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Appreciating news algorithms: Examining audiences’ perceptions to different 
news selection mechanisms 

ABSTRACT: As news selection is increasingly controlled by algorithms, a growing number of scholars 
are exploring how news recommenders can serve public services. Despite aspirations towards public 
service algorithms, little is known about which type of news recommender people prefer, let alone 
about a news recommender that aims to promote societal values. This study aims to give insights into 
audiences’ perceptions to news recommenders and their underlying news selection mechanisms. To 
do so, we distinguish between three news selection mechanisms, namely between content-based 
similarity, collaborative similarity and content-based diversity. The first two strive for similarity, 
respectively between news content and news users, while the third one aims for diversity in the news 
content consumed. Results of a large-scale survey (n=943) show that people prefer content-based 
similarity over collaborative similarity and content-based diversity. Audience characteristics, such as 
news information overload and concerns towards missing challenging viewpoints, explain how 
audiences evaluate the different news selection mechanisms. We discuss how these results align with 
concerns about selectivity and how news algorithms can be used to tackle these concerns. We 
therefore introduce the concept ‘personalized diversity’ and promote the idea of news recommenders 
as an individual filter for the growing abundance of online information. 
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Introduction 

Prompted by concerns on selective exposure and disinformation, scholars are increasingly examining 
how news recommenders work - how they automatically select, sort and rank news items - and what 
their effects are on diversity dimensions such as topic and sentiment diversity (e.g., Haim et al., 2018; 
Möller et al., 2018). The rationale underlying these studies is the idea that existing news 
recommenders are predominantly interest-based, and hence lead people towards ‘more of the same’ 
news. Subsequently, such recommenders might fail to provide diversity in the news content people 
are exposed to (Zuiderveen Borgesius et al., 2016). 

Although empirical research currently holds a more nuanced view on this discussion (e.g., Bodó, 2019; 
Haim et al., 2018; Möller et al., 2018), there is a growing idea among scholars to embed news diversity 
as a design principle into news recommenders (Helberger, 2019; Helberger et al., 2018). Here, news 
articles are not recommended on how much clicks or likes they have, but rather on what might make 
an individual read in a more diverse way. This idea also corresponds with the concept of public service 
algorithms, in which news organizations make societally relevant use of algorithmic power and 
preserve societal values (Jones & Jones, 2019). 

Despite the potential of this idea, little research has been done on how audiences perceive different 
news recommenders and their underlying news selection mechanisms. Existing research on 
algorithmic perceptions mainly focuses on the perceived differences between human and algorithmic 
recommendations (e.g., Araujo et al., 2020; Thurman et al., 2019), even though different types of news 
selection mechanisms exist, and largely vary on how they are designed and what they are designed to 
do. Consequently, it remains unclear if - and why - audiences are willing to adopt a news recommender 
that promotes news diversity. 

To refer to or to cite this work, please use the citation to the published version: 
Joris, G., De Grove, F., Van Damme, K., & De Marez, L. (2021). Appreciating news algorithms: Examining audiences’ perceptions to different 
news selection mechanisms. Digital Journalism 9(5), 589-618. https://doi.org/10.1080/21670811.2021.1912626  

https://doi.org/10.1080/21670811.2021.1912626


3 
 

This study therefore first aims to give insights into the audiences’ perceptions of different types of 
news recommenders and their underlying news selection mechanisms. To do so, we distinguish 
between three news selection mechanisms: content-based similarity, collaborative similarity and 
content-based diversity. The first two are the most dominant mechanisms used by news organizations. 
They primarily strive for similarity, by respectively looking at the user’s previous news use and the 
news use of similar user profiles (Karimi et al., 2018). In contrast, content-based diversity aims to 
increase the diversity of the news content. As such, it offers news articles of which the user has read 
too little. Using this distinction, we aim to give a more fine-grained overview of how algorithmic news 
selection is perceived by news audiences. 

Second, by using content-based diversity as a design mechanism, this study also aims to map the 
potential of public service algorithms in a news media environment. In recent years, several public 
service media in Europe (e.g., BBC, NPO, VRT) have explored the use of algorithmic news recommender 
(Fields et al., 2018; Takken, 2018), yet none of them have used them as a primary tool to provide 
audiences with news (Van den Bulck & Moe, 2018). This study may give public service media valuable 
audience knowledge to support them to embrace content-based diversity in their news offer, as well 
as give them suggestions on how their news recommenders should be designed.  

Literature review 

We start our literature review by discussing previous studies on algorithmic aversion and algorithmic 
appreciation, two terms increasingly used in research on automated decision-making and algorithmic 
perceptions. Next, we discuss which types of news recommenders exist and what the idea of a content-
based diversity in news recommendation entails. To understand why users prefer certain news 
selection principles more than another, we end our literature review with a comprehensive discussion 
on the factors that have been found important in literature. 

Algorithmic aversion and appreciation 

In recent years, research on automated decision making increasingly extended their focus towards the 
use and perceptions of algorithms (Burton et al., 2020). As such, scholars do not only focus on the 
societal risks and consequences of algorithms but also examine how and when audiences accept or 
reject recommendations. In general, studies on the use and perceptions of algorithms show two 
important, yet somehow contradicting results. On the one hand, there is a dominant body of empirical 
research on the concept of algorithmic aversion (e.g., Burton et al., 2020; Castelo et al., 2019; Dietvorst 
et al., 2018), supporting the idea that human decision-makers are less likely to choose an algorithm 
over a human recommender. On the other hand, there is a recent and growing body of empirical 
studies on the concept of algorithmic appreciation (e.g., Araujo et al., 2020; Logg, 2017; Logg et al., 
2019), promoting the idea that audiences prefer algorithms over human recommendations. 

On both sides, several theories have been raised to explain why people averse or prefer algorithms 
compared to humans. In research on algorithmic appreciation, for instance, two theories are argued 
to be important: theory of machine and theory of machine heuristics (Araujo et al., 2020; Logg, 2017; 
Logg et al., 2019). The theory of machine deals with how people think how algorithms work. It argues 
that people have certain ideas about algorithms, including the input, process and output of an 
algorithm, even when they do not know how they work (i.e., ‘folk theories’). These ideas, in turn, might 
influence how people respond to algorithms (e.g., Bucher, 2017; Eslami et al., 2016). The theory of 
machine heuristics, then, suggests that algorithmic interfaces seem to be less attributed to human 
traits (Sundar, 2008). Subsequently, people consider their decisions to be objective and free of 
ideological biases, which in turn has a positive impact on how these decisions are evaluated. 
Conversely, interfaces with a more anthropomorphic look will have a lesser degree of objectivity 
(Araujo et al., 2020).  
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Both terms – algorithmic appreciation and aversion - are currently exclusively used to compare the 
perceptual differences between human recommendations and algorithmic recommendations. 
However, as Möller et al. (2018) argue, algorithms cannot be seen as a single type or entity. In a news 
media environment, different types of news algorithms exist, each using a different mechanism to 
select, sort and rank news articles. A case in point is the study of Thurman et al. (2019) where two 
types of news selection mechanisms are distinguished: news selection based on individuals’ peers' 
consumption (i.e., collaborative news selection) and news selection based on individuals’ consumption 
behavior (i.e., content-based news selection). They found that that this distinction leads to different 
evaluations according to the source of the data, with user tracking preferred over peer filtering. 
Building on this work, we broaden the notion of ‘algorithmic appreciation’ and use it to compare how 
audiences evaluate different types of news recommenders. As such, we distinguish between different 
news selection mechanisms, rather than between humans and algorithms. This distinction allows us 
to give a more fine-grained overview of how news recommenders and their news selection 
mechanisms are perceived. 

News recommenders and their selection mechanisms 

To understand the different types of news recommenders, it is important to note that news 
recommenders have several design attributes that determine how news articles are selected, sorted 
and ranked. First, as previously discussed, news recommenders can make use of various data sources 
to make recommendations. These data sources may range from the previous consumption behavior 
of individuals (i.e., content-based news selection), to previous consumption behavior of others such as 
friends or people with a similar reading behavior (i.e., collaborative news selection). Most commonly, 
researchers use a combination of both approaches (i.e., hybrid news selection, Karimi et al., 2018). 
Second, news recommender can make use of a several (combinations of) measures to assess and re-
rank the outcome. These measures include, but are not limited to, the “freshness” of an article (i.e., 
recency), the difference between present and past experiences (i.e., novelty) or the similarity of 
content (i.e., accuracy). Traditionally, accuracy measures are used to predict the most relevant news 
item for individuals (Karimi et al., 2018).  

