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ABSTRACT On many online platforms, more items are being added every day, requiring users to select
efficiently the desired item from among these candidates. In similar environments, recommender systems
have been introduced, allowing users to select from among recommended items. While the immediate
advantages of recommender systems, such as presenting users with pertinent information efficiently and
boosting page views, are well recognized, concerns have been raised that these systems might constrict
users’ choices and amplify echo chambers. Despite these concerns, the detrimental impacts of recommender
systems on user behavior have not been thoroughly investigated. To address the societal challenges stemming
from the limitation in the breadth of information to which users are exposed, a novel recommender system
offering a wider array of choices is essential. In this study, we examine the user experience of the Nikkei
Electronic Version, a major news delivery service in Japan, from the perspective of diversity. Using the
language of article titles, we evaluate the diversity of recommended results and click logs presented to users.
In addition to an analysis of the actual service, we conduct user experiments with participants recruited
from among users of the service to investigate the effect of recommendation algorithms specialized in
increasing diversity, separate from the actual service. We propose a recommender system based on the
concept of extracting articles as far apart as possible within the language space. Through static experiments
and user experiments, we show that the proposed recommender system is effective in diversifying the
recommendation list. Furthermore, we show that when candidate articles that are likely to be clicked can
be properly extracted, the proposed recommender system is effective in diversifying the articles that users
click. Our research is aimed at improving long-term satisfaction by recommending content that users can
enjoy in the short term while simultaneously ensuring diversity.

INDEX TERMS Diversity, user engagement, online news, recommender systems.

I. INTRODUCTION
In the digital realm, countless articles and videos are uploaded
daily, making it challenging for users to identify pertinent
content. Recommender systems, which are increasingly
utilized in various sectors, simplify this information search
by tailoring content based on users’ past browsing and search
behaviors.

The associate editor coordinating the review of this manuscript and

approving it for publication was Fabrizio Messina .

Various recommendation techniques exist, such as collab-
orative filtering, rank-based learning, content-based filtering,
and hybrid approaches. Both online and offline evaluation
methods can assess these techniques. Deployed extensively
on platforms like social media, news websites, and video
streaming services, recommender systems strive to present
content aligned with users’ preferences. Academically, there
are many in-depth studies about the impacts of these
recommendations, addressing issues like popularity biases
and analyzing the value of the recommender system for
service providers and users, respectively.

VOLUME 12, 2024

 2024 The Authors. This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.

For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 31841

https://orcid.org/0000-0002-1285-5490
https://orcid.org/0000-0002-3685-3879


A. Sonoda et al.: User Experiments on the Effect of the Diversity of Consumption on News Services

As recommender systems become more prevalent, there is
a growing concerns about diminishing information choices.
Emphasizing content based mainly on user interests has
raised fears about the ‘‘filter bubble’’ [1]. This leads to
reduced exposure to diverse opinions and new information
because of a heavy reliance on recommendations. This not
only strengthens group consensus but can also sideline alter-
native perspectives or fresh insights. It presents challenges
both societally and individually. Therefore, it is necessary for
the recommender system to simplify information discovery
and preserve diversity.

From a business perspective, it is important to diversify
recommender systems. Sole dependence on metrics like
clicks and likes might pave the way for clickbait-like
issues, potentially undermining the long-term user experience
and raising the risk of users leaving the service [2], [3],
[4]. Providing a diverse array of articles can boost user
satisfaction and ensure continued engagement. However,
implementing a diversity-focused recommender system has
its technical and business challenges, causing hesitance in its
real-world adoption.

Few studies have delved into user experiments related to
recommender systems that enhance diversity in news ser-
vices. The primary deterrent is the technological complexity
inherent in designing and executing such systems. While
conventional recommender systems offer articles consistent
with users’ reading patterns and keywords, diversity-driven
ones must suggest articles from diverse genres and perspec-
tives. Essential to this is a technology that can accurately
identify these genres and viewpoints to provide precise
recommendations. Adopting a diversity-centric recommen-
dation strategy may initially decrease click-through rates and
user engagement. However, over time, such systems could
boost user satisfaction by introducing them to a wider range
of opinions and fresh insights. Yet, the potential short-term
decline in click-through rates, which could negatively impact
business, might deter many companies from considering a
diversity-focused recommender system.

Concerning the connection between recommender sys-
tems and diversity, Nguyen et al. [2] analyzed diversity
variations in a movie recommender system. Furthermore,
Anderson et al. [5], [6] investigated service persistency
rates based on diversity within a music distribution service.
Gomez-Uribe and Hunt [7] introduced the Effective Catalog
Size as a metric to gauge diversity, illustrating that a
personalized recommender system results in a broader range
of items being consumed in themedia. Although these studies
leveraged data from both real-world and research-oriented
services, to our understanding, no user experiments have
specifically focused on the diversity of information consumed
by users in a controlled setting.

