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Abstract
Diversity is a widely studied beyond-accuracy aspect of recom-
mender systems, particularly in the news domain. Extensive re-
search has explored its theoretical foundations and proposed algo-
rithmic strategies to promote it, with most evaluations conducted
through offline experiments. This work presents the results of de-
ploying and evaluating diversification methods in a large-scale
production news recommender system. Motivated by the goal of
upholding editorial values, we compare three diversification meth-
ods: Interleaving and two implementations of Intra-List Diversifi-
cation (ILD), relying on Term Frequency-Inverse Document Fre-
quency (TF-IDF) and Bidirectional Encoder Representations from
Transformers (BERT) embeddings, respectively. Across a two-week
online experiment (A/B test) and a follow-up user study on a large-
scale production news platform, ILD with BERT embeddings im-
proved diversity as measured by a reduction in Intra-List Simi-
larity (ILS) and increased Click-Through Rates (CTRs), while also
improving users’ perceived relevance.

CCS Concepts
• Information systems → Recommender systems; • Human-
centered computing;
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1 Introduction
News plays a vital role in shaping individuals’ understanding of
public matters and how they connect to society at large. As a re-
sult, news is a cornerstone for forming public spheres, which must
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remain open to a wide range of topics and viewpoints that are
essential for societal self-reflection and the development of shared
knowledge about current affairs [3]. In this context, the diversity
of news is critical to supporting this process [3]. Consequently,
diversity has become a widely studied concept in news recom-
mender systems (NRSs) [2, 16]. While diversity in NRSs has been
addressed conceptually [e.g., 4, 42] and analyzed through offline
evaluation [e.g., 27, 30], comparatively little research has studied
diversity in real-world production settings [2, 13].

We extend this line of research by a production-scale comparison
of a topic-based interleaving (Round-Robin by topic; Interleaving)
and item-level diversification (ILD) using Term Frequency-Inverse
Document Frequency (TF-IDF) and Bidirectional Encoder Repre-
sentations from Transformers (BERT) embeddings. We investigate
the following resarch questions (RQs):

• RQ1: How do different diversification strategies affect list-
level diversity in a production news recommender system, as
measured by Intra-List Similarity (ILS) and topic diversity?

• RQ2:What is the impact of these diversification strategies on
user engagement, measured by Click-Through Rate (CTR)?

• RQ3: How do users perceive variety and relevance under
these strategies?

To address these RQs, our empirical study combines platform-
wide A/B testing (online experiment) with a complementary user
study. The online experiment provides large-scale behavioral ev-
idence and is used to answer RQ1 (objective diversity) and RQ2
(engagement effects). The user study, motivated by known discrep-
ancies between objective diversity metrics and user perception,
addresses RQ3.

Prior studies suggest that perceived diversity and similarity often
diverge from their corresponding objective metrics. This misalign-
ment has been observed in the news domain [33, 34] as well as
in adjacent areas such as movies or music [7, 14, 25, 35, 43]. To
explore this further, we complement our online experiment with a
user study that investigates how users perceive the diversification
in terms of both diversity and utility in a real-world setting,.

We contribute an integrated, production-scale evaluation of di-
versification strategies in a live NRS.We examine objective diversity
effects, user engagement outcomes, as well as users’ perceived vari-
ety and relevance, and derive practical and methodological insights
into relevance–diversity trade-offs and the operational realities of
deploying diversified news recommendations in real-world settings.
Our findings show that diversification improved the perceived util-
ity of the recommendations (in terms of perceived relevance) as well
as user engagement (in terms of CTRs).
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The remainder of this paper is structured as follows: Section 2
presents the conceptual basis and related work on diversity in
Recommender Systems (RSs), focusing on the news domain. Sec-
tion 3 outlines our methodological approach to diversification. Sec-
tion 4 describes the context of the large-scale production news
platform where we deployed and evaluated our approaches. The
evaluation setup is detailed in Section 5. We present results in Sec-
tion 6 and discuss its implications in Section 7. Finally, we conclude
our work with a summary of the main contributions (Section 8).

2 Conceptual Background and Related Work
Conceptual Overview of Diversity in Recommender Systems. Di-

versity in RSs has been extensively studied across various do-
mains, including movies [50], e-commerce [8], and—most notably—
news [2, 16, 28]. Promoting diversity in recommendations adds
value by ensuring exposure to varied content [1, 6]. Research on di-
versity in RSs has been approached frommultiple perspectives. One
line of work focuses on increasing exposure to underrepresented
content, such as including articles about small political parties to
balance exposure across the political spectrum [11], whichmay help
depolarize democratic societies [12], or balancing editorial content
in predefined proportions [1]. Other works emphasize balancing
content across topics [52], gender [39], or user intent [44], rather
than prioritizing specific content.

