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ABSTRACT

Calibrated recommendations, a class of techniques designed to
align recommendation lists with users’ historical preference dis-
tribution, are largely underexplored under the dynamic feedback
loop scenario. In this work, we use a dynamic recommendation
simulation framework to study how calibration affects news rec-
ommendation over time, measuring miscalibration, diversity and
fragmentation. We evaluate calibrated and uncalibrated recommen-
dations on semi-synthetic simulation environments derived from
Globo.com, a large-scale Brazilian news portal dataset. Our results
show that calibration consistently increases fragmentation over
time, while slightly reducing catalog coverage. Filtering out previ-
ously interacted items (exposure filtering), a common practice in
recommender systems, also plays a role: calibrated recommenda-
tions start out more diverse, but diversity decreases over time as
top-ranked articles get filtered out, while uncalibrated recommen-
dations become more diverse overall, despite cyclical fluctuations.
The same pattern holds for miscalibration, which increases over
time for calibrated variants but decreases for uncalibrated ones.
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1 INTRODUCTION

Recommender Systems (RSs) help users navigate large online cat-
alogs by learning from past interactions and from the behavior
of similar users. The goal of such systems is to alleviate decision
fatigue and deliver relevant content to the user needs [48]. Particu-
larly, in News Recommendation Systems (NRS) a difficult balance
is needed: users should receive relevant content according to their
interests or political views, however, over personalization can limit
users exposure towards different news or viewpoints [46].

This delicate balance can be further challenged by biases present
in the interaction data or model design, which may amplify the over-
exposure of popular news while under-representing niche articles.
This issue is particularly concerning in dynamic recommendation
settings, where users consume recommended news, these interac-
tions are logged, and future recommendations are trained from this
very feedback, creating a loop that can amplify existing biases. Over
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time, this cycle may deepen skewed exposure patterns, contributing
to filter bubbles, rabbit holes, and preference drift. [33, 41, 42].

One strategy that limits this drift is calibrated recommendations
[52]. Steck proposes that recommendations should approximate the
distribution of genres or categories observed in users’ past inter-
actions, so that recommendation lists better reflect users’ diverse
interests. Calibration has become an active research topic in re-
cent years, although it remains a relatively specific area within
RS fairness [16]. Recent work has begun to incorporate preference
evolution into calibrated recommendation, for example by select-
ing more representative slices of user history, down-weighting
older interactions, or questioning the use of stale preferences as
calibration targets [17, 36, 57]. Moving towards dynamic evalu-
ation is fundamental in a scenario where the long-term role of
recommender systems is called into question: whether they should
empower users to discover content aligned with their genuine in-
terests, or whether, as purely accuracy-driven offline evaluation
often overlooks, they risk narrowing the online experience over
time by reinforcing existing consumption patterns and distorting
user preferences [24, 25, 30].

To the best of our knowledge, the role of calibration remains
underexplored in dynamic recommendation scenarios, where users
consume recommendations, those interactions are logged and used
to train the recommender model, and the cycle repeats. Discussions
involving calibration with NRS, especially in the dynamic context,
are also scarce. Even though previous studies explain the role that
calibration plays on NRS, no work has been proposed to do so in a
dynamic scenario, connecting its effects to other diversity-related
metrics [54]: if we take into account model retraining, exposure fil-
tering (that is, avoiding recommending previously interacted items,
a common practice with recommender systems) and user interac-
tion in the feedback loop, how does news diversity change over
time? Would users be exposed to similar articles, triggering com-
mon topics for discussion and enabling healthy conversations about
current events, or would they be isolated into bubbles? Moreover,
does calibration tip the delicate balance between personalization
and common exposure between users? In summary, we hope to ad-
dress the following research questions, distilled from the discussion
above:

(1) RQ1: How does calibration affect miscalibration under dy-
namic feedback loops?

(2) RQ2: How does calibration affect diversity and catalog cov-
erage over time?

(3) RQ3: Does calibration increase news fragmentation in dy-
namic recommendation scenarios?
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(4) RQ4: How does the previously-seen item filter interact with
calibration over retraining cycles?

In this paper, we address those questions by studying the effects
of calibrated recommendation in a simulated dynamic recommen-
dation scenario. We apply calibration in a feedback loop scenario
based on the Globo.com dataset, a large-scale Brazilian news portal
[21]. We measure average miscalibration and other fairness-related
metrics, such as catalog coverage, intra-list similarity and news frag-
mentation [54]. Our simulation approach, detailed in Section 4.1,
allows us to emulate the interaction between user, model and data
and measure how news recommendations evolves through time
with or without calibration.