In this research, we carried out user experiments and
examined user logs provided by Nikkei Inc., a leading
economic-focused daily boasting the world’s largest circula-
tion and recognized as a prominent online media platform
in Japan [8]. We conducted detailed user experiments and

meticulously analyzed user logs, leading to the introduction
of a unique recommender system — Semantic Volume
Based Recommendation (SVR). SVR, utilizing linguistic
attributes, identifies unique articles for recommendation.
Distinct from traditional diversity-driven recommendation
techniques, SVR can sequentially produce a varied list
of articles. Although computational expense is a concern
for large-scale real services, SVR sidesteps the need for
combination computations, ensuring efficient calculations.
Our comprehensive research, integrating data analysis and
user tests, validates the effectiveness of SVR in enhancing
recommendation list diversity. We further delved into the
impact of selecting clickable articles and observed shifts
in user behavior upon the integration of diversity-focused
recommendations.

In conclusion, the proposed SVR efficiently recommends
diverse items, keeping computational complexity under real-
service constraints, with observed user selections showing
increased diversity.

II. RELATED WORK
A. PROLIFERATION OF RECOMMENDER SYSTEMS
Multiple methodologies like collaborative filtering [9], [10],
[11], ranking learning [12], content-based filtering [13],
and hybrid systems [14] enrich recommendation algorithms.
As online media continue to flood users with articles and
videos, recommendation systems are increasingly essential
in a variety of domains for information discovery. The
Netflix Prize contest has significantly shaped research
by standardizing evaluation through a single metric [15].
Recommender systems are used not only by news sources
[16], [17] and Social networks [18], but also by the
travel [19], [20] and retail industries [21], [22]. These
systems are even being incorporated into recommenda-
tion for multiple roles (e.g. buyers, sellers, and distrib-
utors) within multi-sided markets such as food delivery
apps [23].

B. IMPACT OF RECOMMENDER SYSTEMS ON USER
EXPERIENCE
Research on recommender systems has been extensive, with
immediate user responses, such as clicks and likes, being
widely studied [24], [25], [26]. There have also been studies
on the feedback loop between recommendations and user
behavior in streaming services [27], [28], as well as on
the effect of personal and situational characteristics on user
behaviors on recommender systems [29]. Structural and
probabilistic models have been employed in marketing and
information retrieval to model user environments [30], [31],
while insight into the mechanisms of user experience with
recommender systems has been explored in the field of
human computer interaction [32], [33]. Research has been
conducted to understand user behavior by controlling for
potential confounding factors through the use of a simulation
construction and field experiments [3], [34], [35].
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C. RECOMMENDER SYSTEMS AND DIVERSITY
The behaviors exhibited when utilizing services featuring
recommender systems are the result of a confluence of
factors, including user preferences, algorithmic suggestions,
and temporal effects. Numerous studies investigate the
significant impact of item popularity, focusing either on
understanding or mitigating its inherent biases [7], [14],
[36], [37]. Some research suggests that such biases may
not adversely affect evaluations [38], [39]. In the field of
information retrieval, the MMR technique aims to minimize
redundancy and deliver useful information, particularly when
dealing with large sets of overlapping documents [40].
Research has been conducted to differentiate the influences of
human behavior and algorithmic recommendations on online
music consumption [41]. Moreover, a study was conducted
to investigate the influence of recommendation algorithms
on content diversity in user consumption by analysing
the relationship between diversity in music distribution
services and user engagement, as demonstrated through, for
example, service sustainability rates [5], [6]. In addition,
other studies have assessed the fluctuations in diversity in
movie recommender systems [2]. However, few studies have
analyzed the diversity of user behavior to grasp the impact
of recommender systems on the long-term user experience.
No studies have carried out user experiments to analyze
this.

III. DIVERSITY EVALUATION METHODS
The goal of this research is to diversify a user’s selection of
articles by augmenting the range of articles recommended to
them. Consequently, a metric for appraising the heterogeneity
of the news article set is first established. There are several
studies on the definition of the variety of items consumed
by users, where the most widely used functions are the
Gini coefficient [27], [42] and entropy [43], [44], which are
dependent on the frequency of each item consumed. These
capture the extent to which users consume dissimilar items,
while disregarding the resemblance between these items. For
instance, a user who views an article on Federal Reserve
policy and an article on Bank of Japan policy with the same
frequency and a user who views an article on the World
Cup and an article on international politics with the same
frequency are both considered highly analogous if the articles
are in different categories. In such a case, the former would
be classified as equally varied according to these metrics,
despite the news viewed being less comparable. Therefore,
the diversity metric should consider not only the frequency
of consumption, but also similarities between the items
consumed.