Despite the popularity of news recommenders that strive for similarity, several concerns have been 
raised on the societal implications of accuracy measures. In particular, when it comes to news diversity, 
news recommenders that use accuracy measures are perceived as a societal risk as they might hinder 
well-informed citizenry (Zuiderveen Borgesius et al., 2016). Ideally, in a democratic society, people 
need to come across opinions that differ from their own opinions, so they can develop themselves fully 
(i.e., ‘marketplace of ideas’) (Napoli, 2006). As news recommenders are argued to primarily select news 
based on similarity (Joris et al., 2019), people might be increasingly exposed to the topics or viewpoints 
that are relevant for them. Subsequently, people would encounter fewer opinions and subjects, which 
may hinder the democratic opinion-forming process in society (Vīķe-Freiberga et al., 2013; Zuiderveen 
Borgesius et al., 2016). 

To tackle this challenge, scholars suggest to use exposure diversity as an evaluation measure and design 
choice in the development of news recommenders (Helberger, 2019). On a conceptual level, exposure 
diversity refers to the content that an individual actually selects, as opposed to all the content that is 
available (McQuail, 1992). It is thus concerned with the extent to which the consumed news content 
is diverse in terms of various content dimensions such as demographics, topics, ideas, viewpoints, etc. 
From a normative point of view, exposure diversity can be understood as a necessary condition for 
human progress and a well-functioning democracy (Helberger; 2011). It is not an end in itself, but a 
mean to engage users to inform themselves, to read different viewpoints and to broaden their 
perspectives (Helberger, 2012).  

More specifically, diversity-based news recommenders focus on what might make a person read in a 
more diverse way. This differs with current practices in which accuracy measures are used or in which 
diversity is used to increase the internal differences within the set of recommended items (see e.g., 
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Castells et al., 2015). Instead, diversity-based news recommenders aim to achieve diversity within the 
reading behavior of individuals and provide news articles of which the user has read too little. As such, 
their primary role is to compensate the biases in people’s news selection choices. As previous research 
has shown that people generally expose themselves to news articles that are in line with their main 
interests, views and behaviors (i.e., selective exposure) (D'Alessio & Allen, 2002; Hart et al., 2019), we 
argue that diversity-based news recommenders primarily deliver news articles that do not align with 
someone's interests or opinions. 

Collaborative elements such as a friend’s news consumption behavior could also be used as a data 
source in diversity-based news recommenders. However, in this study, we focus on the most 
frequently used recommendation techniques. As such, we distinguish between three news selection 
mechanisms in this study: content-based similarity, content-based diversity and collaborative 
similarity. Considering this typology, we may formulate the following research question (RQ1): how do 
audiences evaluate the following news selection mechanisms: content-based similarity, content-based 
diversity and collaborative similarity?  

Few studies have focused on the relationship between algorithmic news perception and news 
selection mechanisms such as diversity. In journalism studies, one Dutch study showed that audiences’ 
evaluations regarding news personalization depend on the expected output of news recommendation 
(Bodó et al., 2019). In particular, if people expect that news recommenders will deliver them news in 
a more diverse way, they value personalization more, the study shows. These results also align with 
studies in the computer sciences (e.g., Ekstrand et al., 2014), which suggest that an increase in the 
diversity of recommendations can lead to a better quality perception. 

User characteristics 

On an individual level, several characteristics may explain how people differently evaluate the 
discussed news selection mechanisms. These characteristics may range from news use and news 
attitudes, such as news interest and mobile use (Fletcher & Nielsen, 2019; Thurman et al., 2019), to 
socio-demographic characteristics, including age, gender and level of education (e.g., Bodó et al., 2019; 
Fletcher & Nielsen, 2019; Thurman et al., 2019). 

Although these studies show that a broad range of characteristics is relevant, these scholars primarily 
focus on traditional news use characteristics. However, as news recommenders are technologies that 
provide people with a selective range of news articles, technological attitudes such as technology 
optimism or cognitional attitudes such as news information overload might also explain how people 
evaluate news recommenders and their underlying news selection mechanisms. Therefore, we 
broaden the user characteristics to explain the audiences’ evaluations from news use with more 
technological and cognitional characteristics. In the following paragraphs, we will elaborate on these 
characteristics. This also leads us to the second research question (RQ2): which user characteristics 
explain differences in audiences’ evaluations of different news selection mechanisms? 

A first characteristic to consider is the concept of technology optimism, which refers to the belief that 
technology offers people increased control, flexibility and efficiency (Parasuraman & Colby, 2015). As 
Sundar and Marathe (2010) state, people with such a positive view on technology are likely to have 
strong self-efficacy and clear outcome expectations, both good predictors of technology use. Applying 
this to a news recommender context, in which news selection is automated and adapted to how people 
want to receive news articles, we expect that people who are optimistic about technology also 
appreciate news recommenders more, independent from the underlying news selection mechanism. 

A second characteristic is news information overload, referring to the psychological stress and negative 
emotions induced by the large amount and speed of news production nowadays (Lee et al., 2017), 
such as being stressed or being overwhelmed. To cope with these feelings, people may search for news 
selection strategies that filter the news offer, which allows them to save cognitive resources or operate 
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more efficiently (Pentina & Tarafdar, 2014; Schmitt et al., 2018). These strategies may include the 
habitual use of certain types of news sources (Yuan, 2011), or the use of news recommenders to filter 
out relevant news messages (Aljukhadar et al., 2012; Beam & Kosicki, 2014; Dylko et al., 2017). As such, 
we expect that people who experience news information overload more may evaluate any type of 
news recommender more positively.  

Moreover, we expect that this effect will be stronger for content-based similarity and collaborative 
similarity. As these news selection types allow people to be exposed to news similar to their interests, 
people may use them as a way to receive attitude-consistent messages or circumvent counter-
attitudinal messages, similar to how people selectively use media sources and content (Knobloch-
Westerwick, 2014). As such, news recommenders could be used to converge choice, values and 
believes, to dissolve conflicting perceptions in their media use (Festinger, 1957), and hence to reduce 
dissonance before an information encounter. 

A third characteristic is the concept of online news participation, or the act of commenting and sharing 
news articles online. As Fletcher and Park (2017) explain, these actions may have several motivations, 
from a desire to voice opinions on matters of public concern (Nagar, 2011), to balancing discussions, 
and expressing emotions or opinions (Stroud et al., 2016). What most of these motivations have in 
common is a willingness to participate in civic activities and to feel connected to their local 
communities. Subsequently, we may argue that people who participate online may be more favorable 
to the idea of a shared public sphere where people discuss news articles that are of the most public 
concern. In the context of news recommendations, this idea closely relates to how collaborative 
filtering works. Based on the popularity of a news article and the user’s social network, this type of 
news recommender will select news articles that align with the interests of a community. Therefore, 
we expect that people who participate with news articles online have higher a higher preference for 
collaborative mechanisms, compared to other types of news recommenders. 

Methods 

As the literature study has shown, literature on algorithmic perceptions generally neglect the existence 
of different types of news recommenders as well as the importance of technological and cognitional 
attitudes in explaining audiences’ evaluations. To understand how audiences evaluate different news 
recommenders, a large-scale survey was conducted based on the different news selection mechanisms 
that underlie these news recommenders. In this section, we present the methods we used to conduct 
this survey. 

Sampling and procedure 

In November 2019, a large-scale survey was launched in Ghent among 4,995 citizens. Ghent is a densely 
populated city in Flanders, the northern and Dutch-speaking part of Belgium. It is the second-largest 
city in Flanders and covers a population of approximately 250,000 residents. Flanders has a relatively 
small and concentrated media market that is characterized with a democratic corporatist system 
(Hallin & Mancini, 2004). There are four large news media companies that supply a significant part of 
the audience: DPG Media, Mediahuis, Roularta and VRT (Picone & Donders, 2020). Audiences in 
Flanders generally have high levels of trust in traditional news sources (Newman et al., 2020). 61% say 
they use social media at least once a month to follow the news (Vandendriessche & De Marez, 2019). 