Diversity in News Recommender Systems. While diversity has
been explored across various domains, the news domain presents
unique challenges and opportunities. In NRSs, diversity ensures that
users are exposed to a wide range of topics and viewpoints, which
is crucial for fostering an informed and reflective public sphere [3,
6]. It has also been explored from humanities and media studies
perspectives [10, 12, 22]. For example, Heitz et al. [12] examined
how diversifying articles based on political views affects users’
political perspectives. A recent review on value-aware NRSs [2]
identifies diversity as the most frequently addressed value.

Conceptualizing and Measuring Diversity. Despite its importance,
diversity in RSs—both within and beyond the news domain—re-
mains challenging to conceptualize and measure. Indeed, despite
numerous calls for more diverse recommendations, these calls often
lack clarity on how diversity should manifest [2]. Vrijenhoek et al.
[41] highlight that diversity is implemented in various ways—partly
due to conceptual ambiguity, as the term often refers to different
underlying notions. They argue for a case-by-case conceptualiza-
tion of diversity rather than pursuing a standardized definition.
Others (e.g., [36, 37]) propose that diversity should only be pro-
moted within the boundaries of the accuracy–diversity–fairness
(ADF) framework, aiming for a good balance between these three
dimensions. A commonly used metric for measuring diversity is
ILS, which is calculated as the average pairwise similarity among
items in a recommendation list [52]—where diversity is understood
as the inverse of similarity. With this, ILS provides an indication
of how similar the items in a list are. While other metrics have
been proposed [24, 32, 40, 49] (for an overview of diversity met-
rics, see Kunaver and Požrl [20]), we did not implement them due
to constraints related to the production system requirements and
implementation efforts (see Section 4).

Accuracy–Diversity Trade-off. The trade-off between accuracy
and diversity is widely discussed in the literature [e.g., 15, 23, 26, 42].
Typically, higher accuracy is accompanied by a lower diversity and
vice versa—a phenomenon referred to as the “accuracy-diversity
dilemma” [51]. This trade-off underscores the challenge of design-
ing RSs that balance relevance with diversity, as it directly affects
user satisfaction and system performance.

User Perceptions of Diversity. Although computational metrics
like ILS provide a basis for measuring diversity, they often fail
to capture how users perceive diversity and the trade-off. Under-
standing the gap between measured and perceived diversity is
critical for designing effective RSs. Diversity metrics often assume
a shared understanding of (dis)similarity. However, measuring di-
versity remains a complex challenge, as research has shown that
people’s perceptions and understanding of diversity often differ
from computational diversity metrics commonly employed in the
literature [8, 14, 34, 35]. For instance, Jesse et al. [14] find that while
the ILS measure can serve as an effective proxy for user-perceived
diversity, its suitability depends heavily on the item space repre-
sentation used in its computation and the application domain. To
address these concerns, we also investigate users’ perceptions of
the diversity and utility of the recommendations (see Section 5.2).

DiversificationMethods. Many diversificationmethods have been
proposed over the years [31, 37, 45]. For comprehensive overviews,
see Kaminskas and Bridge [15] and Kunaver and Požrl [20]. In our
work, we focus on comparing Interleaving and variations of Intra-
List Diversification (ILD). Interleaving, equivalent to the ‘Round-
Robin’ diversification method proposed by Silva et al. [31], serves
as our baseline. Ziegler et al. [52] proposed a method to minimize
ILS for recommendations, referred to as Topic Diversification, which
uses pairwise (topic) similarity between items. In our work, we
deployed ILD with two types of item representations: TF-IDF and
BERT embeddings. Prior research suggests that TF-IDF often aligns
with user judgments [34], while context-based embeddings like
BERT have shown superior performance in other studies [21]. A
foundational algorithm in diversity-oriented re-ranking is Maximal
Marginal Relevance (MMR) [5], originally introduced for document
retrieval but widely adopted in RSs. MMR iteratively selects items
that maximize a weighted combination of predicted relevance and
novelty relative to the already selected items. Variants of MMR have
been used with both categorical topic labels and, more recently,
continuous item representations derived from TF-IDF or neural
embeddings [21, 29].

Evaluating Diversification Methods. To assess the effectiveness
and practical utility of diversification methods, it is essential to
rigorously evaluate their impact. For the news domain, the afore-
mentioned review on value-aware NRSs [2] highlights a significant
gap in the evaluation of diversification methods, as many stud-
ies focus primarily on accuracy-based metrics, while often falling
short in evaluating the proposed diversification methods in terms
of diversity-related metrics [2]—a trend consistent with earlier re-
views on NRSs (e.g., [28]).

While several works evaluate recommendation diversity [8, 9,
14, 46], fewer studies do so in production NRS and link behavioral
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indicators to user perceptions under real-world constraints. Our
work contributes evidence from such a deployment.