The remainder of this paper is structured as follows. Section
2 covers technical background on calibrated recommendations,
Section 3 covers related works on calibration, fairness, and dy-
namic recommender systems. Section 4 details our user simulation,
including preference evolution and acquisition. We describe our
experiments in Section 5, discuss results in Section 6, and conclude
in Section 7. The code used for the simulation!, the recommenda-
tion model implementationz, and calibrated recommendations® are
publicly available, as well as the experimental results.

2 BACKGROUND

Recommender systems have traditionally aimed to produce recom-
mendations that are faithful to users’ preferences, initially with a
strong focus on predictive accuracy [48]. As the field matured, re-
search increasingly considered broader effects of recommendation,
including popularity bias, exposure unfairness, diversity loss, and
unequal utility across user groups [3, 20, 26]. Within this broader
fairness landscape, calibrated recommendation was introduced by
Steck [52] to ensure that recommendation lists reflect the distribu-
tion of interests observed in users’ historical interactions.

Calibration is a subfield of fairness in recommender systems that
focuses on whether a recommendation list reflects the multiple
interests of an individual user [1, 28]. Following Steck [52], the
user’s historical profile is represented as a distribution p(g|u) over
genres or categories, computed from the user’s past interactions.
A recommendation list R(u) induces a corresponding distribution
9(glu).

In practice, calibration is commonly implemented as a re-ranking
procedure based on Maximal Marginal Relevance (MMR) [9], where
the final list balances relevance and calibration:

Realibrated (u) = argmax

£SC(w),| £I=N

)

Here, C(u) is the candidate set, £ is the candidate calibrated
recommendation list, S( L) is its relevance score, and A controls the
trade-off between relevance and calibration. .L is greedily assem-
bled as items from C(u) that maximize Equation 1 are chosen. the
higher A gets, the more calibrated the list becomes, at the cost of
relevance. This value is typically either hard-coded to a fixed high
value, or obtained through more sophisticated approaches, such as

!https://github.com/caiotda/dynamicTasteDistortion/tree/webmedia_paper_globo
Zhttps://github.com/caiotda/bpr-mf
3https://github.com/caiotda/calibrated-recommendations/tree/main

[(1 = DS(L) - ADist(p(-u), q(-[u, £))] .
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hyperparameter tuning or analyzing the variance of genres in the
user profile [18, 51].

The degree to which a list is calibrated is typically measured by
Miscalibration (MC), introduced by Abdollahpouri et al [2]. The
metric is defined as the average distance between the user’s his-
torical preference distribution and the distribution induced by the
recommendation list:

MC(p.q) = i Dist(p(-1u). 1), @

uelU
where the distance function Dist(p(-|u), q(+|u)) is typically KL di-
vergence [34] or Hellinger distance. A list is considered well cali-

brated when q(g|u) ~ p(g|u).

3 RELATED WORK

A growing body of research has investigated the relationship be-
tween calibration and other fairness-related phenomena. One promi-
nent line of work examines the connection between popularity bias
and calibrated recommendation. While some studies analyze how
calibration influences popularity bias, and vice versa [2, 29], others
explicitly leverage users’ preferences for popular or niche items
during calibration [49] or introduce calibration directly into model
learning through in-processing approaches, such as adapting BPR
[47] to account for users’ preference toward popular or niche items
[19]. In addition, Lin et al. [37] investigate how different aspects of
a user profile, such as taste diversity and intensity, may contribute
to miscalibration. Other works connect calibration to recommen-
dation diversity, either by discussing their shared goals [28] or by
showing that calibration may reduce overall diversity [16].

3.0.1 Calibration and News Recommender Systems. Calibration has
been largely underexplored in the news recommendation domain
in comparison to others, such as movies or music [16]: Treuillier
et al. [53] explore a fairness framework for NRS that jointly opti-
mizes fairness and diversity, using a calibration-like approach to
build the users’ profile; in a subsequent work, the authors critique
standard diversity evaluation approaches in NRS, arguing that high
diversity in recommendations does not systematically lead to more
diverse news consumption, and call for temporal and personalized
evaluation frameworks [53]; finally, Vrijenhoek et al. [54] connects
beyond-accuracy diversity metrics, such as Calibration and Frag-
mentation, to normative models of democracy and the role news
recommenders should play in each.

3.0.2  Preference Evolution and Calibration. Another recent line of
work has questioned the assumption, present in Steck’s original
formulation and subsequent publications, that users’ preferences
are static over time. Zhao et al. criticize standard calibration for
enforcing that the distribution of recommended items should match
users’ past interests, without accounting for taste evolution. The
authors refer to this mismatch as taste distortion, which occurs
when calibrated recommendations fail to keep up with the user’s
evolving preferences.

