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ABSTRACT
Modelling the different factors that lead people to choose news
articles is one of the key challenges for understanding the diversity
of news diets – as a news diet is the result of a series of decisions
for certain articles over others, a sequence of choices that was made
by the individual consumer. This study sheds light on the interplay
between content-related (past behavior, habits, preferences) and situational factors (positioning, saturation, control). The latter could
offer possibilities to promote more unexpected news encounters
that diverge from past news consumption. To test this, a Pythonbased web application for interactively testing different forms of
news personalization over time was used. 247 respondents used
the system over a two-week period, in total making almost 23,000
choices. Our results show that: (1) Selections are influenced by a
strong positioning effect that follows a reading pattern (left-right,
up-down). This effect is stable across devices, topics, and preferences. (2) How much control people are given influences the length
and the amount of different sessions (personalization leads to fewer
and shorter sessions). (3) With high control, the diversity of preferences influenced the diversity of selected news more, possibly
widening gaps between diversity-seeking and -averse users. (4)
How often a topic was chosen in the last hour negatively impacts
whether it gets chosen again, showing saturation effects. (5) Clicks
on sports and economic articles can be explained by preferences,
but not past behavior; for political news the opposite is found. (6)
There is no significant correlation between the actual diversity (presented or selected topics) and the topic diversity perceived by the
users – in spite of clear differences in actual diversity between the
groups. From this we can conclude the importance of situational
factors in modelling news selection and their potential to narrow
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or widen the diversity corridor. In sum, our results contribute to
a better understanding of the interaction of news recommender
systems and humans and how this shapes which news articles get
chosen.
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1

INTRODUCTION

News selection online is shaped by a high-choice environment.
In theory, users are able to choose from a large amount of news
articles that are being produced every second of every day. To deal
with this information overflow, news selection is more and more
shaped by different forms of news personalization. Thus, adapting
the presentation of news articles on a page to the individual user
based on their explicit wishes, past behavior, or the behavior of
similar users. This has consequences for the way we are exposed
to and consume news. Often concerns are voiced about the impact
that news personalization has on the diversity of information that
a person sees and reads (such as in discussions on ‘filter bubbles’).
The diversity of consumed news is seen as important building block
in shaping citizens’ knowledge and attitudes. Therefore, scholars
call for diversity as a design principle in recommender systems [9].
However, in order to design those systems effectively, it is important to take a close look at factors influencing news selection
choices of users and how they might contribute to a diverse news
diet. News personalization takes place in interaction with users
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who have varying levels of control over which news items are
displayed. In the end, via explicit choices for personalization settings or by changing news selection patterns used as basis for a
recommendation system, users also shape the way the system is
personalized. Understanding why users make certain choices over
others and how this happens in interaction with different forms of
personalization can thus be seen as critical for the development of
news recommender systems. We assume that there is an interplay
between content-based, habitual factors that lead people to stay
within their comfort zone and situational factors that can help in
disrupting this process and lead people to select news stories that
do not match their preferences or habits. By using an experimental
design that allows the interaction of users with different kinds of
news personalization over a longer period of time, we disentangle
those different factors in predicting news choices and give insights
for further development of news recommender systems.

seen as anchoring points against which all other attitudes are being
evaluated, some opinions are deemed acceptable while others are
not – however, this range is not set and it can shift over time.
This corridor is not seen as static, it can widen and narrow
over time. An improvement regarding diverse news consumption
would be indicated by seeing users stepping out of their normal
consumption patterns to select news that are unexpected. One
possible goal of diversity-oriented recommender systems could
thus be to increase the unexpectedness of news choices for each
individual, taking into account the respective baselines. However,
in order to design such systems that nudge users into more diverse
consumption, a model is needed that explains how we arrive at
this baseline and what different factors can enhance the chances
of unexpectedness. In the following, we will thus first explain the
theoretical underpinnings of a diversity corridor as baseline before
proposing three factors explaining unexpected choices that can
potentially widen that corridor.