Therefore, in defining the diversity of a set of news articles,
this study evaluates the diversity of linguistic expressions in
the article titles, because linguistic diversity is particularly
important for news articles due to their nature as text-based
media. In addition, we focus on article titles because it is
estimated that users oftenmake decisions based on an article’s
title article when selecting news and because the article titles

FIGURE 1. An example of the news list interface. When a user chooses to
read a news article, they select it from the news list screen. The news list
screen features thumbnail images and headings. It is assumed that the
heading has a substantial influence on the user’s determination to pick
an article.

contain important information due to the characteristics of
economic news. Figure 1 shows the news list screen.
In this study, an assessment of the diversity of the news

article set was conducted through the following steps:
• Article Vectorization
• Evaluation of the diversity of the vector set

We made vectors for each article by embedding each article
title into word embedding space. Moreover, this study
employed the Generalist-Specialist score (GS-score) [5] and
the average pairwise distance (APD) [2] to gauge the diversity
of the vector set. These metrics were based on a vector
representation of the items, thus enabling an evaluation of
diversity by considering similarities between items.

A. ARTICLE VECTORIZATION
In this study, we vectorized articles by using vectors in
the word embedding space derived from the article title.
The process of vectorizing an article can be divided into the
following steps:
• Separating words with spaces
• Vectorizing each word in the article title
• Vectorizing the word set

The process encompasses three stages. Initially, the article
title is separated with spaces, after which each word in
the article title is vectorized using word2vec [45]; finally,
the word set is vectorized through a Term Frequency
Inverse Document Frequency (TF–IDF) weighted average to
generate a vector representing the article.

Morphological analysis is used to divide a Japanese
sentence into words, referred to as segmentation. For the
segmentation of article titles, MeCab [46] was used as
the morphological analysis software, and mecab-ipadic-
NEologd [47] was used as the system dictionary. With these
two techniques, the words contained in the article titles were
segmented, and a word set was created.
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Word2vec is onemethod for indicatingwords in distributed
representations. With a distributed representation of words,
we can obtain expressions that reflect the context and
meaning of words. We used the Japanese Wikipedia entity
vector [48] as a pretrained model of word2vec, as it is a
distributed representation vector of words and entities that are
articles on Japanese Wikipedia, learned from the full text of
Japanese Wikipedia.

The TF-IDF weighted average is a method for obtaining
a vector representing a set of words by giving special
consideration to words deemed particularly important within
a document set. Calculating the TF-IDF for a set of titles
enables the weights of each word in each title to be obtained.
The vector of each article title was calculated by taking the
weighted average of the vectors of each respective word
contained in the article title using the TF-IDF as a weight.

B. GENERALIST-SPECIALIST SCORE
By incorporating components into the word embedding
space, as described in the previous section, the heterogeneity
of a given group of articles can be assessed. We introduce
the GS-score as a metric for vector divergence. In essence,
vectors of varied article collections are scattered in space,
while vectors of less varied article collections are closer in
space. Consequently, the GS-score measures the mean value
of the cosine similarity between vectors of articles. The larger
the heterogeneity, the lower this likeness is on average, so the
greater the heterogeneity, the smaller the GS-score.

The GS-score of user ui can be determined as follows,

µ⃗i =
1
Ji

∑
j

a⃗j (1)

GS (ui) =
1
Ji

∑
j

−→
aj · µ⃗i∥∥a⃗j∥∥ · ∥µ⃗i∥

(2)

where a⃗j is a feature vector created for the article aj clicked
by the user ui, and Ji is the number of articles regarding user
ui. In (1), the vector mean of the article set is calculated
to represent the interest vector µ⃗i of the user ui. In (2), the
cosine similarity between µ⃗i and the vector of each article
related to the user ui is added up and divided by the article
number Ji to calculate the GS-score. The GS-score takes a
value between −1 and 1, where a user with a GS-score of
1 has clicked on extremely homogeneous articles, while a
user with a GS-score of −1 has clicked on extremely diverse
articles.

C. AVERAGE PAIRWISE DISTANCE
Similar to the GS-score, we introduce the APD as an index
for assessing vector diversity [49]. The APD is calculated by
averaging the distances between vectors of the articles. The
distance between two articles ai and aj is derived using the
Euclidean distance, as follows.

d(ai, aj) =
√∑

k

[ai,k − aj,k ]2 (3)

TABLE 1. GS-score and APD for each vector set.

where ai,k represents the k th element of article vector a⃗j.
Subsequently, the pairwise distance is calculated by forming
two groups of articles in the collection, which does not permit
any duplicates. This is referred to as the pairwise distance
(PD) and its mean is calculated as the APD. Intuitively, the
vectors of diverse article sets are spread across the space,
while vectors of article sets having low diversity are close
in the space. As the Euclidean distance increases on average
with increasing diversity, the APD increases as the diversity
increases.