In a similar direction, but with a more exploratory focus, Lin et
al. [36] propose a calibration approach in which the user’s history is
partitioned into timestamp-based segments. Miscalibration is then
measured between the user’s current preference profile and each
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segment, and the segment with the lowest miscalibration is selected
as the most representative of the user’s current preferences. This
segment is subsequently used as the reference profile for calibrating
the recommendation list.

More recently, Da Silva et al. [17] proposed modifications to
Steck’s original formulation to account for diverse and evolving
preferences. In particular, they down-weight older interactions
when calibrating a list by applying a timestamp-based w,, ; in p(g|u).
As a result, preference evolution is explicitly incorporated into the
calibration process. However, these works share a common limita-
tion: they evaluate calibration and diversity in static recommenda-
tion scenarios.

3.0.3 Literature Gap. While the recommender systems commu-
nity has long acknowledged that preferences shift over time [31],
this issue has only recently received attention in the context of
calibration. Calibration in NRS (and recommender systems more
broadly) has been studied predominantly in static settings, rather
than in dynamic scenarios where users and recommendation mod-
els continuously influence one another [10, 39, 43, 45]. Previous
studies have examined how feedback loops, a core aspect of dy-
namic recommender systems, relate to filter bubbles [5], diversity,
and popularity bias [38, 58]. Additionally, a concurrent extended
abstract shares our motivation of exploring calibration in dynamic
recommendation settings [35]. While their work focuses on differ-
ent aspects such as the A trade-off parameter between accuracy and
calibration and comparing distribution distance measures, our work
explores different calibration strategies, a distinct user simulation
model, and the effects of user propensity towards acquiring new
preferences. As of the writing of this paper, their full results have
not yet been made public.

To the best of our knowledge, the behavior of calibration under
dynamic feedback loops, where user preferences, recommenda-
tion exposure, and model retraining continuously influence one
another, remains largely unexplored. In this work, we address this
gap through a user simulation framework that allows us to study
how calibrated recommendations shape and are shaped by evolving
user preferences over time.

4 METHODOLOGY

One of the main challenges in studying dynamic recommendation
is modeling the feedback loop, which can be investigated either
through longitudinal user studies on online recommendation plat-
forms or through simulation [8, 38, 56, 58]. Due to the high cost
and complexity of conducting long-term studies with real users, we
focus on simulation. Our goal is to provide an initial step toward
understanding calibration in dynamic settings and to motivate fu-
ture longitudinal studies with real users, similarly to prior work on
user perception of calibration in static scenarios [4]. A high-level
overview of the experimental setup is shown in Figure 1 and is
further explained in the following subsections.

4.1 User Simulation

Modeling user behavior faithfully is itself a challenging task [44].
Our modeling assumptions, which extend previous work on user
simulation and modeling [11, 58], are as follows:
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Figure 1: Overview of the simulation framework. The frame-
work consists of three stages: simulated user modeling, boot-
strapping, and feedback loop simulation. Dotted lines indi-
cate component reuse across stages. L denotes the retraining
frequency, N the number of simulation rounds, and D the ac-
cumulated set of simulated clicks. The simulated user Model
is further explained in Section 4.1, the bootstrapping step
and feedback loop in Sections 4.2, 5.3 and 5.4.

(1) Users are biased toward selecting top-ranked items. We
model click-position bias, a well-documented phenomenon
in recommender systems [12, 14].

(2) User clicks are independent within a session: interacting with
the j-th recommended item does not affect the probability
of clicking on the (j + 1)-th item.

(3) User preferences are affected by recommended items, mod-
eled through a fixed probability « that a user acquires interest
in an item they examined but did not click.

(4) Repeated interactions are not allowed: once a user interacts
with an item, it is not recommended again before retraining.

(5) User behavior is learned from a base dataset, following a
semi-synthetic approach to derive preferences and interac-
tion frequency from observed data.

We operationalize these assumptions through three components:
an examination model and an oracle model, based on prior work
on simulated recommendation [38, 58], which determine which
items are clicked; and a memory model, which accounts for prefer-
ence acquisition and forgetting, drawing on human learning and
forgetting curves [11, 13, 40]. To introduce temporal dynamics, we
estimate the average time between consecutive ratings and use it
to simulate interaction timestamps.