To address this gap, we evaluate the diversity of each method
and link these results to online performance metrics and user per-
ceptions. Our evaluation not only addresses critical gaps in the
literature but also provides actionable insights into the practical
impact of diversification methods in real-world settings.

3 Methods
As we employ re-ranking diversification methods in a production
NRS (Section 4), they must be computationally efficient to meet
strict time constraints. This affects the choice of methods and im-
plementation details. Specifically, we implemented Interleaving, a
simple baseline that optimizes topic diversity directly (Section 3.1),
and ILD, which optimizes the diversity using item vectors (Sec-
tion 3.2). We discuss the rationale, practical application and param-
eter choices in Section 4.

3.1 Interleaving Topics
Interleaving is a crude method that guarantees a ‘balanced’ spread
across a categorical variable, called ‘topic’ hereafter. It is similar to
the Round-Robin technique presented by Silva et al. [31], where
the diversification dimension—in our case—is (news) topics. In our
work, interleaving (Algorithm 1) is achieved by grouping all items
by their topics, sorting the items within the topics by predicted
relevance, and then iterating through the topics in a Round-Robin
fashion to add the top item from each topic to the list. This continues
until the required number of items is added to the re-ranked list. If a
topic is exhausted before the required number of items is reached, it
is skipped in subsequent iterations. For example, given a sorted list
of recommendations (for a user) containing first 10 ‘Sports’ articles,
then 3 ‘Politics’ articles, then 2 ‘Sports’ articles again, and finally a
single ‘Economy’ article. If we need to generate a list of six items,
the interleaving would generate a list with the following topics:
[Sports, Politics, Economy, Sports, Politics, Sports].

Algorithm 1 Interleaving

sorted_items_per_topic =
group_items_per_topic(sorted_items)

# Get topics by first appearance in the sorted list
topics = get_topics(sorted_items)
recos: list[Id] = []
while len(recos) < n:

topic = topics.next() # round-robin
if len(sorted_items_per_topic[topic]) > 0:

top_item = sorted_items_per_topic[topic].pop()
ranked_items.append(top_item)

An advantage of this method is its ability to ensure coverage of
the maximum number of topics in the re-ranked list. However, its
effectiveness depends on the quality of the topic classification in
the metadata, which may be noisy or incomplete. Additionally, this
method may include topics in a recommendation list that do not
align with a user’s preferences, as it prioritizes introducing new
topics over providing further recommendations from more relevant
ones.

3.2 Intra-List Diversification
As a second method, we use ILD to minimize the ILS of the rec-
ommended list, adapting the approach from the original work by
Ziegler et al. [52]. While the original work used intra-list topic-
similarity as the target metric, we extend this to intra-list vector-
similarity. The implemented method assumes that each item has
a vector representation, which can be derived from textual fea-
tures (e.g., text embeddings) or by collaborative filtering models
that generate item embeddings. An important advantage of using
embeddings, compared to Interleaving or other topic-diversification
methods, is that it does not depend on the quality of topic classifi-
cation. Instead, it leverages vector representations, which are less
susceptible to incomplete information or mislabeling than topics
are. In order to achieve diversification, we iteratively remove items
from the list of top-𝑚 candidates until a desired number of 𝑛 items
is reached (𝑚 > 𝑛). At each iteration, the item with the highest total
similarity with all other items in the list is removed (Algorithm 2).

Algorithm 2 ILD

top_items = sorted_items[:m]
while len(top_items) > n:

sim_mat = embedding_cosine_similarity(top_items)
item_to_delete = sim_mat.sum(axis=column).argmax()
top_items.remove(item_to_delete)

Unlike Interleaving, this method only re-ranks the top𝑚 most
relevant items due to performance constraints and to account for
user preferences. This method differs from other commonly used
approaches [5, 45, 52] in that it removes items, instead of adding
them one by one. A comparative disadvantage of this method is that
it does not consider relevance for the user when removing articles
after the top-𝑚 cutoff. In our previous example, any one of the
12 ‘Sports’ articles could be removed (assuming they form a tightly
clustered group) regardless of similarity. Although it constitutes a
theoretical disadvantage when diversified articles are more likely to
appear at the bottom of the list, we note that it also fosters a natural
discovery experience, desirable in production systems. Users are
presented with their most similar articles first, while more diverse
items are displayed further down the list. If users are not interested
in their most similar articles, the diverse items create opportunities
for discovery. In this way, the diversified items are not imposed on
users ahead of their preferred topics.