The inclusion criteria to participate in this study were: (1) being older than 18 and (2) not living in an 
institutional setting (e.g., a home for the elderly or prison) and (3) not been recently contacted by 
other researchers from Ghent University. All information required was derived from the municipal 
registry administered by Ghent, except for the last criterion. Based on these criteria, we drew an 
implicit stratified sample (n = 4,995) from the municipal registry. This sample was stratified by four 
variables: age (i.e., 18–24, 25–34, 35–44, 45–54, 55–64, 64–74, 75+), sex (i.e., male, female), current 
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nationality (i.e., domestic nationality, foreign nationality) and neighborhood (i.e., 25 neighborhoods). 
Appendix 1 shows an overview of the sample. The sampling procedure and data protocol were 
approved by the data protection officers of both Ghent University and Ghent as well as the city council. 
Information on this approval can be found in the protocol attached (see Appendix 2).  

To invite citizens to participate, two invitation letters were sent out in two consecutive weeks (see 
Appendix 3). To increase response-rate, we followed the guidelines described by Dillman, Smyth, and 
Christian (2014) (e.g., personalized salutations, signature). Both letters were sent on Tuesday and were 
assumed to be received on Thursday or Friday, close to the weekend. The self-administrated 
questionnaire could only be filled in online, by making use of a unique code attached to the letter. 
People who were not able to go online were recommended to go to the local library, where they can 
make use of free Wi-Fi and PC's connected to the web. To stimulate people to participate, we provided 
50 €10-vouchers as incentives. 

To derive a representative response sample and to understand non-response, we drew a random 
sample of 200 persons who did not participate and were significantly underrepresented in our 
response sample. This was especially needed for persons with a foreign nationality. To stimulate them 
to participate, we conducted 152 home visits where we invited them personally to participate. In 
Appendix 4 and 5, the results of these home visits are presented as well as a final overview of the 
respondents’ characteristics. The final response rate of this survey was 20.74% (n = 1036) before data 
cleaning and 18.88% after data cleaning (n = 943).  

Measures 

The survey used a 5-point Likert scale, where 1 is equal to strongly disagree and 5 is equal to strongly 
agree (except where noted). Appendix 6 summarizes all variables, including questions texts and 
response samples per item.  

Dependent variables 

For our dependent variables, the evaluation of the news selection mechanisms, we developed three 
scales based on the three selection mechanisms we previously discussed in our literature review: 
content-based similarity, collaborative similarity and content-based diversity. On each of these scales, 
respondents had to indicate to what degree they think that they are good ways to select news articles 
for him/her.  

Content-based similarity - We used items that are concerned with previous consumption behavior 
(e.g., ‘having stories automatically selected for me based on what I have consumed’) and respondents’ 
interests (e.g., ‘having stories automatically selected for me based on my interests’).  

Collaborative similarity - We used items that focus on the user’s social environment (e.g., having stories 
automatically selected for me based on what my friends have consumed is a good way to get news) 
and the community’s interests (e.g., ‘having stories automatically selected for me based on what is 
currently popular).  

Content-based diversity - We used items that relate with the outcomes of a news recommender that 
is being used by people who primarily expose themselves to news articles that are in line with their 
main interests, views and behaviors (D'Alessio & Allen, 2002; Hart et al., 2019). Subsequently, as a 
diversity-based news recommender aims to achieve diversity within the individual’s reading behavior, 
the news recommender will primarily deliver counter-attitudinal stories in terms of viewpoints and 
topics. Taking this into account, we used items that focus on diversity in counter-attitudinal viewpoints 
(e.g., ‘having stories selected for me based on the viewpoints I do not agree with’) and topics (e.g., 
‘having stories selected for me based on the topics I do not usually read’). 

Independent variables 
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For our independent variables, the user characteristics, we conducted a review of existing scales. 
Taking into account the length of the scales, the respondents’ attention span and the scales’ empirical 
validity, we made several operational choices to limit the survey length.  

Trust - We used the scale of Yale et al. (2015), which focuses on three dimensions of trust: balance, 
honesty and currency (e.g., to what degree do you think that the news of a news organization is 
balanced).  

News information overload - We extended the scale of Lee et al. (2017) and focused on the 
respondents’ cognitive and emotional state when being confronted with the amount and speed of 
news production nowadays (e.g., ‘I often felt overwhelmed about the large amount of daily news’).  

Technology optimism - We used the scale developed by Parasuraman and Colby (2015) that maps the 
benefits that are related to technology use in general (e.g., new technologies contribute to a better 
quality of life).  

Concerns towards news personalization - We built on the study by Thurman et al. (2019) who 
distinguished three concerns: concerns related to privacy, concerns related to missing important 
information and concerns related to missing challenging viewpoints. Respondents were asked to what 
degree they think that news personalization affects each of these aspects (e.g., I worry that more 
personalized news may mean that I miss out on challenging viewpoints). 

News interests -We used an index developed by Van Damme et al. (2019) which sums up several news 
themes such as politics, sports or celebrity news. Respondents were asked to give a score between 0 
(= no interest) and 10 (= very interested) to each of these news themes.  

News use - We asked respondents how often they use different kinds of news sources (i.e., television, 
radio, news website). Respondents could choose between four frequencies: never, monthly, weekly 
and daily. To have a more detailed look at their news consumption, we also asked respondents how 
much time (in minutes) per day they have regularly spent on reading news.  

Foreign news use - We used a binary category (1 = used a foreign news source last year), as was for 
paying behavior (1 = having paid for online news last year). 

Socio-demographic variables - We also collected multiple socio-demographic variables: age, gender, 
education, employment status and nationality. For age and gender, we asked the respondents’ year of 
birth and sex. For education, employment status and nationality, we used a list of categories that aligns 
with the current living situation in Flanders. From these categories, we subsequently derived the level 
of education, current working status and nationality in Flanders. 

Data analysis 

In the first phase of data analysis, we performed a descriptive analysis on all variables. In this analysis, 
we retrieved all univariate statistical parameters and inspected whether there were items with little 
variation or skewed means (see Appendix 6). In this phase, we also checked the construct validity of 
all latent constructs by conducting a confirmatory factor analysis (CFA) (DeVellis, 2016; Farrell, 2010) 
(see Appendix 8). Second, we performed a latent class analysis (LCA) to classify news users with similar 
news interest, preferences or use into distinct groups of people. Subsequently, we conducted a linear 
and hierarchical regression analysis. A hierarchical analysis allowed us to specify the order in which 
predictors are entered in the regression model (Bryman, 2015). In this study, they were entered based 
on their importance in predicting the outcome (low to high). As such, we first entered socio-
demographic variables, then the news use variables, and finally the variables related to news and 
technology attitudes. In addition, we also conducted a residual analysis to check whether assumptions 
such as linearity, homoscedasticity, and normality were met (Kutner et al., 2005). All assumptions were 
confirmed. 
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Results 

Descriptive analysis: Audiences’ evaluation of different news selection mechanisms 

To understand how audiences evaluate the different news selection mechanisms (RQ1), we conducted 
a descriptive analysis of all survey items (see Figure 1). Figure 1 shows that people generally have a 
higher preference for news selection mechanisms underlying content-based similarity (items 1-3) than 
for mechanisms expressing collaborative similarity (items 4-6) or content-based diversity (items 7-10). 
This preference was particularly high for news selection based on the users’ interest (item 1) or the 
users’ explicit preferences (item 2); respectively 83.46% and 71.48% of the respondent (strongly) agree 
that these two news selection mechanisms are good ways to select news articles. Here, we also note 
the lowest percentages of respondents strongly disagreeing, disagreeing or neither agreeing nor 
disagreeing and the highest mean scores (respectively 4.00 and 3.75) (see Appendix 6). Analysis of the 
mean scores (see appendix 7) confirm that the mean scores of these two items are significantly 
different from all other mean scores. 

