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• Motivation for RecSys’ 24 Challenge
• Recommender Systems at Ekstra Bladet
• Editorial Values and Alignment
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• EB-NeRD
• Competition

• Open Q&A



Our motivation for the 
RecSys 24 Challenge

WAN/IFRA Study Tour, May 25th 2024

Kasper Lindskow

Head of Research and Innovation 
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PM of platform Intelligence in News
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1. 
Who are we?
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Shared AI unit (2024->)

• We develop and operate AI products across JPPOL's media 
to enable local value creation

• We focus on editorial applications and the news 
experience.

• We have a clear focus on value-creating applications that 
in some areas are supported by applied research.

• We act as knowledge center and organizer of internal and 
external events (e.g. the Nordic AI in Media Summit)

• The AI unit is currently 15 people 
working only with product 
development in AI

• In collaboration with local products 
teams / AI hubs that are being 
established 

• In collaboration with university 
partners from the PIN-project and 
beyond 



The AI unit’s Vision

We must drive a paradigm shift in the way news is produced and 
consumed by enabling our brands to effectively and responsibly utilize 

AI in the editorial workflow and in the news experience in ways that 
advance the individual brand’s editorial mission and strategy.



Our primary product areas

Editorial tools that assist 
with routine tasks and 

support richer news 
coverage in text, image, and 

sound.

1. Generative AI

Primary product: 
MAGNA

Personalization of the news 
experience for the 

individual in text, image, 
and sound, which can be 

editorially controlled based 
on insights into the 

personalized news streams.

3. Recommender systems

Primary product: 
Newspick

Rich metadata about our 
news content in text, image, 

and sound, enabling the 
activation of content in new 

ways and gaining deep 
insight into how it is 

consumed.

2. Metadata

Primary product: 
Name t.b.d.



2. 

Recommender systems at Ekstra Bladet / JP/Politikens Hus



Goals for AI at Ekstra Bladet (2020)

• A more relevant, engaging and 
information news experience (”wider, 
deeper, and richer”)

• AI systems that are aligned with the 
values of  news publishers and 
independent of  the tech giants

• Contribute to a healthy norm setting 
for AI in media
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Online A/B tests
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Implementation on 
ekstrabladet.dk
• The common news flow is 

supplemented with recommenders 
at all horizontal placements.

• Creates a broader news flow 
because the recommenders 
supplement with relevant content 
for the individual.

• The systems have increased free 
traffic (+110%), use of paid content 
(+38%), and sales of subs (+35%) at 
the horizontal placements.

Different recommender systems suggest 
personalized articles to various reader segments 
on the front page of ekstrabladet.dk.



We are happy – but we know we can do 
better



3.
Editorial values and alignment



Why do we have all those beyond accuracy 
metrics in Codabench? e.g:



JP/Politikens Hus                              
We create enlightened citizens

Politiken           
Centre left, broadsheet

Jyllands-Posten 
Centre right, broadsheet

Ekstra Bladet     
Centre left, tabloid

Finans              
Centre right, business

Watch Media                 
B2B niche news

Monitor Media       
B2B niche news

The missions of our news brands

• We need to make sure our recommenders are effective
• We need to make sure our recommenders are aligned 

with the invidual news brands



Recommender system effects on the news flow (I)
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Recommender system effects on the news flow (II)
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Editorial alignment of recommender systems 
(today)

Editorial prdouction

•Our editorial room 
produces news 
content

Candidate list for 
Recommender

•A portion of 
editorial production 
is selected for 
potential 
recomendation

Recommendation 
model

•A model is chosen to 
recommend content 
to readers

Reranking

•Recommendations 
are reranked 

Exposure on 
ekstrabladet.dk

•Reranked 
recommendation os 
exposed for 
individual users

Recommendation flow

We make choices 
and implement 

with general 
rules

In-depth studies of news 
flow effects (ad hoc)



Editorial alignment of recommender systems 
(to be)