4.1.1 Generating interaction timestamps. Because we assume that
interactions are independent, we model the time between consec-
utive interactions as a random variable following an exponential
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distribution. For each user u, let T(u) = {to, t1,...,tm} be the or-
dered set of observed interaction timestamps. We compute the
set of observed inter-arrival times per user, AT (u) = {tx — tx—1 |
k =1,...,m}, and use their median as the scale parameter of the
exponential distribution:

Py = median(AT (u)). 3)

Therefore, the time between two consecutive simulated interactions
for user u is sampled as:

At;(u) ~ Exponential(f,), 4)

The timestamp of the [-th simulation round for user u is then defined
as:

=t + Aty (u), (5)
where t = 0. Since samples from the exponential distribution are
strictly positive, we have t; > t;_; for every simulation round I.

4.1.2  Oracle model. To define the relevance of a given user-item
pair, we follow a semi-synthetic approach frequently employed in
simulation-based studies [5, 39, 58]. We train a predictive model
on the observed interactions from Globo.com dataset and use it to
fill in the missing entries of the user-item matrix. We refer to this
model as the oracle model.

At the end of this process, we obtain a dense binary relevance
matrix M, referred to as the oracle matrix, where M, ; = 1 if item i
is considered relevant to user u, and M,,; = 0 otherwise. Details on
oracle model selection are provided in Section 5.2.

4.1.3 Examination Model. Let T = {i1,i3,...,i|7|} be the set of
items, and let R(u) = {iy, iy, ..., ix} be a recommendation list of
size k produced for user u, where i; € T denotes the item at position
J. We model user examination using a position-biased examination
model, since users are more likely to inspect items displayed near
the top of a recommendation list. For each position j, we define the
examination probability, following Joachims et al., as:

1
Pexam (]) 10g2 (] + 1) . (6)
This probability decreases monotonically with the item position,
reflecting the tendency of users to examine top-ranked items more
frequently than lower-ranked ones [12, 14].
To simulate whether user u examines the item at position j,
we draw a random variable z; ~ Uniform(0,1) and define the
examination indicator as:

0j :l[zj SPexam(j)]> (7)
where 0; = 1 denotes that the item was examined, and 0; = 0
denotes that it was not examined. Since z; is uniformly distributed,
the probability that o; = 1 is exactly Pexam(j). Moreover, because
each z; is drawn independently, examinations across positions are
mutually independent.

4.1.4 Combining the Examination and Oracle Models. To simulate
the interaction between user u and a recommended item i;, where
ij denotes the item at position j in the recommendation list, we
combine the examination and oracle models. Let c(, i;) be a binary
variable indicating whether user u clicked item i;:

®

c(u,ij) = 0j - My,
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where o; indicates whether the item at position j was examined,
and M, ;; indicates whether item i; is relevant to user u according
to the oracle matrix. Thus, ¢(u, i j) = 1 only when the item was both
examined and relevant to the user.

4.1.5 Memory Model. To understand how the feedback loop af-
fects users’ interests, we include mechanisms for both preference
acquisition and forgetting. To simulate preference forgetting, we
draw inspiration from Ebbinghaus’s forgetting curve [40] and from
prior work on user modeling in recommender systems [11, 13, 15].

Following these works, we define the probability that user u
forgets a preference for genre g at time t as the complement of a
retention function:

Prorget (91t, u) = 1 = exp(=f(t,4,9)), ©)

where f(t,u, g) is a non-negative function that increases with time,
so that retention strictly decreases the longer a preference goes
unreinforced. Following Chen et al., we compute retention for user
u toward genre g as a function of both elapsed time and how fre-
quently the user has interacted with that genre:

f—tmin(w)  n(ug)
tmax (4) — tmin (4) Zg’eg n(u,g’) ’
where tyin(u) and . (u) are the earliest and latest interaction
timestamps of user u. The first term min-max normalizes ¢, making
decay scale-invariant to absolute time; the second is the fraction of
user u’s interactions belonging to genre g. Both terms are bounded
to [0, 1], and we add 1 to keep f(¢,u,g) € [0, 2] non-negative, so
that users with stronger affinity toward a genre are less likely to
forget preferences related to it.

We apply forgetting at the article level, assigning each arti-
cle a; the forgetting probability of its genre: Ppget(ajlt,u) :=
Prorget(g(aj)|t, u). This is applied to every relevant article recom-
mended but not clicked by the user — i.e., for each a; € R(u) such
that Mu,uj =1and c(u,a;) = 0, the user’s preference for a; may be
forgotten according to Prorget(ajlt, u).

Preference acquisition is modeled through a hyperparameter
a, representing the probability that a user acquires interest in an
article they examined but that was initially irrelevant according
to the oracle model. Formally, for each item i; € R(u) such that
M,,;; =0and o; = 1, we update the oracle matrix as:

M, =b
whi Mui-
)]’

where M’ is the updated oracle matrix and z; is defined in Equa-
tion 7. Lower values of « model more conservative users, while
higher values model users more prone to acquiring new preferences
through exposure. We hardcode a = 0.1 and leave exploration of
different acquisition levels for future work.

f(tug) =1+

(10)

if z; ~ Uniform(0,1) < a, (11)

otherwise.