Looking at the differences between the items of collaborative similarity and content-based diversity, 
we see a slightly higher preference for items covering collaborative similarity, such as news selection 
based on people with similar interests or news selection based on popularity. However, this preference 
does not hold for all items related to content-based diversity. In particular, items 7 and 8 are on par 
evaluated than for items used to measure collaborative similarity. This is also reflected in the mean 
scores that are not significantly different from each other (see Appendix 7). This result might be 
explained by the fact that the first two items (items 7 and 8) of content-based diversity focus on 
diversity in opinions and viewpoints and the last two items (items 9 and 10) relate to diversity in topics 
and interests. Our results show that there is a significant difference in evaluation between these news 
selection mechanisms.  

When we look at the other side of the bar charts, we see the percentages of those who (strongly) 
disagree with the different news selection mechanisms. Most remarkable here are the percentages for 
item 7 which represents ‘news based on opinions that differ from my own’. In contrast to other items 
covering content-based diversity, a relatively low percentage (15.80%) is observed. 

 

Figure 1. Stacked bar chart to measure the audiences’ evaluation of different news selection mechanisms:  
content-based similarity (items 1-3), collaborative similarity (items 4-6) and content-based similarity (items 7-10). 
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Cluster analysis: profiling audiences by their evaluation of different news selection mechanisms 

To have a deeper understanding of how audiences evaluate different news selection mechanisms, we 
also conducted a latent class cluster analysis. This analysis enabled us to identify distinct groups of 
people who similarly evaluate the different news selection mechanisms (items 1-10). Based on the 
different LC-models and their model fit information (see Appendix 9), we chose for the 4-cluster model 
which has a p-value < .05 and the best fit in relation to the number of clusters to use (i.e., elbow-
method). 

In this 4-cluster model, we identified four groups with each similar evaluations of the news selection 
mechanisms. The first group is the “optimistic news selector” (32.47%), referring to the group’s broad 
acceptance of various news selection mechanisms. People in this group like to receive news based on 
their interests, but are also interested to encounter opinions that differ from their own. News based 
on what their friends have read is not their most favorite way to select news articles, but they do not 
reject this news selection mechanism. The second group is the “choosy news selector” (31.02%) who 
is particularly interested in their own news interests. They are not in favor to receive news topics they 
do not usually read. If they want some diversity in their news diet, they prefer to receive different 
opinions that differ from their own. The third group is the “broad-minded news selector” (27.91%) who 
is also open for any news selection mechanism, but, in contrast to the first and the second cluster, they 
have a very high preference for content-based diversity. In particular, they highly value viewpoint 
diversity. The fourth group is the “averse news selector” (8.60%) who is generally not in favor for any 
news selection mechanism. If one mechanism should be picked, they choose to receive news based on 
their interests. 

 

Table 1. Mean scores of the 4-cluster model: audiences’ evaluation of different news selection mechanisms 

 Cluster 1: 
optimistic 

news selector 
(32.47%) 

Cluster 2: 
choosy news 

selector 
(31.02%) 

Cluster3: 
broad-minded 
news selector 

(27.91%) 

Cluster4: 
averse news 

selector 
(8.60%) 

News based on my interests 3.67 4.45 4.33 2.57 
News based on what I say I like 3.28 4.32 4.14 2.21 
News based on what I read earlier 3.05 3.67 3.70 1.81 
News based on what persons with similar 
interests read 

2.91 3.79 3.84 1.65 

News based on what is currently popular 2.87 3.34 3.44 1.72 
News based on what my friends have read 2.63 3.04 3.37 1.46 
News based on opinions that differ from my own 3.40 3.16 3.96 1.66 
News based on the viewpoints I disagree with 3.14 2.92 3.81 1.60 
News based on topics I do not usually read 3.06 2.21 3.47 1.46 
News based on what is outside my field of 
interests 

3.01 2.02 3.28 1.40 

 

Linear and hierarchical regression analysis: Explaining audiences’ evaluation by user characteristics 

This study also raised the question which user characteristics explain differences in audiences’ 
evaluations of different news selection mechanisms (RQ2). To answer this question, we first conducted 
a latent class cluster analysis to identify a typology of news audiences, based on their shared news use 
and news interests (see Appendix 10-13 for model fit information and mean scores). These typologies 
are subsequently used in our linear regression analysis to discover how they and other user 
characteristics explain the audiences’ evaluation towards different news selection mechanisms. The 
results of these analyses are presented in Table 2, which shows the regressions’ standardized 
coefficients and their associated model statistics (e.g., adjusted R²).  
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Starting with the first regressions on content-based similarity, the results show eleven user 
characteristics that have been found significant in the final model (i.e., regression (3)). The most 
prominent predictors of the audiences’ evaluation towards content-based similarity are age (β = -
0.246, p < .05), nationality (β = 0.206, p < .05), news interests (β = -0.136, p < .05; β = -0.116, p < .05; β 
= -0.082, p < .05 ) and concerns regarding challenging viewpoints (β = -0.134, p < .05). As such, the 
results show that those with a domestic nationality and people with a broad range of news interests 
(cluster 1) score significantly higher in their evaluation of content-based similarity, compared to 
foreigners and the Low interested (cluster 4). However, we also see an interaction effect of nationality 
and the use of foreign news sources (β = 0.103, p < .05), indicating that people with a foreign nationality 
who use foreign news sources evaluate content-based similarity better than people who do not have 
a foreign nationality, or do not use foreign news sources.  

Moving on to the results on collaborative similarity, we also see nine significant characteristics in the 
final model. The most prominent characteristics to predict users’ evaluation of collaborative similarity 
are age (β = -0.232, p < .05), news interests (β = -0.189, p < .05; β = -0.073, p < .05; β = -0.181, p < .05), 
news information overload (β = 0.166, p < .05) and online news participation (β = 0.154, p < .05). 
Although these characteristics show some similarities with the predictors of content-based similarity, 
several differences can be noted. More specifically, online news participation and technology optimism 
(β = 0.131, p < .05) were in our sample not found to be predicting content-based similarity, yet both 
are significantly and positively associated with collaborative similarity. Moreover, a difference can be 
found in the relationships’ strength of news information overload. Here, we see a stronger relationship 
with collaborative similarity. 

Then, looking to the final regression model of content-based diversity, we found eight significant 
characteristics. The most prominent predictors for a positive evaluation of content-based diversity are 
concerns regarding missing challenging viewpoints (β = 0.198, p < .05), news interests (β = -0.113, p < 
.05; β = -0.013, p < .05) and news information overload (β = 0.127, p < .05). In contrast to the similarity-
based mechanisms, we find different predictors for diversity-based mechanisms. For instance, the use 
of foreign news sources did not score significant in the previous regressions, but is for this dependent 
variable an interesting predictor. Moreover, we also observe other types of statistical relationships. A 
case in point is the concerns regarding missing challenging viewpoints that are, on the one hand, 
negatively associated with content-based similarity and, on the other hand, positively associated with 
content-based diversity. Combining these two results, this means that the more people have concerns 
about missing challenging viewpoints, the more negative they are towards content-based similarity, 
and the more positive they are towards content-based diversity. However, we also see some 
similarities. For instance, the independent variable ‘news information overload’ is a significant 
predictor for all dependent variables. This result indicates that the more people experience a news 
information overload, the better any type of algorithmic news selection is perceived. 

Finally, our analysis also shows that the technological and cognitional variables have the largest 
explanatory power compared to socio-demographic or news use variables. In particular, looking to the 
adjusted R² (see Table 2), which explains how much variance is explained by each block, we see that 
the highest adjusted R² for each regression model is situated in the third and last block.