Editorial prdouction

•Our editorial room 
produces news 
content

Candidate list for 
Recommender

•A portion of 
editorial production 
is selected for 
potential 
recomendation

Recommendation 
model

•A model is chosen to 
recommend content 
to readers

Reranking

•Recommendations 
are reranked 

Exposure on 
ekstrabladet.dk

•Reranked 
recommendation os 
exposed for 
individual users

Recommendation flow

Editorial control center 
(flow configuration and 

real time streering)

Real time 
dashboards 



We invite you to reflect on beyond accuracy 
effects of your recommendation methods



Thank you!
Kasper Lindskow

Head of AI

JP/Politikens Media Group

Reach out at kasper.lindskow@jppol.dk or on LinkedIn (Kasper Lindskow)

mailto:kasper.lindskow@jppol.dk


RecSys’ 24 Challenge

Agenda
• News Recommenda/on
• EB-NeRD: Ekstra Bladet’s News Recommenda4on Dataset
• Compe//on
• Q&A



News Recommendation

Predict which articles a user clicked on 
from a list of articles using the user's 
click history, session details, and 
personal metadata.
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1) The fast pace of news and rapid decay of arJcle relevance

2) The shi.s in readers interests with the news agenda

3) The need to model interests based on implicit feedback

4) Lack of support for low-resource languages

5) The need to align AI systems with editorial values (norma=ve 
thinking), incl. avoidance of bias and filter bubbles

TECNICAL DIFFICULTIES PLEASE STAND BY



recsys.eb.dk/dataset/

https://recsys.eb.dk/dataset/


Dataset with Extensive Features

18 22

5
BEHAVIORS ARTICLES HISTORY

Features

*Artifacts: document-embeddings and image-embeddings



EB-NeRD in short

•👦 +2.3 million users
•👨💻 +380 million impression logs from Ekstra Bladet
•🗞 +125,000 news ar/cles
• Collec/on period: 6 weeks from April 27 to June 8, 2023
• Datasets: train, valida/on, and test

• Each split is 7 days of behavior logs + 21 days of clicks history

Validation
25/5 - 1/6

History
4/5 - 25/5

Train
18/5 - 25/5

History
27/4 - 18/5

Test
1/6 - 8/6

History
11/5 - 1/6



Competiton 

• Trainingset, Valida/onset, and Testset (removed labels, next-read1me, 
next-scroll percentage)
• Features / dataset u/liza/on

• You are allowed to use ALL the open-source data
• Total Inviews & Total Pageviews (can be es*mated even without us provided them)
• Prohibi*ng features, preprocessing, etc. is extreme hard to enforce
• Encourage you to share findings to everyone; inters*ng for par*cipants, organizers, 

and future compe**ons
• If you use these features or use the dataset in unortodox ways you have report the 

results with and without for your paper submission

• The primary metric for the challenge is Area under the ROC curve (AUC)



Evaluation

• Classifica(on (AUC), Ranking (Mean Reciprocal Rank, Normalized 
Discounted Cumula/ve Gain), and Beyond Accuracy (Diversity, 
Coverage, Serendipity, Novelty) 
• Beyond-accuracy: 200.000 synte/c samples

• All have the same arJcle inviews, impression-ID, and Jmestamp
• We created a candidate list – you can do this as well
• Baselines: make_beyond_accuracy.ipynb

• Don’t shuffle the testset!
• Test-script splits evaluate classificaJon/ranking and beyond-accuracy samples

https://github.com/ebanalyse/ebnerd-benchmark/blob/main/examples/03_beyond_accuracy/make_beyond_accuracy.ipynb


Leaderboards

*: 50% of the testset



Academic leaderboard

Academic Leaderboard Form

https://docs.google.com/forms/d/e/1FAIpQLSe9T-cyFYQltWVP9_hDWDjckxXBtCklfNY9aVdGGWf9aiSBmA/viewform


Call for papers (TBA)

The topics of interest include, but are not limited to:

• Benchmarking and evalua:on of recommender 
systems on EB-NeRD

• Novel model architectures for news 
recommenda:on

• Dataset analyses and preprocessing techniques

• Contribu:ons focused on beyond accuracy, such 
as fairness, diversity, coverage, etc.

• Scalability and efficiency of recommenda:on 
algorithms

• Cross-domain and mul:-modal recommenda:ons



Q&A