4.2 Dynamic Recommendation simulation

The feedback loop is a core component of dynamic recommendation
[12, 45]: users interact with recommended items, these interactions
are logged, and the model is retrained or updated using this data
to generate future recommendations. This cycle allows the system
to adapt over time, but it may also reinforce biases and shape user
preferences through repeated exposure.
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4.2.1 Cold-starting the Simulation. We first create an initial cold-
start dataset, denoted as Dy, containing clicks generated by the
simulated users. To bootstrap the simulation, we use a random
recommendation policy: each user receives 20 randomly selected
items, and the user model described in Section 4.1 determines which
items are clicked. The resulting clicks are added to D.

This process is repeated until Dy contains approximately 500
thousand positive interactions, which provides a sufficient amount
of data to train the initial recommender model.

4.2.2  Dynamic Recommendation. As the recommendation model,
we use a BPR-based matrix factorization model [47], due to its
simplicity, applicability to implicit feedback scenarios, and efficient
optimization through negative sampling. Since our user simulation
explicitly includes position bias, as described in Section 4.1, we
modify the original BPR loss by adding a position-based weight
that reflects the position at which an item was clicked. Therefore,
lower ranked clicks are considered more important as they are
removed from top-rank click biases.

Given a set D of training tuples (u, i, j), where i is a positive
item and j is a sampled negative item for user u, we define the loss
as:

1 1
LRPRonos = —— - -
BPR-pos | | WSo 10g2(1 ; kuji

(12)

where 7J,,; and 7j,, ; are the predicted scores for the positive and neg-

ative items, respectively, yr is the regularization hyperparameter,

and ||6]|? is the squared norm of the model parameters. To debias

click position, we set a click-aware term, where k, ; is the position
at which positive item i was clicked by user u.

After cold-starting the simulation, we train the recommender
model on the bootstrapped click set Dy. We then perform hyperpa-
rameter tuning on this bootstrapped set, partitioning it into train-
ing, validation, and test splits using cross-validation through time
(CVTT). Model performance is evaluated using Mean Average Pre-
cision at 5 (MAP@5), a standard ranking metric for binary feedback
data. We choose a relatively short cut-off point due to how we
model user examination behavior, which concentrates interactions
in the first few positions of a ranking. A recommended item i is
considered a hit for user u when c(u, i) = 1.

At each simulation round ¢, the recommender model generates
recommendation lists for the simulated users. The clicked items
are collected into a new interaction set D,, which is then added to
the accumulated training data:

D —DUD,. (13)

Every L rounds, the model is retrained using the updated inter-
action set D.

At each round, we also measure taste distortion by comparing the
genre distribution of the interactions collected at round ¢ with the
genre distribution of the initial bootstrapped set Dy. We use average
miscalibration based on Hellinger distance to quantify how user
preferences change over time. We choose Hellinger Distance instead
of other probability distribution metrics, such as KL divergence,
due to being bounded in a [0, 1] interval and being less sensitive

) '(_ 1Oga(gu,i - gu,j))"')/reguenz»
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by small fluctuations, something that must be taken into account
due to the random components in our simulation, such as the click
model detailed in section 4.1.3. Besides a calibration metric, we also
measure diversity related metrics, such as Intra-list diversity (ILD),
catalog coverage and news fragmentation.

We run three recommendation policies: a calibrated recommen-
dation policy, which applies Steck’s classical formulation of cali-
brated recommendation, assigning equal importance to all interac-
tions in the user’s history [52]; an uncalibrated BPR policy, which
uses the raw output of the recommendation model without any
re-ranking; and a random recommendation policy, included as a
baseline to isolate the effects of user interaction patterns from those
of model personalization. We refrain from testing different calibra-
tion formulations, such as time-based, with adaptive weighting
or popularity-bias-aware calibration [17, 18, 49] and leave this to
future work.

5 EXPERIMENTAL SETTING

Our experiments consist of three main steps: oracle model gener-
ation, click bootstrapping, and dynamic simulation of user-item
interactions. Each step is described below before presenting the
experimental results.

