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Abstract
News recommendation systems play a central role in how readers access and process current events. Most recom-
menders’ underlying algorithmic strategies, however, prioritize user engagement over comprehension, amplifying risks
of misinformation and filter bubbles. This study investigates whether fine-grained content-based recommendation
strategies favor human knowledge retention and explores how such a content-based recommendation can be
operationalized using event coreference—based document modeling. To this purpose, we first measure the effect
of manually curated content-based news recommendation on knowledge retention across five news topics with
126 Dutch speaking participants. Next, we investigate document retrieval by comparing a state-of-the-art event
coreference resolution system for Dutch which recommends news articles based on event chains with a document
similarity retrieval baseline using state-of-the-art embedding models in three increasingly more complex test settings.
The results demonstrate that human-curated content-based recommendation can positively and significantly impact
readers’ knowledge retention. Moreover, we show that a fine-grained coreference system can approach said level of
human curation better than state-of-the-art document retrieval methods. In general, this holds potential for scalable,

comprehension-oriented news recommendation.
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1. Introduction

Digital news consumption is increasingly shaped by
recommendation algorithms deciding which news
consumers encounter. As such, news recom-
menders not only influence which information con-
sumers access, but possibly also their understand-
ing of current events. This coincides with wider
changes in news consumption patterns, such as
the rising role of social media and video platforms
as the primary news sources for a significant part
of the consumer base (Newman, 2025).

Two main recommendation paradigms can be
distinguished: collaborative filtering and content-
based filtering (Tursunov et al., 2025). Collabora-
tive filtering recommends articles to readers based
on their individual preferences and the behaviors
of other readers with similar reading profiles. While
this approach efficiently boosts user engagement,
it also reinforces homogeneity and can create so-
called filter bubbles (Pariser, 2011; Nguyen et al.,
2014), which limit the readers’ exposure to other
types of news or viewpoints. In contrast, content-
based filtering recommends new articles by com-
paring textual or topical features of previously read
items. Typically, such algorithms are based on
keyword overlap, topic classification, or metadata
similarity. Although content-based approaches aim
to recommend articles of interest, their reliance on
superficial lexical similarity makes them ill-suited
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to identify semantically related or complementary
news items which differ in wording, framing, or
narrative focus. As a result, these systems often
cluster articles with overlapping keywords together
while overlooking those that report on the same
event from different perspectives or that provide
additional, contextually relevant information.

These limitations have raised concerns about the
civic and epistemic consequences of algorithmic
news personalization. As Joris et al. (2019) and
Colruyt et al. (2023) argue, news recommenders
are not neutral intermediaries. They operationalize
a commercial logic of attention and engagement,
which not necessarily corresponds to the primary
goal of journalism to foster an informed and criti-
cally aware readership and citizenship. A growing
body of work therefore calls for the rethinking of
personalization in recommendation systems, away
from engagement maximization and towards algo-
rithms which enhance contextual understanding
and informed news consumption (Shivaram et al.,
2022; Ludwig et al., 2023; Joris et al., 2024).

Within this context, content-based recommen-
dation is the preferred starting point for develop-
ing citizen-oriented news recommenders. How-
ever, the semantic fine-grained modeling required
to meaningfully relate news articles across outlets
and time remains underexplored. A promising di-
rection is event coreference resolution, an NLP
task that detects and links references to the same
real-world events across documents. By automat-
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ically constructing event chains across news arti-
cles describing related or identical events, event
coreference models hold the potential to enable
more coherent, context-rich news recommenda-
tions. Moreover, when the same events can be
linked across documents this provides readers ac-
cess to different points of view.

In this paper we first compare the effect of manu-
ally curated content-based news recommendation
on knowledge retention across five news topics
with 126 Dutch speaking participants. Next, we
investigate the feasibility of applying event coref-
erence resolution to automate such recommenda-
tions. Our results reveal that fine-grained content-
based recommendation impacts readers’ knowl-
edge retention when relying on a human-curated
set. Moreover, we demonstrate the added value
of event coreference resolution to approach this
level of human curation when incorporated into fine-
grained content-based recommendation, outper-
forming state-of-the-art document retrieval meth-
ods.

The remainder of this paper is structured as fol-
lows. Section 2 reviews prior work on recommen-
dation algorithms and event coreference resolution
in the context of end-to-end recommendation sys-
tems. Section 3 examines the effect of manually cu-
rated content-based news on readers’ knowledge
retention, while Section 4 introduces state-of-the-
art Dutch event coreference models to approximate
such an ideal recommendation scenario through
automated document retrieval. Section 5 presents
the results and Section 6 concludes with implica-
tions for media literacy, algorithmic accountability,
and the design of comprehension-oriented news
recommendation systems.

2. Related Work

2.1. Recommendation Algorithms

News recommendation systems aim to automat-
ically deliver relevant articles to users by learn-
ing both user interests and content representa-
tions. Unlike static recommendation domains such
as movies or products, news recommendation
presents unique challenges due to high content
turnover, topic drift, and the need for contextual as
well as temporal awareness. As such, methods
must model not only user preferences, but also the
rapidly evolving semantic structure of news.

Early systems relied on computing similarity be-
tween articles using lexical overlap or TF-IDF repre-
sentations (Pazzani and Billsus, 2007; Lops et al.,
2010). These approaches offered limited seman-
tic understanding, often recommending lexically
similar but topically divergent articles. Collabo-
rative filtering methods (Sarwar et al., 2001; Ko-

ren et al., 2009) later introduced user-based and
item-based similarity derived from behavioral data
such as clicks or reading histories. However, they
struggled with data sparsity and the cold-start prob-
lem, both common in dynamic news environments
where items quickly become obsolete.

The advent of neural encoders and represen-
tation learning marked a major shift in docu-
ment similarity modeling, from surface-level lex-
ical matching to deep semantic understanding.
Embedding-based approaches began representing
text in dense vector spaces using models such as
Word2Vec (Mikolov et al., 2013) and GloVe (Pen-
nington et al., 2014), enabling semantic similar-
ity computation between documents beyond ex-
act word overlap. This paradigm was further ad-
vanced by contextual encoders such as BERT (De-
vlin et al., 2019), which capture fine-grained seman-
tic relations through bidirectional attention. Build-
ing on these encoder-based representations, sub-
sequent neural architectures have been designed
to improve document similarity estimation. For in-
stance, Wu et al. (2019) employed attentive multi-
view encoders to align document representations
from titles and abstracts, while An et al. (2019)
enhanced document matching by modeling hier-
archical semantic relations across news content.
Overall, neural encoders thus serve as the foun-
dation for computing document similarity, which
in turn drives the effectiveness of modern news
recommendation systems.