D. COMPARISON OF GS-SCORE AND PAIRWISE DISTANCE
PROPERTIES
We would like to evaluate which of the GS-score and APD
is more intuitive as a measure of diversity. In comparison to
the APD, the GS-score benefits from an faster processing
speed, as fewer combinations of articles are necessary for
calculation and it can be processed as a matrix calculation,
as it relies on cosine similarity. On the other hand, GS score
is calculated based on the distance from the center of
gravity, so there is a concern whether it can correctly capture
diversity. Consequently, we compared the characteristics of
the GS-score and the APD as methods for assessing diversity.

For an intuitive understanding, three sets of vectors
containing four elements were prepared.

• Set 1 (red diamond): ((0,1),(1,0),(2,1),(1,2))
• Set 2 (yellow cross): ((1 + 1

√
2
,1 + 1

√
2
),(1 − 1

√
2
,1 +

1
√
2
),(1− 1

√
2
,1− 1

√
2
),(1+ 1

√
2
,1− 1

√
2
))

• Set 3 (green star): ((2,1),(2,1),(0,1),(0,1))

Each vector is a point on a circumference of magnitude r =
1 situated at (x, y) = (1, 1). Each point and a circle of radius
r = 1 situated at (x, y) = (1, 1) are visualized in Figure 2.
The GS-score and APD are computed for each of these vector
sets, and Table 1 exhibits the corresponding values.

For sets 1 and 2, the points are on a circle of radius r =
1 centered at (x, y) = (1, 1), and the relationship rotated by
45 degrees. Intuitively, the diversity indices are expected to
have the same value. However, according to Table 1, the APD
has the same value, but the GS-score has a different value.
In addition, set 3 is a point on the same circle, but biased on
y = 1. Intuitively, one would expect the diversity index to
have a smaller value than sets 1 and 2. However, according to
Table 1, the APD is smaller for set 3 than for sets 1 and 2, but
the GS-score has the same value as that of set 1.

Based on the above, we are of the opinion that the APD is
a more effective measure for gauging diversity as it is more
comprehensible. In this research, the APD is utilized to assess
diversity.
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FIGURE 2. Comparison of GS-score and APD.

IV. RECOMMENDER SYSTEM TO IMPROVE DIVERSITY
In this study, we consider a recommender system that
generates a variety of articles from a list of potential
articles recommended by a preceding recommender system
implemented in a news distribution service provided by
Nikkei Inc. Previous research that sought to enhance diversity
in a book recommender system [49] predominantly adopted
the approach of measuring the diversity of the list and then
refining it. However, the process of generating a list from
candidate articles, assessing the diversity of the list, and then
modifying it gives rise to a combinatorial explosion, making
the formation of the list and the determination of diversity
unfeasible. Henceforth, we suggest the SVR as a method for
improving diversity based on the distribution of vectors. The
formation of a recommendation list utilizing SVR can be
executed promptly, as there is no requirement to measure and
adjust the diversity of the list.

A. RECOMMENDATION ALGORITHM
We propose SVR as an approach for increasing diversity
based on vector distributions. SVR ismodeled onmaximizing
semantic volume, a technique for sentence summarization
proposed by Yogatama et al [50]. An illustration of the
concept of Maximizing Semantic Volume is presented in
Figure 3. SVR seeks to identify news articles whose
associated vectors are maximally distant from one another
from among a given set of candidate news articles. This is
accomplished by maximizing the supervolume of the space
comprising the vectors of the selected news article set. To this
end, we select articles that are as distant from each other as
possible within the scope of the desired number of articles to
be extracted.

The SVR implementation process is as follows:
1) Vectorize the documents.
2) Calculate the center of mass of the document set.
3) Locate the document vector farthest from the center of

mass and add it to the recommendation list.

4) Select the document vector farthest from the first
document vector and add it to the recommendation
list.

5) Establish a reference vector from the two document
vectors in the recommendation list and identify the
most distant document vector. Include it in the
recommendation list.

6) Compute the distance of each document extracted from
the remainder of the document collection to the set
of document vectors in the recommendation list, and
select the farthest document vector. Include it in the
recommendation list.

7) Repeat step 6 until the number of articles in the
recommendation list reaches the target number of
articles.

FIGURE 3. A prototypical example of nine article vectors projected onto a
two-dimensional semantic space. Contemplate a scenario wherein there
are four articles to be isolated. The rating function is optimized by
selecting the four articles indicated by the azure dashed lines as
authoritative articles. This is because it amplifies the two-dimensional
region.

