800. https://doi.org/10.1007/s10462-021-10043-x

6 Article 5: Prohibited Al Practices | EU Artificial Intelligence Act. (n.d.). Retrieved 12 February 2026, from https://
artificialintelligenceact.eu/article/5/

7 Hilden, K.-M. (2025, May 23). Yle is developing a Public Service Algorithm to ensure the relevance and transparen-
cy of its services. Yle Viestintd. https://yle.fi/aihe/a/20-10008750

8 Parcy, P. L, Bird, W., Taina, B., & Mello, P. C. (2023, February). Pluralism of News and Information in Curation and
Indexing Algorithms. Forum Information & Democracy. https://informationdemocracy.org/publications/pluralism-
of-news-and-information-in-curation-and-indexing-algorithms/

9 Elahi, M., Jannach, D., Skjeerven, L., Knudsen, E., Sjgvaag, H., Tolonen, K., Holmstad, @., Pipkin, I., Throndsen, E.,
Stenbom, A., Fiskerud, E., Oesch, A., Vredenberg, L., & Trattner, C. (2022). Towards responsible media recommenda-
tion. Al and Ethics, 2(1), 103-114. https://doi.org/10.1007/s43681-021-00107-7

10 Raza, S. (2024). Bias Reduction News Recommendation System. Digital, 4(1), 92-103. https://doi.org/10.3390/
digital4010003

11 Kalogeropoulos, A., Suiter, J., Udris, L., & Eisenegger, M. (2019). News Media Trust and News Consumption: Fac-
tors Related to Trust in News in 35 Countries. International Journal of Communication, 13, 22-22.

12 Wang, R., Liesaputra, V., & Huang, Z. (2025). A Survey on LLM-based News Recommender Systems (No. ar-
Xiv:2502.09797). arXiv. https://doi.org/10.48550/arXiv.2502.09797

13 AlgoTransparency. (n.d.). AlgoTransparency. Retrieved 17 October 2025, from https://algotransparency.org/

14 Robertson, C.E., Préllochs, N., Schwarzenegger, K. et al. Negativity drives online news consumption. Nat Hum
Behav 7, 812-822 (2023). https://doi.org/10.1038/s41562-023-01538-4

15 Jannach, D., & Jugovac, M. (2019). Measuring the business value of recommender systems. ACM Transactions on
Management Information Systems (TMIS), 10(4), 1-23.

16 Bojic, L. (2024). Al alignment: Assessing the global impact of recommender systems. Futures, 160, 103383.

17 Goanta, C., & Spanakis, G. (2022). The commercial unfairness of recommender systems on social media. In Arti-
ficial intelligence and the media (pp. 148-170). Edward Elgar Publishing.

18 Kl-Servicestelle der RTR. (n.d.). RTR. Retrieved 16 September 2025, from https://www.rtr.at/ki-servicestelle

19 Artikel 27 Transparenz der Empfehlungssysteme ~ Digital-Services-Act (DSA). (n.d.). Digitale-Dienste-Gesetz.
Retrieved 12 November 2025, from https://gesetz-digitale-dienste.de/dsa/artikel-27/

20 Thapa, B. (2019). Predictive Analytics and Al in Governance: Data-driven government in a free society. The Euro-
pean Liberal Forum. https://liberalforum.eu/publication/predictive-analytics-and-ai-in-governance-data-driven-go-
vernment-in-a-free-society/

News Recommendation Systems: Al-Based Personalization in Digital News Services 1


https://doi.org/10.1145/3530257
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://doi.org/10.1007/s41019-023-00228-5
https://doi.org/10.1109/ACCESS.2020.2967792
https://doi.org/10.1007/s10462-021-10043-x
https://artificialintelligenceact.eu/article/5/
https://artificialintelligenceact.eu/article/5/
https://yle.fi/aihe/a/20-10008750
https://informationdemocracy.org/publications/pluralism-of-news-and-information-in-curation-and-indexing-algorithms/
https://informationdemocracy.org/publications/pluralism-of-news-and-information-in-curation-and-indexing-algorithms/
https://doi.org/10.1007/s43681-021-00107-7
https://doi.org/10.3390/digital4010003
https://doi.org/10.3390/digital4010003
https://doi.org/10.48550/arXiv.2502.09797
https://algotransparency.org/
https://doi.org/10.1038/s41562-023-01538-4
https://www.rtr.at/ki-servicestelle
https://gesetz-digitale-dienste.de/dsa/artikel-27/
https://liberalforum.eu/publication/predictive-analytics-and-ai-in-governance-data-driven-government-in-a-free-society/
https://liberalforum.eu/publication/predictive-analytics-and-ai-in-governance-data-driven-government-in-a-free-society/

21 Kl-Servicestelle der RTR. (n.d.). RTR. Retrieved 16 September 2025, from https://www.rtr.at/ki-servicestelle

22 Tao Qi, Fangzhao Wu, Chuhan Wu, and Yongfeng Huang. 2021. PP-Rec: News recommendation with personalized
user interest and time-aware news popularity. In ACL. 5457-5467.