2 PREVIOUS WORK
2.1 News consumption and diversity

2.2

The diversity of media systems and exposure is essential to a democratic formation of public opinion. While the focus in academic
research was put mostly on supply diversity (breadth of content
being spread by media outlets), during the last decade the attention
has increasingly shifted towards exposure or consumption diversity
[15, 22]. In a high-choice media environment, it becomes more and
more relevant to study the full range of news consumed by users.
For this purpose, researchers often investigate all news exposures in
a given time frame simultaneously. From those, measures of diversity can be calculated such as Shannon’s entropy. This can indeed
give a good overview of how diverse the media diet of individuals
is and in how far they are comparable.
What is lost in this process, however, is how this aggregate being
studied came about. A more or less diverse news diet is the result of
a series of decisions for certain news articles over others, a sequence
of choices that was made by the individual consumer. They can be
explored by looking at chains of choices in digital traces of news
consumption [18, 32]. In this case, diversity becomes something
that is less focused on the absolute level but is more brought back to
an individual measure. One can for example imagine a user with a
generally diverse news consumption – a news-junkie or omnivore
[5]. At the opposite we have a user who only ever consumes sports
news about a particular team they support. For the first user, most
clicks they make are in line with expectations of their already broad
baseline. For the second user, however, every click that is outside
of their limited news diet substantially broadens their horizon,
for example by clicking on an article on background information
on a corruption scandal in sports with economic impact. Thus,
the potential of a news selection to broaden the horizon of the
individual is dependent on how far from the expected baseline the
selected item can be placed. Every person has their own diversity
corridor, a set of news that are within the acceptable range of news
topics and content that they normally would want to consume.
This ties in with the general idea of users being either diversityseeking or challenge-averse [21]. Here an analogy to the latitudes
of acceptance and rejection from the social judgment theory (SJT,
[26]) can be made. In this theory, an individuals’ own attitudes are