B. RECOMMENDATION PROCEDURE
This research targets news services that utilize existing
personalized recommender systems, the particulars of which
are withheld for commercial reasons. The recommendation
listings for this news service are produced by collaborative
filtering based on prior user browsing records and a logic
that considers the editor’s evaluation of newsworthiness.
In this research, the data provider allows us to retrieve these
recommendation lists through an API. We aim to propose a
variety of articles from these recommendation listings from a
set of articles that are in congruence with the user’s interests
by extracting a variety of articles using SVR. Specifically, the
recommendation lists accessible via the API are processed as
input L for Algorithm1, resulting in the final SVR-derived
recommendation list R.
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Algorithm 1 Semantic Volume Based Recommendation
(SVR)
Require: Item List L
Ensure: Recommended Items R
1: Initialize R← ∅

{Embedding}
2: for each item i in L do
3: V (i)← Embed(i)
4: end for

{Centroid Calculation}
5: C ← CalculateCentroid(V (L))

{Item Selection and Add Recommendation List}
6: f1← FindFurthestItem(C,V (L))
7: R← R ∪ {f1}
8: f2← FindFurthestItem(f1,V (L) \ {f1})
9: R← R ∪ {f2}

10: while |R| < Target Number of Items do
11: B← DefineBasisVectors(R)
12: f ← FindFurthestItem(B,V (L) \ R)
13: R← R ∪ {f }
14: end while
15: return R

C. ANALYSIS OF RECOMMENDATION RESULTS
We tested whether the SVR-based recommendation method
would facilitate the presentation of a broad spectrum of
news articles. As illustrated in Table 2, the list of articles
recommended to a particular user on April 1, 2022, included
pieces concerning the Russian invasion of Ukraine, as well
as information on increasing interest rates and prices due to
distribution disruptions. For the sake of brevity, we compared
a case in which five articles were extracted from this list of
20 articles using SVR with a case in which five articles were
selected randomly. Table 3 displays the results of extracting
five articles through the implementation of SVR. It was
confirmed that only one news article related to Russia was
extracted. In addition, the result of randomly extracting five
articles is shown in Table 4. This table demonstrates that
Russia-related articles were duplicated, and several brief
articles containing market-related data were included in the
table. Moreover, the APD value for the entire 20 articles was
12.27, for the proposed method was 15.09, and for random
sampling was 12.02. As mentioned above, by combining
the qualitative evaluation through visual inspection and the
quantitative evaluation through APD, it was confirmed that
the proposed SVR method was able to extract a variety of
articles.

V. OFFLINE EXPERIMENT
The goal of this research is to propose a recommender system
that improves the diversity of articles clicked by users and
to clarify the conditions that trigger users to click on a wide
range of articles. To validate the recommendation method
based on SVR, presented in Section IV, we performed offline
experiments with user behavior logs from a news distribution

TABLE 2. List of articles extracted using an existing method. The original
Japanese title has been translated into English.

service provided by Nikkei Inc. We evaluated it using the
APD outlined in Section III-C. The results revealed that the
proposed SVR method can indeed improve the variety of
articles viewed by users.

A. OFFLINE EXPERIMENTAL PROCEDURE
We adopt user behavior and impression logs of the news dis-
tribution service provided by Nikkei Inc. from March 2022,
which were analyzed in the authors’ previous study [51].
Among these logs, we use data from 2,000 randomly sampled
users who joined the service in December 2021 and who
viewed an article at least once in March.

To evaluate the recommender system, we conduct an
offline experiment using impression data and click logs for
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TABLE 3. List of articles by proposed method.

TABLE 4. List of articles by random selection.

each user. For this purpose, a virtual recommendation list is
created by evaluating the articles included in the impression
data using the recommendation algorithm to be evaluated and
by extracting articles with high scores. The articles included
in this virtual recommendation list were actually displayed
to the user because they are included in the impression data.
The clicked articles in these recommendation lists are treated
as click logs in the offline experiment. By analyzing the
recommendation lists and click logs created in this way,
we can analyze the click rate and diversity of the recom-
mendation algorithms under evaluation. For business reasons,
we cannot disclose the number of clicks, impressions, click
rates, etc. for each user during the period under analysis.
Therefore, the values of the parameters of the recommender
system necessary to explain the experimental procedure are
expressed as N1,N2.
In this offline experiment, we compare the following four

recommendation algorithms:

• Recommendation V-0 Random selection
• Recommendation V-1 Sorted by the number of clicks
• Recommendation V-2 Extraction by SVR
• Recommendation V-3 Extraction by SVR from the list
of top clicks

For Recommendation V-0, we randomly extracted
N1 items from the list of items featured in the impression log
for each user as a baseline for comparison. In Recommenda-
tion V-1, we arranged items according to the number of clicks
and selected the top N1 items from the list of items featured
in each user’s impression log. Because the offline experiment
cannot leverage the personalized recommendation list
information present in existing services, we decided to
recommend articles with a high number of clicks as an

alternative. For Recommendation V-2, we employed SVR
to select items from each user’s impression log so the
N1 item list would be the most varied. Recommendation V-3
diversified the item list by considering the number of clicks.
For the item lists featured in the impression logs for each user,
we first sorted the items according to the number of clicks
and chose the top N2 items. For the N2 item list, SVR was
utilized to extract items so that the N1 item list would be the
most varied.