23 Chen, J., Dong, H., Wang, X., Feng, F., Wang, M., & He, X. (2021). Bias and Debias in Recommender System: A Sur-
vey and Future Directions (No. arXiv:2010.03240). arXiv. https://doi.org/10.48550/arXiv.2010.03240

24 European Centre for Algorithmic Transparency—European Centre for Algorithmic Transparency. (2025, October
24). https://algorithmic-transparency.ec.europa.eu/index_en

25 APA. (n.d.). Faktencheck | News Verifizieren | APA - Austria Presse Agentur. Retrieved 24 November 2025, from
https://apa.at/service/faktencheck-2/

26 The truth behind filter bubbles: Bursting some myths | Reuters Institute for the Study of Journalism. (2020, Ja-
nuary 24). Retrieved 5 Dezember 2025, from https://reutersinstitute.politics.ox.ac.uk/news/truth-behind-filter-bub-
bles-bursting-some-myths

27 Genesung von Nachrichtensucht — Anonyme Internet- und Technologieabhdngige. (n.d.). Die anonymen Inter-
net- und TechnologiesUchtigen. Retrieved 16 February 2026, from https://internetaddictsanonymous.org/de/inter-
net-und-technologieabhangigkeit/informationssucht/nachrichtensucht/

28 Cifci, M. E., & Ayhan, B. (2025). 'The first to report wins": The McDonaldization of digital journalism in Turkey.
Journal of Applied Journalism & Media Studies, 14(1), 33-51. https://doi.org/10.1386/ajms_00100_1

29 Hastuti, H., Maulana, H. F., Lawelai, H., & Suherman, A. (2025). Algorithmic influence and media legitimacy: A sys-
tematic review of social media'simpact on news production. Frontiersin Communication, 10. https://doi.org/10.3389/
fcomm.2025.1667471

30 Article 38, the Digital Services Act (DSA). (n.d.). Retrieved 19 February 2026, from https://www.eu-digital-ser-
vices-act.com/Digital_Services_Act_Article_38.html

31 Article 40, the Digital Services Act (DSA). (n.d.). Retrieved 19 February 2026, from https://www.eu-digital-ser-
vices-act.com/Digital_Services_Act_Article_40.html

32 Raza, S., Rahman, M., Kamawal, S., Toroghi, A., Raval, A., Navah, F., & Kazemeini, A. (2025). A Comprehensive
Review of Recommender Systems: Transitioning from Theory to Practice (arXiv:2407.13699; Version 4). arXiv. https://
doi.org/10.48550/arXiv.2407.13699

33 Hunt, M., All, K., Burns, B., & Li, K. (2021). Too Much of a Good Thing: Who We Follow, What We Do, And How Much
Time We Spend on Social Media Affects Well-Being. Journal of Social and Clinical Psychology, 40(1), 46-68. https://
doi.org/10.1521/jscp.2021.40.1.46

34 Charmaraman, L., Lynch, A. D., Richer, A. M., & Grossman, J. M. (2022). Associations of early social media initia-
tion on digital behaviors and the moderating role of limiting use. Computers in Human Behavior, 127, 107053. https://
doi.org/10.1016/j.chb.2021.107053

35 Dr. A.Shaji George, A. S.Hovan George, Dr. T.Baskar, & Dr. M.M.Karthikeyan. (2024). Reclaiming Our Minds: Mit-
igating the Negative Impacts of Excessive Doomscrolling. https://doi.org/10.5281/ZENODO.13737987

36 Heitmayer, M. (2025). The Second Wave of Attention Economics. Attention as a Universal Symbolic Currency on
Social Media and beyond. Interacting with Computers, 37(1), 18-29. https://doi.org/10.1093/iwc/iwae035

37 Goodman, E. (2016, October 26). Editors vs algorithms: Who do you want choosing your news? | Reuters Institute
for the Study of Journalism. http://reutersinstitute.politics.ox.ac.uk/news/editors-vs-algorithms-who-do-you-want-
choosing-your-news