4 Production System Context
We deployed the models described in Section 3 and conducted our
experiment on the Dutch large-scale production news platform
NU.nl. The method choices were guided by the platform’s specific
characteristics, practical implementation considerations, and the
requests from news editors. This section outlines the production
system’s context and constraints, details about the available data,
and the design choices for implementing the diversificationmethods
and evaluation setup. The news platform NU.nl is freely accessible,
with all articles available without subscription plans. The platform
features international and domestic news, with a substantial section
dedicated to sports.
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4.1 Candidate Pool and Recency Constraint
As news items get out-of-date quickly [2, 19, 28] and CTR falling
sharply after less than two days [47], the platform enforces a re-
cency policy: only articles published within the previous 24 hours
are eligible for recommendation. All algorithms evaluated in this
paper operate exclusively on this recency-filtered candidate set.
In practice, this policy yields a pool of roughly 150–300 eligible
articles at any given time during the study period.

4.2 Personalization
In this work, we considered personalization at three different po-
sitions on the news platform. The first position, located on the
homepage, consists of 5 items displayed in positions 9–13 of the top
articles shortlist (3M daily impressions, 180K daily clicks). The items
curated by editors (positions 1–8) are removed from the personal-
ized recommendations. The second position, also on the homepage
but below the fold, contains 5 items; here without de-duplication
(1M daily impressions, 12.5K daily clicks). The third position is
a fully personalized page—called the ‘For you page’—containing
20 items (5K daily impressions, 300 daily clicks). This ‘For you page’,
only available on iOS and Android apps, had relatively low daily
traffic, as it was not strongly advertised yet. For all three platform
positions, the primary goal is to deliver content tailored to a user’s
specific interests, complementing the editorially curated content
on the homepage, which highlighted the fundamentally important
news. Additionally, a key requirement for personalization is to
ensure high coverage of the daily published articles.

At the core of the RS, we use a content-based approach that
matches items to users based on the similarity between the text
embedding of an article and the topic embedding of the articles that
the user has read. Candidate retrieval selects items from within the
last 12h for the first position on top of the homepage and from the
last 24h for the other two positions.

4.3 Topics
The news platform organizes its content into six high-level “navi-
gational” topics, also referred to as “main sections”. These topics
are assigned to articles and relate to how the articles are shown
on the website1. In addition to these six main sections, articles are
assigned sub-section labels, which provide a more fine-granular
categorization. The number of sub-sections varies by main sec-
tion. For example, ‘General’ contains seven sub-sections, while
‘Economy’ has only two. The sub-sections are organized in a tree
taxonomy; as such, each sub-section belongs to exactly one main
section. During the experiment period, the platform featured a total
of 25 sub-sections. In the remainder of this paper, we will refer to
the main sections as “topics” and the sub-sections as “subtopics”.

4.4 Diversification
The editorial team raised a concern that personalization could nar-
row the set of topics shown to users, potentially fostering filter
bubbles, where users would miss out on the broader range of news
topics available on the platform [38]. To address their concerns,

1The six topics are ‘General’, ‘Sports’, ‘Media & Culture’, ‘Economy’, ‘Interact with us’,
and ‘Other’. The ‘Interact with us’ topic contains games and interactive content for
the readers (e.g., questions).

we implemented a topic-based Interleaving approach (Algorithm
1) that maximizes topic coverage within a recommendation list
while prioritizing the most relevant items within each topic. Inter-
leaving by topic mirrors how newsrooms structure navigational
sections across the site (and legacy media in general). This approach
is simple, fast, and interpretable for editors; however, it ignores
intra-topic content similarity, motivating our ILD variants.

However, with only six topics available, the limitations of this
approach became evident despite improvements in the diversity
of the recommended list. Frequently, topics ranked in positions
4 to 6 were irrelevant to the user but were still included to guar-
antee maximal topic coverage. The small number of topics also
constrained the overall level of diversification. For example, the sec-
ond article selected from a given topic was often very similar to the
first. Using subtopics as an alternative was not viable because users
who are most interested in a topic with many subtopics would still
receive recommendations dominated by that single overarching
topic, which the editorial team deemed unacceptable.

To overcome these limitations, we implemented ILD (Algorithm
2), which leverages embeddings generated from the textual content
of the items, instead of relying on the quality of topic labeling. For
our experiment, we used two types of content-based embeddings:
(i) BERT, a transformer-based, pre-trained language model, that
generates dense 512-dimensional vectors for each article based on
its title and text [29]. (ii) TF-IDF, which uses a corpus of 50 days
of articles to compute the IDF values, generating sparse 35K di-
mensional vectors. We chose these representations because prior
research in the news domain shows that TF-IDF often aligns with
user judgments [34], while context-based embeddings like BERT
have demonstrated superior performance in other studies [21]. For
the hyperparameter𝑚, we set it to 2𝑛 (i.e., 10 for the two homepage
positions and 40 for the personalized page). Through experimenta-
tion, we found that further increasing𝑚 beyond 2𝑛 rarely improved
diversity in the final list but did increase inference time.