A plethora of different theories and frameworks have helped in
better understanding media choices (for an overview see [8]) –
among the most prominent are the Uses and Gratifications approach [13], Informational Utility Approach [2], and Selective Exposure/Cognitive dissonance [4]. Those theories have in common
that they assume a (more or less) rational user who makes choices
based on characteristics of media content they are confronted with.
When being given the choice between media article A and B, elements such as the topic or stance of each article are evaluated
and the “better” option is chosen. What the better option will be
can for example be predicted by earlier experiences, preferences,
and attitudes. News consumption is highly habitualized or even
automated behaviour, which makes news choices more predictable
[7]. The predicted choices fall within what we call the diversity
corridor of a person. Selective exposure and uses and gratifications
thus generally predict that news consumers will be drawn towards
“more of the same”, to choose the topics that they prefer over and
over again – a “sports person” choosing predominantly sports news
etc.
However, even with a perfect estimation of a person’s interests,
this approach of explaining media choices – relying on general content preferences/avoidances to predict news choices – has received
considerable criticism over the years. The media landscape looks
entirely different compared to a few decades ago: Information is
available 24/7 for most users with new content flooding in every
second, requiring choices out of vast catalogues of available news
stories to choose from. In handling this information overload, relying on users making decisions based on content factors falls too
short since “being a motivated reasoner takes effort” [29, p. 757]. In
this case, habitual factors are of importance for reflecting a persons’
interests. But apart from rational decisions and habits, the context
of the news selection also plays a large role in a high-choice media
environment.
This shifts the focus much more towards situational factors in
media selection that can cause deviations from the baseline. Those
factors have in common that they do not concern the content of
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the news (the topic, the stance, the source etc.) but are nonetheless crucial in influencing news selection patterns in a high choice
environment. In this paper we are focusing on three in particular:
Positioning effects, saturation, and control of the news environment.
2.2.1 Positioning effects. Positioning effects are probably among
the most underestimated factors for news selection in theoretical
academic models on news choice. While in the research on
advertisements, recommender systems and search engines it is
widely accepted that one of the most important factors for why
something is read or clicked on is the position [3, 27], it often
plays a minor role in theoretical explanations of news choices.
Still, much is known about why users choose earlier items first
and often follow a pattern that is similar to the reading habits of
their culture (in Western cultures left to right, top to bottom [1]).
Those positioning effects can be placed in the area of decision
biases, they affect human memory and have been studied and
found for centuries (for an overview see [30]). Joachims and
Radlinski [10] show that the rank of a search machine result link
largely determines whether it is chosen, while Collins et al. [3]
in researching digital library recommender systems showed that
“articles recommended at higher positions received significantly
higher click-through rates than expected, regardless of their actual
relevance” (p. 343). Again, those mechanisms can also be explained
by habitual factors in news usage – being used to clicking on
the first item on the page as a routine to stay informed about
breaking news for example. Thus, it can be assumed that items
appearing higher up on the page will be clicked on more often,
irrespective of their content. However, it might be that certain
other factors weaken this effect: if a topic is of high interest to
a person, one might still click on it even though it is lower on
the page. Likewise, some topics might simply be seen as more
important or more urgent than others, interfering with positioning
effects. Lastly, it can be assumed that the kind of device (mobile
phone vs laptop/desktop [PC]) plays a large role due to screen size.
Therefore, we propose the following first research question:
RQ1: To what extent can positioning effects be found in news
selection and how consistent are they across (1) preferences, (2)
topics, and (3) devices?
2.2.2 Control of the news environment. Increasingly, both algorithmic solutions and customization options for personalizing news
environments are being developed, enhanced, and tested in both
academic and commercial settings [12]. Users can explicitly alter
settings (e.g. by choosing preferred topics) or the system adapts to
them via feedback loops – every choice sets a new stage for the
next decisions. This means that the news to choose from become
more tailored to the individual. This could impact the usage of a
news website in two different directions: On the one hand the news
recommendations will be closer to the diversity corridor of the user,
making them more interesting and prompting them to stay on the
website. Therefore, personalization systems are often seen as useful
for news providers due to the “need to maximize the relevance of
content to individual users” [31, p. 785] in advertisement-based
business models. This can also be found more prominently in the
entertainment industry – for example Netflix keeping users on the
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platform by suggesting relevant new content to watch [6]. Longer
sessions also mean the potential to encounter new things and news
stories outside of one’s diversity corridor. On the other hand, news
are often consumed for reasons other than entertainment and
rather fulfill a specific informational or surveillance purpose (as
the theories of Informational Utility and Uses and Gratifications
predict). When only wanting a quick update on the news of
the day on specific topics, more tailored news help in finding
what was searched for, potentially shortening the browsing session.
RQ2: To what extent does news personalisation (explicit and
implicit) impact the amount and length of browsing sessions?
In the last few years, discussions about the danger of algorithmic
personalization on reducing the diversity of news diets were
prominent in academic and public discourse [35]. Although many
scholars have shown these concerns to be overrated in current media systems, others call for a stronger involvement of the user in the
news personalization process to avoid potential issues in the future
[25]. The pessimistic stance of overpersonalization is at odds with
the position that sees user control as favorable from both normative
standpoints and the user perspective [20]. However, there seems to
be a gap between those theoretical ideas and the practical testing
in experimental settings: User control also means that factors such
as selective exposure (e.g. primarily choosing content that agrees
with one’s preferences) become more pronounced. Therefore, those
with a wider diversity corridor (meaning: interest in many different
topics) also customize to see many different topics while those
with a more narrow baseline also choose for a more limited set of
topics. Potentially, this could lead to a widening of the differences
between those already interested in diversity and those that are not.
RQ3: To what extent does the amount of control affect the relationship between the diversity of topic preferences (the baseline)
and the diversity of read topics?
2.2.3 Saturation. News selection decisions by the same user can
have a mental impact on future decisions – especially in the short
term. After having read a few articles on a topic of a persons’
choice, all information on this topic has been consumed and new
content is needed. Even an avid football supporter can only read
that many articles about their team in a row before 1) there is no
more information left, their information need (as predicted by
the Informational Utility approach) is satisfied and 2) getting the
same content again gets boring and less stimulating (satisfaction
of e.g. entertainment gratifications). In this case, the user needs
to search for new, different content [12, 17]. This phenomenon of
having to make adjustments based on situational factors is very
similar to the theory of mood management [34]. As is known from
mood adjustment strategies, “goals will vary with the context and
individual motivation to meet perceived situational requirements”
[14, p. 236]. In those moments, unexpected or serendipitous media
choices might occur that can be explained by the past choices
of a specific preceding time frame – a very homogeneous news
choice often can only be interesting for so long before becoming too monotonous and boring, requiring adjustment from the user.
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RQ4: Under which conditions does the selection of a topic in the
recent past reduce its likelihood of being selected again, showing
saturation effects?

2.3

Explaining diverse choices: A theoretical
model

The main purpose of this paper is to develop and test a model for
explaining the interplay of different factors leading to the choice of
some news items over others. The specific focus is put on the interplay between content-related factors (i.e. explicit preferences and
long-term behavior) and situational factors (position, saturation).
Situational factors are seen as possibly promoting more unexpected
news exposures, helping us to explain how diverse media diets develop and can be promoted. By this we contribute to the research on
news consumption by shedding the light on how to model diverse
media choices. It can also help in showing possible pathways for developing more diversity-promoting news recommendation systems.
RQ5: To what extent can content-wise and situational factors
explain topic choice?