12 
 

Table 2. Linear and hierarchical regression analysis: standardized regression coefficients 

 Dependent variables Content-based similarity Collaborative similarity Content-based diversity 

 Regression models (1) (2) (3) (1) (2) (3) (1) (2) (3) 

Socio-demographic 
variables 

Age -0.227* -0.222* -0.246* -0.243* -0.223* -0.232* -0.068 -0.059 -0.016 
Gender (male) -0.026 -0.050 -0.043 0.047 0.008 0.021 -0.061 -0.056 -0.085* 
Nationality (foreigner) 0.107* 0.185* 0.206* 0.027 0.065 0.071 0.055 0.056 0.024 
Nationality parents (nationals) -0.003 0.004 0.007 -0.031 -0.024 -0.026 0.033 0.024 0.026 
Higher education (no) 0.064 0.076* 0.072* -0.019 0.021 0.009 -0.027 -0.068 -0.076* 
Active employment (no) -0.055 -0.068 -0.053 -0.111* -0.118* -0.098* -0.009 -0.014 -0.022 

News use and 
interest 

News interest 2: political interested  -0.163* -0.136*  -0.212* -0.189*  -0.039 -0.067 
News interest 3: moderate interested  -0.078* -0.082*  -0.072* -0.073*  -0.126* -0.113* 
News interest 4: low interested  -0.137* -0.116*  -0.203* -0.181*  -0.112* -0.103* 
News use 2: moderate news omnivore  0.017 0.016  0.038 0.037  0.064 0.065 
News use 3: highly traditionalist  -0.010 0.033  0.043 0.085  -0.128 -0.183 
News use 4: moderate traditionalist  -0.008 0.021  0.006 0.044  -0.061 -0.083 
News use (in minutes)  0.010 0.015  0.025 0.038  0.066 0.075* 
Use of foreign news sources (no)  -0.037 -0.004  -0.023 0.010  0.081* 0.076* 

Interaction effect: nationality  0.101* 0.103*  0.041 0.029  0.012 -0.005 
Having paid for online news (no)  0.069* 0.067*  0.006 -0.004  0.054 0.041 
Mobile news use (no)  0.006 -0.020  0.040 0.007  -0.006 0.019 
Online news use (no)  0.038 0.051  0.129 0.132  -0.122 -0.158 
Online news participation (no)  0.045 0.021  0.185* 0.154*  0.046 0.043 

Technological and 
cognitional 
variables 

News information overload   0.111*   0.166*   0.127* 
Technology optimism   0.057   0.131*   -0.049 
Trust in news media   0.112*   0.087*   0.029 
Concerns: privacy   -0.073*   -0.050   -0.060 
Concerns: important information   0.011   0.006   0.016 
Concerns: challenging viewpoints   -0.134*   -0.076   0.198* 

 Observations 937 937 937 937 937 937 937 937 937 
 R² 0.052 0.099 0.145 0.047 0.151 0.201 0.009 0.059 0.111 
 Adjusted R² 0.046 0.081 0.121 0.041 0.133 0.179 0.003 0.038 0.086 
 Residual Std. Error 0.976 0.958 0.937 0.976 0.928 0.904 0.994 0.976 0.951 
 F Statistic 8.388* 5.268* 6.085* 7.588* 8.456* 9.052* 1.449* 2.910* 4.494* 

Note: 1. coefficient is significantly different from zero (*) when p-value < .05;  
2. in case of dummy variables (i.e., nominal variables with two categories), reference category is placed between brackets;  
3. for cluster variables (i.e., news use and news interest) the following categories are used as reference category: news omnivore and all-round interested 
4. for full overview categories cluster variables: see Appendix 12 and 13;  
5. five missing values for socio-demographic variables resulting in 937 observations. 
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Discussion 

In this article, we investigated which type of news recommender people prefer and why they do so. As 
such, it aimed to explain how audiences evaluate different news selection mechanisms that underlie 
news recommenders. In contrast to previous scholarly work on audience evaluations, our work 
distinguishes between different news recommenders (rather than recommender versus 
human/editorial recommendation, see e.g., Araujo et al., 2020; Thurman et al., 2019). We therefore 
reviewed the existing literature on algorithmic perceptions and explored the use of algorithms in the 
news environment. Based on this review, we distinguished between three news selection mechanisms, 
namely between content-based similarity, content-based diversity and collaborative similarity. 
Recently, diversity-based news algorithms are gaining scholarly attention recommenders (e.g., 
Helberger, 2019; Helberger et al., 2018), yet insights in how audiences perceive them remained 
unclear. We outlined several user characteristics that might explain why audiences prefer certain news 
selection mechanisms more than another. Subsequently, to map these evaluations and user 
characteristics, we conducted a survey in Ghent among 943 citizens. Based on the results of this survey, 
some conclusions can be made. 

To start, we found that audiences generally prefer content-based similarity over collaborative 
similarity and content-based diversity. This preference was clearly visible in that relatively high 
percentages were observed of people who (strongly) agreed with survey items covering content-based 
similarity. For news organizations, this result confirms the commercial rationale that underlies their 
current news recommenders, that is, provide people with news in line with their interests. By using 
content-based similarity as a dominant news selection mechanism, they indeed give audiences the 
news they want. However, this result also indicates that, when the choice of news selection mechanism 
is given to the people, they have a tendency to prefer news articles that interests them and thus 
possibly circumvent news articles they are not familiar with. This implies the risk of being selectively 
exposed and favor information that reinforces pre-existing views, similar to the risks of news 
consumption in a non-algorithmic context (Knobloch-Westerwick, 2014).  

With these risks in mind, policymakers as well as news organizations should consider implementing 
ways to reduce the risks of similarity-based news selection mechanisms. These may include features 
such as the ‘serendipity’-concept where news articles are occasionally recommended by chance to 
keep audiences surprised and engaged (De Pessemier et al., 2014; Schönbach, 2007). A more profound 
idea to mitigate these risks lies in the idea of content-based diversity in which news recommenders 
are optimized to make individuals read in a more diverse way. Although our analysis points out that 
this design is not preferred by news audiences, it shows that there is still a considerable amount of 
people that are not reluctant to this design mechanism. This is especially true for news selection based 
on the heterogeneity of viewpoints in the news. This result should stimulate universities as well as 
public service media to develop a public service algorithm that should ideally focuses on the 
heterogeneity of viewpoints rather than topics.  

However, to address a larger audience, diversity-based news recommenders should take into account 
the appealing features that underlie similarity-based news recommenders. As such, we plea for 
personalized news diversity. This means that news recommenders should not randomly select news 
articles, but should take the audiences’ news interests and use into account when selecting news 
articles. For instance, for people who dislike politics news or foreign affairs, news recommender should 
not simply start their recommendations with these topics. Instead, they should find touch-points in 
the person’s news use or interest, and subsequently guide him or her into a more diverse news diet. 
This may start, for instance, with news articles about education or economics, which may lie in the 
closer area of someone’s interests, but significantly differs from political news. As such, news 
recommenders may slowly guide audiences into a more diverse news diet. We call this approach 
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‘personalized diversity’ in which the aim is to make news consumption more diverse by using the 
personalization features that underlie similarity-based news recommenders. 

Moreover, and linked to the latter, more insights on the role of UX orinterface design in news 
recommendations would be valuable. In particular, by using simple design strategies such as the use 
of (dis)like- or read later-buttons (e.g., Schnabel et al., 2020) or flexible preference settings (e.g., 
Harambam et al., 2019) news recommenders can give users more control which, in turn, may also lead 
to more explicit feedback of what users want. As such, news recommenders can find more easily an 
optimal balance of recommending articles that are just diverse enough to achieve the desired effect, 
without causing irritation or other back-fire effects. 

Furthermore, when considering why audiences prefer certain news selection mechanics more than 
another, the results of our study show a range of user characteristics that have been found significant. 
Most of these results align with previous studies on content-based and collaborative news selection. 
For instance, Fletcher and Nielsen (2019) too found that approval for algorithmic selection is stronger 
amongst younger people and that those with a high level of interest in soft news topics are more 
comfortable with news selection based on what their peers have consumed. Similar to this result, we 
also identified effects of age, news interest and several other news use and socio-demographic 
variables. However, in addition to these characteristics, our study showed that several user 
characteristics related to the technological and cognitive nature of algorithmic news selection are on 
par, and even more important, to explain how audience evaluations differ. In particular, our analysis 
shows that concepts such as news information overload or technology optimism have a larger 
explanatory power compared to socio-demographic or news use variables. Especially news 
information overload is a powerful predictor of how algorithmic news selection is perceived. This 
means that the more people feel overwhelmed by the amount of news, the more they approve 
algorithmic news selection in general. This result ties into the idea of news recommenders as an 
individual filter for the growing abundance of online information (Aljukhadar et al., 2012; Beam & 
Kosicki, 2014; Dylko et al., 2017). 