In terms of computational overhead, Interleaving has a marginal
impact on latency, whereas ILD takes around 50–75ms, which re-
mains within our production constraints.

5 Evaluation
We evaluated the methods on a large-scale production news plat-
form using two complementary methods: an online experiment
(A/B test) (Section 5.1) and a user study (Section 5.2).

5.1 Online Experiment
We conducted an online experiment (A/B test) in which the diver-
sification approaches were integrated into the RS deployed in a
real-world, live setting. Online experiments provide a realistic eval-
uation scenario because users are self-motivated and interact with
the platform naturally [17, 18]. The online experiment employed a
between-subjects design, dividing platform users equally into four
groups: a control group NoDiversification, an Interleaving treatment
group, and two ILD-based treatment groups (ILD-BERT and ILD-
TFIDF ). Users were randomly assigned to one of the groups, and
assignments remained fixed for the duration of the experiment. The
experiment was carried out for two full weeks in January 2025 and
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was deployed across all three positions on the platform. Accord-
ing to the platform’s editorial records, traffic patterns remained
normal during the study period. To verify the effectiveness of the
diversification methods, we computed the ILS scores of the recom-
mended lists using the BERT item embeddings and analyzed the
distribution of recommendations across the available topics. User
engagement was measured using the widely adopted CTR metric.
For brevity, this evaluation concentrates on the aggregate results
across all three lists. Each list was also analyzed independently, and
the findings were consistent across all of them.

To assess the significance of the CTR and ILS metrics, we use
both the parametric 95% confidence intervals (CIs) of the differ-
ence between the two metrics at each time point (significant if
the interval does not include 0) and the non-parametric Wilcoxon
signed-rank test for paired samples (given that our samples are
paired by time), with 𝑝 = 0.05 and Bonferroni correction (with
𝑚 = 6 to account for the multiple comparisons). We pair samples
by hour because the natural temporal variance of the metrics has
a stronger effect than any differences attributable to the chosen
method. Therefore, to isolate the impact of the variants, we control
for temporal variance by pairing samples within the same hour.

5.2 User Study
Following the online experiment (A/B test), we conducted a small-
scale user study on the production news platform to evaluate users’
perceptions of the diversified recommendations. Guided by the
A/B test results, we focused on two variants: NoDiversification and
the best-performing diversification variant, ILD-BERT . Participants
rated two agreement items on a 5-point Likert scale ([1, 5]), where
higher values indicate stronger agreement: (i) The items in this list
provide a rich variety; (ii) The items in this list are relevant to me. To
maximize participation in the production setting, we kept the ques-
tionnaire minimal. A small pilot with platform users indicated that
the term ‘variety’ was better aligned with the study’s intent than
‘diversity’. In public discourse, ‘diversity’ is often associated with
sensitive attributes (e.g., gender, ethnicity, political viewpoints),
whereas our focus was topic diversity. This wording also aligns
with prior questionnaire phrasing (e.g., [14]). The questionnaire
consisted of two mentioned Likert-type items and does not consti-
tute a validated psychometric scale; items were designed for face
validity and pretested in the pilot for clarity.

The questions were presented as a pop-up on the fully personal-
ized page (i.e., at the third platform position, as described in Sec-
tion 4.2) on the production news platform’s iOS and Android apps.
This page displayed a total of 20 personalized recommendations;
with no further items shown. To ensure that users had sufficient
time to consider the items on the recommendation list, the pop-
up appeared after 20 seconds of page activity. This threshold was
suggested by the platform’s user-study team to ensure surveying
engaged users. The pop-up questionnaire targeted all users visiting
the page, making the entire user base the sample population for
this evaluation.

The user study was conducted over two consecutive full weeks at
the beginning of March 2025. During the study period, on average,
approximately 3500 unique users visited the page daily. Conduct-
ing the user study in a live, large-scale production environment

increases external (ecological) validity due to the realistic usage
context, but it also imposed typical production constraints (e.g.,
limited instrumentation and tooling; cf. Zangerle and Bauer [48]).
Notably, the survey tool on the production site does not allow user
identification, preventing linkage of responses across conditions.

Given these constraints, we employed a quasi-experiment using a
posttest-only, non-equivalent groups design. All platform users were
exposed to the ILD-BERT variant in week 1 and to the NoDiversifica-
tion setup in week 2. Because users could not be identified, we treat
responses as independent repeated cross-sections across weeks (i.e.,
between-subjects across weeks), while acknowledging potential
period effects (history/seasonality) and selection differences. No
major newsworthy events (e.g., sports or politics) occurred during
the study period, reducing the risk of short-term seasonality/history
bias; according to the platform’s editorial records, traffic patterns
remained normal during the study period. To avoid frustration and
duplicate responses, users were excluded from receiving repeated
pop-ups within the same week. Although some users could, in
principle, have responded in both weeks, the overlap is unlikely
given the low response rate. Approximately 11K surveys were sent
out each week; of these, 182 users responded in week 1 and 184 in
week 2, resulting in a response rate of ≈1.5%. This response rate is
in line with previous user studies on the platform and makes cross-
week overlap improbable, though not impossible. We therefore treat
the two weekly samples as independent for analysis.