3

METHODS

To answer the research questions, a platform for testing an interactive news recommender system for a longer period of time is used
[16]. It is based on an open-source Python application and presents
the user with a web interface showing a selection of nine different
news articles in tiles arranged in a 3x3 grid. For each article, the
title and a short teaser are shown, additionally the topic is indicated
with a colored tag. For more information on the interface and setup
of the website, a detailed description can be found in [16]. The
news are retrieved from several RSS feeds of different Dutch news
providers (similar to strategies employed in [24]).
This ensures that the articles presented are recent as well as
actual news (and by that newsworthy) — a crucial aspect since “in
contrast to other domains like movie recommendation, the relevance of news items can change very rapidly” [12, p. 1204]. Thus,
the website is intended to resemble a news website in a controlled
design (i.e. without distracting advertisements and additional cues
such as pictures and other tags). A set of nine items is used per
recommendation round since the amount and placement of stories plays a crucial role in recommender systems [11], following
an inverted U-shape where too few and too many choice options
negatively impact the satisfaction with the system. On a PC and
tablet, all elements can be displayed on one page without scrolling
– which was not possible for mobile devices, where all articles are
displayed below each other. In an initial questionnaire, participants
were asked about their news usage, news topic preferences for a
set of 8 different topics (e.g. politics, sports [23]) and the strength
of their news preferences [33].
After the initial questionnaire, participants were redirected to the
website and prompted to create an account. During the registration
they were randomly assigned to experimental conditions changing the amount of control over the news environment. One group
received random news stories (random: n = 57), for two groups
different recommendation algorithms personalized the news environment: one similarity-based recommender (Rec_A: n = 81) and
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one topic-based recommender (Rec_B: n = 67). The last group was
in charge of the personalization by having the option to state and
adapt their topic preferences (customization: n = 42). For more
detailed information on the customization and recommendation
algorithms used see [16]. For all groups but the random group 6
out of the 9 stories were personalized, either according to their
explicit wishes (customization) or based on their behavior (recommendation algorithm). Information on and timestamps of each set
of news articles an individual could choose from (exposure) was
saved, as well as the selection made (consumption) and the rating of
this selection (5-star rating). After having gathered 80 interaction
points (awarded for reading and rating news stories over the course
of the whole study) and having logged in on at least 7 different
days, participants could finish the study.
The data were collected between October and December of 2019
in the Netherlands. Dutch-speaking participants were recruited via
a commercial online panel company. Participants were told that
they were testing a first version of a new news website but were
given no specific task but to use the website over the course of a
week. The sample had an average age of 46.72 (SD = 13.83, range
18-86), with balanced gender representation (113 male, 134 female).
43 respondents had a secondary degree (VMBO, HAVO/VWO), 71 a
middle-level applied education (MBO), 85 a higher professional education (HBO), and 48 a scientific education (WO). Randomization
checks showed no significant differences between the experimental
groups regarding sociodemographic variables.
All data and code used for the analyses reported in this article can
be found at https://github.com/FeLoe/diversity-corridor/releases/
tag/v.1.0.

4 RESULTS
4.1 Usage of the system
Table 1 shows an overview of the topics displayed and selected by
the users. As can be seen, in total nine different topic categories
(plus an “Other” category) could be presented to the users. Three
topics (Immigration, Environment and Science) were presented to
the users less than 3,000 times, so in less than 15% of all exposures.
It turned out that those topics were simply not that present in the
news sources we scraped to fill the page. In consequence, they
also could not be selected much, each topic less than 500 times out
of the 23,000 selections. Therefore, we decided to exclude those
three topics from the analysis since respondents did not often even
have the option of choosing that topic, posing problems with the
subsequent analyses. The “other” category was also excluded from
due to its variable content and since no preferences for this category
had been asked in the preceding survey. Hence, all results that we
present do not include these four categories.
In total, 248 participants finished the study. One user was excluded due to having an unusually large amount of selections (1232),
more than double compared to the second most active user. On
average, each user made 87.82 news selections (SD = 65.04), ranging
from 23 to 456. The news selections are grouped in sessions, after
at least 15 minutes of inactivity on the website a new session starts.
The average user visited the website in total almost 20 times (M
= 16.95, SD = 9.38), ranging from 6 to 74. An average session is
5.58 news selections long (SD = 3.74) – however, the length steadily
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decreases from 7.33 stories, after about 40 sessions the average is
down to reading 1-2 articles in one session. For some users the
length of sessions sharply increased again after 40-50 sessions –
most likely due to a lack of understanding of the incentivization
leading to the attempt to gather points by clicking on many stories
on one day (a behavior that was not rewarded). For all other users,
the usage of the website went down over time.
Table 1: Frequency of displayed and selected topics
Topic
Sports
Crime
Domestic Politics
Entertainment
Foreign Politics
Economics
Science
Environment
Immigration
Other