To regulate the parameters of every algorithm, the size of
the N1 recommendation list was normalized. The value of
N1 was set to be less than half the amount of views throughout
the duration for the specified user, so that the division of
elements in each recommendation list is significantly distinct.
In this instance, we verified that the number of clicked items
in each recommendation list would also be adequate.

B. OFFLINE ANNALYSIS
We assess the four recommendation strategies outlined
in Section V-A to evaluate their performance. Figure 4
illustrates the APD values and the number of clicks for the
recommendation lists generated for each recommendation,
as well as the items that were clicked. The number of clicks
is represented as a percentage of the number of clicks when
the recommendation in Section V-0 is set to 1.

We conducted correspondence t-tests to evaluate the
recommendation results for the same user group log data.
Although there was no significant variation in the APD values
of the recommendation list between Recommendation V-0
and Recommendation V-2, there were significant differences
at the 1% level for the other combinations. In addition,
we could not ascertain a conspicuous difference in the APD
values of the click list between Recommendation V-1 and
Recommendation V-2, but there were significant differences
in the other combinations at the 1% level.

Regarding the diversity of the recommendation list,
we observe that the APD value is the most prominent
and diversity is highest in the case of Recommendation
V-3. The diversity of clicked items also reflects that the
APD value and diversity are the greatest in the case of
Recommendation V-3. It can be argued that by diversifying
items using SVR and considering the ease of clicking, a wide
array of items can be presented to users. The highest number
of clicks was detected in the case of Recommendation V-1,
which presented the items with the highest number of clicks,
but clicks were also abundant in the case of Recommendation
V-3 compared to the randomRecommendationV-0. Although
it is essential to maintain the number of clicks to implement
the proposed method into actual services, these results
demonstrate that the method is at a stage in which it can be
contemplated for implementation.

VI. ONLINE EXPERIMENT
We build an experimental service and compare the rec-
ommendation methodology by employing SVR with the
recommendation technique adopted in existing services
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FIGURE 4. Graphs of the diversity metric APD values and the number of
clicks for the recommendation and click lists. To compare the four
recommendation methods proposed in Section V-A, each result is
denoted as RecV-[number]. The APD value for the recommendation list is
labeled as APD(imp), and for the click list as APD(click). The APD values
are shown on the left as the primary axis. The number of clicks is
displayed as a ratio, with the number of clicks in Recommendation V-0
being 1, and is presented on the right as the secondary axis.
Recommendation V-3 had the highest APD value for the click list and was
able to achieve the most diverse clicks.

through user experiments, and we examine whether the
recommendation technique improves the diversity of articles
browsed by users. For this purpose, we evaluate the diversity
of recommendation lists and click lists using the APD
proposed in Section III-C.We also analyze the impact on user
engagement, such as the number of clicks and the number of
login days. Then, we compare the diversity evaluation with
that based on the entropy of the affiliations of the reporters
who authored the articles.

A. ONLINE EXPERIMENTAL PROCEDURE
In this study, we conducted a user experiment to assess the
efficacy of the recommender system. Participants consisted
of registered users of a news distribution service provided by
Nikkei Inc. In the experiment, we constructed a website that
simulated the news list screen of the actual news distribution
service, provided it to each participant with a different
URL, and collected logs. The experimental period spanned
two weeks, from March 8, 2022, to March 21, 2022. The
total number of participants in the experiment was 413,
of whom 192 responded to the pre- and post-surveys andwere
provided with a valid Nikkei ID. Participants were briefed
on the experiment and consent to participate was obtained.
They were also informed that they could withdraw from the
experiment at any time. The experiment was reviewed by the
Ethics Committee of the University of Tokyo. The number
of participants was significantly lower than the anticipated
experimental participants. This is attributed to the fact that the
news service targeted in this study is a high-cost subscription
service, and there were fewer users in the survey company’s
monitor pool with IDs than expected. Furthermore, due to
the nature of the service provided by a newspaper company
specializing in economic news, the news service exhibits a
characteristic where the number of updates and clicks on
news articles are biased toward weekdays. Considering that
the number of weekdays in a two-month period is about 40,
a threshold for the number of clicks was identified based on

the distribution of the number of clicks in the target user group
during this period, and we extracted users above a certain
threshold, resulting in 47 users. For business reasons, specific
click values cannot be disclosed.

In this study, we compared the proposed method, which
uses SVR to improve the diversity of the article set, with an
existing method built on current news distribution services.
Participants were randomly assigned to an experimental and
a control group to receive recommendations by one of the
two recommendation methods. The number of participants
in each group is shown in Table 5. There was no significant
difference in the dropout rates between the experimental and
control groups.