6 Results
Our main results, summarized in Table 1, show that ILD-BERT out-
performs the other three variants in terms of CTR and perceived
relevance. However, it performs worse in perceived variety. We
discuss these results in Sections 6.1–6.3.

Table 1: Summary of main performance metric and user
study results. Metric values are averaged over the entire ex-
periment duration and all three platform positions. User
study responses are reported asmeans.Mann–Whitney𝑈 test
for user study; non-significant results (𝑝 = 0.95) are marked
“n.s.” and best-performing values are in bold.

Method CTR Perceived
Relevance

Perceived
Variety

NoDiversification 11.61% 3.38 3.67𝑛.𝑠.

Interleaving 10.74% – –
ILD-BERT 11.91% 3.69 3.48
ILD-TFIDF 11.62% – –

6.1 Diversity Results
To verify that the investigated diversification methods operate as
intended, we report how the methods affect the diversity of the
recommended items. By explicitly measuring diversity outcomes,
we address a limitation noted in prior work [e.g., 2, 28], namely
that many studies proposing diversification methods in NRS do not
assess or report whether their methods actually increase diversity.

Table 2 presents diversity outcomes in terms of ILS and topic di-
versity, where the latter is measured as the number of unique topics
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per list (mode and percentage). These metrics serve a descriptive
role: They document how each method changes the composition of
recommendation lists and confirm that the intended diversification
behavior is achieved. Because some methods explicitly optimize
one of these metrics, these are not interpreted as comparative per-
formance measures. Instead, effectiveness is assessed based on user
behavior (CTR).

Table 2: Summary statistics of diversity analysis. ILS compu-
tation is based on the BERT embedding of the items recom-
mended; mode gives the number of topics recommended.

Method ILS
Number of topics
recommended@5

(average) (mode) (percentage)

NoDiversification 0.17 2 (40%)
Interleaving 0.16 5 (70%)
ILD-BERT 0.11 3 (50%)
ILD-TFIDF 0.13 2 (40%)

As illustrated in Fig. 1, pairwise relative comparisons of ILS (with
95% CIs2) indicate that ILD-BERT achieves the highest diversity,
reflecting a diversity improvement of 37% compared to the control
variant NoDiversification. As ILD-BERT directly optimizes this met-
ric, it is no surprise that it performs best here. We do see that all
diversification methods improve over the NoDiversification variant.

Figure 1: Pairwise relative comparison of ILS with 95% CIs.
Values indicate the relative change when comparing the left
variant to the right. E.g., Interleaving shows a 10.88% relative
reduction in ILS compared to NoDiversification. A Wilcoxon
signed-rank test (𝑝 < 0.05) confirmed the significance of the
results, consistent with the CIs.

The results in Fig. 2 show the impact the various diversification
methods have on the number of unique topics recommended in the
top-5 recommendations. We chose top 5, as it matches our most
prominent and most requested list on the homepage. Interleaving
tends to maximize the number of topics (as it is designed to do),
as fewer than 5 unique topics are recommended only in rare cases.
These rare cases occur when only articles from 4 topics were avail-
able (‘Interact with us’ and ‘Other’ were not available on multiple
occasions). Both ILD-BERT and ILD-TFIDF shift the distribution to-
wards more unique topics, yet they almost never reach the extreme
case of recommending 5 unique topics. Herein lies a big strength
2CIs are computed using time-aligned, paired samples, with each sample representing
an hourly average value of the metric

Figure 2: Distribution of recommendation lists by number
of unique topics in the top-5 items (1–5). Bars indicate the
frequency of lists in each category (e.g., 50% of lists generated
by the ILD-BERT variant contain 3 unique topics in the top 5.

of the ILD methods: they manage to combine diversification with
relevance and avoid extreme cases.

Although Interleaving strongly outperforms the other methods
in terms of topic diversity, it scores lower with respect to ILS, as
it does not optimize for text similarity. Consequently, the items it
recommends may still be highly, textually, similar. For example, the
topics ‘General’, ‘Sports’, and ‘Media & Culture’ could all include
articles about the same celebrity. Furthermore, the second article
within a topic is likely still highly similar in content.