5.1 Datasets and Preprocessing

The simulated users in our experiments are derived from Globo.com
4 one of the largest and most relevant news outlets in Brazil. Since
running dynamic simulations over time is computationally expen-
sive, we focus on a dataset that is manageable in size while still
containing the information required for our study. In particular,
because we are interested in preference evolution and calibration,
we require a news dataset that provides interaction timestamps,
item genre or category information, and impression logs, all of
which are available in the Globo.com dataset. Others datasets, such
as MovieLens [22], Yelp [6], and MIND [55] fit this criteria. We
choose Globo.com specifically for its relevance to the Brazilian
context, the density of its interaction logs, and its focus on news
recommendation. With that said, our experimental setup imposes
no domain limitations beyond the user-item information described
above.

The dataset undergoes a filtering step to ensure sufficient signal
for training. We remove articles with no associated category, as well
as articles belonging to categories with fewer than 36 interactions
(the 50th percentile), and users with fewer than 10 interactions. This
reduces the dataset from 322,897 users, 46,033 items, 316 genres
and a sparsity of 0.9998, to 17,749 users, 14,853 items, 130 genres
and a sparsity of 0.995.

5.2 Oracle model selection

To evaluate matrix-filling performance, we test three factorization
models as oracle models: SVD, SVD++, and NMF [32]. Hyperpa-
rameter selection follows a cross-validation through time (CVTT)
approach, which we use instead of user-based or random parti-
tioning in order to preserve the temporal structure of preference

“https://www.kaggle.com/datasets/gspmoreira/news-portal-user-interactions-by-
globocom
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evolution. The data are split chronologically into training, valida-
tion, and out-of-time (OOT) test sets, using a 70/15/15 split. The
validation set is used for hyperparameter tuning, while the OOT
test set is used to measure final model performance. The hyperpa-
rameter grids used for model selection are available in the extended
material °. We use the same grid for SVD and SVD++. This step
was implemented using the Surprise library [23].

We select the best oracle model based on F1 score on the OOT
test set, since our goal is to identify the model that best predicts
users’ future binary preferences, which aligns with our experimen-
tal design. Because evaluating all hyperparameter combinations
would be computationally costly, we perform random search cross-
validation [7], sampling 20 random configurations per model and
per dataset.

Because Globo.com dataset contains only implicit feedback sig-
nals, we perform random-negative sampling for oracle model fitting
and evaluation so that we have positives and negatives, sampling
3 negatives per positive. We report the best-performing variants
for each model and their F1 scores in Table 1. The full results are
provided in the paper’s github repository to keep the main text
concise.

Table 1: Best hyperparameter configurations per model and
dataset

Model f e n Y F1

SVD++ 15 10 0.01 0.02 0.658
SVD 15 10 0.01 0.02 0.658
NMF 15 100 —  y,=0.05,y;=0.02 0.634

e: number of epochs, f: number of factors, 7j: learning rate; y: regularization; y, y;:
per user/item regularization. F1 reports Test F1.

Finally, we generate a fully filled binary relevance matrix M that
stores the relevance of each user-item pair. For efficiency reasons,
we randomly select 1,000 users for the simulation and store their
inferred preferences, since storing the complete dense matrix for all
users and items is computationally impractical. Although the simu-
lation is restricted to these 1,000 sampled users, the oracle models
are trained on the full user-item interaction matrix. Removing the
remaining users before training would weaken the collaborative
signal available to the factorization models, degrade the learned
user-item structure, and ultimately reduce prediction quality for
the sampled users.

5.3 Bootstrapped Clicks

Using the user model described in Section 4.1, we generate an
initial dataset of user clicks. This process consists of randomly
recommending 20 items to each user, collecting the resulting clicks,
and repeating the procedure until approximately 500,000 positive
interactions are recorded. Although this dataset size is arbitrary, it
provides a reasonable number of positive interactions to train the
initial BPR model. We also prevent repeated recommendations by
masking items that the user has previously interacted with.

Even though items are recommended randomly at this stage,
simulated users only click items that are relevant according to the

Shttps://anonymous.4open.science/r/dynamicTasteDistortion-webmedia
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oracle matrix, with a higher probability of examining top-ranked
positions. Therefore, the bootstrapped set provides a proxy for
the initial preference distribution for the simulated users, which
we denote as Hy, before their interactions are influenced by a rec-
ommender system and its feedback loop. In Section 6, we report
miscalibration by comparing the recommendations or interactions
produced at each simulation round against this initial preference
distribution.

The bootstrapped set derived from Globo.com comprises 1,000
users and 2,944 items spanning 123 genres, with approximately
500,000 interactions and a sparsity of 0.83.

5.4 Dynamic Recommendation Model Selection

To select the BPR hyperparameters used in the simulation, we
perform CVTT on the bootstrapped clicks rather than the base
datasets, as simulated users behave differently from real users, and
tuning on the base data would create a mismatch between model
selection and the simulation setting.