Limitations and future research 

As our study focused on attitudes towards different news selection mechanisms, it is important to note 
that the actual behavior of audiences might not correspond with their expressed attitudes. In 
particular, when using a diversity-based news recommender, audiences might be confronted with the 
cognitive and affective difficulties related to receiving counter-attitudinal news. As such, they might 
not select the recommended news articles and draw back to their selective news habits. It is therefore 
important to conduct further research on how audiences actually react to the different news selection 
mechanisms and how this differs with their expressed attitudes. This will give us more insights into the 
effects of news recommenders on audiences’ reading behavior as well as on the cognitive and affective 
difficulties related to the formation of a diverse news diet. 

Furthermore, we would also like to point attention to the conceptualization of content-based diversity. 
In particular, we noticed that content-based diversity can be interpreted in various ways, similar to 
what we see with the general term ‘news diversity’ (Joris et al., 2020). In most studies on news 
recommenders, diversity refers to the internal differences within the set of recommendation items 
(Castells et al., 2015), as a feature that makes sure that the similarity among items in a 
recommendation set is minimized (Karimi et al., 2018). This conceptualization differs with our 
understanding that focuses on the differences within the user’s reading behavior (i.e., exposure 
diversity) and the selection of news articles of which the user has read too little. Scholars should be 
aware for such slight, but important interpretation differences as they may impact how the news 
recommender system’s output looks like, and subsequently, how audiences perceive these systems. 
Qualitative research may also provide important contributions on the latter area, to understand how 
audiences interpret and give meaning to news recommenders and their news selection principles. 
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Attention should also be paid to how content-based diversity is operationalized. In our study, we 
looked at the output of a diversity-based news recommender and the biases in people’s news selection 
choices. More specifically, we look at what type of news content people generally read too little and 
how a diversity-based news recommender would compensate these biases in order to achieve 
exposure diversity. As previous research has found that people generally select pro-attitudinal 
information over counter-attitudinal information (D'Alessio & Allen, 2002; Hart et al., 2019), we 
expected that a diversity-based news recommender would primarily provide counter-attitudinal 
stories in terms of viewpoints and topics. However, as Hart et al. (2019) also explains, in some 
circumstances (e.g., debate one issue), people may search for counter-attitudinal content with the 
objective of providing counterarguments against it. In such cases, diversity-based news recommenders 
may also provide pro-attitudinal information.  

The latter example shows that the lines between pro-attitudinal and counter-attitudinal content may 
be less distinct than we assumed in our study. However, at this point, we also want to stress the 
importance of accepting counter-attitudinal information in the context of exposure diversity. In 
particular, when people are open to receive viewpoints they do not agree, they will also be likely to 
accept the cognitive dissonance that comes along with reading counter-attitudinal information. As 
cognitive dissonances are argued to be one of the most important hindrances that prevent people to 
expose themselves to diverse information (Knobloch-Westerwick, 2014), we strongly believe that 
people who are open to receiving counter-attitudinal stories will also favor the promotion of exposure 
diversity by means of algorithmic news selection. 

As a last limitation, we want to note that our population sample is focused on citizens living in Ghent. 
Although Ghent is a relatively large city in Belgium, the findings of this study cannot be generalized to 
people living in other cities in Belgium or other countries in Europe as the cultural context may 
significantly differ and may affect how people perceive and consume news. 
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Appendices 

Appendix 1. Sample characteristics (absolute and relative statistics) 

 Foreign nationality Domestic nationality Total   

 M F Total M F Total M F Unknown Total 

18-24 82(1.64%) 82(1.64%) 164(3.28%) 182(3.64%) 173(3.46%) 355(7.11%) 264(5.29%) 255(5.11%) 0(0.00%) 519(10.39%) 

25-34 216(4.32%) 201(4.02%) 417(8.35%) 381(7.63%) 379(7.59%) 760(15.22%) 597(11.95%) 580(11.61%) 0(0.00%) 1,177(23.56%) 

35-44 179(3.58%) 183(3.66%) 362(7.25%) 278(5.57%) 261(5.23%) 539(10.79%) 457(9.15%) 444(8.89%) 0(0.00%) 901(18.04%) 

45-54 126(2.52%) 116(2.32%) 242(4.84%) 260(5.21%) 239(4.76%) 498(9.97%) 386(7.73%) 354(7.09%) 0(0.00%) 740(14.81%) 

55-64 69(1.38%) 55(1.10%) 124(2.48%) 273(5.47%) 282(5.65%) 555(11.11%) 342(6.85%) 337(6.75%) 0(0.00%) 679(13.59%) 

65-74 28(0.56%) 25(0.50%) 53(1.06%) 215(4.30%) 244(4.88%) 459(9.19%) 243(4.86%) 269(5.39%) 0(0.00%) 512(10.25%) 

75-84 11(0.22%) 9(0.18%) 20(0.40%) 113(2.26%) 195(3.90%) 308(6.17%) 124(2.48%) 204(4.08%) 0(0.00%) 328(6.57%) 

85+ 2(0.04%) 2(0.04%) 4(0.08%) 50(1.00%) 85(1.70%) 135(2.70%) 52(1.04%) 87(1.74%) 0(0.00%) 139(2.78%) 

Total 713(14.27%) 673(13.47%) 1,386(27.75%) 1,752(35.08%) 1,857(37.18%) 3,609(72.25%) 2,465(49.35%) 2,530(50.65%) 0(0.00%) 4,995(100.00%) 
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Appendix 2. Study protocol



22 
 



23 
 



24 
 



25 
 



26 
 



27 
 



28 
 



29 
 



30 
 



31 
 



32 
 

 

 

  



33 
 

Appendix 3. Invitation letter
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Appendix 4. Results home visits (absolute statistics) 

Result Number of people 

Participated 17 
Not at home 74 
Refused 61 

Total 152 
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Appendix 5. Final response sample (absolute and relative statistics) 

 Foreign nationality Domestic nationality Total   

 M F Total M F Total M F Unknown Total 

18-24 7(0.74%) 7(0.74%) 14(1.48%) 22(2.33%) 41(4.35%) 63(6.68%) 29(3.08%) 48(5.09%) 0(0.00%) 77(8.17%) 

25-34 14(1.48%) 15(1.59%) 29(3.08%) 64(6.79%) 80(8.48%) 144(15.27%) 78(8.27%) 95(10.07%) 0(0.00%) 173(18.35%) 

35-44 7(0.74%) 9(0.95%) 16(1.70%) 57(6.04%) 55(5.83%) 112(11.88%) 64(6.79%) 64(6.79%) 1(0.11%) 129(13.68%) 

45-54 9(0.95%) 6(0.64%) 15(1.59%) 56(5.94%) 59(6.26%) 115(12.20%) 65(6.89%) 65(6.89%) 0(0.00%) 130(13.79%) 

55-64 5(0.53%) 4(0.42%) 9(0.95%) 90(9.54%) 92(9.76%) 182(19.30%) 95(10.07%) 96(10.18%) 0(0.00%) 191(20.25%) 

65-74 0(0.00%) 5(0.53%) 5(0.53%) 84(8.91%) 86(9.12%) 170(18.03%) 84(8.91%) 91(9.65%) 0(0.00%) 175(18.56%) 

75-84 2(0.21%) 0(0.00%) 2(0.21%) 21(2.23%) 29(3.08%) 50(5.30%) 23(2.44%) 29(3.08%) 1(0.11%) 53(5.62%) 

85+ 0(0.00%) 0(0.00%) 0(0.00%) 9(0.95%) 6(0.64%) 15(1.59%) 9(0.95%) 6(0.64%) 0(0.00%) 15(1.59%) 

Total 44(4.67%) 46(4.88%) 90(9.54%) 403(42.74%) 448(47.51) 851(90.24%) 447(47.40%) 494(52.39%) 2(0.21%) 943(100.00%) 
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Appendix 6. Descriptive statistics 

Variabele Question text Mean/
mode 

Standard 
deviation 

Variance Range N 

News 
selection 
mechanisms 
 
 
 

News based on my interests 4.00 0.89 0.80 1-5 943 
News based on what I say I like 3.75 1.02 1.04 1-5 943 
News based on what I read earlier 3.32 1.02 1.04 1-5 943 
News based on what persons with similar interests 
read  