Fig. 3 shows how the different diversification methods distribute
recommendations across topics at the first position. NoDiversifica-
tion has a strong allocation to the topics ‘Sports’ and ‘General’, very
little to ‘Economy’, and almost none to ‘Interact with us’ and ‘Other’.
All diversification methods shift the recommendations away from
the dominant topics and give more recommendations of the less
recommended topics. Due to the used text embeddings, ILD-BERT—
and ILD-TFIDF to a lesser extent—is less likely to remove items
from broad topics like ‘General’ or ‘Economy’.

Figure 3: Frequency distribution of recommended topics by
diversification method.

Fig. 4 provides a breakdown of how frequently each subtopic
is recommended by each variant. The notable decline in ‘Sports’
recommendations, which we noted earlier, is primarily due to one
subtopic: ‘Football’—the largest ‘Sports’ subtopic. Here, we also
observe that subtopics under the same topic also see different effects
from ILD-based methods. For example, under the ‘General’ topic,
‘World’, ‘Domestic’, and ‘Economy’ increase in exposure, while the
other subtopics receive lower exposure.

With Interleaving, the recommendation shifts are predictable—
consistently reallocating recommendations from over-represented
topics to smaller ones. In contrast, the embedding-based approaches
encodemore nuanced information than the topics or subtopics; with
this, these methods are less likely to remove items from “broad”
topics and subtopics during diversification.

We can assess how users interact with the diversified recommen-
dations by comparing the click distribution to the recommendation
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Figure 4: Frequency distribution of recommended subtopics by diversification method.

distribution. Fig. 5 shows the percentage of clicks for each topic rel-
ative to the total clicks within each variant. For ILD-BERT , while we
observed a decrease in recommendations of the ‘General’ topic, the
click percentage on this topic increased. This suggests that diversifi-
cation allowed articles of the ‘General’ topic to appear higher in the
recommendation list when, for example, sports content would be
the user’s closest interest. Interestingly, when comparing ILD-TFIDF
and Interleaving on the ‘Sports’ topic, we observe that both variants
expose users to about the same percentage of ‘Sports’ articles in
the recommendations, but the click percentages differ substantially.
This could indicate that while Interleaving forces ‘Sports’ articles
onto every user, the ILD approaches are likely to recommend sports
content only to people interested in this topic.

Figure 5: Topic click frequency by diversification method.

6.2 Results in Terms of Click-Through Rates
Pairwise relative comparisons of CTRs (with 95% CIs) show that
ILD-BERT outperforms all other methods.

This result suggests that the ILD-BERT variant is more effective
than the other methods at including diverse items in the recommen-
dation lists that are also relevant for the respective user, increasing
the likelihood that users find a relevant item in a diversified list.

Interestingly, the variant with the highest ILS improvement, ILD-
BERT , also achieved the greatest improvement in terms of CTR.
This suggests that optimizing for ILS using dense text embeddings
can enhance user engagement, though it is no guarantee that op-
timal ILS leads to optimal CTR. Interleaving, while successful in
diversifying topics, performed poorly in terms of CTR. This result
showcases that maximizing topic diversity alone does not neces-
sarily lead to more user interaction. In our setting, which includes
only six topics and a mix of broad and narrow topics, we observe

Figure 6: Pairwise relative comparisons of CTR with 95% CIs.
Values indicate the relative change when comparing the left
variant to the right. E.g., Interleaving has a 5.84% lower CTR
than NoDiversification. A Wilcoxon signed-rank test (𝑝 <

0.05) confirmed the significance of the results, consistent
with the CIs.

that using text embeddings instead of categorical variables gives
a more nuanced approach to diversification, leading to better out-
comes in terms of CTR. Additionally, we observe that the choice of
embedding plays a critical role. In our case, the dense embedding
(ILD-BERT ) outperformed the sparse embedding (ILD-TFIDF ).

6.3 User Perceptions
Fig. 7 illustrates the perceived relevance and perceived variety of the
recommended items for the ILD-BERT and the NoDiversification
groups. A Mann-Whitney 𝑈 test indicates statistically significant
differences in perceived relevance of the items between the two
groups (𝑈 = 19785.0, 𝑝 = 0.0017), with ILD-BERT achieving higher
mean relevance scores (mean difference = 0.31, or approximately
10%). For perceived variety, a Mann–Whitney 𝑈 test yielded a 𝑝-
value of 0.059 (𝑈 = 14918.5), which is marginally above the con-
ventional significance threshold (𝛼 = 0.05). Interestingly, the per-
ceived variety values are slightly lower for ILD-BERT compared to
NoDiversification (mean difference = −0.18, or approximately −5%).
Although not statistically significant, and the observed difference
is small in magnitude, the observed trend warrants further inves-
tigation to understand its potential implications. In other words,
users perceive the recommendations diversified through ILD-BERT
as more relevant, even though they do not perceive a higher variety
in the recommended items.
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Figure 7: Distributions of Likert responses (1 = Strongly dis-
agree ... 5 = Strongly agree) for perceived relevance and per-
ceived variety, comparing ILD-BERT and NoDiversification.