The model is optimized to predict clicked items. Since clicks are
generated by both the oracle model and the stochastic examination
model, this task reflects the noisy implicit-feedback setting used in
our simulation and resembles a production environment with noisy
implicit feedback, making this a challenging task. We therefore use
cold-start MAP as the model selection criterion, while refraining
from reporting accuracy-oriented metrics in the main experiments,
since our focus is calibration and diversity related metrics. The
hyperparameters tested via CVTT are available in the extended
material ¢, and the validation results are reported in Section 5.3.

To verify that the model is capable of learning meaningful pref-
erences when sufficient signal is available, we additionally evaluate
the best-performing hyperparameters selected on the bootstrapped
set derived from Globo.com. The best configuration uses a learning
rate of 0.0001, regularization of 0.001, 5 negative samples, and 7
epochs, yielding a MAP@5 of 0.13, which is a competitive result
for BPR [47].

5.5 Simulation

In our experiments, we compare three variants: an uncalibrated
BPR model with the position-weighted loss function described in
Equation 12; one calibrated variants built on top of this model im-
plementing Steck’s calibration with constant weights and a random
recommendation policy, which serves as a baseline.

For each experiment, we measure the following metrics at every
simulation round, all computed @10, as this defines the size of the
list over which calibration is calculated and ensures comparability
between calibrated and uncalibrated variants:

(1) Miscalibration: measured using Hellinger distance. We
compare the distortion between what’s being recommended
and the initial set of bootstrapped preferences.

(2) Diversity: measured as the complement of the average pair-
wise Jaccard similarity between item categories within a
recommendation list.

(3) Catalog coverage: measured as the proportion of distinct
items recommended across all users in each round, capturing

®https://anonymous.4open.science/r/dynamicTasteDistortion-
webmedia/dynamicTasteDistortion
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Figure 2: Miscalibration over simulation rounds, compar-
ing personalized approaches (with and without calibration)
against an unpersonalized one.

the system’s ability to expose the broader catalog rather than
concentrating recommendations on a narrow subset of items.
(4) Fragmentation: derived from the Average Rank-Biased
Overlap of item ids between users. Essentially, the higher the
fragmentation, the higher the chance that two users are be-
ing delivered non-overlapping news recommendations. We
base our implementation on Vrijenhoek et al’s definitions
and refer to the source paper for further discussions [54].

We run the experiments for N = 2,500 rounds, retraining the
model every L = 250 rounds, and avoid recommending items the
user interacted with in the last L rounds, a common practice in
recommender systems. These values let us observe how recommen-
dations evolve over time under sustained user interaction, as well
as the impact of retraining. Due to the high computational cost of
the simulation, ablation studies on these hyperparameters are left
for future work. Finally, experiments are run for 10 repetitions, and
we report the average metric per simulation.

6 RESULTS

Figure 2 reports Miscalibration through time, between random rec-
ommendation, BPR and Calibrated BPR and each highlighted point
represents a model retraining. We can see that the personalized
variants undergo a "warmup" phase until the first retraining at
round 250, with their behavior stabilizing afterward. Even though
the calibrated variant consistently achieves a lower miscalibration
score than the uncalibrated variant, miscalibration decreases over
time for the uncalibrated version. This is likely due to an inher-
ent model bias, which starts out recommending biased items and
ends up with more calibrated ones over time. For the calibrated
variant, however, miscalibration increases over time. A plausible
explanation is the previously-seen item filter, which progressively
removes well-calibrated items from the candidate set. We leave a
direct ablation of this mechanism for future work. We even see that
calibration ends up performing the same or worse than the uncal-
ibrated version over time, before retraining resets this behavior.
This suggests that model and concept drift can be strong factors
that introduce miscalibration.

The same trend can be observed for recommendation diversity in
Figure 3, where retraining events again act as inflection points for
both variants. After retraining, the uncalibrated recommendations
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Figure 4: Catalog coverage over rounds (random recommen-
dation omitted for clarity).

get less diverse, likely due to concentration on a smaller subset
of news categories, as users interact with them over successive
rounds, and recommendations start getting more diverse. Interest-
ingly, these recommendations exhibit an almost cyclical behavior
after reaching a higher level of diversity. This might be due to how
we model preference evolution over time, but this would need to be
further evaluated by ablation studies on how users are simulated,
which we leave for future work. On the other hand, recommenda-
tion diversity decreases over time for the calibrated variant. The
same policy of not recommending repeated items drives this trend:
as users interact with the top positions of the calibrated list, diver-
sity diminishes over time. Because Globo.com has over 100 genres,
each user’s preference is calibrated to a very fine-grained level.
This means that even small shifts in user interactions can push
calibrated recommendations toward an increasingly narrow slice
of the catalog, accelerating diversity loss.