3.33 1.04 1.07 1-5 943 

News based on what is currently popular 3.08 1.04 1.09 1-5 943 
News based on what my friends have read 2.86 1.02 1.03 1-5 943 
News based on opinions that differ from my own 3.33 0.94 0.88 1-5 943 
News based on the viewpoints I disagree with 3.13 0.97 0.94 1-5 943 
News based on topics I do not usually read 2.77 1.00 0.99 1-5 943 
News based on what is outside my field of interests 2.64 0.98 0.95 1-5 943 

       
News 
information 
overload 
 
 
 
 
 

I often felt overwhelmed about the large amount of 
daily news 

2.96 1.10 1.21 1-5 943 

I give up following the news due to the large amount 
of news 

2.38 1.04 1.07 1-5 943 

I often felt that there was more news than I could 
process 

3.32 1.13 1.28 1-5 943 

I often doubt whether I do not miss out the most 
important news of the day due to the large amount of 
news 

2.80 1.03 1.07 1-5 943 

I often do not know where to start due to the large 
amount of news 

2.82 1.04 1.09 1-5 943 

I often felt stressed about the large speed of news 
coverage 

2.65 1.07 1.14 1-5 943 

       
Vertrouwen 
  
  
  
  
  
  
  
  

Imbalanced - Balanced 3.30 0.92 0.85 1-5 943 
Subjective - Objective 3.16 0.95 0.91 1-5 943 
Not report the whole story - Report the whole story 3.03 0.99 0.99 1-5 943 
Inaccurate - Accurate 3.31 0.93 0.86 1-5 943 
Not honest - Honest 3.49 0.85 0.73 1-5 943 
Not believable - Believable 3.63 0.84 0.71 1-5 943 
Not up-to-date - Up-to-date 3.88 0.89 0.78 1-5 943 
Not current - Current 3.85 0.86 0.75 1-5 943 
Not timely - Timely 3.83 0.91 0.83 1-5 943 

       
Technology 
optimism 
  
  
  

New technologies contribute to a better quality of life 3.43 0.95 0.90 1-5 943 
Technology gives me more freedom of mobility 3.47 0.98 0.96 1-5 943 
Technology gives people more control over their daily 
lives 

3.19 0.96 0.91 1-5 943 

Technology makes me more productive in my 
personal life 

3.19 1.02 1.04 1-5 943 

       
Concerns 
about news 
personalizatio
n 

I worry that more personalized news maymean that 
my privacy is placed at greater risk 

3.33 1.07 1.14 1-5 943 

I worry that more personalized news maymean that I 
miss out on important information 

3.62 1.01 1.02 1-5 943 

I worry that more personalized news maymean that I 
miss out on challenging viewpoints 

3.70 0.99 0.98 1-5 943 

Note: 1. all questions and variables were in the questionnaire clarified with an introduction text and several examples. To 

keep this table clear, we removed these texts. The complete questionnaire is available from the corresponding author, 

upon reasonable request. 2. Items marked with an asterisk were characterized with little variation or skewed means. These 

items were removed from further analysis.  
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Appendix 6. Descriptive statistics (continued) 

Variabele Question text Mean/mode Standard 
deviation 

Variance Range N 

News interest Societal issues such as news about 
environment or economy 

7.70 1.90 3.61 0-10 943 

Moviestars, royalties and celebrities 3.81 2.63 6.92 0-10 943 
Politics and politicians 6.29 2.70 7.28 0-10 943 
Sport 4.21 3.22 10.39 0-10 943 
Human interest 5.47 2.59 6.70 0-10 943 
Crime, accidents and disasters 5.75 2.57 6.59 0-10 943 
Music, film and other cultural activities 5.98 2.52 6.34 0-10 943 
Fashion, food, nightlife and lifestylenews 4.76 2.68 7.19 0-10 943 

       
News use How many minutes did you yesterday spend to 

the consumption of news? 
64.21 46.15 6.83 n/a 943 

       
Age What is your age? 51 17.85 318.78 n/a 943 
       
News use National television  "Daily" n/a n/a 1-4 943 

Regional television "Never" n/a n/a 1-4 943 
Radio news "Daily" n/a n/a 1-4 943 
Newspaper "Daily" n/a n/a 1-4 943 
News website/application of traditional news 
organizations 

"Never" n/a n/a 1-4 943 

Alternative news websites* "Never" n/a n/a 1-4 943 
Digital news letter "Never" n/a n/a 1-4 943 
News on social media "Never" n/a n/a 1-4 943 
News via Google News or other news 
agreggators* 

"Never" n/a n/a 1-4 943 

News via search machines "Never" n/a n/a 1-4 943 
       
Use of foreign 
news sources 

Did you last year used a foreign news source? "Yes" n/a n/a n/a 943 

       
Paid news Did you last year paid once to read news 

articles online? 
"No" n/a n/a n/a 943 

       
Smartphone use What is your main way of accessing online 

news? 
"Smartphone

" 
n/a n/a n/a 943 

       
Online news Do you read news online? "Yes" n/a n/a n/a 943 
       
Online news 
participation 

Did you liked, shared or commented upon a 
news article last week? 

"Yes " n/a n/a n/a 943 

       
Gender What gender is on your identity card? "Female" n/a n/a n/a 942 
       
Education What is your highest level of education? "Master " n/a n/a n/a 942 
       
Employment What is your current occupation status? "Full time" n/a n/a n/a 940 
       
Nationality What is your nationality? "Domestic 

nationality 
n/a n/a n/a 942 

       
Nationality 
parents 

Wat is the nationality of your parents? “Domestic 
nationality” 

n/a n/a n/a 943 

Note: 1. all questions and variables were in the questionnaire clarified with an introduction text and several examples. To 
keep this table clear, we removed these texts. The complete questionnaire is available from the corresponding author, upon 
reasonable request. 2. Items marked with an asterisk were characterized with little variation. These items were removed 
from further analysis.   
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Appendix 7. Mean difference scores of audiences’ evaluations of different news selection mechanisms 

 1 - News 
based on 

my interests 

2 - News 
based on 

what I say I 
like 

3 - News 
based on 

what I read 
earlier 

4 - News 
based on 

what 
persons 

with similar 
interests 

read 

5 - News 
based on 
what is 

currently 
popular 

6 - News 
based on 
what my 

friends have 
read 

7 - News 
based on 
opinions 

that differ 
from my 

own 

8 - News 
based on 

the 
viewpoints I 

disagree 
with 

9 - News 
based on 

topics I do 
not usually 

read 

10 - News 
based on 
what is 

outside my 
field of 

interests 

1 - News based on my interests - -0.255*** -0.685*** -0.670*** -0.928*** -1.140*** -0.673*** -0.878*** -1.232*** -1.363*** 
2 - News based on what I say I like - - -0.431*** -0.416*** -0.673*** -0.885*** -0.419*** -0.624*** -0.978*** -1.108*** 
3 - News based on what I read earlier - - - 0.015 -0.243*** -0.455*** 0.012 -0.193*** -0.547*** -0.678*** 
4 - News based on what persons with similar interests read  - - - - -0.258*** -0.470*** -0.003 -0.208*** -0.562*** -0.692*** 
5 - News based on what is currently popular - - - - - -0.212*** 0.467*** 0.050 -0.304*** -0.435*** 
6 - News based on what my friends have read - - - - - - 0.255*** 0.262*** -0.092* -0.223*** 
7 - News based on opinions that differ from my own - - - - - - - -0.205*** -0.559*** -0.689*** 
8 - News based on the viewpoints I disagree with - - - - - - - - -0.354*** -0.485*** 
9 - News based on topics I do not usually read - - - - - - - - - -0.130*** 
10 - News based on what is outside my field of interests - - - - - - - - - - 

Note: mean difference is significant when p-value < .05 (*). To counter the problem of familywise error rates, the following corrections are calculated for significance: Holm correction: p-value 
< .01138 (**); Bonferroni correction: p-value < .001111 (***) 
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Appendix 8. Construct reliability and validity 

Latent variable Observed variable Cronbach’s 
alpha 

Factor 
loadings 

Item variance Squared 
multiple 

correlation 

Evaluation: 
content-based 
similarity 
  
  

News based on what I read earlier 0.731 0.515* 0.265 0.507 
News based on my interests 

 
0.758* 0.575 

 

News based on what I say I like 
 

0.825* 0.680 
 

      
Evaluation: 
collaborative 
similarity 
  
  