7 Discussion
7.1 Discussion of Results
Our findings provide evidence that embedding-based diversifica-
tion can improve engagement in a live NRS without sacrificing
relevance. In our deployment, ILD-BERT achieved gains in CTR,
higher objective diversity (lower ILS), and higher perceived rele-
vance than the non-diversified NoDiversification. This suggests that
semantic representations enable RSs to diversify content preserving
alignment with users’ interests, demonstrating that diversity and
short-term engagement are not necessarily in conflict.

In contrast, topic-based Interleaving maximized the number of
unique topics per list but resulted in the lowest CTR. This suggests
that exposure to more topics alone is insufficient to create user
value. As broad topic categories (e.g., ‘General’ or ‘Sports’) often
contain highly heterogeneous content, diversification based on se-
mantic embeddings therefore appear better suited to maintaining
relevance than forcing categorical topic shifts. This effect is likely
amplified by the production taxonomy used in our study, which
comprised only six topics with uneven scope and relevance. Such
coarse and imbalanced topic structures limit the potential of topic-
level diversification, whereas embedding-based methods operate
at the item-representation level and are therefore less dependent
on the quality or granularity of editorial categories. This finding
challenges the assumption that increasing topic coverage inher-
ently benefits users. The click distribution analysis supports this
interpretation. Under ILD-BERT , some topics were recommended
less but received a higher share of clicks, indicating more efficient
exposure. Diversification may thus help surface relevant items that
would otherwise be overshadowed by highly similar content, in-
creasing the chance that at least one item in the list matches the
user’s immediate interest.

A further notable result is the disconnect between objective and
subjective diversity. Despite improvements in ILS, ILD-BERT did not
increase perceived variety and even showed a slight (non-significant)
decrease. This aligns with prior evidence showing that similarity-
based diversity metrics capture aspects of similarity reduction that
are not not directly reflected in user’s perceptions of how varied a
list feels. Semantically diverse items within the same broad topic
may still appear similar from a user perspective, whereas explicit
topical shifts are likely more salient. Thus, what RS optimize as
diversity is not necessarily what users perceive as variety.

Finally, the comparison between ILD-BERT and ILD-TFIDF high-
lights the role of the representation space. In our setting, dense
contextual embeddings were more effective at distinguishing se-
mantically similar items than sparse lexical features. The choice
of embedding therefore can materially influence diversification
outcomes rather than being a minor implementation detail.

7.2 Limitations
Conducting the evaluation in a live production environment en-
hances external validity but introduces operational constraints that
affect internal validity and generalizability. For instance, the user
study followed a fixed week order, and participants could not be
tracked across weeks. We therefore analyzed the two weekly sam-
ples as independent repeated cross-sections, acknowledging (yet,
unlikely) potential participant overlap and time-related effects such
as seasonality. Participation in the user study relied on a pop-up
survey, which may introduce self-selection bias as respondents
could differ systematically from non-respondents. We further ac-
knowledge that results may depend on platform-specific aspects, in-
cluding de-duplication on the homepage, the number and positions
of personalized slots, and how recommendations are presented.
Findings may unfold differently on platforms with different designs
or interaction patterns. Similarly, the relative effectiveness of diver-
sification strategies may depend on the underlying recommender
and feature space. For instance, different underlying models, richer
metadata, or other content types (e.g., images or videos) could yield
different results. Additionally, the recency window was fixed to
24 hours due to production constraints. Different temporal settings
could influence both diversity and engagement outcomes. Finally, as
in any field study, we could not fully control for contemporaneous
events or seasonal patterns that may have affected user behavior.

Despite these limitations, the study provides high face valid-
ity and practical insights into the deployment of diversification
strategies in a real-world NRS.

8 Conclusion
This work presented a production-scale evaluation of diversification
strategies in a large-scale NRS, combining an online experiment
(A/B testing) and a complementary user study, which was also
conducted on a large-scale production news platform.

Our contributions are threefold: (1) We provide evidence from
a real-world setting on how diversification strategies affect objec-
tive diversity, user engagement, and user perceptions when de-
ployed in a large-scale production NRS. (2) ILD-BERT improved
CTRs and increased perceived relevance, showing that diversification
can support user engagement without degrading users’ perception
of recommendation quality. (3) Despite clear improvements in ILS
and number of topics recommended, users did not perceive higher
variety. This highlights that the algorithms and models captured
different aspects than what users perceive as variety in the news
recommendation context.

Overall, our findings show that the effects of diversification
depends on how diversity is operationalized and represented. For
user modeling and personalization, this emphasizes the need to
align algorithmic diversity objectives with users’ perceptions, rather
than relying solely on common similarity-based metrics.
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