38 Bhargava, V. R., & Velasquez, M. (2021). Ethics of the Attention Economy: The Problem of Social Media Addiction.
Business Ethics Quarterly, 31(3), 321-359. https://doi.org/10.1017/beq.2020.32

News Recommendation Systems: Al-Based Personalization in Digital News Services 12


https://www.rtr.at/ki-servicestelle
https://doi.org/10.48550/arXiv.2010.03240
https://algorithmic-transparency.ec.europa.eu/index_en
https://apa.at/service/faktencheck-2/
https://reutersinstitute.politics.ox.ac.uk/news/truth-behind-filter-bubbles-bursting-some-myths
https://reutersinstitute.politics.ox.ac.uk/news/truth-behind-filter-bubbles-bursting-some-myths
https://internetaddictsanonymous.org/de/internet-und-technologieabhangigkeit/informationssucht/nachrichtensucht/
https://internetaddictsanonymous.org/de/internet-und-technologieabhangigkeit/informationssucht/nachrichtensucht/
https://doi.org/10.1386/ajms_00100_1
https://doi.org/10.3389/fcomm.2025.1667471
https://doi.org/10.3389/fcomm.2025.1667471
https://www.eu-digital-services-act.com/Digital_Services_Act_Article_38.html
https://www.eu-digital-services-act.com/Digital_Services_Act_Article_38.html
https://www.eu-digital-services-act.com/Digital_Services_Act_Article_40.html
https://www.eu-digital-services-act.com/Digital_Services_Act_Article_40.html
https://doi.org/10.48550/arXiv.2407.13699
https://doi.org/10.48550/arXiv.2407.13699
https://doi.org/10.1521/jscp.2021.40.1.46
https://doi.org/10.1521/jscp.2021.40.1.46
https://doi.org/10.1016/j.chb.2021.107053
https://doi.org/10.1016/j.chb.2021.107053
https://doi.org/10.5281/ZENODO.13737987
https://doi.org/10.1093/iwc/iwae035
http://reutersinstitute.politics.ox.ac.uk/news/editors-vs-algorithms-who-do-you-want-choosing-your-news
http://reutersinstitute.politics.ox.ac.uk/news/editors-vs-algorithms-who-do-you-want-choosing-your-news
https://doi.org/10.1017/beq.2020.32

About the ALAIT Project

The Austrian Lab for Al Trust (ALAIT) is a research and development project funded by the Austrian
Federal Ministry for Innovation, Mobility and Infrastructure (BMIMI) aimed at building trust through
knowledge in the field of artificial intelligence (Al). The ALAIT project aims to empower interested par-
ties and key societal groups to use Al technologies responsibly and to establish ethical and high-quality
standards for the use of Al.

The project is led by winnovation (Gertraud Leimiller and Lena MUller-Kress) and is being carried out in
collaboration with leiwand.ai (Rania Wazir and Silvia Wasserbacher-Schwarzer), TU Wien (Sabine Késze-
gi and llya Faynleyb) and Austria Presse Agentur - APA (Verena Krawarik and Sophia Marecek)

The ALAIT dossiers are available on the project website: https://science.apa.at/project/alait/

The content of this dossier reflects the current state of the art and has been carefully compiled in accor-
dance with scientific criteria. However, it is not intended to serve as legally binding information or advice.

Imprint
Media owner and publisher:
winnovation consulting gmbh

Linke Wienzeile 124/5
1060 Vienna

This dossier is licensed under the Creative Commons CC BY-NC-ND 4.0 licence
https://creativecommons.org/licenses/by-nc-nd/4.0/deed.de
(Attribution-NonCommercial-NoDerivatives 4.0 International)

Published in 2026, funded by the Austrian Federal Ministry for Innovation, Mobility and Infratructure.

"= Bundesministerium .
Innovation, Mobilitat novation ‘/ m
und Infrastruktur leiwand.ai

Acknowlegements:

We would like to thank the following experts for their helpful feedback on earlier versions of this dossier:
Julia Neidhart, Peter Knees

News Recommendation Systems: Al-Based Personalization in Digital News Services 13


https://creativecommons.org/licenses/by-nc-nd/4.0/deed.de
https://science.apa.at/project/alait
https://leiwand.ai

	Austrian Lab for AI Trust *  Dossier 5 
	Executive Summary 
	Einleitung  
	Technologiebeschreibung  
	Herausforderungen und Risiken 
	Empfehlung zum Praxiseinsatz  
	Erklärung Stufenmodell des ALAIT Risikoradars 
	Autonomiegrad des KI-Systems 
	Anwendungsbereich-Risiko 