News based on what persons with similar 
interests read  

0.688 0.654 0.427 0.435 

News based on what my friends have read 
 

0.756 0.571 
 

News based on what is currently popular 
 

0.553 0.306 
 

    
    

Evaluation: 
content-based 
diversity 
  
  
  

News based on the viewpoints I disagree with 0.778 0.715 0.511 0.468 
News based on opinions that differ from my 
own 

 
0.737 0.544 

 

News based on topics I do not usually read 
 

0.652 0.426 
 

News based on what is outside my field of 
interests 

 
0.626 0.392 

 

      
News 
information 
overload 
  
  
  
  
  

I often felt overwhelmed about the large 
amount of daily news 

0.837 0.792 0.627 0.469 

I give up following the news due to the large 
amount of news 

 
0.593 0.352 

 

I often felt that there was more news than I 
could process 

 
0.639 0.409 

 

I often doubt whether I do not miss out the 
most important news of the day due to the 
large amount of news 

 
0.628 0.394 

 

I often do not know where to start due to the 
large amount of news 

 
0.785 0.617 

 

I often felt stressed about the large speed of 
news coverage 

 
0.645 0.416 

 

      
Technology 
optimism 
  
  
  

New technologies contribute to a better quality 
of life 

0.808 0.677 0.458 0.515 

Technology gives me more freedom of mobility 
 

0.693 0.481 
 

Technology gives people more control over 
their daily lives 

 
0.766 0.586 

 

Technology makes me more productive in my 
personal life 

 
0.731 0.534 

 

      
Trust Imbalanced - Balanced 0.890 0.732 0.535 0.449 
 Subjective - Objective  0.655 0.428  
 Not report the whole story - Report the whole 

story 
 0.685 0.469  

 Inaccurate - Accurate  0.737 0.543  
 Not honest - Honest  0.812 0.659  
 Not believable - Believable  0.784 0.614  
 Not up-to-date - Up-to-date  0.653 0.426  
 Not current - Current  0.596 0.355  
 Not timely - Timely  0.557 0.311  

Note: Thresholds used to consider removing items (DeVellis, 2016): Cronbach’s alpha: > .7; Factor loadings (CFA): > .5; Item 
variance (R-square): > .4; Squared multiple correlation: > .4; based on these thresholds, no items were removed. 
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Appendix 9. Model fit information for LC-clusters ‘evaluation of different news selection mechanisms’ 
with 1-6 classes 

#-cluster LL BIC(LL) AIC(LL) AIC3(LL) Npar L² df p-value Class.Err. 

1-Cluster -12481.75 25237.46 25043.49 25083.49 40.00 12668.55 903.00 .00 .00 
2-Cluster -11752.83 23854.96 23607.66 23658.66 51.00 11210.72 892.00 .00 .01 
3-Cluster -11568.80 23562.25 23261.61 23323.61 62.00 10842.66 881.00 .00 .10 
4-Cluster -11401.45 23302.89 22948.90 23021.90 73.00 10507.96 870.00 .00 .15 
5-Cluster -11257.57 23090.47 22683.15 22767.15 84.00 10220.20 859.00 .00 .15 
6-Cluster -11176.06 23002.78 22542.12 22637.12 95.00 10057.17 848.00 .00 .14 

Note: when comparing models: the lower the BIC and AIC, the better the model fits with the data. Based on the different LC-
models and their model fit information, we chose for the 4-cluster model which has a p-value < .05 and the best fit in relation 
to the number of clusters to use (i.e., elbow-method). 

 

Appendix 10. Model fit information for LC-clusters ‘news interest’ with 1-6 classes 

 LL BIC(LL) AIC(LL) AIC3(LL) Npar L² df p-value Class.Err. 

1-Cluster -16757.32 34062.56 33674.64 33754.64 80 20608.39 863 .00 .00 
2-Cluster -16377.30 33364.17 32932.60 33021.60 89 19848.36 854 .00 .09 
3-Cluster -16253.73 33178.66 32703.45 32801.45 98 19601.20 845 .00 .12 
4-Cluster -16138.87 33010.60 32491.75 32598.75 107 19371.50 836 .00 .13 
5-Cluster -16102.09 32998.67 32436.18 32552.18 116 19297.73 827 .00 .17 
6-Cluster -16054.42 32964.97 32358.84 32483.84 125 19202.59 818 .00 .16 

Note: when comparing models: the lower the BIC and AIC, the better the model fits with the data. Based on the different LC-
models and their model fit information, we chose for the 4-cluster model which has a p-value < .05 and the best fit in relation 
to the number of clusters to use (i.e., elbow-method). 

 

Appendix 11. Model fit information for LC-clusters ‘news use’ with 1-6 classes 

 LL BIC(LL) AIC(LL) AIC3(LL) Npar L² df p-value Class.Err. 

1-Cluster -8827.14 17818.66 17702.28 17726.28 24 6000.38 919 .00 .00 
2-Cluster -8239.38 16704.78 16544.76 16577.76 33 4824.86 910 .00 .01 
3-Cluster -8087.27 16462.21 16258.55 16300.55 42 4520.64 901 .00 .08 
4-Cluster -7983.43 16316.16 16068.86 16119.86 51 4312.96 892 .00 .10 
5-Cluster -7959.41 16329.76 16038.81 16098.81 60 4264.91 883 .00 .15 
6-Cluster -7927.55 16327.69 15993.10 16062.10 69 4201.20 874 .00 .15 

Note: when comparing model fit information: the lower the BIC and AIC, the better the model fits with the data. Based on 
the different LC-models and their model fit information, we chose for the 4-cluster model which has a p-value < .05 and the 
best model fit in relation to the number of clusters to use (i.e., elbow-method).  
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Appendix 12. Mean scores of the 4-cluster model: news interest 

News interest topics Cluster 1: all round 
interested (43.38%) 

Cluster 2: political 
interested (32.25%) 

Cluster 3: moderate 
interested (18.93%) 

Cluster 4: low 
interested (5.44%) 

Societal issues 8.16 8.58 5.71 5.73 

Movie stars. royalties and 
celebrities 

5.68 1.97 3.68 0.33 

Politics and politicians 6.70 7.78 3.65 3.36 

Sport 5.03 3.67 4.25 0.64 

Human interest 6.89 4.60 4.79 1.71 

Crime. accidents and 
disasters 

7.04 4.79 5.42 2.35 

Music. film and other 
cultural activities 

7.07 5.81 4.78 2.41 

Fashion, food, nightlife 
and lifestyle news 

6.60 3.31 4.19 0.54 

Note: In this model, we identified four types of news interests. The first type is the “all round interested” (43.38%) who is 
highly interested in all news topics available, including politics, sports and celebrities. The second type is the “political 
interested” (32.25%) who is particularly interested in societal topics such as politics, economy or health. The third type is the 
“moderate interested” (18.93%) who is not very interested in news in general, but mainly likes to follow news tragedies such 
as accidents, protests and disasters. The fourth type is “low interested” (5.44%) who is generally not interested in news. 

 

Appendix 13. Mean scores of the 4-cluster model: news use 

News use channels Cluster 1:  
News omnivores 

(36.30%) 

Cluster 2:  
Moderate news 

omnivores (29.97%) 

Cluster 3:  
Traditionalists (20.30%) 

Cluster 4:  
Moderate traditionalists 

(13.43%) 

National television 3.83 2.32 3.98 2.56 

Regional television 2.45 1.19 2.90 1.36 

Radio 3.63 2.86 3.47 3.00 

Newspaper 2.79 2.02 3.25 2.12 

News website 3.39 3.25 1.01 1.01 

Digital news letter 2.48 1.72 1.00 1.00 

News on social media 2.20 2.72 1.00 1.01 

News via search engines 2.36 2.20 1.01 1.02 

Note: In this model, we identified four types of news consumption. The first type is the “news omnivore” (36.30%) who 
extensively use all available news channel, with television, radio and social media as most favorited. A second type is the 
“moderate news omnivore” (29.97%) who also use various news channels, but less frequently and mainly not news dominant 
channels such as radio or social media. The third type is the “traditionalist” (20.30%) who consume news on a daily basis via 
non-digital news channels such as television and radio. The fourth type is the “moderate traditionalist” (13.43%) who 
occasionally consume news via traditional news channel such as radio and television. 
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