4.2

Displayed

Selected

Percentage Chosen

55,922
42,932
41,877
33,192
15,946
10,250
2,870
2,087
490
29,172

3,909
5,587
5,368
3,621
1,887
1,319
477
311
61
3,542

6.99
13.01
12.82
10.91
12.87
12.87
16.62
14.90
12.45
12.14

Positioning effects

Turning to RQ1 (the prevalence of positioning effects) shows that
overall news articles that were placed on the top left corner of the
page – where the reading starts in Western cultures – were also
selected most often. Figure 1 shows an overview of the chances of
an article being positioned on a particular position – in general, but
also split up by device, topic and preferences. Overall, articles on
the first position were selected in 31% of the cases. After this, the
chances of an article to get picked go down until the last position
on the page (right lower corner), which only gets selected in 8% of
the cases. But the question is how “stable” this pattern is. As could
be expected, positioning plays the largest role for mobile devices,
the articles in the top position were selected in more than 50% of
the cases. On tablets and PC’s the positioning effect is still clearly
visible but less pronounced. On all devices stories placed lower than
on the fourth spot (for PC and tablet: the first row and first article
of the second row on the page) have a 1 in 10 chance or lower
of being clicked on. When looking at the different topics, almost
identical patterns can be found for all of them – with one notable
exception: sports news. They were much less likely to be selected
in general and also showed a less pronounced positioning effect.
It seems that respondents in general were rather avoiding sports
news – possibly caused by them being too frequent, too repetitive
or not interesting for the user (e.g. about a sports or team they do
not like). Lastly, it is interesting to see whether the positioning
effect is different for topics that respondents stated they are really
interested in compared to those they do not usually follow. Here, it
can be seen that the pattern is similar for high interest (5 and above
on a 7-point scale) and medium interest (2-4), but clearly diverges
for the topics that a user was not at all interested in (1). Those topics
got picked less often, even if they appeared high on the page. All of
this shows that the positioning effect is strong and quite stable. It
is even stronger on mobile devices and less pronounced for sports
articles and topics far out of a person’s personal preferences. For

286

Figure 1: Proportion article was selected when on specific position (from upper left corner (0) to down right corner (8)).
D = Device, T = Topic, P = Preference. Preferences were aggregated with low = 1, medium = 2-4, high = 5-7.

all other topics, simply being placed higher on the page greatly
enhances the chances of being selected.

4.3

Control

The second research question refers to the impact of news personalization on the amount and length of the sessions. The four experimental groups had different amounts of control, starting with a
random selection of news (random), followed by two recommender
systems that offered implicit control via the stories a user clicked
on (Rec_A, Rec_B) and one group fully in control via customization
(custom). Table 2 shows the results of a Kruskal-Wallis one-way
ANOVA testing for differences in number of selections (how many
news stories were selected) and number of sessions (how often
users came back after a break of at least 15 minutes). As can be seen,
the random group selected more news stories compared to all other
groups, followed by Rec_A. The two groups with clearer implicit
and explicit personalization (Rec_B and custom) selected less news
stories. A similar pattern can be observed for the amount of sessions: People who were in control of the information environment
(custom) came back the least, followed by Rec_B and Rec_A. The
random group had more sessions than the other groups. In terms
of session length (how many news stories were selected in one go),
the random group has the highest average (M = 7.16, SD = 6.25)
while all other groups have average session lengths between 4 and 5
articles. All of this shows that users when being given random news
selected more news items and returned more often to the website
– the more explicit the personalization got the less they stayed on
the website. This might indicate that people given random stories
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had to spend more time on the website until they found content
relevant for them that satisfied their information needs.
Table 2: Kruskal–Wallis one-way ANOVA with Dunn Test
for pairwise comparisons (Holm-corrected p values)

Variable

Median

N Selections (df
Random
Rec A
Rec B
Custom

Comparison (p-value)
Rec A
Rec B
Custom

=3, H = 35.95, ε 2 =.15, p<.001)
94
.019
<.001
71
.019
58
56

N Sessions (df =3, H = 33.19, ε 2 =.13, p<.001)
Random
17
.199
.018
Rec A
15
.2
Rec B
14
Custom
11