Recent advances have incorporated context-
aware modeling to capture interactions among
users, news, entities, and topics over time. Graph
Neural Networks (GNNs) have been applied to rep-
resent user—item—entity relationships (Sheu and Li,
2020; Hu et al., 2020), enabling information prop-
agation across related news items and improving
recommendation diversity and temporal coherence.
Such approaches better reflect the structural and
temporal nature of news consumption, allowing
systems to follow evolving storylines rather than
isolated articles.

2.2. Event Coreference Resolution

Event Coreference Resolution (ECR) is a discourse-
level NLP task that identifies textual mentions re-
ferring to the same real or fictional event.

1. Elon Musk [completes]gyeni—a $44 bil-
lion deal to own Twitter after [extended
negotiations]gyeni— B

2. Elon Musk’s contested and tumultuous Twit-
ter [acquisition]g,eni— 4 finalized after [long
discussions]gyent— B

While humans can easily infer that (1) and (2)
describe the same pair of real-world events—(A)
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Cl Description IPTC Topic Articles CD Events
4  Topic 1: Soyuz Spacecrafts Science and Technology 15 98
14  Topic 2: Disappearance of MH370 Disaster and Accident 13 124
35 Topic 3: Hedwigepolder (Zeeland, Netherlands) Environment 9 19
49 Topic 4: 2018 Belgian energy crisis Society 14 53
99 Topic 5: Facebook Cambridge Analytica Science and Technology 27 154

Table 1: ENCORE cluster number (CI), their description, IPTC (International Press Telecommunications
Council) topic, number of articles and the total number of CD (Cross-Document) annotated events that

span at least 2 documents.

Musk’s acquisition and (B) the negotiations itself,
this level of fine-grained reasoning is difficult for au-
tomated systems. Traditional approaches based on
document similarity or clustering treat texts as sin-
gle units, often conflating unrelated content that
shares topical or lexical overlap. ECR, by con-
trast, operates at the mention-level, linking individ-
ual event mentions across and within documents.
This granularity enables more precise and semanti-
cally coherent modeling of event continuity which is
crucial for downstream applications such as large-
scale news summarization (Liu and Lapata, 2019),
information extraction (Humphreys et al., 1997),
and event-centric recommendation systems (Ver-
meulen, 2018).

Despite advances in Large Language Models
(LLMs) that demonstrate strong discourse under-
standing (Ravi et al., 2023; Liu et al., 2023; Zhang
et al., 2023), robust large-scale ECR remains diffi-
cult, especially in multilingual and cross-document
contexts where explicit contextual cues are sparse
(Lu and Ng, 2018). Nevertheless, ECR’s abil-
ity to capture nuanced event relations offers a
clear advantage over document-level methods that
rely on topic similarity or shared entities rather
than event identity. Methodologically, ECR builds
on the foundations of entity coreference resolu-
tion (Rahman and Ng, 2009), with most systems
adopting the mention-pair paradigm, classifying
whether two mentions refer to the same event.
Early approaches used decision trees (Cybulska
and Vossen, 2015), SVMs (Chen et al., 2015), and
neural networks (Nguyen et al., 2016), later re-
placed by transformer-based and span-based ar-
chitectures such as SpanBERT (Joshi et al., 2020;
Cattan et al., 2021; Lu and Ng, 2021). Although
neural encoders generally dominate, many classi-
cal insights remain relevant: lexical and semantic
similarity, discourse proximity, and event distance
continue to inform model design (Yao et al., 2023;
De Langhe et al., 2025).

3. Knowledge Retention Experiment

ECR remains a difficult task, especially within cross-
document content. This is why we decided to first

examine the effect of fine-grained content-based
news recommendation on Dutch-speaking readers’
knowledge retention by comparing a recommenda-
tion setting where participants are presented with
either a gold-standard or random set of news arti-
cles.

3.1. Data

We relied on the ENCORE corpus (De Langhe
et al., 2023) to extract the news articles for this
experiment. This corpus consists of a collection
of 1,115 Dutch news texts in which coreference
between news events has been annotated, both
at a within- and cross-document level. Within EN-
CORE, articles with the same overarching topics
are grouped into clusters. For our experiments we
manually scrutinized these and chose five clusters
(see Table 1 for more details) based on whether
sufficient news events within that cluster were actu-
ally grouped into cross-document event chains (CD
Events) and whether the overarching IPTC News
Media Topics' were sufficiently diverse. We also
made sure that the topics covered both global and
local news items. Within the chosen ENCORE clus-
ters the number of articles ranged from 9 to 27. We
again manually went through all the articles and
selected five articles per cluster, each describing
the same news events, but approached from dif-
ferent angles and ranging from more general to
very fine-grained descriptions (e.g. the five articles
describing the "Hedwigepolder" specifically focus
on the last week before the depoldering and men-
tion both nature preservation efforts as well as tips
to visit this nature reserve). We also made sure
that the articles were not too long given that for the
experiments participants would be asked to read
all those articles during a restricted period of time.
We did not alter the articles in any way.

In order to test human knowledge retention
we subsequently constructed a ten-item multiple-
choice (MC) test for each topic to measure readers’
recall and understanding of factual content. This
was done by iteratively going through the five arti-
cles per cluster and asking questions related to the

'https://iptc.org/standards/media-topics/
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chain of events and entities that were discussed
in the articles often targeting outlines, but also de-
tails, causes and outcomes were questioned. MC
questions ranged in difficulty, with easier True/False
questions to harder questions requiring interpreta-
tion of the news event. "Don’t know" options were
also included to minimize guessing. For each ques-
tion, there is only one correct answer. In total, this
resulted in 50 MC questions, 10 per topic, as listed
in Appendix A.

3.2. Experimental Setup

Participants were recruited via the online research
platform Prolific and randomly and evenly assigned
to the two experimental conditions. In the ran-
dom condition, two fixed articles from the assigned
cluster were presented together with three random
articles from the other four clusters. In the gold-
standard condition, all five articles from the as-
signed cluster were presented.

