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Abstract

News recommenders increasingly need to balance relevance, diver-
sity, and stated preferences over repeated interactions. We report
preliminary evidence from a four-wave user study with 262 par-
ticipants comparing four personalization trajectories in a content-
based news feed. Phase-wise comparisons suggest that on-profile
selection varied with the assigned trajectories, while stated topic
profiles remained comparatively stable during the two-week study
(92.6%-98.0% retention). These preliminary findings suggest that
short-term selection behavior partly reflects feed composition rather
than stable preference change. Ongoing mixed-effects, exposure-
normalized, and attrition-sensitive analyses will test this interpre-
tation.

CCS Concepts

« Information systems — Recommender systems.
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1 Introduction & Related Work

News recommenders must balance exploiting known user interests
with exposing readers to diverse and timely content. Similarity-
based approaches remain central to recommender systems, where
items closely aligned with a user model are commonly treated as
exploiting known preferences, while less similar or more diverse
items support exploration [4, 5, 11]. This trade-off is particularly
pronounced in news recommendation, as articles have a short shelf
life while news feeds must account for recency, topic change, and
breaking-news dynamics [6, 9, 10]. Recent work has examined user
perceptions of recommender objectives, controlled personalization
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in operational news services, and user-centered recommender eval-
uation more broadly [1, 3, 8]. However, controlled longitudinal
evidence remains limited. Many evaluations are offline or single-
session, and recent longitudinal work on similarity-based news
recommendation leaves open how changing exposure trajectories
affect revealed behavior and stated profiles over time [7]. We ad-
dress this gap and present our preliminary results in this Research
& Practice note with a four-wave user study (N = 262) compar-
ing four content-based news-feed trajectories: consistently similar
(SIM), consistently dissimilar (DIS), increasing personalization (INC),
and decreasing personalization (DEC). Against this background, we
ask how different personalization trajectories affect revealed read-
ing behavior, perceived recommendation experience, and explicitly
stated topic-profile stability. We provide a longitudinal study design,
early indications of divergence between revealed article selections
and stated profiles, and an analysis agenda accounting for repeated
measures, exposure, attrition, and user- and topic-level differences.

2 Study Design and Measures

We conducted a longitudinal between-subjects user study with one
calibration wave (Wave 0) and three treatment waves (Waves 1-3).
Participants were randomly assigned using count-balanced allo-
cation to SIM, DIS, INC, or DEC. An a priori power analysis in
G*Power for a one-way ANOVA with four groups (f = .25, a = .05,
1 - p = .80) required N = 180. At baseline, we recruited 419
U.S.-based Prolific participants; 262 completed all four waves and
formed the preliminary complete-case sample (SIM n = 73, DIS
n =61, INC n = 59, DEC n = 69). Participants were compensated
for each completed study phase. Before recruitment, the study’s
research ethics and data-protection requirements were assessed in
accordance with the University of Bergen’s institutional procedures.
No separate ethics committee approval was required. All partici-
pants provided informed consent, and only anonymized data were
analyzed. Eligibility required English as a primary language and
completion on a desktop or laptop device. The final analytic sample
was approximately gender-balanced (51.1% male, 47.7% female, 1.1%
undisclosed), spanned adult age groups (largest group: 35-44 years,
30.9%), and was educationally varied (46.6% BA, 34.0% high school,
13.0% MSc, 5.7% doctorate, and 0.8% other or unreported). During
calibration, participants selected topic preferences and liked articles
they wanted to read; in each treatment wave, they interacted with
a content-based news-feed interface (Fig. 1) and then completed re-
peated survey measures. The recommender followed the similarity-
based setup of [7]. Articles were represented with OpenAl text
embeddings (text-embedding-3-small), and for each participant we
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constructed a user profile by averaging the embeddings of articles
they had liked in previous waves. Similar on-profile candidates were
retrieved with FAISS [2] nearest-neighbor search and filtered to
topics in the participant’s stated profile and then re-ranked with a
freshness-aware score that linearly combines similarity and recency
(0.6 - FAISS similarity + 0.4 - normalized 1/(1+age_hours)), yield-
ing the final on-profile list; off-profile candidates were sampled
from topics outside that profile. Each wave used a fresh News-
Catcher article pool restricted to U.S. outlets covered in the 2025
Reuters Institute Digital News Report!. In the calibration wave,
before prior article selections were available, recommendations
were based on participants’ stated topic preferences. The treatment
feeds then combined on-profile and off-profile articles according to
four personalization trajectories: SIM (90-90-90% on-profile), DIS
(10-10-10%), INC (10-50-90%), and DEC (90-50-10%). We mea-
sured revealed behavior from submitted article selections made
using the heart/like control. Measures included on- and off-profile
selections, total selections, and the on-profile selection ratio. Profile
retention was measured at the participant level as |Py N Ps3|/|Po|,
where Py and P3 denote the baseline and final topic sets. Subjective
measures captured choice satisfaction, perceived recommendation
quality, and perceived diversity on five-point Likert scales. We ex-
amined the item structure using a preliminary confirmatory factor
analysis (CFA) of the pooled treatment-wave responses. Two low-
loading items were omitted before scale construction; the retained
items loaded strongly on their intended constructs (Tab. 2), and
all retained constructs showed ordinal alpha values > .80. We re-
port phase-wise ANOVAs and descriptive profile comparisons as
first analyses; mixed-effects, exposure-normalized, and attrition-
sensitive analyses are ongoing.