B. RECOMMENDATION PROCEDURE
The news service under evaluation here implements a
personalized recommender system. For business reasons,
the specific algorithm has not been disclosed to us. The
recommender system utilizes collaborative filtering based
on past user browsing logs, in conjunction with logic
that considers the editor’s appraisal of newsworthiness,
to generate a recommendation list.

In our experiment, we were issued with a daily list of
recommendations by Nikkei Inc. The control group received
20 recommendations from the existing system and presented
them as they were. Meanwhile, the experimental group was
given a list of 50 recommendations from the existing system,
of which 20 were extracted and presented using SVR.

C. ANALYSIS OF DIVERSITY OF RECOMMENDATION LISTS
AND CLICK LISTS
We evaluated the diversity of the recommendation and click
lists during the experiment using APD. Figure 5 shows the
APD values of the recommendation and click lists for the
experimental and control groups, respectively. There was a
significant difference between the experimental and control
groups at the 1% level. The results for the user group limited
to users with a sufficient number of past clicks are also
shown, where there was a significant difference between the
experimental and control groups at the 5% level.

Confirming the diversity of the recommendation lists, the
APD values of the experimental group are greater, both when
constrained by the number of past clicks and when not limited
by the number of past clicks, indicating that the proposed
method is capable of recommending a variety of articles
during the experimental period, similar to the findings of
Section IV-C. Moreover, when the diversity of the click list
is assessed, the APD of the experimental group is larger and
more varied when the list is limited by the number of past
clicks. Conversely, when the number of past clicks is not
limited, the APD values of the experimental group is smaller
and less diverse, implying that if the number of past clicks is
sufficient and the existing recommender system is effective
in extracting candidate articles, the proposed method using
SVR can improve the diversity of articles clicked by users.
From this result, it can be concluded that the proposedmethod
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TABLE 5. The number of participants in the experiment. Approximately half the participants in the experiment provided valid Nikkei IDs in response to
the pre- and post-surveys.

FIGURE 5. The APD values for the recommendation list and click list
during the experimental period.

using SVR can encourage users to click on a variety of
articles in an environment in which candidate articles that are
likely to be clicked are successfully extracted, while simply
recommending a variety of articles will not result in clicks.

D. ACCURACY AND ENGAGEMENT METRICS
In Section VI-C, we confirmed that the proposed method
using SVR can encourage users to click on a variety of
articles when the number of past clicks is sufficient. In this
section, we evaluate the impact of the proposed method on
short-term user engagement metrics, such as the number
of clicks and the number of login days, as well as the
accuracy of recommendations, for a group of users with a
sufficient number of past clicks. If these user engagement
metrics, including the number of clicks and login days, are
found to be decreasing, it could be problematic for business
implementation, even if diversity is improved. This situation
wouldmake it challenging to implement the proposedmethod
in actual services.

Table 6 presents the precision, recall, and F1-SCORE for
both the experimental and control groups. Since all users
view the recommended results, the recall is 1. No significant
decrease was observed in precision or F1-score when SVR
was used. Figure 6 shows themean number of clicks and login
days for the experimental and control groups, respectively.
No significant differences were observed in either the number
of clicks or the number of login days, indicating that there
was no clear deterioration in user engagement when the
proposed method was introduced, and that the proposed
method is of a suitable quality to contemplate its deployment
in actual services. In practice, it is important to balance the
trade-off between engagement metrics and diversity, and to
appropriately select the size of recommendation lists L and R
in Algorithm 1, as described in Section IV-B.

TABLE 6. Precision, recall, and F1-SCORE for the experimental and
control groups.

FIGURE 6. Mean number of clicks and login days for experimental and
control groups.

E. ANALYSIS OF DIVERSITY OF REPORTER AFFILIATIONS
The news articles of the news services in this study contain
the affiliation information of the reporters who wrote them as
meta-information. We evaluate the diversity of the affiliation
information of the reporters for the recommendation and click
lists during the experimental period for a group of users with
a sufficient number of past clicks. To evaluate this diversity,
we draw on existing research regarding the diversity of items
consumed by users, utilizing entropy as a measure [43], [44].
Figure 7 shows the mean entropy of the affiliations of the

reporters for the experimental and control groups. Analysis
of the diversity of the recommendation lists reveals that
the control group yielded a higher entropy value at the 1%
level of significance, implying that the affiliations of the
reporters who wrote the articles are more diverse in the
control group. In contrast, when assessing the diversity of
the click list, there was no significant difference between the
experimental and control groups. Unlike the evaluation by
APD in Section VI-C, the control group had a higher diversity
of recommendation lists, likely because the control group
is presented as-is as a result of the existing recommender
system, which facilitates the selection of items equally from
multiple departments according to the editor’s intention.
On the other hand, the diversity of the click list did not
improve, even when a recommendation list with a high
diversity of reporter affiliations was given. In other words,
simply presenting articles by reporters of various affiliations
does not necessarily result in clicks.
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This result implies that the algorithm of equalizing the
departments from which articles are written according to
the editor’s intention is unable to change users’ browsing
behavior. Not only diversity based on the language vector
of article titles, but also macro diversity with respect to
large labels, such as the affiliation of the reporter who
wrote the article, is important when discussing diversity in
user behavior when consuming news. In comparison to the
improvement in diversity based on the linguistic vector of
article titles, it is inferred that improving macro diversity
requires a mechanism that considers the extent of similarities
between each label.