Before starting, all participants were informed
that they would read five news articles and subse-
quently answer the ten content-related MC ques-
tions, but they were not informed about the purpose
of the study nor about which experimental condi-
tion they would be assigned to. Informed consent
and data privacy compliance were ensured, and
participants could withdraw at any time. Prolific
supports targeted participant selection and after
a pilot test with 20 participants we decided upon
the following inclusion criteria: Dutch as the pri-
mary language, Belgian or Dutch nationality, and
at least a Bachelor’s degree to ensure a sufficient
reading proficiency. Demographic metadata (such
as gender, age and nationality) were collected au-
tomatically through Prolific, as well as completion
time and quality indicators (e.g., the participant’s
approval rate of prior submissions).

Given that news consumption is also influenced
by a user’s personal preferences, we also had all
participants fill in a survey on their news consump-
tion habits, the questions of which were inspired by
the Flemish imec.digimeter report (De Marez et al.,
2024). We also asked the participants whether
they had a specific interest in one of the chosen
IPTC News Media Topics. See Appendix B for an
overview of all surveyed news consumption habits.
The estimated completion time of this entire study
was established in the same pilot test and set at 20
minutes. All studies submitted by participants were
manually verified before payment to exclude incom-
plete or fraudulent responses. These were easily
recognizable by implausible completion times or
through Prolific’s built-in bot detection.

We hypothesized that participants exposed to
the gold-standard news article set would achieve
higher scores on the MC test than those in the ran-
dom condition. Therefore, we mainly investigated
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the variation in the test results depending on the ex-
perimental conditions (random vs. gold-standard).
As explained above, the 10-item MC test was de-
signed by manually going through all articles and
asking both broad and more detailed questions.
Given that the participants in the random setting
only had access to two articles of a given topic it is
of course to be expected that answering all ques-
tions might be more difficult. We therefore made
sure that for each topic more than half of the ques-
tions would be answerable by only reading through
those two articles (and assuming that participants
had no prior knowledge of the topic). In total, this
was the case for 39 out of the 50 questions.

Linear regression analyses were then conducted
with the test scores as the dependent variable and
with the experimental condition as independent vari-
able. This was tested using the Ordinary Least
Squares (OLS) method (Montgomery et al., 2021)
to verify whether a predictor can explain the vari-
ance in the dependent variable, namely the MC test
score. For each variable, we report the average
score, distribution, statistical significance (p-values)
and effect size (Cohen’s d).

3.3. Results

A total of 126 participants took part in the study, the
population was well-balanced regarding national-
ity (Belgium = 61, The Netherlands = 65), gender
(male = 62, female = 64) and age (millennial or
older = 61, generation z = 65). The average test
score per participant on the 10-item MC test was 7
correct answers (mean = 7.3) and we did not no-
tice any notable differences in this average among
these three demographics (Table 2). Regarding
the news engagement, what draws the attention
is that most participants indicated that they barely
engage with news (73.8%) and that on average
those participants scored higher on the test. We
do not really notice an effect in test performance
when people are interested in the topic. We give a
full overview of all investigated variables in relation
to participant scores on the MC test in Appendix C.

If we consider the scores on the 10-item MC test
in both experimental settings we observe in Fig-
ure 1 that the gold-standard group outperformed
the random group (scoring, on average, 1.42 points
higher). Looking at the actual answers, we also
observed that the random group ticked the option
"Don’'t know" more frequently (17.5% of the an-
swers versus 9.52%). If we take into account the av-
erage number of questions that should be answer-
able by reading only two articles of a certain topic —
which amounts to an average score of 7.8 (repre-
sented by the dashed line)— we observe that the ran-
dom group struggles more to answer all those ques-
tions, whereas the gold-standard group is more
successful, possibly because certain events have


https://www.prolific.com/

gender nationality >29y news_engagement interest_topic
J Q BE NL no yes | barely daily weekly | neutral int  no_int
n= 62 64 61 65 65 61 93 25 8 30 44 52
score | 756 7.05 | 759 7.05|751 712 | 788 7.20 7.52 767 746 6.98

Table 2: Selected demographic and news consumption variables in relation to the test scores.

been repeated multiple times.

Random I

Gold Standard
0 2 4 6 8 10

Figure 1: Scores per condition on all 50 questions.
The dashed line indicates the threshold of the 39
answerable questions for the random condition.

To further investigate this, we conducted the re-
gression analysis on both the 10-item MC test and
the reduced set of answerable questions. Statisti-
cal significance and the effect size (Cohen’s d) are
calculated on the premise that the first variable per
factor be the baseline state of that factor, mean-
ing that the other variable is treated as a different
state. The impact of the transformation from the
baseline to these other states is then reported in
the statistical significance, Cohen’s d and the ef-
fect size. We use standard significance thresholds,
namely: p < 0.05%, p < 0.01 % %, and p < 0.001 x* xx,
where smaller values denote increasingly stronger
evidence against our observations occurring ran-
domly. We interpret effect size based on Cohen’s
d, with d < 0.2 indicating negligible, 0.2 < d < 0.5
small, 0.5 < d < 0.8 medium and 0.8 < d indicating
large effects, to report the magnitude or relevance
of observations beyond their statistical significance.

The results in Table 3 show that when all ques-
tions are considered, the experimental condition
comes out as a strong and highly significant pre-
dictor, hinting at better knowledge retention among
the group that was each time presented with five
semantically coherent news articles within a topic.
If we only consider those questions that were an-
swerable by reading the two fixed articles per topic,
we notice that the effect is smaller, but nevertheless
significant (p = 0.0156).

10-item MC Answerable
predictor | random gold | random gold
n= 64 62 64 62
score 6.61 8.03 7.36 8.02
Stat_sig *kk *kk * *
d - 0.83 - 0.44
effect - large - small

Table 3: Results regression analyses.

When we considered the topics separately, we
found some clusters were consistently assessed

easier or harder depending on their content. Par-
ticipants performed best on the Facebook & Cam-
bridge Analytica (mean score = 8.22) and MH370
topics (7.6) and lowest on the more specialized and
local Belgian news, i.e. the Hedwigepolder (6.71)
and the 2018 Belgian energy crisis (6.76).

In summary, being exposed to semantically co-
herent article chains seems to have an effect on
knowledge retention in this study, though we do
want to stress that this was only a small-scale study
and that more experiments on larger datasets and
with a larger pool of participants would need to be
conducted to corroborate these findings.

4. Event Coreference
Recommendation

We observed that a carefully curated set of recom-
mendations could significantly enhance news reten-
tion and help readers develop a deeper understand-
ing of the content they are engaging with. Such
curated recommendations not only reinforce key
information but also provide complementary per-
spectives that enrich the reader’s knowledge. How-
ever, manually assembling these complementary
and diverse recommendation sets, as was done
in our study, is not feasible for large-scale or real-
time applications. Consequently, in this section, we
turn our attention to evaluating how effectively auto-
mated recommendation systems can approximate
this human-curated gold standard.