<.001
.01
.521
<.001
<.001
.005
-

The third research question refers to the relationship between
the diversity of topic preferences and the diversity of read topics
and whether this was influenced by the amount of control. When
looking at the news preferences participants stated in the survey,
the most popular topic was domestic news (M = 5.64, SD = 1.17),
only eleven people rated it lower than 3 on the 7-point scale. The
two least popular topics were sports (M = 3.85, SD = 2.12) and entertainment (M = 3.69, SD = 1.64). Especially sports polarized with
more than a fifth of respondents giving it a 1 on the scale (n = 52),
and a quarter rating it 6 or higher (n = 69). Looking back at the
amounts of topics displayed and selected (see Table 1) this large
group of respondents disliking sports topics can also be found in the
low percentage of sports articles chosen when displayed compared
to all other topics. A diversity baseline variable was calculated by
summing the topics that were rated higher as 4 on the preference
scale – it thus ranges from 0 to 8. The consumption diversity was
defined as the topic entropy of selected articles by a person (using
Shannon’s Entropy). On average, people indicated interest in 4.47
topics (SD = 2.18). A randomization check in form of a Kruskal
Wallis test showed no differences between the groups regarding
this diversity baseline (H (3) = 3.87, p = .276). Multiple regression
analysis was used to test if the experimental groups and the diversity baseline significantly predicted participants’ consumption
diversity. The model controlled for gender, age, education, political knowledge and political interest. The results of the regression
indicated the predictors explained 18% of the variance (R2 = .18,
F(12,235)=4.33, p <.001). It was found that the diversity baseline did
not significantly predict the consumption diversity (β = .01, p =.29).
However, it does show a significant interaction effect between the
control group and the diversity baseline (β = .04, p =.02). As Figure 2
shows, there is indeed a positive relationship between baseline and
consumption diversity in this group. In other words: When being
in control, it matters whether the person has diverse preferences
or not. For the other groups, no tendency can be seen.

4.4

The integrated model

Research questions four and five – referring to saturation effects
and the combination of the different factors – were investigated

Figure 2: Relationship between baseline diversity and consumption diversity per experimental group (higher values
= more diverse).

with one integrated model for predicting topic selection, which we
present per topic as well as in a single model with topics pooled
(Table 3). The cases in this model are the unique topics that were
presented to a participant for every exposure to 9 articles, and the
dependent variable is whether (1) or not (0) the topic was selected.
In other words, the model predicts how likely a participant is to
select a topic given that the topic was present in the current recommendation set. We used a multilevel logistic regression model
to analyze how the odds of selecting a topic was affected by how
the topic was presented in the app, the user’s self indicated topic
preferences, and the proportion of cases that the user recently selected the same topic. We included random intercepts for users to
account for user level differences in the odds of selecting a topic.
Unless specified, we report the coefficients of the pooled model.
For the presentation of the topic we included the average position of the topic in the exposure1 and controlled for the number
of times the topic occurred in the exposure. The effect of position
(odds ratio = 0.86; p < .001) extends the previous observation that
articles in the lower positions are much more likely to be selected
with the observation that this affects the selection of topics, also
when controlling for topic preference and topic proportion. The
predicted probability of selecting a topic in the first position (0.358)
is more than two times as high compared to the last (9th) position
(0.144). The effect of topic preference (odds ratio = 1.11, p < .001), as
a user level variable, indicates whether higher self-reported preference for a topic also predicts a higher likelihood of selecting it.
Interestingly, this was overall the case, but not for the topics Domestic and Foreign. Without moving beyond tentative speculation, it is
interesting to consider that this might result from these topics being
1 Since

a topic can occur in multiple articles within each exposure of 9 articles, articlelevel predictors need to be aggregated.
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Table 3: Multilevel logistic regression analysis, predicting topic selection

Fixed Effects
(Intercept)
Position
Topic in selection
Topic preference
Lag topic selection:
last 3 days
last hour

Domestic

Was a topic selected when it was an option in a selection?
Foreign
Entertainment
Law & Crime
Sports