FIGURE 7. Mean entropy of the affiliations of the reporters for the
experimental and control groups. The value of entropy for the
recommendation list is denoted as entropy(imp), and that for the click list
as entropy(click).

VII. EVALUATION OF MOVIELENS DATA
To demonstrate the effectiveness of the recommender system
using SVR beyond news data, an offline experiment was
conducted on the MovieLens 1M dataset [52]. As a result,
we confirmed that the SVR enables users to select a variety
of items.

A. OFFLINE EXPERIMENTAL PROCEDURE
We focus on the user review data and movie information
contained in the MovieLens 1M dataset. These files include
1,000,209 reviews for 3,900 movies by 6,040 members
who joined MovieLens in the year 2000. To evaluate the
recommender system, an offline experiment using each
user’s review log is conducted. 75% of the review logs
are used for building the recommendation system, and the
remaining 25% are used as test data. Thereafter, the targeted
recommendation algorithms evaluate items, and a virtual
recommendation list is created by extracting items with high
scores. Items in this virtual recommendation list that have
actual review data are treated as click logs in the offline
experiment. By analyzing these recommendation lists and
click logs, the click-through rate and diversity of the evaluated
recommendation algorithms are analyzed.

In this offline experiment, the following three recommendation
algorithms are compared:

• Recommendation VII-0 Random extraction
• Recommendation VII-1 Recommendation using SVD
(Singular Value Decomposition) [53]

FIGURE 8. Graphs of the diversity metric APD values and the number of
clicks for the recommendation and click lists. To compare the four
recommendation methods proposed in Section VII-A, each result is
denoted as RecVII-[number]. The APD value for the recommendation list
is labeled as APD(Recommendation), and for the click list as APD(click).
The APD values are shown on the left as the primary axis. The number of
clicks is presented on the right as the secondary axis.
Recommendation V-2 had the highest APD value for the click list and was
able to achieve the most diverse clicks.

• Recommendation VII-2 Extraction of diverse items
using SVR from a recommendation list generated by
SVD

For Recommendation VII-0, as a baseline for comparison,
25 items were randomly extracted from a list of items
not included in each user’s training data. In Recommen-
dation VII-1, 25 items were extracted by evaluating items
using Singular Value Decomposition (SVD) with the Python
library surprise [54], used for building and analyzing
recommender systems. In Recommendation VII-2, 100 items
were initially extracted using SVD, and then 25 items were
further extracted using SVR. To control for conditions across
algorithms, the length of the recommendation lists was
standardized to 25 items.

B. OFFLINE ANNALYSIS
We assess the three recommendation strategies outlined
in Section VII-A to evaluate their performance. Figure 8
illustrates the APD values and the number of clicks for the
recommendation lists generated for each recommendation,
as well as the items that were clicked.

These results indicate that diversifying the recommenda-
tions obtained through SVD by using SVR allows us to
provide a more diverse range of items to the user. However,
the number of clicks has decreased more significantly
compared to the news article case in Section V. This is
presumed to be due to the broader range of item choices in
movie reviews compared to news services, and the smaller
absolute number of clicks, making the impact of missing
a single item more significant. From these results, it is
necessary to consider factors such as the absolute number of
clicks, but the increase in diversity of selected items through
the proposed method is confirmed to not be limited to news
services.

VIII. CONCLUSION
In this study, we analyzed user behavior on the news
service provided by Nikkei Inc. and an online experiment
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on an experimental website prepared for this study, which
concerns the diversity of articles clicked. The contributions
of this study are as follows. To improve the diversity
in recommendations, we proposed a recommender system,
SVR, which is designed to extract articles as far apart as
possible from the language space. Through static and user
experiments, we evaluated the SVR recommender system for
improving diversity, and we showed that it can recommend a
wide variety of articles through qualitative and quantitative
assessments. We also showed that the proposed method
using SVR is effective in improving the diversity of articles
clicked by users in an environment in which clickable article
candidates are well extracted.

From the results of this study, it was found that to
encourage users to click on diverse articles, it is not enough
simply to present diverse articles; rather, it is necessary to
recommend articles that attract users’ interests and are diverse
in nature. For future work, we would like to develop a
recommender system that considers not only the linguistic
diversity of article titles but also diversity in terms of the
affiliations of the reporters who wrote the articles.
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