Our main hypothesis is that fine-grained event-
level approaches, such as event coreference sys-
tems, have the potential to generate more effec-
tive recommendations than the coarse-grained,
similarity-based methods commonly used today.
By identifying and linking specific events across
articles, these systems can provide readers with
targeted, contextually relevant content that goes
beyond surface-level topic overlap.

4.1.

We conceptualize news recommendation as an In-
formation Retrieval (IR) task, where the goal is to
provide the reader with a set of relevant and com-
plementary articles to the one they are currently en-
gaging with. Formally, given a collection of articles
C and an anchor article a € C, the goal is to retrieve
a set of related articles R = {ry,7a,...,m,} C
C \ {a} that provide complementary information

Experimental Setup
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to a. This facilitates a comprehensive yet relevant
understanding of the topic, enabling the identifica-
tion of fine-grained complementary information that
is typically challenging to capture with conventional
coarse-grained retrieval methods.

Formally, the retrieval task can be expressed as:

R = arg max Rel(a,r
grEC\{a} ( )

where Rel(a,r) quantifies an arbitrary degree of
(semantic) relevance of article r with respect to a.

In order to retrieve the most relevant and con-
textualizing documents to the anchor we use the
fine-grained end-to-end ECR model introduced by
De Langhe et al. (2025). This model builds on
a commonly-used joint cross-document corefer-
ence system (Cattan et al., 2021), which uses
transformer-based encoders to detect and link
event mentions across documents via span clas-
sification and pairwise scoring. This baseline ar-
chitecture is extended with three modifications: (1)
positional features to reduce lexical over-reliance,
(2) within-document-only inference for compu-
tational efficiency, and (3) a Variational Graph
Auto-Encoder (VGAE) (Kipf and Welling, 2016)
that learns graph representations of event chains
and connects within-document clusters into cross-
document event graphs. This system takes as input
multiple documents of raw text and produces a set
of intra- and cross-document coreference links be-
tween detected textual events. We compute the
relevancy score Rel(a, r) between the anchor a and
query document r by taking the absolute number of
cross-document coreference links between those
two documents. The final ranking of candidate doc-
uments is obtained by ordering all » € C \ {a} in
descending order of their relevance scores.

To establish a strong baseline for comparison
with our fine-grained recommender, we test two al-
ternative methods of retrieving relevant documents
based on a more commonly used technique of
coarse-grained document similarity. Specifically,
we encode each document d € C into an embed-
ding e; € R™ using several encoder baselines:
BERT-base-dutch-cased, which served as the base
model for our ECR recommender, E5-large-trm,
which is the current state-of-the-art encoder for the
Dutch language (Banar et al., 2025), the widely-
used multilingual sentence encoder paraphrase-
miniLM and gemini-embedding-001 as well as
the current state-of-the-art multilingual embedding
model on the MTEB benchmark (Muennighoff et al.,
2022). If a document d exceeds the maximum in-
put length L supported by the encoder, it is split
into k contiguous chunks {d;,da, ..., d;}, each of
length at most L. Each chunk is embedded sep-
arately, and the document embedding is obtained

by averaging over all chunk embeddings:

k
E €y,
i=1

Once all document embeddings are computed,
we rank all candidate articles based on their se-
mantic similarity to the anchor article a. The rele-
vance score between a and any candidate article »
is defined as the cosine similarity between their em-
beddings. The final ranking is obtained by ordering
all » € C\ {a} in descending order of Rel(a, ).

ey =

x| =

4.2. Data

As in Section 3.1, the core dataset for these re-
trieval experiments is the Dutch ENCORE news
corpus. Within- and cross-document coreference
links in this corpus were manually annotated if two
events happen at the same time (temporal align-
ment), place (spatial alignment) and have the same
participants (actorial alignment). The complete
dataset consists of 1,115 documents and is split
into 91 topical clusters.

We designate all articles belonging to the clus-
ters listed in Table 1 as a held-out test set, and train
our end-to-end ECR recommendation model on the
remaining topical clusters in the corpus. This setup
ensures that there is no topical overlap between
the model’s training data and the documents used
for retrieval, thereby providing a clean evaluation
of generalization across unseen topics. Concretely,
this means that 87 topical clusters, comprising a
total of 1,047 articles are used for training and the
remaining 5 topical clusters, comprising 78 articles
(cfr. Table 1) are used for testing in the standard
experimental setup. For the remainder of this pa-
per, we refer to this newly trained model as ECR-
ENCORE.

To approximate a real-world setting where re-
trieval must be performed over large document col-
lections, we design three experimental scenarios
to evaluate the retrieval capabilities of our mod-
els. First, in the cluster-only setting, the document
collection C is restricted to the articles within the
same topical cluster as the anchor. Second, in
the random setting, we expand C by randomly se-
lecting 100 additional articles from the remaining
corpus. In this case, the end-to-end recommender
is re-trained while excluding these specific articles
to prevent data leakage. Third, in the adversar-
ial setting, we expand C with articles that are, on
average, most semantically similar to each of the
test clusters listed in Table 1. Semantic similarity
between clusters is computed analogously to the
cosine similarity between articles described in Sec-
tion 4.1. For each test cluster, we add the 100 most
similar documents from the collection to create the
adversarial dataset.
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Setting System MAP@k Recall@k Prec@k Recall@10 Prec@10
BERT-base-dutch-cased 0.61 0.50 0.50 0.65 0.26
e5-large-trm 0.57 0.45 0.45 0.70 0.28
Cluster paraphrase-miniLM 0.67 0.45 0.45 0.75 0.30
Gemini-embedding-001 0.63 0.45 0.45 0.60 0.24
ECR-ENCORE 0.80 0.40 0.65 0.40 0.57
BERT-base-dutch-cased 0.61 0.50 0.50 0.65 0.26
e5-large-trm 0.57 0.45 0.45 0.70 0.28
Random paraphrase-miniLM 0.67 0.45 0.45 0.75 0.30
Gemini-embedding-001 0.63 0.45 0.45 0.60 0.24
ECR-ENCORE 0.80 0.40 0.65 0.40 0.57
BERT-base-dutch-cased 0.57 0.40 0.40 0.60 0.24
e5-large-trm 0.52 0.45 0.45 0.70 0.22
Adversarial paraphrase-miniLM 0.64 0.45 0.45 0.70 0.28
Gemini-embedding-001 0.63 0.45 0.45 0.55 0.22
ECR-ENCORE 0.80 0.40 0.65 0.40 0.57

Table 4: Retrieval performance of three systems across three data settings. Each query has four relevant
documents (binary relevance). Bold values indicate the best system per setting.