Even though diversity changes differently over time for each
variant, catalog coverage always increases over time, as we can see
in Figure 4. We see that calibration consistently achieves lower cat-
alog coverage values in comparison to the uncalibrated one, which
aligns with previous findings on static calibration. As we retrain the
model, we reset the previously seen items, which triggers a drop in
catalog coverage. The model then recommends a small subset of
items, with calibration diminishing the catalog even further.
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Figure 5: Fragmentation over simulation rounds

Finally, we observe fragmentation over time in Figure 5. Con-
sistent with the behavior in terms of catalog coverage, we observe
that every time we reset the previously seen filter, we observe a
drop in fragmentation, delivering more personalized news per user
while decreasing isolation. As users interact with the most relevant
news, fragmentation starts to go up, regardless of the re-ranking
strategy. Calibration consistently shows higher degrees of fragmen-
tation compared to uncalibrated variants. It’s interesting to note
that fragmentation consistently increases over time, which might
be an indicative of a subset of items dominating the top-ranked
positions of recommendations at the start of the cycle - yielding
smaller fragmentation scores - and eventually yielding more diverse
results, resulting in a higher fragmentation score.

6.1 Discussion

Our results suggest that, given enough interactions, uncalibrated
recommendations eventually converge towards calibrated recom-
mendations in terms of miscalibration, as top-ranked items get
interacted with and lower-ranked ones are delivered. This high-
lights the role of previously-seen item filtering in shaping long-term
miscalibration, as avoiding repeated recommendations forces the
system to explore a wider range of content over time.

Calibration also introduces an interesting effect on diversity
and fragmentation over time. Consistent with previous studies on
news recommendation [54], calibration increases fragmentation
for Globo.com alongside achieving a lower miscalibration score
than the uncalibrated version, which is expected since calibration
delivers highly personalized articles to each user, reducing the
common sphere of news shared across them.

Whether this is desirable depends on the democratic role a news
recommender is meant to play [54]. Under a Liberal model, high
fragmentation is acceptable, as recommendations should reflect
individual preferences and autonomy; under Participatory or De-
liberative models, lower fragmentation is preferred, as these value
a shared public sphere with a common set of issues and topics. The
increased fragmentation introduced by calibration may thus be a
feature or a flaw depending on the platform’s editorial mission.

Furthermore, calibration increases diversity over time, as ensur-
ing different genres are represented in the recommendation list acts
as a form of diversification. We leave to future work whether this
effect is dataset-specific, given that Globo.com comprises over 100
genres with each item assigned to a single genre.
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7 CONCLUSION

Our results show that the exposure filter is a core driver of met-
ric variation in a feedback loop scenario, capable of overruling
calibration’s own effects: it increases miscalibration over time for
calibrated recommendations while decreasing it for uncalibrated
ones, with diversity following the same inverted pattern. Calibra-
tion itself, however, consistently increases fragmentation over time,
a potential concern for NRS that aim to sustain a shared set of
articles and topics for debate, while specializing recommendations
further toward users’ past preferences, reflected in lower catalog
coverage and miscalibration at the start of each retrain cycle.

Future work should investigate the use of other models as rec-
ommenders, such as neighborhood-based and, specially, sequential
models. We highlight the latter as news are hardly consumed in
isolation, but rather as a string of related articles, sometimes with
converging political viewpoints or diverging ones. Other works
could also explore the impact of calibration on news polarization in
Dynamic NRS, either via simulation or via real users: even though
we observe an increase in fragmentation, due to our dataset limita-
tion, we cannot conclude whether those fragmented communities
are a manifestation of filter bubbles or rabbit holes [41, 42].

One limitation of our study is the lack of ablation studies on
oracle components introduced in Section 4; This is due to the high
computational cost of running simulation rounds over time for
different variants. The effect of different user behavior profiles (such
as being more biased towards popular items, instead of top-ranked
ones) and simulation approaches on the effects of calibration are
left as future work, alongside understanding the effect of different
recommendation models, such as sequential and neural models.

Finally, offline evaluation, while necessary, remains an imperfect
proxy for real user experience, specially with NRS. Simulation offers
a partial bridge by modeling temporal dynamics and preference
drift that static metrics cannot capture, but it is not a substitute for
real-world validation. A longitudinal user study would be an impor-
tant next step to assess whether calibration strategies in dynamic
settings translate into tangible improvements in user satisfaction
and engagement. Such studies remain scarce in recent literature,
where offline benchmarks continue to dominate as the primary
form of evaluation [50].
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