Economy

Pooled topics

0.18∗∗∗
0.86∗∗∗
1.77∗∗∗

0.11∗∗∗
0.87∗∗∗
1.94∗∗∗

0.10∗∗∗
0.87∗∗∗
1.82∗∗∗

0.14∗∗∗
0.86∗∗∗
1.76∗∗∗

0.03∗∗∗
0.84∗∗∗
1.65∗∗∗

0.08∗∗∗
0.88∗∗∗
2.17∗∗∗

0.09∗∗∗
0.86∗∗∗
1.68∗∗∗

1.02

1.01

1.07∗∗

1.10∗∗∗

1.34∗∗∗

1.10∗∗

1.11∗∗∗

2.26∗∗∗
0.64∗∗∗

7.15∗∗∗
0.48∗∗∗

3.09∗∗∗
0.58∗∗∗

2.16∗∗∗
0.71∗∗∗

1.62
0.75∗∗

2.67∗
0.41∗∗∗

6.33∗∗∗
0.83∗∗∗

3.29
0.05

3.29
0.03

3.29
0.11

3.29
0.10

3.29
0.50

3.29
0.00

3.29
0.00
0.05
0.02

Random Effects
2
σev
ent
τus er
τt opic

ICC

0.01

0.01

0.03

0.03

0.13

0.00

AIC

11400.14
10068
245

4020.01
4381
220

9073.68
9036
237

11790.87
10225
244

10360.18
11596
244

2496.99
2670
185

N
Nus er s
N t opics

∗ p < 0.05; ∗∗ p < 0.01; ∗∗∗ p < 0.001
Coefficients transformed to odds ratios

Note:

rather broad and unspecific, which could makes topic preference
less informative.
To measure saturation effects we looked at the proportion of
cases that the users selected the same topic, which we measured
separately for a short term (1 hour) and longer term (3 days) time
window.2 To calculate these lag topic selection variables, the user
had to be exposed to the topic at least once in both the 3 day and 1
hour window. We therefore dropped cases where this criterion is
not met, and furthermore dropped cases with less than 5 exposures
in the 3-day window to get better estimates of the longer term topic
selection. The 3-day lag serves as a behavioral measure of topic
preference, so the positive effect (odds ratio = 6.33, p < .001) makes
sense. The negative effect of the 1-hour lag (odds ratio = 0.83, p <
.001) indeed seems to indicate a saturation effect, as it means that
topics selected within the past hour are less likely to be selected,
controlled for the other variables. Finally, an interesting observation
is that the effect of the 3-day window is only absent for sports news.
This could be related to the aforementioned speculation that topic
preference is more informative for certain topics. If we remove
topic preference from the model (not reported), the effect of the
3-day lag (as a behavioral measure of topic preference) does become
significant for the sports category (odds ratio = 2.47, p < .01).

4.5

49620.92
47976
247
6

Additional result: Perceived diversity

An additional question that emerges when studying the diversity of
news exposure and consumption is whether users do perceive the
differences in diversity. Exposure diversity is the entropy of topics
seen, while consumption diversity is the entropy of topics chosen by
a person (using Shannon’s entropy). Additionally, users were asked
at the end of the study to indicate their perceived diversity of the
website (with items such as “The articles on the website covered
many different topics.”). The question is how those three measures
interact: Does someone with a diverse exposure also make consume
diversely and perceive the system as diverse?

Consumption and exposure diversity correlate positively on a
medium level (r = 0.44, p < .001) – being exposed to diverse news
does thus not necessarily go hand in hand with the consumption
of diverse news. Where it becomes even more interesting is when
looking at the correlation between perceived diversity and actual
(consumption and exposure) diversity: For both consumption diversity (r = -0.01, p = .83) and exposure diversity (r = 0.02, p = .76) no
correlation with perceived diversity could be found. Interestingly,
there were significant differences regarding actual consumption
diversity between the experimental groups with both the custom
group and the topic recommender group leading to less diverse consumption3 – however, no differences in perception resulted from
this. Thus it can be concluded that seeing or selecting diverse news
does not automatically result in also perceiving the system as more
diverse.