4.3. Evaluation

For each topical cluster in Table 1 we randomly
select one anchor article, based on which the other
4 articles in the cluster should be retrieved. In to-
tal, our model evaluation therefore encompasses 5
total queries (one for each of the topical clusters),
with each 4 relevant documents in the set R and
a variable size of the document collection C, de-
pending on the topical clusters in question and the
setting (cluster, random, adversarial).

To evaluate retrieval performance, we employ
standard Information Retrieval metrics: Mean Av-
erage Precision at £ (MAP@k), Recall@k, and
Precision@£k. These metrics jointly capture both
the accuracy and completeness of the retrieved
results. MAP@*F is particularly informative, as it
accounts not only for whether relevant documents
are retrieved but also for their position in the ranked
list, thereby rewarding systems that rank relevant
items higher. Given that each query in our setting
has exactly four relevant documents, we set k = 4
to align the evaluation cut-off with the maximum
number of relevant items. In addition, we report
Precision@10 and Recall@10 to simulate more re-
alistic use cases, reflecting that in practice the total
number of relevant documents is typically unknown
and users may inspect the top-ranked portion of a
larger document collection.

5. Results and Discussion

5.1.

The results of our retrieval experiments using the
three systems can be found in Table 4. When evalu-
ating retrieval in the cluster-only setting, the results
indicate that the ECR-based recommender can

Results

retrieve a substantially higher amount of relevant
documents compared to its baseline counterparts.
Concretely, both Precision@k and Precision@10
are notably higher for the fine-grained system, indi-
cating that in general the model is more accurate
in retrieving documents. Note, however, that the
higher score for the Precision@10 metric is partly
due to the fact that the ECR-based system retrieves
fewer-than-k (especially in the case where k = 10)
articles for each query. In these cases, the preci-
sion is computed by dividing by the actual number
of predicted documents rather than 10, inflating
the metric somewhat. Additionally, the ECR-based
recommender also achieves the highest MAP@Kk,
reflecting its ability to rank relevant documents far
more effectively at the top of the list when com-
pared to the coarse-grained baselines. In general,
the fine-grained system thus retrieves less docu-
ments (hence the lower recall values across the
board), but is more accurate in the documents that
it does retrieve. It should be noted that the lower re-
call does not imply worse performance: in practical
news recommendation, retrieving a smaller set of
highly relevant documents is generally preferable,
as users cannot realistically skim through dozens
or hundreds of articles to find useful content.

Another insight is that the scores change rela-
tively little when the document collection C is sup-
plemented with articles that do not belong to the
relevant topical cluster. When these additional arti-
cles are selected randomly, only the baseline mono-
lingual Dutch encoder suffers a slight performance
drop, indicating little impact from the introduced
noise. The effect of the noise is more noticeable in
the adversarial setting, where we observe a slight
drop in performance across the board for the rec-
ommenders based on document similarity. How-
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ever, this is mostly the case in a setting where ten
documents are retrieved, indicating that relevant
documents are still ranked favorably. Finally, it is
worth highlighting that the fine-grained ECR rec-
ommender does not experience any drop in perfor-
mance in either settings.

5.2. Discussion

5.2.1. Influence of Distractor Articles

To gain further insight into model behavior in the
random and adversarial retrieval settings, we visu-
alize the proportion of distractor documents, i.e.,
retrieved articles that are not in the same topical
cluster as the anchor, when each system is asked
to return ten documents per query. We focus on
k = 10 because, as shown in Table 4, the over-
all performance metrics did not vary much across
the adversarial experiments when retrieving only 4
documents, indicating a fairly stable retrieval at this
cut-off. Four out of five topical clusters examined
for the experiments have at least 10 documents,
except for cluster 35, where we set k at 9 (cfr. Table
1).

For each model, we compute the proportion of
distractor documents among the ten retrieved items
per query and then aggregate these values across
all clusters. This yields, for each system, the to-
tal number of extra-cluster articles retrieved out
of a possible fifty. Although this measure is sec-
ondary to performance on the four truly relevant
articles linked to the anchor, it nonetheless pro-
vides valuable insight into each system’s ability to
distinguish topically similar but ultimately irrelevant
content from genuinely related material.

Random @ Adversarial

O N B O WO

Figure 2: The absolute amount of distractor articles
retrieved at k = 10 for each of the retrieval systems.

The results are displayed in Figure 2. As shown
in the bar plot, this analysis aligns with our inter-
pretation of the quantitative results presented in Ta-
ble 4. The baseline Dutch BERT encoder is most
affected by the added noise in both the random
and adversarial settings, retrieving a higher num-

ber of distractor documents. The stronger monolin-
gual and multilingual retrieval systems also produce
some topically irrelevant outputs when asked to re-
trieve ten articles per anchor. However, since the
overall performance metrics remain relatively sta-
ble, these extra-topical articles appear to be ranked
lower than the genuinely relevant ones. Notably,
the fine-grained ECR-ENCORE system does not
retrieve any distractor article in either setting, under-
scoring its robustness and precision in fine-grained
information retrieval.

5.2.2. Influence of Cluster Size

To investigate the impact of cluster size on model
performance, we analyze the relationship between
the number of documents in each test cluster and
the corresponding number of retrieved relevant doc-
uments by different systems. Table 5 below de-
tails the number of retrieved relevant documents
for each system in the cluster-only setting.

Cluster Total BERT Gemini ECR-ENCORE
4 15 8 7 4
14 13 9 8 3
35 9 6 6 5
49 14 10 9 4
99 27 5 5 2

Table 5: Correctly retrieved documents per cluster
for each system, with total cluster size.