3 Preliminary Findings

Personalization manipulation. On-profile selection varied with
the assigned trajectories (Tab. 1; Fig. 2). Condition differences were
significant in all treatment waves, with the strongest separation
in Wave 3, F(3,258) = 87.77, p < .001, 172 = .505. Despite a 10%
feed target, DIS retained substantial on-profile selection (48.9%—
35.6%), motivating exposure-normalized analyses. Total selection
volume did not differ systematically between conditions. Subjec-
tive perceptions changed less consistently than selection behav-
ior (Fig. 2). Perceived diversity differed by condition in the first
and final treatment waves: F(3,258) = 5.04, p = .002, 772 = .055,
and F(3,258) = 6.34, p < .001, 72 = .069, but not in the middle
treatment wave. Perceived recommendation quality differed across
all treatment waves, with the largest effect at the start of treat-
ment: F(3,258) = 5.97, p < .001, 772 = .065. Choice satisfaction
showed only an early condition effect: F(3,258) = 3.07, p = .028,
n? = .034, and did not differ significantly in later waves. Thus, con-
dition differences in selection behavior appeared more persistent
than differences in subjective evaluations. Explicit topic profiles
changed little (Tab. 1): participants retained 92.6%-98.0% of their
baseline topic selections. DEC showed the most movement (92.6%

!https://reutersinstitute.politics.ox.ac.uk/sites/default/files/2025-06/Digital_News-
Report_2025.pdf
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retention; 29.0% changed at least one topic). Thus, article selec-
tion varied with feed composition while stated profiles remained
comparatively stable over two weeks.