5

DISCUSSION

In this paper, we investigated the influence of different contentrelated and situational factors on topic selection in a news recommender system, giving new insights regarding our understanding
of how people interact with news recommenders. This was done
within a novel experimental setting that allowed the selection of
live-scraped news by respondents over a longer period of time,
more closely modelling actual news selection than most other experimental studies. What can we take from the results for future
studies on news recommender systems?
Firstly, we showed that positioning effects play a substantive
role in the news selection process, hardly influenced by news preferences or topics and becoming even more pronounced for smaller
devices. This stresses the need to control for positioning in experimental designs on news personalization. Also, it shows the
potential of positioning for diversity-promoting recommender systems – even non-preferred articles will be more likely selected
selected if they are only high enough on the page.
3 H (3)

= 17.57, p < .001, pairwise comparisons show significant differences between
the custom group and both the similarity recommender and random baseline as well
as between the topic recommender and both the similarity recommender and random
baseline

2 The

observations of the 1-hour window are not included in the 3-day window. The
correlation between the variables is 0.269
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Secondly, a personalized news environment led to shorter and
less sessions compared to random news. This stresses that personalization might not keep people longer on the website (as often is
assumed) but rather fulfills the needs as predicted by for example
the Informational Utility approach faster, preventing users from
further searching for the information they were interested in. This
also ties in with the saturation effects found: the more a topic was
chosen in the last hour, the less likely it is going to be selected again.
Thus one of the challenges for news recommender systems is to
find a good balance between giving the user relevant information
and keeping them long enough on the website to start looking at
news outside of their diversity corridor.
Thirdly, it was shown that when users are given explicit customization options, their diversity corridor (diversity of interest in
different news topics) plays a larger role than with implicit or no
personalization. This indicates that explicit personalization might
rather amplify existing differences between users, giving those with
diverse interests diverse news while others stay within their more
narrow lane. If the goal of a diversity-enhancing recommender
system is to widen the diversity corridor of all users, additional
strategies (such as playing with personalization effects through
re-ranking stories) should be applied. It also again stresses the need
for individualized diversity benchmarks in evaluation that take into
account a person’s diversity corridor.
Furthermore, we give insights into how explicitly stated preferences and implicit behavior can help in predicting topic choice.
We showed that for broader, political topics users were less able
to judge their own preferences beforehand. In contrast, for sports
news behavioral information was less useful. Those insights can
help with building good user profiles for news personalization –
and stress that even for news topics a “one size fits all” approach is
not desirable.
Lastly, we showed that there is a gap between the actual, measurable diversity that people are exposed to and consume and their
perception of diversity. This stresses that all abstract measurements
of diversity (such as entropy) might not even correlate with what
ends up at the user. This explorative result should receive more
attention in news diversity research in the future – disentangling
what might cause this inaccurate perception. One possible reason
might be that users only start perceiving a lack in diversity if it becomes very obvious (e.g. only sports articles are shown on the page)
but not when it is more subtle and there are still several choices
left. Getting more insights into the perception and processing of
the user can help also in better understanding user behavior and
possible incentives for increasing the diversity of one’s news diet.
Apart from those results, this study also gave insights into a
research design that enhances the ecological validity through using
live-scraped news. This brings a lot of advantages when it comes
to better modelling user behavior outside of lab settings – but it
also leads to many challenges. What this design (in its current
form) cannot provide is the possibility to model the different ways
that people use for accessing the news (e.g. via social media, via
different outlets and actors). This social context of selecting news
certainly interferes with a lot of the factors that we looked at in
this study. For the sake of a clean experimental design no further
context about sources and social endorsements were given, but this
also leads to disadvantages for understanding news use in the “real
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world”. This can better be attempted by studying actual browsing
behavior (as done in [19, 28]) – which then in turn is lacking the
possibility of varying and control for specific factors. We believe
that our study thus provided a good start for finding a balance
between experimental and observational designs for studying news
decision processes.
Another challenge was the usage of common statistical models
for the data: We had to exclude only sparsely appearing topics,
and for the multilevel logistic regression model cases with too few
exposures in the defined time windows had to be dropped (e.g. if
people did not see any economics articles in the past hour, they
also could not select them). Overall, quite some data could not be
analyzed because of the imbalance of topics in the data set – it
would be advisable to make sure that a selection out of all options
(e.g. topics) is possible for the user at least most times to accurately
model whether a person even had the chance to choose the topic.
In addition, it would be advisable to add an option to not make
a choice in case none of the options suited the user, in our setting a
choice was forced – however, if no fitting option was present this
might not be the ideal solution. Lastly, we for now assumed that
the choice for an article was based on a news topic category. But
of course there are many more ways of categorizing news that are
closer to the actual news content (e.g. entities present, emotionality of headline, whether it is breaking news content) – we could
not control for this due to prioritizing having ecological validity
with the newest stories being presented to the user. However, for
a more “clean” experimental design, controlling for more of those
factors would be advisable. Nonetheless, this study provided a blueprint for how different factors influencing news selection in news
personalization environments could be analysed and modelled.
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