Spearman’s rank correlation coefficient is used
to quantify whether larger clusters tend to yield
higher or lower precision. This analysis allows
us to identify which systems are more sensitive
to cluster length and how this affects retrieval qual-
ity in the form of Precision@k. We find that for
BERT-base-dutch-cased, the correlation is mod-
erately negative (p = —0.700) (p = 0.188), while
Gemini-embedding-001 shows a stronger negative
correlation (p = —0.821), suggesting a tendency
for precision to decrease slightly in larger clusters.
In contrast, ECR-ENCORE exhibits a very weak
negative correlation (p = —0.154), indicating that
its precision is largely unaffected by cluster size.
This aligns with the design of ECR-ENCORE, which
selectively predicts only a small number of highly
relevant documents per cluster, making it robust
to variations in cluster length. Overall, these re-
sults suggest that ECR-ENCORE maintains con-
sistent top-ranked precision regardless of cluster
size, whereas the baseline encoders show at least
some sensitivity to larger clusters.
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6. Conclusion

In this paper, we provide a substantiated argument
for incorporating fine-grained NLP methods in news
recommendation systems. Through a user study,
we first demonstrated the impact of gold-standard
human curation on the quality and informativeness
of recommended articles through knowledge re-
tention experiments. We then explored whether
such curated recommendations could be approx-
imated computationally using Event Coreference
Resolution (ECR), a task that identifies and links
mentions of the same events across documents to
generate a nuanced, interconnected representation
of news content. Our results show that ECR not
only provides tangible benefits in this practical set-
ting, but also outperforms current state-of-the-art
embedding-based retrieval methods and this both
in precision and contextual relevance.

In our knowledge retention experiments, curated
sets of articles were carefully assembled to pro-
vide coherent and in-depth coverage of a topic,
contrasted with a random selection of articles. Par-
ticipants exposed to curated sets demonstrated
higher comprehension and retention, highlighting
the importance of structured content delivery. While
human curation is clearly beneficial, it is imprac-
tical at scale. Our experiments show that ECR-
based recommendation can approximate curated
sets more accurately than LLM embeddings: it pre-
dicts fewer, but more relevant articles across di-
verse topics, reducing noise and improving the user
experience. Qualitative analysis further reveals that
event-based recommendations are robust against
semantically similar but irrelevant articles and main-
tain higher accuracy even in large search spaces.
These findings suggest that integrating event-level
semantic modeling into recommendation pipelines
can substantially improve precision, interpretability,
and user engagement.

In future work we see several directions to en-
hance these benefits: incorporating temporal, geo-
graphic, or cross-lingual signals to better capture
complementary and follow-up articles, combining
ECR with user modeling to personalize recommen-
dations without sacrificing semantic precision and
evaluating more long-term effects on knowledge
retention, user engagement, and diversity across
news sources.
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Limitations

While the findings of this study suggest the potential
of fine-grained, event-based content modeling to
foster comprehension-oriented news consumption,
we acknowledge the following limitations. First, the
knowledge retention experiment was conducted on
a relatively small and homogeneous pool (n=126)
of individuals with a higher educational background.
Although this ensured linguistic and reading profi-
ciency, this limits the generalizability of the results
to broader audiences. Future research should fo-
cus on including larger and more demographically
diverse populations to assess whether similar ef-
fects hold across languages, educational levels
and cultural contexts. Second, the experimental
design necessarily simplified real-world news con-
sumption. Participants were asked to read a fixed
number of articles under time constraints and to
complete a test immediately after. This setup does
not fully capture natural reading behavior which
depends on interest, emotion and prior knowledge.
Third, the computational comparison between the
ECR system and embedding-based retrieval meth-
ods was constrained by the available resources
and corpus in Dutch. The generalizability of ECR-
based retrieval to larger, more heterogeneous news
corpora or other languages remains to be validated.
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Appendix
A. Multiple-Choice Tests

Here follow the MC tests per topic translated
into English used in the Knowledge Retention
Experiment. For each question, 'no idea’ was
a possible answer which we here omit. Correct
answers are in italics.

Topic 1: Soyuz Spacecrafts
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1. The emergency landing of the Soyuz rocket
occurred because a micrometeorite struck the
capsule.

A) True
B) False

2. What is the reason that crewed launches are
temporarily suspended?

A)
B) Safety procedures were not followed
C)
D) The capsule was incorrectly attached

The rocket was unstable

There was insufficient fuel

3. Which two agencies will independently investi-
gate the incident?
) NASA and ESA
) Roscosmos and NASA
C) ESA and SpaceX
) SpaceX and Blue Origin

4. How many G-forces did the astronauts experi-
ence during the emergency landing?

5. How does a ballistic landing of space capsules
proceed?

A) The capsule actively uses its engines to
slow down

B) The capsule slowly glides horizontally to-
ward Earth

C) The capsule follows a passive trajectory
D) The capsule always lands at sea to reduce
impact

6. Which factors precisely determine a ballistic
landing?

A) The astronauts’ muscle strength and heat
shield technology

B) Air density, wind, gravity, and humidity
C) The speed of the ISS and solar activity
D) Only gravity

7. How long does it take to reach the ISS?

A) Approximately 24 hours

B

C
D

Approximately six hours
Two days

)
)
)
) 180 days
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8. Why was it important that the Soyuz rocket
remained operational despite the incidents?

A) Because Russia no longer had another
transport vehicle for its military satellites

B) Because there were no other crewed ve-
hicles available for transport to the ISS

C) Because commercial spaceflight compa-
nies were still in their testing phase

D) Because the Soyuz deal with NASA was
financially crucial for Roscosmos

9. Where was the mysterious hole in the Soyuz
found?
A) In the navigation system
B) In a solar panel
C) Behind a toilet in the living module
D) In the heat shields

10. What would have happened if the leak in the
ISS had not been sealed?

A) The ISS would have fallen out of its orbit
around Earth

B) The air would have run out, causing the
crew to suffocate

C) The Soyuz capsule would have exploded
Topic 2: Disappearance of MH370

1. Which factor did Professor Kristensen use in
his mathematical model to determine the pos-
sible crash area of MH3707?

A) The number of passengers and their mo-
bile phone signals

B) The satellite signals of the onboard radio

C) The Doppler shift of the satellite signal

D) The air pressure measurements at cruis-
ing altitude

2. Why would MH370 have deliberately flown
through the Intertropical Convergence Zone?

A) To save fuel

B) Because it was the shortest route to Bei-
jing

C) Because that area makes detection by
radar and satellites more difficult

D) To bring the aircraft closer to the U.S.
naval base

3. What strengthens the theory that MH370 made
a controlled landing at sea?

A) The satellite pings showed a sudden end
of the signal



B) The wreckage was largely untraceable

C) The recovered debris was relatively intact

D) The pilot had previously simulated how to
land on water

4. What is a striking similarity between MH370
and the search vessel Seabed Constructor?

A) Both switched off their tracking systems
in sensitive zones

B) Both were simultaneously located by satel-
lites

C) Both had defective black boxes on board
D) Both sailed through the Indian Ocean with-
out permission

5. What is an important consequence of switch-
ing off MH370’s tracking system?

A) The aircraft automatically returned to
Kuala Lumpur

B) It became invisible to both military and
civilian radars

C) The black box transmitted incorrect sig-
nals

6. What makes the ship Seabed Constructor
particularly suitable for searching for aircraft
wreckage?

A) It has a nuclear reactor on board

B) It has underwater drones capable of
searching the deep sea

C) It was designed by former NASA engi-
neers

D) It contains a mini-submarine for crewed
missions

7. Which of the following elements was NOT ex-
plicitly mentioned as a possible explanation in
the official reports on MH3707?