4 Initial Interpretation and Next Steps

These preliminary analyses suggest that article selection may re-
spond more quickly to feed composition than stated profiles. On-
profile selection varied with the assigned feed-composition trajec-
tory, while stated topic profiles remained comparatively stable. For
news recommender evaluation, this revealed-versus-stated distinc-
tion matters: short-term selection shifts should not be interpreted
too directly as stable preference change, especially when exposure
itself is experimentally or algorithmically constrained. Subjective
benefits were more limited: phase-wise comparisons suggested
higher perceived recommendation quality and early choice satis-
faction under stronger personalization, but satisfaction differences
did not persist across later waves. These findings provide initial evi-
dence from a controlled longitudinal study while also defining clear
boundary conditions for interpretation. Future work can examine
whether the observed divergence between revealed selection behav-
ior and stated topic profiles extends to other countries, mobile news
use, and more naturalistic consumption contexts. The article pool
was intentionally drawn from selected U.S. outlets and topic cate-
gories to support experimental control; as a result, topic availability
varied across categories, with sports representing a comparatively
large share. These design choices may have influenced both profile
construction and perceived diversity. The study covered four waves
over a two-week period, making the results most informative about
short-term behavioral adaptation. Longer deployments would be
valuable for examining sustained preference development, repeated
exposure effects, and possible delayed changes in stated profiles.
In addition, planned on-profile rates should be understood as feed-
composition targets rather than deterministic exposure or selection
outcomes: participants could ignore articles, feed lengths varied in
practice, and scroll depth likely differed across users. Future analy-
ses can build on these findings by modeling individual differences,
user segments, topic-specific trajectories, and finer-grained expo-
sure measures that distinguish articles delivered, articles seen, and
articles selected. Next, we will apply mixed-effects trajectory mod-
els, exposure-normalized measures distinguishing articles delivered,
seen, and selected, attrition-sensitive analyses, user- and topic-level
models, and a longitudinal structural equation model linking feed
composition, perceived diversity, satisfaction, and downstream in-
formedness. These analyses will test the robustness, heterogeneity,
and mechanisms of the preliminary patterns.
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Note. Participants could preview and like articles and switch between the latest and liked-article
feeds, making exposure and explicit article choices observable.

Figure 1: Experimental news-feed interface used during the
treatment waves.
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Note. Subjective and behavioral responses across the three treatment waves. Bars show condition
means; error bars indicate +1 standard error. The upper panel shows that choice satisfaction varies
only modestly and mainly early in the study. The lower panel visualizes a preliminary aggregate
pattern: on-profile selection varies with the assigned feed-composition trajectories. Annotations
report phase-wise ANOVAs (¥p < .05, * * *p < .001; n.s. denotes p > .05). n? denotes the
corresponding effect size; mixed-effects and exposure-normalized analyses are ongoing.

Figure 2: Choice satisfaction and on-profile article selection
across treatment waves.
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Table 1: Planned personalization trajectories and preliminary
observed outcomes.

Cond. Plan Selection ratio Ret. Chg.
SIM 90-90-90 .887-.889-.888 96.9% 23.3%
DIS 10-10-10 .489-.422-.356 95.9% 24.6%
INC 10-50-90 .397-.725-.891 98.0% 22.0%
DEC 90-50-10 .886-.670-.265 92.6% 29.0%

Note. Plan and selection ratio report treatment Waves 1-3. Ret. is the mean participant-level
|Po N P3|/|Pg|. Chg. is the proportion whose final topic set differed from baseline; additions and
removals both count.

Table 2: Preliminary measurement checks for the repeated
user-experience measures. Standardized loadings are re-
ported for retained items; two weak-loading items from the
initial pool are shown for transparency.

Construct and item Loading

Choice Satisfaction (adapted from Knijnenburg and Willemsen [8])

1like the articles I have chosen. .943
I would like to read more articles like the one I have chosen. 912
The chosen articles fit my general preferences. .899

Omitted: I would know several articles that are better than the ones I have chosen. -

Perceived Recommendation Quality (adapted from Knijnenburg and Willemsen [8])

1 found the articles in the news feed to be interesting. 919
The articles in the news feed fitted my preferences. 956
The articles in the news feed were relevant to me. .933
Perceived Diversity (adapted from Kasangu et al. [7])

The articles in the news feed differed in terms of their topics. .832
The diversity of the articles in the news feed was high. 969

Omitted: The articles in the news feed were similar to each other. -

Note. The table reports retained loadings from the reduced measurement model. Italicized items show
the initial item pool but were omitted due to weak loadings in the initial CFA: one choice satisfaction
item (A = .315) and one reverse-coded perceived diversity item (A = .507). All retained constructs
showed ordinal alphas above .80.
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