A) Technical malfunction of the aircraft
B) Controlled action by someone on board
C) Sabotage by an external party

D) Natural disaster caused by lightning strike

8. What did the Malaysian final report conclude
about the pilot’s role in the disappearance of
MH3707?

A) The pilot was completely exonerated

B) The pilot was definitively identified as re-
sponsible

C) The pilot’s involvement could not be ruled
out
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D) There was insufficient information about
the pilot to say anything

9. Why was the search for MH370 officially termi-
nated by Malaysia in 2018?
A) The United States asked them to stop

B) They suspected sabotage of the search
team

C) There was insufficient concrete evidence
to continue searching

D) New leads had emerged that disrupted
the investigation

10. Why could the wreckage of MH370 not be lo-
cated despite years of searching?

A) The black box was never activated

B) The aircraft likely exploded in mid-air

C) The satellite pings were too vague to de-
termine the exact location

D) The ocean floor was completely flat, with-
out obstacles

Topic 3: Hedwigepolder

1. According to research, what is the long-term
expectation for the Hedwigepolder after de-
poldering?

A) It will become a saltwater marsh with re-
duced biodiversity

B) It will turn into a muddy sludge basin

C) It will become a diverse salt marsh and
mudflat landscape with many water birds
and benthic organisms

D) It will become less polluting agricultural
land

2. What was the official reason for the depolder-
ing according to the Flemish representative
Axel Buyse?

A) Compensation for dredging the Western
Scheldt

B) The plan was part of the Flemish Sigma
Plan

C) Necessary nature compensation under
European guidelines

D) Safety for surrounding villages in case of
flooding

3. What was the long-standing disagreement be-
tween the Netherlands and Belgium about?

A) Whether the Hedwigepolder should be-
come part of the Oosterschelde National
Park



B) Whether fertile agricultural land could be
sacrificed for nature development

4. Which animals are explicitly mentioned as fu-
ture inhabitants of the nature area in the Hed-
wigepolder?

A) Otters, deer and beavers

B) Storks, hares and starlings

C) Common terns, redshanks and curlews
D) Seagulls, sheep and foxes

5. What was the ruling of the Supreme Court in
the lawsuit of owner Géry De Cloedt?

A) The expropriation was annulled

B) The case was referred back to a lower
court

C) The expropriation was definitively ap-
proved

D) The case is still pending before the Coun-
cil of State

6. With which symbolic action did the committee
“Save Our Polders” conclude their protest in
the Hedwigepolder?

A) Planting new trees
B) Burning protest banners
C)

)

D) Submitting a petition to the Flemish gov-
ernment

A march to the town hall of Hulst

7. Which treaties formed the basis for the de-
poldering of the Hedwigepolder?

A) The Scheldt Treaty of 2005 and the Euro-
pean Birds and Habitats Directives

B) The Paris Climate Agreement and the
Antwerp Port Treaty

C) No treaties; it was purely an ecological
decision

8. What was the amount of the buyout sum that
the Dutch state offered to De Cloedt?

A)

B) Approximately 15 million euros
C)

D) No amount was mentioned

800 million euros

50 million euros

9. What is the ultimate goal of the Hedwigepolder
within the larger project?
A) To expand the port of Antwerp

B) To contribute to the largest brackish water
marsh area in Europe

C) To convert it into a recreational area
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D) To form a buffer zone between Belgium
and the Netherlands

10. How did project leaders attempt to compen-
sate for the loss of fauna, such as little owls
and bats?

A) By transferring animals to a rescue center

B) By providing alternative habitats and nest-
ing boxes outside the area

C) By temporarily suspending the project
D) By housing all animals in nature reserves

Topic 4: 2018 Belgian energy crisis

1. What is a disadvantage of Electrabel’s turbo-
jets for generating electricity?

A) They produce too little electricity to make
a difference

B) They operate only on solar energy

C) They are expensive, inefficient and pollut-
ing

D) They can only be used once per year

2. What was remarkable about the plans of the
Luxembourg company EGL (BTK)?

A) They would build nuclear power plants
instead of gas plants

B) They would refuse subsidies from the Bel-
gian government

C) They would build climate-neutral gas
power plants

D) They would exclusively use coal
3. What statement did Minister Marghem make
about selling the Belgian nuclear power
plants?
A) It was a visionary decision
B
C
D

)

) It led to too many investments

) It may not have been the best decision

) It made Belgium energy independent

4. What legal concern does Marghem express
about the behavior of Engie Electrabel?

A) They may have deliberately spread false
information

B) They may be abusing their dominant mar-
ket position

C) They may have obtained subsidies unlaw-
fully

D) They may have concluded secret foreign
contracts



5. Who is responsible for Belgium’s electricity
supply according to energy expert André Jur-
res?

A) Only Electrabel is responsible

B

C

D) All responsibility lies with foreign investors

It is the government’s task
Elia must guarantee the electricity supply

)
)
)
)

6. According to EGL, what is the advantage of
their gas power plants?

A) They are mobile and can be placed any-
where
B) They emit no CO, or NOx
C) They run entirely on renewable energy
D) They are partly financed by Electrabel
7. What criticism did the Belgian government re-

ceive regarding the sale of the nuclear power
plants?

A) The plants were sold without public notifi-
cation

B) Foreign owners invested insufficiently in
maintenance

C) The sale led to several small-scale nuclear
incidents

D) It was a temporary lease, not a sale

8. What triggered the increased vigilance around
energy supply in Belgium during the autumn
months?

A) A major European blackout had been pre-
dicted

B) Six of the seven nuclear power plants in
Belgium were shut down

C) France refused to supply electricity to Bel-
gium

D) Wind turbines were operating below ca-
pacity

9. What consequences do temporary solutions
such as mobile generators and emergency
power plants entail?

A) CO, emissions will decrease in the short
term but increase in the long term

B) Dependence on foreign energy imports
will decrease

C) There is a risk that structural, sustainable
investments will be postponed

D) The energy supply will be definitively se-
cured for the next 20 years
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10. What conclusion can be drawn about the role
of the government in the Belgian energy situa-
tion?

A) The government plays only a limited role
because the market regulates everything

B) A lack of timely and clear decisions con-
tributed to the capacity problem

C) The government proactively invested in
green alternatives such as methanol

D) Belgium largely follows France’s example,
reducing its risk

Topic 5: Facebook Cambridge Analytica

1. What role did Cambridge Analytica play in the
Facebook user data scandal?

A) It was the first company to collect data
through advertisements

B) It created psychological profiles of users
to influence their voting behavior

C) It attempted to hack Facebook to gain ac-
cess to data

D) It conducted legitimate market research
through authorized Facebook channels

2. Which misconception about technology is em-
phasized in the article about Plato and Face-
book?

A) Technology makes people too indepen-
dent from others

B) Technology automatically leads to wisdom
and moral progress

C) Technology endangers political power

D) Technology has a stronger influence on
younger generations

3. Why is Facebook criticized for its response to
the data scandal?

A) Because Facebook acted immediately
and too strictly against Cambridge Analyt-
ica

B) Because Facebook made the information
about the abuse public before it could be
investigated

C) Because Facebook reacted slowly and
lacked transparency and control over app
developers

D) Because Facebook refused to cooperate
with European privacy regulators

4. How did Cambridge Analytica collect data from
millions of Facebook users?

A) By directly hacking Facebook accounts



B) Through a personality quiz that also in-
volved patrticipants’ friends

C) By paying Facebook for full access to its
database

D) Through cooperation with governments
that passed on data

5. How did Facebook attempt to restore its image
after the revelations about data misuse?

A) By immediately taking legal action against
all parties involved

B) By massively purchasing advertisements
to clear its name

C) By publicly apologizing and promising to
better protect users

D) By temporarily taking the Facebook web-
site offline

6. What broader political impact may the Face-
book data scandal have had?

A) The data misuse may also have played a
role in the Brexit referendum

B) Facebook helped governments run cam-
paigns against disinformation

C) There were no political consequences; it
was purely a marketing issue

7. How does Plato’s story about criticism of the
technological invention of writing relate to mod-
ern technology such as Facebook?

A) Technology brings us closer to the truth

B) Written information leads to true knowl-
edge

C) Technology can create a false sense of
knowledge and connectedness

D) Technology is the only way to preserve
information sustainably

8. What stance did Facebook take toward Cam-
bridge Analytica after being informed of the
data theft in 2015?

A) Facebook immediately warned users and
reported it to authorities

B) Facebook launched a public investigation
into Cambridge Analytica’s activities

C) Facebook demanded that the data be
deleted but did not follow up and did not
inform anyone

D) Facebook denied any contact with Cam-
bridge Analytica

9. Why is Facebook’s slogan “bringing the world
closer together” questioned because of the
data scandal?

A) Because Facebook was banned world-
wide in multiple countries

B) Because the platform causes division and
isolation rather than connectedness

C) Because users massively switched to
other networks

D) Because the slogan was never officially
used by Facebook

10. What did Christopher Wylie do after leaving
his position at Cambridge Analytica?

A) He helped cover up the data misuse
B) He founded a competing data company

C) He exposed the data theft as a whistle-
blower through the media

D) He became an advisor in Hillary Clinton’s
campaign team

B. News Consumption Habits

1. How many times do you follow the news?
— Daily/weekly/barely/never

2. Order the modality you usually use to follow
the news?
— Reading, watching, listening

3. Which news channels do you usually use?
— Television, radio, news paper, news websites,
news apps, social media

4. Which news carrier do you usually use?
— News paper, smartphone, computer, tablet

5. Do you have a paying news subscription?
— Yes/no

6. Order the following news topics according to
your interests.
— Science, disaster, environment, society, tech-
nology

7. Are you older than 29 years?
— Yes/no
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C. Knowledge Retention Experiment Results

condition? topic? news_engagement® | subscribed®
predictor | random topic | cI_ 35 ¢l_99 cl 49 cl_14 c_4 | barely daily weekly | no yes
n= 64 62 21 27 29 25 24 93 25 8 95 31
score 6,61 8,03 | 6,71 822 6,76 7,60 717 | 7,88 7,20 752 | 726 745
stat_sig i i e > ns ns ns i ns ns i ns
d - 0,83 - 0,92 0,02 0,60 0,24 - -0,36  -0,21 - 0,10
effect - large - large  neglig medium small - small  small - neglig
news_deviceP read_newsP watch_newsP listen_news®
predictor | phone pc paper tablet | yes + no yes * no yes + no
n= 101 16 5 4 91 27 8 68 29 29 89 31 6
score 7,38 7,00 7,20 700 | 7,34 7,15 750 | 7,10 7,19 7,79 | 783 7,71 7,13
stat_sig i ns ns ns i ns ns i ns ns i ns ns
d - -0,21  -0,09 -0,20 - -0,10 0,09 - 0,05 0,40 - -0,08 -0,35
effect - small neglig neglig - neglig neglig - neglig small - neglig small
gender® nationality® >29y° degree® duration_minutes®
predictor | & Q BE NL no yes BA MA  PhD | 1520 5-10 10-15 20-25 25+
n= 61 64 61 65 65 61 58 57 11 45 8 49 9 15
score 756 705|759 705|751 712 |7,02 756 7,55 7,53 7,75 7,08 7,56 7,00
stat_sig i ns e ns i ns e ns ns i ns ns ns ns
d - -0,28 - -0,30 - -0,21 - 0,29 0,26 - 0,12 -0,25 0,01 -0,28
effect - small - small - small — small small - neglig small neglig small
interest_topic® accepted_studies®
predictor | neutral interest no_interest | 0-100 101-200 201-300 301-500 500+
n= 30 44 52 28 25 17 26 30
score 7,67 7,46 6,98 6,87 7,56 7,47 7,81 6,67
stat_sig e ns ns e ns ns ns ns
d - -0,12 -0,38 - 0,37 0,29 0,53 -0,11
effect - neglig small - small small medium  neglig

Table 6: Experimental?, news consumption related® and personal® variables as predictors.
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